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ABSTRACT

This review examines the application of machine learning (ML) models in predicting student dropout and academic
performance. Various algorithms, including deep learning and ensemble methods, have demonstrated high accuracy in
forecasting student outcomes, offering educational institutions valuable tools for early intervention.

However, challenges such as model interpretability, data privacy concerns, and algorithmic bias persist. The review also
highlights the need for more inclusive models that generalize well across diverse educational settings. Looking forward,
the integration of ML with technologies like virtual reality (VR) could further enhance student engagement and
retention, making education systems more adaptive and personalized.

1. INTRODUCTION

In recent years, the rapid growth of digital technologies has revolutionized various sectors, including education. One of
the most significant advancements in this domain is the application of machine learning (ML) and artificial intelligence
(Al) to predict student outcomes, particularly in addressing the issue of student dropout.

Educational institutions face a growing challenge with dropout rates, which can result in negative economic and social
consequences. Predicting which students are at risk of dropping out can allow educators to intervene early, improving
retention and ensuring students complete their programs successfully.

This has prompted the development of various machine learning-based predictive models to forecast student dropout,
academic performance, and engagement, making education systems more data-driven and student-centered [10][3][15].

Traditional methods of student assessment and dropout prevention often rely on demographic or attendance data, which
can fail to capture the full spectrum of variables influencing student success.

With the advent of machine learning techniques, including supervised learning algorithms, ensemble methods, and deep
learning, there is now potential to use more complex data sources like student interactions, behavior patterns in Massive
Open Online Courses (MOQCs), and psychological factors to better predict academic performance and dropout risks
[27][14][5]. For instance, models based on deep learning, such as Deep Featured Spectral Scaling Classifiers, have
shown promise in predicting academic success among students with mental health conditions like bipolar disorder [5].

Research in this area focuses not only on predictive accuracy but also on model interpretability and real-world
applicability. As universities increasingly adopt Al-driven tools, models such as the Two-Layer Ensemble Machine
Learning approach have been shown to significantly improve dropout prediction, especially in online learning
environments [20][9].

Moreover, comparative studies reveal that supervised machine learning models, when integrated with real-time data,
outperform traditional statistical methods in predicting student retention and academic outcomes [7][17][22].

Given the high stakes of student retention, the role of machine learning in education is critical not only in identifying
students at risk but also in providing personalized interventions that can help keep them engaged. This review aims to
explore the various machine learning approaches developed for predicting student dropout and academic success,
comparing their effectiveness across different educational contexts and discussing their potential for future integration
into higher education systems [2][16].
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2. METHODS
Terminology:

To ensure clarity, several key terms are defined as they are central to this review:

1) Machine Learning (ML): Refers to computational models and algorithms that enable systems to learn from data
and make decisions or predictions. In the context of education, ML models can predict student dropout rates,
academic success, or performance based on historical data [16][20].

2) Student Dropout Prediction: This refers to the process of using data-driven techniques to identify students at risk of
discontinuing their education. Various approaches, including decision trees, ensemble methods, and deep learning
models, have been applied to this problem [2][28].

3) Ensemble Learning: A machine learning approach where multiple models are combined to produce a stronger
predictive model. In student dropout prediction, ensemble methods such as stacking or bagging have been shown
to outperform single models in terms of accuracy and precision [4][19].

4) Educational Data Mining (EDM): The use of data mining techniques to analyze educational data and identify
patterns. This is commonly used to predict student performance, dropout likelihood, and other academic outcomes
[14][7].

b. Search Strategy:

To gather relevant literature for this review, a comprehensive search was conducted across several academic databases,

including IEEE Xplore, Springer, Elsevier, and MDPI. Key terms used for the search included "student dropout

prediction,” "machine learning in education,” "academic performance prediction,” and "deep learning for student

retention.” The search aimed to capture both recent and foundational studies published between 2010 and 2024

[18][25][3].

c. Selection Criteria:

The inclusion criteria for selecting research papers for this review were as follows:

1) Relevance to the Topic: Only studies focusing on machine learning applications for predicting student outcomes,
such as dropout or academic performance, were included [17][9].

2) Recency: To ensure that the review reflects the most current developments, only papers published after 2010 were
selected. This timeframe captures the advancements in Al and machine learning relevant to educational data mining
[24]]6].

3) Diverse Educational Contexts: Studies covering different educational levels (primary, secondary, and higher
education) as well as different geographical regions were included to ensure a comprehensive understanding of the
global challenges in student retention and academic success [29][10].

4) Type of Study: Both theoretical papers that discuss the methodologies behind machine learning models and
empirical studies that apply these models to real-world educational datasets were included [5][21].

d. Data Analysis Approach:

The reviewed papers were analyzed based on the machine learning models they employed, their performance metrics

(e.g., accuracy, precision, recall), and the type of educational data used (e.qg., student demographics, attendance, behavior

in online platforms). Additionally, each paper was compared in terms of its focus on interpretability versus predictive

accuracy, a trade-off often encountered in machine learning [30][1].

