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Abstract 

 
Machine learning provides various algorithms for application in different domains. In the educational field, huge 
volume of students’ data is generated and machine learning algorithms serve as valuable tool for pattern identification 
in students’ behavior. In this paper, CRISP DM standard for data mining is applied in the research with decision tree 
algorithm used for modelling on Croatian dataset to develop predictive models for students’ outcomes prediction. Data 
set consisted of 264 students of largest Croatian university collected by online survey. The results prove that decision 
tree modelling achieves superior results in terms of high accuracy and reliability together with interpretability of tree 
structure and obtained rules in prediction of students’ academic performance. This approach shows promise to be used 
in student success prediction in the universities in an automatic manner.  Such model can be used to: (i) improve 
students' learning and develop personalized recommender systems for optimal learning paths, (ii) emphasize to 
professors most important determinants of students’ academic success (iii) help management of higher education 
institutions to facilitate the provision of detailed student learning and adjust institutions strategies, (iv) automate 
adaptation of the course modules and faculty programs. 
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1. Introduction  
Machine learning algorithms have great potential in mining of students’ learning data. Sector of higher education have 
discovered potential positive impact of machine learning algorithms on the learning process and outcomes in order to 
move towards a university of the new era. Machine learning algorithms serve as a useful tool to educational policy 
makers for enhancing the quality of learning and teaching process. Having this in mind, application of machine 
learning algorithms could lead to a positive change and can have a positive impact to higher education institutions to 
find out solutions for their problems (Van Barneveld et.al., 2012). Thus, machine learning based predictive models 
can serve as valuable tool for the decision-making process (Peña-Ayala, 2014). A higher education institution takes 
students’ academic performance as one of the criteria for students’ evaluation. Often, their focus is on the students 
tracking to identify students with better academic performances (Soni et.al., 2018). This is one of the fields of machine 
learning application in educational domain. Student performance is critical factor for measuring learning results and 
defining learning activities. However, previous papers did not provide enough evidence of which factors affects 
students’ performance and how students could make progress to perform better. To solve those challenges, we will 
apply machine learning algorithm decision tree on extensive dataset of students’ characteristics in order to develop 
accurate and reliable models of student performance. 
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Within this paper we provide three contributions: (i)evaluation of decision tree as machine learning algorithm for 
development of student academic performance predictive models, (ii) a case study using a the trained model at 
Croatian universities, (iii) discussion of related issues, focusing on student motivation. 
This paper is structured as follows. Second section gives review of related work in the given topic. Section 3 explains 
data and machine learning algorithm used in the empirical research. Section 4 provides main research results and 
findings, whereas section 5 concludes the paper and gives guidelines and recommendations for further research. 
 
2. Literature Review  
This section provides review of the previous scientific papers’ usage of different machine learning algorithms on 
various types of educational data in predicting student academic performance. There are a number of relevant research 
papers in the domain of student academic performance prediction published so far. These studies mainly examined 
student’s exam performance analysis in educational institutions. Their results have shown that one of the most 
successful strategies for students’ academic success is identification of relevant success factors and their optimization 
for students. 
 
Different authors have used various methods for predictive models’ development. Kolo et.al. (2015) used a decision 
tree machine learning algorithm for prediction of academic performance. Authors used student’s financial status, 
gender and motivation as predictors of academic performance. Their results indicated gender differences between 
students. Hamsa et.al. (2016) also used decision tree algorithm for predictive model development. They developed 
various models for each year of study. Their target group where computer science students. Raut and Nichat (2017) 
tried to identify how to motivate students of low socio demographic characteristics. They also used decision tree 
algorithm for model development. Olaniyi et.al. (2017) predicted students’ performance by using decision tree 
algorithms. Decision tree served as tool for identification of dropouts and students of special attention. Hasan et. al 
(2018) investigated students’ outcomes by means of decision tree machine learning algorithm. They used activity of 
students and academic data of students as input parameters to estimate the performance algorithm for discovery of 
students’ performance. Hasan et. al. (2018) used grades as students’ performance indicators. Sharma and Kumar 
(2016) used decision tree as machine learning algorithm for predictive model development based on observations 
about an item to inference about student’s outcome. 
 
