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Artile Info Abstract

The purpose of this study was to systematically review the research conducted on
] the application of the decision tree algorithm in the personalization of electronic
Avrticle type: learning in higher education. Given the importance of electronic learning
Research Article environments in overcoming temporal and spatial limitations and increasing
educational efficiency, intelligent learning technologies for adapting education to
Key words: Learning  the individual needs of students have been the subject of much research in recent
personalization, years. In this article, using the PRISMA protocol, 15 scientific studies (articles and
higher education, theses) out of 84 initial studies, within the time range of 2015 to 2025, were
identified and analyzed. The extracted data included information related to the
objectives, type of data, and the process of applying the decision tree algorithm. The
analysis of this data was carried out using a comparative approach to examine
different methods of implementing the algorithm in different areas of electronic
learning. To evaluate the quality of the studies, a descriptive approach based on
Article history: transparency and qualitative validity was used, which included examining the
Received : 16 June 2025 transparency of objectives, data collection methods, data analysis, and results. The
Accepted : 13 October 2025 findings showed that the decision tree algorithm has applications in areas such as
predicting academic performance, personalizing learning paths, supporting
educational decision-making, developing recommender systems, and optimizing
learning processes. These studies, by collecting diverse data including cognitive,
academic, educational, social, and interactional characteristics, have built and
trained decision tree models. With a focus on the field of curriculum planning, this
study shows that the decision tree algorithm, as an interpretable and powerful
method in machine learning, can facilitate the personalization of students' learning

paths based on individual characteristics and needs.
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Extended Abstract

Introduction
Electronic learning environments, due to their efficiency and ability to overcome temporal and spatial
limitations, have become an unavoidable choice in higher education. However, effective management of
students' learning in these environments requires the use of intelligent and data-driven methods (Zhao &
Li, 2023). Users of these environments have obvious differences in personality traits, prior knowledge,
learning styles, and cognitive abilities, and these differences necessitate the personalization of learning.
Personalization of learning means adapting educational content, methods, and paths to the individual needs
and characteristics of each learner. In this regard, learning technologies and machine learning algorithms,
as powerful tools, can help personalize learning. One of the most widely used machine learning algorithms

in this field is the decision tree algorithm.

Decision tree algorithms, due to features such as the possibility of designing targeted educational
interventions, providing adaptive feedback, optimizing course materials, appropriate accuracy,
interpretability, high processing speed, and the ability to manage numerical data and classification, are
considered one of the most popular machine learning methods in higher education and learning
personalization (Sun, 2024; Matzavela & Alepis, 2021; Zhao et al., 2017).

Recent systematic and analytical reviews show that the decision tree algorithm has diverse applications
in higher education and learning personalization. For example, Mienye and Jere (2024) have reviewed the
main concepts, algorithms, the evolution from early stages to powerful hybrid algorithms, and numerous
applications in areas such as medical diagnosis and fraud detection. Cafiete-Sifuentes, Monroy, and
Medina-Pérez (2021), in examining multivariate decision trees, have proposed the possibility of identifying
superior algorithm groups for different types of databases. Jena and Dehuri (2020) have analyzed current
and widely used decision tree techniques in classification and regression. Blockeel et al. (2023) have also
traced the evolution of research related to decision trees in data science and machine learning and examined

the strengths and weaknesses of the algorithms.

Experimental studies also show that the decision tree algorithm has been effectively used in predicting
academic performance, personalizing students' learning paths, improving educational decision-making, and
designing recommender systems. For example, a systematic review by Trujillo, Pozo, and Suntaxi (2025)

in the field of career recommendations in higher education showed that models based on random forests,
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support vector machines, and neural networks, using academic data, interests, and demographic
characteristics, improve the accuracy and personalization of recommendations and play an effective role in
designing educational paths appropriate to students' needs. Barnes, Conrad, and Demps (2024) examined
the ability of decision tree models to identify factors affecting student graduation and design targeted
support policies. Orji and Vassileva (2022) used decision trees to predict academic performance and study

strategies.

However, existing studies also have limitations; including the lack of a comprehensive systematic
review of the application of decision trees in learning personalization, the absence of longitudinal data to
examine long-term effects, the lack of access to open databases, and the limited diversity of geographical
and cultural sources. Therefore, a systematic review of research and analysis of the practical applications
of decision trees, especially in the context of higher education and with a focus on learning personalization,
is necessary to fill existing gaps and provide more effective and scientific solutions for designing intelligent
learning systems. The present study aims to systematically analyze scientific research in the field of the
application of decision trees in personalizing electronic learning in higher education, examining the
objectives, methods, type of data, and potential applications of this algorithm, and examines its application

for designing personalized learning paths in the field of curriculum planning.

