
ERIES Journal  
volume 19 issue 1

Printed ISSN 
2336-2375

1Electronic ISSN 
1803-1617

A SYSTEMATIC APPROACH TO 
PREDICTING STUDENTS’ ACADEMIC 
PERFORMANCE: A REVIEW OF 
RECENT LITERATURE
ABSTRACT
The rapid expansion of digital learning has generated large volumes of educational data, creating 
new opportunities to apply machine learning (ML) and data mining techniques to predict student 
academic performance. This study synthesizes 58 empirical studies that used Decision Trees, 
Random Forests, Support Vector Machines, Logistic Regression, and Artificial Neural Networks to 
identify at-risk students and improve educational outcomes.
The review foc uses on predictor variables, validation methods, accuracy rates, and performance 
metrics. Findings suggest that the most effective predictive models combine four categories of 
variables: demographic factors, academic indicators, digital behavioral features, and psychosocial 
attributes. Among the algorithms examined, Random Forest and Artificial Neural Networks 
demonstrated the strongest predictive performance, achieving accuracy rates of 85%–93% across 
k-fold cross-validation and train-test split validation.
Performance measures such as precision, recall, F1 score, and AUC further confirm the robustness 
and generalizability of these models. ML-based academic prediction systems can strengthen early 
warning systems, support data-driven policymaking, and enable personalized learning interventions. 
The study concludes that combining multidimensional predictors with explainable AI can improve 
equity, personalization, operational efficiency, and accountability in educational decision-making.
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Highlights

•	 Reviews 58 empirical studies using machine learning to predict student academic performance and identify at-risk learners. 
•	 Finds that the strongest models combine demographic, academic, digital behavioral, and psychosocial predictors. 
•	 Shows Random Forest and Artificial Neural Networks achieved the highest predictive accuracy, typically between 85% 

and 93%. 
•	 Highlights k-fold cross-validation and train-test split as the most common validation methods in the reviewed studies. 

INTRODUCTION
Education plays a  fundamental role in human and social 
development. In the  modern education system,  the  quality 
of learning and students’ academic achievements are two 
primary indicators of the  success of educational institutions. 
One major challenge educators and educational institutions 
face is identifying students at risk of academic failure early 
(Katarya, 2023; Nazir et al., 2023). Some of the  challenges 
identified are difficulties in effectively managing and utilizing 
data (Baneres et al., 2019), the manual data collection process 

is time-consuming and prone to inaccuracies (Pek et al., 
2022), and the use of personal data in predictive models raises 
privacy and ethical concerns, requiring strict data protection 
measures (Schmidt et al., 2025). This challenge encourages 
the  development of data-driven predictive approaches to 
understand, anticipate, and improve students’ academic 
performance (Wu et al., 2024).
With advances in information technology and data analysis 
techniques, new methods have emerged for understanding 
student behavior and performance, including predicting 
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academic performance using machine learning algorithms 
and data mining techniques (Daza et al., 2022; De-La-Cruz et 
al., 2022; Roslan and Chen, 2022). This is where research on 
predicting students’ academic performance gains significant 
urgency and relevance, as it can aid policymakers, teachers, and 
the  students themselves in more targeted academic planning 
(Nazir et al., 2023).
However, the numerous prediction models and methodological 
differences in previous research create challenges in consistently 
unifying the  findings. Therefore, a  systematic literature 
review (SLR) is an  essential approach for summarizing and 
synthesizing scientific evidence in a methodological, objective, 
and transparent manner. This approach ensures that the review 
is conducted thoroughly on relevant scientific publications, 
providing results that can serve as a  foundation for policy 
development or further research.
Predicting academic performance is not merely a statistical 
or computational effort but rather a  proactive strategy 
to identify risk factors and opportunities in education. 
Research shows that factors such as academic records, 
learning behavior, attendance, socio-economic conditions, 
and data from Learning Management Systems (LMS) are 
strongly correlated with students’ academic outcomes 
(Roslan and Chen, 2022).
The application of algorithms such as Decision Trees, 
Random Forests, Support Vector Machines (SVMs), and 
Neural Networks has proven effective for processing data to 
generate accurate predictions. In fact, recent research shows 
that ensemble learning methods such as boosting and bagging 
tend to achieve higher prediction accuracy than single 
algorithms (Wu et al., 2024).
More than just technology, these predictions impact real 
educational practices. With the  presence of an  accurate 
prediction system, educators can design more personalized 
learning strategies, improve student retention, and reduce 
dropout rates (Katarya, 2023)
With the increasing volume of scientific publications, narrative 
literature reviews are no longer sufficient to objectively 
summarize research findings. The SLR method is a systematic, 
standardized, and replicable approach that follows guidelines 
such as PRISMA (Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses). SLR allows researchers to filter 
the  literature using strict inclusion and exclusion criteria, 
evaluate the  methodological quality of each study, and 
synthesize findings thematically and quantitatively.
Several studies have conducted SLR in the context of academic 
prediction. For example, Daza et al. (2022) in their review 
found that the  Knowledge Discovery in Databases (KDD) 
method is the most commonly used, with the CGPA attribute 
as the  main prediction indicator, and Naïve Bayes, Neural 
Network, and Decision Tree as the  most frequently applied 
algorithms (Daza et al., 2022; Karim-Abdallah et al., 2025). 
Meanwhile, Nawang et al. (2021) noted that academic data and 
student behavior are the most frequently appearing variables as 
determinants of academic performance.
Although the  literature on predicting academic performance 
has developed rapidly, there are still several important gaps 
that need to be addressed:

•	 Many studies do not detail the procedures for attribute 
selection and model validation, thereby affecting 
the replicability and generalizability of results.