Some of the other research papers used artificial neural networks as machine learning algorithm for predictive model 
development. Wankhede (2014) used multilayer neural network model. Several other authors used similar approach: 
e.g. (Binh and Duy, 2017), (Okubo et.al., 2017) and (Bendangnuksung Prabu, 2018). Bayesian approach was also 
employed in some of the previous research papers. Authors such as Olaniyi et. al (2017), Razaque et. al. (2019), 
Divyabharathi and Someswari (2021) used Naive Bayes approach for student’s classification. Support vector machines 
algorithm was used in research papers of Raihana and Farah Nabilah (2021), Asogobon et.al. (2016), Pratiyush and 
Manu (2016), Alamri et.al. (2020), Elmannai et. al. (2018).  
 
Different research papers considered different variables for modelling students’ academic achievement. So far, there 
has not been an in-depth analysis aimed at identifying optimal input dataset considering different types of student 
related features (e.g. past student performance, engagement and demographic data) for achieving the most precise 
predictions (Tomasevic et.al., 2020). For instance, Sudani and Palaniappan (2019) used a combination of institutional, 
academic, demographic, psychological and economic factors to predict students’ performances using a multi-layered 
artificial neural network (NN) to classify students’ degrees into either a good or basic degree class. Attendance at 
timetabled sessions shown to be a good predictor of student achievements in the research of Fike and Fike (2008). 
 
3. Methods  
Research methodology applied here is based on the CRISP DM standard for data mining which imposes six steps of 
data analysis: domain understanding, data understanding, data preparation, modelling, evaluation and deployment. In 
domain understanding phase literature review was performed and results are presented in section 2. Data 
understanding and data preparation are presented through data description in the next section, whereas modelling 
phase is presented here. Evaluation of the model is explained through section 5. 
 
Having in mind the goal of this paper, representative state of the art of machine learning algorithms is described in 
Section 2. Several algorithms were considered for implementation in the case of student academic performance 
prediction. At the end, decision tree algorithm is applied due to their simplicity and interpretability. 
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Decision tree provides a hierarchical way of presenting knowledge. Decision tree is a semantic tree who’s each node 
is associated with a set of possible answers. Decision tree consists of nodes and branches. Each branch connects a 
parent node with a child. The root node is the name for the node that is at the top of the tree and there is no parent 
node for it, while the leaf is the last node, i.e. the one for which there is no child node. The leaves of the tree represent 
all possible solutions to a given problem, and are also called response nodes. All other nodes located in the tree are 
called decision nodes. Each decision node displays a question, and by answering it (with yes or no, or choosing among 
the values offered), the branch to be followed is selected. 
 
Decision tree is classification technique which works at divide and conquer principle (Quinlan, 1986). Divide and 
conquer principle indicates dataset is divided progressively in smaller subsets. These subsets are based on the values 
of an input variable. Each input variable is select according to criterion of selection. This criterion tries to identify the 
attribute that gives the best separation of a data set into individual classes. For each subset a child node is created and 
the subset data is included in it. These steps are repeated on the data of the child nodes, until a criterion of determination 
is met. Decision tree model look like a tree in which each node is either a leaf (indicating the value of the class) or a 
decision node (indicating some test which needs to be performed on input variable). Each branch shows an outcome 
of the test. In this research, the goal is to create a predictive model of student success. With an aim to create a decision 
tree model, the configuration of the supervised learning model is performed and explained in the next section. 
 
4. Data Collection  
The data used in this research was collected through an online survey questionnaire. The survey was conducted in the 
academic year 2020/2021. This survey was completed by students who studied and enrolled for the first time in the 
first year of college not before 2010.  Number of 264 respondents filled out the questionnaire. These characteristics 
indicate a specific target population for conducting the survey. The data contain characteristics of respondents 
(students’), their socio-demographic characteristics, background, habits of learning and motivation. The questions 
were personal questions about students, as well as those related to the choice of studies, students' habits, whether 
private or in college, questions related to the environment in which they are located. First, sociodemographic 
characteristics were asked, such as gender, age, name of the faculty, year of enrollment, reason for faculty selection 
and distance from the faculty. Following group of the questions was related to the study in which the students are, and 
this includes the current status of the student, whether student receives a scholarship, whether student ever dropped a 
year or one of the subjects, whether student used instructions, the amount of time devoted to learning and the average 
grade so far. Students were also asked about their living environment: place of residence, life of parents, siblings, 
partner and children. The last group of questions was related to student activities such as employment, playing sports, 
using mobile phones, playing games, watching movies / series, going out and consuming alcohol. 
 
Collected data set consists of 26 attributes of which two are related to students` personal information, 12 to study, five 
to the environment and 7 to activities. Attributes are initially divided into two tables according to whether they are 
categorical or numeric. Description of the questions included in the questionnaire can be founded in table 1 
(description of the categorical variables) and table 2 (description of the numerical variables). There are 24 categorical 
and 2 numerical attributes. 
 