Methodology
The present study was conducted using a systematic review method. A systematic review attempts to collect
and analyze all existing empirical evidence that meets predetermined criteria to answer a specific research
question. This method, using transparent and systematic processes, minimizes bias and provides reliable
results for inference and decision-making (Higgins, Thomas, Chandler, Cumpston, Li, Page, & Welch,
2020). In this study, the PRISMA protocol (2020) was used, which specifies the objectives, methods,
information banks, keywords, screening process, inclusion and exclusion criteria, data extraction, and
presentation of results. This protocol increases the quality, repeatability, and transparency of scientific

reviews (Frost, Hrobjartsson, & Nejstgaard, 2022).

The study population of this research included studies that addressed the personalization of learning in
the field of electronic learning in higher education using decision tree and machine learning algorithms.
The information banks of Scopus, Web of Science, ScienceDirect, Google Scholar, IEEE Xplore,

SpringerLink, ResearchGate, and IranDoc were searched to access related studies. In the search, a
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purposeful combination of keywords "Decision Tree" and (“"Personalized Learning™ or "Personalized
Education™) and ("Higher Education” or "Curriculum Development” or "Curriculum Studies") and their
Persian equivalents was used. The screening tool for articles was the Rayyan software. To evaluate the
quality of the studies, a descriptive approach based on transparency and qualitative validity was used. In
this approach, each study was examined based on four main criteria: 1. Transparency of objectives and
research question: Has the purpose and question of the study been clearly stated? 2. Transparency of data
collection method: Have the data and samples under study been accurately described? 3. Transparency of
data analysis: Is the data analysis method clear and logical and consistent with the research objective? 4.
Transparency of results and inferences: Are the results of the study clearly presented and are the inferences
consistent with the data?

Given the nature of humanities and the limitations of data in the application of the decision tree algorithm
in electronic learning environments, some criteria related to the precise control of confounding factors and
the use of objective and standard criteria were not applicable (Lincoln & Guba, 1985). Therefore, a

descriptive approach was used to evaluate the quality of the studies.

The inclusion criteria were: studies that specifically used the decision tree algorithm for personalizing
learning in higher education; articles and theses published in peer-reviewed sources; studies published
between 2015 and 2025. Also, the exclusion criteria were: lack of direct use of the algorithm; studies with
unspecified research methods; sources published in low-quality journals (Q4); non-English or non-Persian

research; studies in which the algorithm was used in courses other than higher education.

Using these criteria, 84 initial studies were identified. After examining the title and abstract, full-text
evaluation, and quality evaluation, 15 final studies were selected for analysis. The process of selecting and

screening studies is presented in Figure 2 of the original document.
Findings

The content analysis of the selected articles included the research objective, type and source of data used,
method of using the decision tree, and key results. The results are presented in Table 1 of the original

document.

In response to the first question of the research, i.e., the most prominent objectives of studies related to the

application of the decision tree algorithm in the field of electronic learning in higher education, the findings
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showed that the studies conducted on the application of the decision tree algorithm in the field of electronic
learning in higher education have mainly pursued multiple objectives that can be categorized into three

main axes:

First axis: Predicting student academic performance and personalizing education. One of the most
prominent approaches in these studies is the use of decision trees to develop models that have the ability to
predict students' academic performance. These studies have attempted to identify variables affecting
success or academic failure and classify students based on their level of ability, study style, or learning
pattern. Studies by Asif et al., 2017; Orji & Vassileva, 2022; Manzavela & Alepis, 2021; Akramifar, 2023;
Salari et al., 2024; Haghghi, 2023; Zhang et al., 2022 are among these. Also, studies such as Barnes et al.,
2024; Shoaib et al., 2024; Thakaeng et al., 2025; Chen & Lin, 2023, focusing on identifying determining
factors in academic success, have provided the ground for designing personalized education.

Second axis: Supporting educational decision-making and developing recommender systems. Another
group of studies have examined the application of decision trees in designing educational decision support
tools. These tools include recommender systems for course selection (Delahoz-Dominguez & Hijon-Neira,
2024), providing appropriate educational advice, even recommending suitable learning strategies based on
students' individual characteristics (Shoaib et al., 2024; Park & Dooris, 2020; Khalaf Hamoud et al., 2018).
Such studies indicate the potential of decision trees in helping to improve the quality of educational

decisions at individual and organizational levels.

Third axis: Educational data management and optimization of learning processes. The third group of
studies, by using decision trees for managing large educational data, have focused on the role of this
algorithm, especially in feature selection or as a wrapper in improving the accuracy of decision-making
(Park & Dooris, 2020; Khalaf Hamoud et al., 2018). The results of this group of studies show that using
decision trees can provide more accurate analysis of learner behavior and ultimately lead to the optimization

of educational processes in electronic learning environments.