3. RESULTS

a. Performance of Machine Learning Models:

Machine learning models have shown varied success in predicting student dropouts across different educational
contexts. For example, ensemble methods, such as stacking and boosting, were reported to achieve high predictive
accuracy. In a study by Niyogisubizo et al. [20], the ensemble approach yielded a precision and recall rate exceeding
90%, while single models, like logistic regression, demonstrated lower performance in predicting dropout risks [7][5].
In MOOCs, Wang and Wang [9] found that decision trees and random forests handled large, complex datasets
effectively, improving dropout predictions with considerable accuracy [25].

b. Model Application in Real-World Settings:

In studies applying machine learning to real-world educational data, the predictive models performed well, though
performance varied by region and demographic. For instance, Hegde and Prageeth [2] showed that models developed
in Western contexts performed poorly when transferred to diverse settings, such as in developing countries, necessitating
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localized adaptations. Studies from Kim et al. [16] and Del Bonifro et al. [6] demonstrated that incorporating socio-
economic and behavioral data improved the robustness of dropout predictions across different student populations [13].

c. Impact of Data Complexity:

Complex data sources, such as those from online learning platforms, were found to improve prediction accuracy when
used with deep learning models. For example, deep learning models like the DFSSC [5] and the Deep FM-based
predictive model [13] were effective in predicting dropout based on students’ behavioral patterns and mental health
data. Such models proved highly effective in MOOC platforms, where large datasets require sophisticated techniques
to capture the nuances of student engagement and dropout likelihood [25][18].

4. DISCUSSION
a. Challenges with Model Interpretability:

Despite high performance, interpretability remains a challenge, particularly with complex models like deep learning and
ensemble methods. Educators require insights into why a model predicts that a student will drop out, in order to intervene
effectively. Models like neural networks, while powerful, are often difficult to interpret. Studies such as those by Delogu
et al. [24] and Coussement et al. [27] emphasized the importance of combining accurate predictions with transparent
decision-making processes, particularly in educational environments where understanding the underlying reasons is
crucial [22][30].

b. Ethical and Privacy Concerns:

As machine learning models increasingly rely on sensitive student data, ethical concerns have emerged around data
privacy. Studies by Mustafa et al. [10] and Kim et al. [16] have underscored the need for robust data protection policies,
particularly in regions where data misuse could have far-reaching implications. Furthermore, algorithmic bias remains
a significant challenge, particularly when models are trained on biased datasets that fail to represent the diversity of the
student population. Researchers like Hegde and Prageeth [2] have called for more inclusive datasets that account for
diverse educational backgrounds to mitigate this risk [26].

c. Potential for Improving Student Engagement:

Machine learning models have also demonstrated potential in enhancing student engagement by identifying at-risk
students early and enabling timely interventions. Alruwais [13] and Villar et al. [7] found that real-time predictive
feedback improved student retention rates, particularly in online classes and MOOCs, where dropout rates tend to be
high. By providing personalized interventions, predictive models can keep students engaged, helping them complete
their courses successfully [9][15].

d. Future Research and Application:

Moving forward, further integration of predictive models with emerging technologies, such as VR and AR, could
provide more immersive and engaging learning environments. Mubarak et al. [25] suggested that these technologies
could enhance student motivation by identifying disengagement in real time, allowing for instant interventions.
Additionally, future research should focus on developing more inclusive models that can generalize across diverse
student populations, expanding beyond higher education into secondary and vocational contexts [12][4][29].

5. CONCLUSION

Machine learning has proven to be a powerful tool in predicting The application of machine learning in predicting
student dropout and academic performance has shown significant promise in improving retention and student success
rates across various educational settings. From traditional in-person classes to online learning environments like
MOOCs, machine learning models—particularly ensemble methods and deep learning algorithms—have demonstrated
high predictive accuracy, allowing educational institutions to identify at-risk students early and intervene proactively
[25][20][9]. However, the trade-off between model complexity and interpretability remains a major challenge, as
educators need transparent and understandable models to make informed decisions. While simpler models like decision
trees provide better interpretability, more complex models, such as deep learning, offer higher accuracy at the expense
of clarity [13][24].

Ethical concerns surrounding data privacy and algorithmic bias also pose significant challenges to the widespread
adoption of these technologies. With student data being a sensitive resource, stricter data protection frameworks and
bias mitigation techniques are needed to ensure equitable outcomes across diverse student populations [10][16].
Nevertheless, the potential benefits of machine learning in education—particularly in enhancing student engagement,
personalizing learning experiences, and preventing dropout—outweigh the risks if handled responsibly. Researchers
like Mubarak et al. [25] have pointed toward future integration with technologies such as virtual reality (VR) and
augmented reality (AR), which could further enhance student motivation and retention.
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Moving forward, the development of more inclusive, interpretable, and adaptive machine learning models will be crucial
to addressing the diverse needs of students globally. By focusing on ethical practices and transparency, the use of
machine learning in education has the potential to revolutionize student retention and academic success across all levels
of education [5][29][12].
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