Table 1: Description of the categorical variables 
 

Variable name Description Values Mode 
Gender Students` gender M, F F 
Faculty Name of the faculty Various values Faculty of 

Organization 
and Informatics  

Reason_of enrollment Reason of enrollment proximity, 
recommendation, 
reputation, desire, other 

desire 

Faculty_distance Distance of the faculty 
from the place of 
residence 

less than or equal to 1 
hour drive, 
less than or equal to 5 
hours drive, 

less than or 
equal to 1 hour 
drive 
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less than or equal to 10 
hours drive, 
more than 10 hours drive 

Student_status Status of the student Full time student, part 
time student, 

Full time student 

Scholarship Does student take 
scholarship 

Yes, no Yes 

Dropout_year  Did student had dropout 
of certain academic year 

Yes, no No 

Course_repetition Did student have 
repetition on one of the 
courses 

Yes, no No 

Instructions Did student pay for the 
instructions 

Yes, no No 

Paying for help  Paying for help at online 
exams (cheating) 

Yes, no No 

Learning Time spent on learning Each day, once a week, 
before exam, other 

before exam 

GPA Grade point average 1,0 – 1,49 
1,5 – 2,49 
2,5 – 3,49 
3,5 – 4,49 
4,5 – 5,0 

3,5 – 4,49 

Place of residence Place of residence Town, countryside countryside 
Parents How do parents live In marriage, separated, 

single parenting, other 
In marriage 

Sibilings Number of brothers or 
sisters 

More than 3, 
3 or less, 
No sibilings 

3 or less 

Partner Does the student have 
partner  

married, engaged, in the 
relationship, not in a 
relationship 

not in a 
relationship 

Children Does the student have 
children 

Yes, no No 

Employment Is student employed Yes, full time 
Yes, part time student 
job 
No 

Yes, part time 
student job 
 

Sport Whether a person 
engages in sports 
activities 

Regulary, sometimes, 
never 

sometimes  

Cell_phone Usage of cell phone on 
daily basis 

Less than 1 hour, 
From 1 till 3 hours, 
From 3 till 5 hours, 
More than 5 hours 
no 

From 1 till 3 
hours 

Computer_games How often does student 
play computer games 

often, sometimes, never never 

Movies/series Does the student 
watches movies or series 
and how often 

A lot, average, no average 

Going_out How often does student 
going out 

often, 
few times a week, 
once a week, 
no 

once a week 

Proceedings of the International Conference on Industrial Engineering and Operations Management 
Istanbul, Turkey, March 7-10, 2022

IEOM Society International 4887



Alcohol Whether a student 
consumes alcohol 

often, at weekends, 
sometimes, no 

sometimes 

 
Categorical variables are represented by mode as average value, whereas for numerical variables there are range of 
the values, minimum and maximum value, median, mean and standard deviation. See Table 2, where those descriptive 
data are presented. 

Table 2: Description of the numerical variables 
 

Variable 
name Description 

Range 
of the 
values 

Minimum Maximum Mean Median Standard 
deviation 

Age Student age 0-99 18 28 21,64 21 1,77 
Year of 
enrollment 

Year of 
enrollment at 
the faculty 

2010-
2021 

2013 2021 2018,01 2018 1,54 

 
5. Results and Discussion  
The tool BigML is used in this paper to implement machine learning approach decision tree. This tool is cloud open 
source collection of many machine learning algorithms, covering whole process of knowledge extracion from data, 
including data preparation and selection, various classification algorithms and clustering algorithms. Hereinafter, we 
present results of decision tree modelling on our dataset. Results of the modelling are demonstrated through table 3. 
Process tree punning is performed wih an aim to developed optimal tree structure. Table 3 gives comparison of three 
different types of prunning applied for the development of desicion tree model. Columns 2 and 3 of table 3 provide 
measures for model quality. At the the end, column 4 gives visualization of each model. 
 

Table 3. Decision tree models  
 

Type of prunning Reliabiliy Accuracy of the 
model Visualization of the model 

Smart pruning 45,40% 100% 

 

 Active statistical 
pruning 45,40% 96,7% 
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No statistical pruning 45,40% 100% 

 
 

Table 3 shows three decision tree models developed by using different forms of pruning during model configuration: 
smart pruning, active statistical pruning, no statistical pruning. For further data analysis and a more detailed 
description of the model, we opted for active statistical pruning primarily because of the shape of the tree. Tree 
structure is the smallest, and reliability of the model is the same as for two other pruning options. Furthermore, this 
model has the highest prediction accuracy. Reliability of the selected model is 45.40%, and the error is between 2 % 
and 4%, which would mean that the model is quite accurate. High accuracy is also visible in the graphical 
representation of the actual and predicted distribution. As seen in Figure 1. the bars are almost the same. 