In total, the applications of decision trees in the field of electronic learning in higher education can be

presented in the form of Figure 2 of the original document.

In response to the second question of the research, the method of applying decision tree algorithms in the
field of electronic learning in higher education has mainly been in the form of a multi-stage framework
based on the cycle of data mining and machine learning. This process can be summarized in several stages

as shown in Figure 3 of the original document.
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In the first step, most studies collected educational data from various sources. Before entering the modeling
stage, this data was evaluated and cleaned in terms of quality, and processes such as normalization, recoding
of variables, and in some cases, combination with synthetic data to resolve class imbalance were applied to
them. In this environment, tools and libraries such as NumPy and Pandas for execution, Python, and Weka
and RapidMiner software have been widely used. These tools have played a key role in removing outliers,
normalizing values, reclassifying variables, and also creating derived features to improve model

performance.

In the second step, the modeling process was carried out using a range of decision tree algorithms. The
most common algorithms used in this field include ID3, C4.5, CART, Random Forest, XGBoost, REPTree,
J48, and RandomTree. At this stage, the training data was provided as input to the model, and the tree
structure was formed based on criteria such as Gini Index, Information Gain, or Entropy Reduction. Each
node of the tree represents a key influential variable, and each leaf is equivalent to a final output in the form
of classification or prediction. To implement these algorithms, tools and libraries such as Scikit-learn in the

Python environment and Weka and RapidMiner software have been widely used.

In the third stage, after training the model, its performance was evaluated using various validation
approaches including k-fold cross-validation, train/test splitting of data, and in some hold-out validation.
To measure model efficiency, indicators such as Accuracy, Recall, F1-score, and also the Confusion Matrix
have been used. In addition, in part of the studies, decision tree algorithms have been compared with other
machine learning models such as KNN, logistic regression, and even neural networks to select the most

accurate and optimal model for supporting educational applications.

In the fourth stage, researchers, by analyzing the final structure of the decision tree, extracted key and
influential variables on academic success or failure and used them in educational decisions and
interventions. This stage highlights the interpretability role of the algorithm, because identifying
determining indicators provides the possibility of designing targeted educational policies. For example, in
many models, factors such as the amount of attendance in online classes, mid-term grades, academic
background, and the level of student interaction with the content of learning management systems (LMS)
have been identified as key variables. The use of these indicators has not only been effective in improving
the quality of predictions but has also provided the ground for developing personalized educational

strategies and improving the learning process in electronic environments.
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In the fifth stage, the decision tree algorithm has been used as the main core of recommender systems.
These systems, by analyzing students' individual profiles, provide appropriate suggestions such as choosing
a field of study, matching with an educational or career advisor, or determining learning strategies
appropriate to individual characteristics. In some studies, to improve the accuracy and efficiency of these
systems, combined approaches have been used, such as weighting decision trees or combining several of
them; in a way that the learner's prediction ability and personalization capability have been significantly

improved.

In total, in response to the second question of the research, it can be said that the application of decision
tree algorithms in the context of electronic learning in higher education is a multi-stage process that includes
collecting educational data from various sources, performing necessary pre-processing, building and
training decision tree models, evaluating performance with quantitative indicators, and finally interpretable
analysis of outputs. This systematic approach provides the possibility of identifying hidden patterns,

designing targeted educational interventions, and developing personalized recommender systems.

In response to the third question of the research; the type and source of machine learning data in the
application of decision tree algorithms in the field of electronic learning in higher education has been a
wide range of structured and semi-structured data for training decision tree-based models, collected from
various online and local sources. This data has mainly been obtained from the main sources: educational
institutions, academic records, standard test data; teaching evaluation and quality of education systems
(SET Tools); online and structured questionnaires (psychometric, LimeSurvey, Google Forms); learning
management systems (LMS: Learning Management System); student management systems (SMS: Student
Management System), and/or from combined and integrated databases. In some studies, synthetic or
balanced data have also been generated through simulation techniques or a combination of real data and

simulated data, especially when data classes have been unbalanced.