 

 
Figure 1. Model accuracy for active statistical pruning 

 
Sensitivity analysis is performed according to guidelines of Kamiński et. al. (2017). Figure 2 shows results of 
sensitivity analysis on the form of variable importance in the decision tree model. The most important variables are: 
course_repetition with 20.79%, enrollment_reason with 17.29%, enrollment_year with 11.41%, family with 7.91%, 
learning with 7.57%, then series/movies with 6.27% and place of residence with 5.38 %. Other variables have a 
significance of less than five percent. 
 
 

 
1= course_repetition, 2= enrollment_reason, 3= enrollment_year, 4= family, 5= learning, 6= 

series/movies, 7= place of residence. 
 

Figure 2. Variable importance in decision tree model 
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The more significant attributes are closer to the root of decision tree. In our case, repetition of the course, followed by 
the reason for enrollment and the family are first nodes in decision tree model. Decision tree can be extracted into 
series of IF - THEN rules. Root-to-leaf routes represent those rules (McGonagle, 2021).  Hereinafter, we will 
emphasize few rules for demonstration. First rule, listed at figure 3, predicts path when GPA is in range from 3,5 till 
4,49. Reliability of such rule is 64,57%. Decision nodes here are course_repetition, family and enrollment_reason.  
 
 

 
Figure 3. Rule for prediction of success “3,5-4,49” 

 
IF (course_repetition = YES && family != less than 3 && enrollment_reason  
!=NOT (reputation OR wish)  
then GPA = „3,5 – 4,49“ 
 

Second rule, listed below, achieves reliability of 74,12%. Used attributes are: course_repetition, enrollment_reason, 
year of enrollment, and instruction. In if-then rule looks like this: 

if (course_repetition = no && enrollment_reason!= wish or recommendation && 
year of enrollment > 2018 && instructions = yes) 
then GPA = „2,5 – 3,49“. 
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Figure 4. Metrics of decision tree model quality 

 
After evaluating the decision tree model using the remaining 20% of the dataset allocated for evaluation phase, 
accuracy of 52.8% for all classes is achieved (figure 4). If we take a deeper look at the details for each interval 
separately, there is no data for the average "1.0 - 1.49", this most likely occurred because there is only one such data 
in the whole data set, and in this case it ended up in the evaluation set. Furthermore, when we observe the next interval 
of "1.5 - 2.49", the accuracy is high 98.1%, but for "2.5 - 3.49" it is slightly lower, 73.6%, however still very good. 
The interval "3.5 - 4.49" has an accuracy of 56.6%. The last interval has an accuracy of 77.4%, which is slightly higher 
than the previous one.  
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Figure 5. ROC curve for "2,5 - 3,49" part of decision tree model 
 

We will take a closer look at figure 5, and explain the interval "2.5 - 3.49". The shape of the curve itself tells us that 
for better results we need more data, that is more students include into sample. Furthermore, the table shows that the 
model accurately predicted seven positive values and 32 negative values, and incorrectly predicted three positive 
values and 11 negative ones. So, in total, there are more accurately classified than negatively classified. Final accuracy 
of the model is 73.6%.  
 
6. Conclusion  
In this paper we have used decision tree algorithm for prediction of the students’ grade point average. The results 
show the students’ performance and its prediction seems to be accurate.  This analysis has shown that the proper 
machine learning application on student’s performance data can be efficiently used for vital extraction of valuable 
hidden knowledge from the vast amount of data generated on daily basis.  
 
Hereinafter, we provide various guidelines and directions for future research. To exploit the full potential of the student 
academic performance prediction,further data integration is needed. Besides students demographic data, their learning 
behaviours, habits and familiy background, nowadays student interaction with the learning environment is a 
prerequisite to ensure sufficient amount of data for analysis. Having in mind the recent increase in the availability of 
learning management system data and popularity of such learning environments, data from various sources should be 
integrated.  
Future studies should evaluate other machine learning algorithms, such as: artificial neural networks, k-nearest 
neighbors, Bayesian approaches, support vector machines and ensemble methods to assess whether performance is 
improved. 
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