Also, the data have been extracted in several distinct types: demographic and individual data (age, gender,
ethnicity, generation, marital status, occupation, family income, birth order in the family, parents' education,
religion, financial status, and eligibility for scholarships); academic performance and educational data
(course grades, specialized courses, practical; test scores; the level of mastery of basic skills; special
courses); behavioral and learning interaction data (amount of use of the platform, login to the system, time
of activity in the online environment, amount of participation in discussions, downloading resources,
participation in online tests, pattern of sending assignments and interaction with course content); psycho-

cognitive data (self-efficacy, motivation, stress, anxiety, interest in internal and external learning, learning
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styles, self-regulation, self-efficacy, need for belonging, satisfaction with counseling, academic
expectations, interaction with professors and advisors); data related to course and instructor characteristics
(instructor's experience, teachability, teaching method; course type; in-person or online, practical or
theoretical; factors outside the instructor's control (such as mandatory content with a specific structure));
socio-economic and educational background data (type of university, level of education and parents'
occupation, economic status, geographical area, place of residence, city skills and understanding). The types

of data used in these studies are shown in Figure 4 of the original document.

In response to the fourth question of the research; the main findings regarding the use of decision tree
algorithms in the field of electronic learning in higher education, the analysis of the studies under review
in this research showed that decision tree algorithms, especially their advanced versions such as J48, C4.5,
Random Forest, and XGBoost, have played an important role in analyzing educational data and improving
the quality of educational decision-making. The key findings of these studies can be categorized in the

following axes:

e High accuracy in predicting and classifying students: Decision tree models have been able to
predict academic performance, graduation, or dropout of students with very high accuracy (up to
94.9% in some studies).

o Application in designing adaptive and intelligent educational tools: The decision tree algorithm has
been used in the development of tools that can identify students' learning styles and suggest
appropriate educational strategies. These tools have provided the ground for increasing student

participation and satisfaction.

o High interpretability in analyzing educational data: Decision trees have a high ability to display
relationships between variables in a visual and transparent manner and provide more accurate

interpretations of influential factors than traditional statistical methods.

e Predicting career path and probability of employment: The decision tree algorithm has been
effective in predicting the probability of employment based on skills and academic performance in

some studies. These findings have helped to better match education with labor market needs.

e Relative superiority compared to other algorithms: In many studies, decision tree models have
performed better than other algorithms such as KNN, SVM in terms of performance indicators such

as accuracy, recall, precision, F1 score, and Kappa coefficient.
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Finally, in response to the final question of the research, it can be said that the decision tree algorithm in
the field of electronic learning has potential capabilities that can be considered as one of the powerful and
interpretable machine learning methods in the field of learning personalization. This algorithm can have
multiple applications in the field of curriculum planning. These applications are at the level of analysis and
design of curricula and also at the level of implementation and evaluation of curricula. Personalization of
students' learning paths based on individual characteristics, academic, psychological, and personality
characteristics of students such as learning style, motivation, prior knowledge, interaction with educational
content, and designing adaptive modules in the curriculum are among the cases that can be considered. In
the current situation of curriculum planning in different specialized fields, professional developments have
been remarkable and the need to pay attention to specialized learning appropriate to the field,
characteristics, and needs of individuals is felt. Curriculum planning specialists have no choice but to pay
attention to the diverse needs of learners with different specializations, and with the description and
characteristics of each person, the ground for turning into specialized and specific tasks should be provided
(Fathi Vajargah, & Sharifzadeh, 2013; Fathi Vajargah, 2021).

Discussion and Conclusion

In general, decision tree algorithms, due to features such as high interpretability, acceptable
prediction accuracy, and widespread use in recommendation and classification, have become effective
tools in electronic learning in higher education. These algorithms have not only been able to improve
data-driven decision-making but also pave the way for personalized learning. However, some limitations
such as overfitting, dependence on data quality, and the need for precise parameter tuning have also
been reported. Therefore, based on the scientific evidence obtained from the analysis of the studies, it
can be concluded that the application of the decision tree algorithm in the field of electronic learning in
higher education can play a useful and effective role in personalizing learning and predicting student
performance. Also, due to the flexibility of this algorithm in managing educational data, it is possible to
benefit from it in optimizing learning processes and providing personalized educational

recommendations. According to the results, the following suggestions are made:

o Designing recommender systems using machine learning algorithms including decision trees for
course selection and learning activities so that these systems, based on students' academic records,
suggest appropriate assignments and prevent inappropriate selections. Also, the "curriculum

planning™ process should facilitate personalization for students in virtual environments.



A Systematic Review of the Application of the ...; Asghari et al. 138

Using the capabilities of the decision tree algorithm in predicting the performance of learners and
providing targeted support to identify students at risk (such as grade point average, dropout, lack
of participation) in curriculum planning and the possibility of timely educational intervention for

curriculum planners and instructors and optimizing the feedback process and academic support.

Supporting the use of data mining techniques in lesson and syllabus design and using the extensive
data obtained from the performance, cognitive, and psychological characteristics of students in
analyzing and improving the lesson structure, providing optional units, and presenting course
discussions. This type of planning based on evidence responds to the real needs of students in
electronic learning and paves the way.
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