•	 The dominance of higher education contexts, while 
secondary and primary school contexts are relatively 
underexplored in depth (Rodrigues et al., 2022).

•	 There is a  lack of studies evaluating the  impact of 
implementing predictive models on real academic 
outcomes, such as student retention or grade 
improvement after intervention.

•	 The lack of commonly used benchmark datasets in 
research limits the ability to compare model performance 
across different studies (Balaji et al., 2021).

The identification of this gap emphasizes the  need for 
a  systematic literature review that not only presents a  list of 
models and techniques but also assesses the  methodological 
quality, contextual diversity, and practical potential of 
the research.
Over the  past decade, developments in machine learning 
technology and big data analysis have broadened the range 
of methodologies for predicting academic success. 
Initially, the  study focused solely on exam results or 
cumulative grade point averages (GPAs); however, 
prediction methodologies are currently evolving to become 
more intricate and multimodal. Recent research indicates 
that integrating academic, behavioral, demographic, and 
psychosocial data can substantially enhance the precision 
of prediction models (Baashar et al., 2021; Valdiviezo-
Diaz and Chicaiza, 2024).
Commonly employed strategies in predictive research encompass:

•	 Decision Trees and Random Forests are known for 
their superior interpretability and effective performance 
on educational data. Decision trees are known for their 
transparency and ease of understanding. They recursively 
partition the  data into subspaces, making the  decision-
making process clear and interpretable (Rokach, 2016; 
Yassine and Mohammed, 2024). Random Forest is 
an  ensemble method that builds multiple decision trees 
and combines their predictions to improve accuracy and 
robustness (He et al., 2018; Shaik and Srinivasan, 2019). 
Studies consistently show that Random Forests achieve 
higher accuracy than Decision Trees. For instance, 
Random Forest achieved an accuracy of 91.7% compared 
to 88.2% for Decision Trees in predicting student success 
(Reddy et al., 2024). Another study found that Random 
Forests had higher R² scores and lower error metrics than 
Decision Trees (He et al., 2018).

•	 Support Vector Machine (SVM) is appropriate for binary 
classification tasks, such as pass/fail or promote/not 
promote. They work by finding the optimal hyperplane 
that separates data points of different classes with 
the  maximum margin. SVMs are particularly useful in 
applications requiring high accuracy and robustness, such 
as structural health monitoring and fault diagnosis (Pisner 
and Schnyer, 2020; Wandekoken et al., 2011). They can 
handle large datasets and complex classification problems, 
although they may require significant computational 
resources for training (Gholami and Fakhari, 2017).
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•	 Artificial Neural Networks (ANNs) exhibit exceptional 
efficacy in managing large, non-linear datasets. 
This is because these networks can model complex 
relationships and patterns in the data. They are widely 
used in various fields, including fog computing, remote 
sensing, and healthcare, to enhance data processing, 
classification, and decision-making (Abdolrasol et al., 
2021; Abiodun et al., 2019). ANNs can adapt to noisy 
data and achieve high classification accuracy, making 
them ideal for applications that require robust, flexible 
models (Abdolrasol et al., 2021; Aghbashlo et al., 2015).

•	 Naïve Bayes and K-Nearest Neighbors (KNN) are often 
used as baseline models for comparison due to their 
simplicity and ease of implementation. Naïve Bayes is 
based on the  Bayes theorem and assumes independence 
among features, making it computationally efficient but 
sometimes less accurate than more complex models (Kumar 
et al., 2024; Wickramasinghe and Kalutarage, 2021). KNN 
classifies data points based on the majority class of their 
nearest neighbors, which can be effective for small datasets 
but may struggle with large or high-dimensional data 
(Ortiz-Bejar et al., 2020; Ripan et al., 2021).

The influence of using student behavioral data from 
e-learning platforms is growing more substantial. Data such 
as the number of clicks, time spent completing assignments, 
daily login duration, and frequency of contact with learning 
materials have all proved to be critical markers of students’ 
ultimate academic achievement (Daza et al., 2022; Namoun 
and Alshanqiti, 2020).
The ability to accurately predict student performance has 
strategic value for all stakeholders in education. For educational 
institutions, predictive models can be used to: 1) Identify 
low-risk students (Khan and Menezes, 2020; Seo et al., 2024) 
performance early and providing appropriate interventions; 
2) Directing educational resources (teachers, guidance, facilities) 
more efficiently (Hoyos Osorio and Daza Santacoloma, 2023); 
3)  Improving student retention and reducing dropout rates 
(Deleña et al., 2025; Salloum et al., 2024); 4) Monitoring 
the impact of data-driven academic policies (Matz et al., 2023).
For students, prediction results can serve as a tool for self-reflection, 
allowing them to independently strategize their learning, manage 
their time better, and receive personalized guidance tailored 
to their needs. Research by Chakrapani and Chitradevi (2022) 
concluded that the use of data mining-based predictive models 
enables faster and more targeted academic interventions and can 
promote academic success despite students’ diverse backgrounds 
(Chakrapani and Chitradevi, 2022).
The urgency of this study is growing, given that most schools 
and universities now gather substantial amounts of data through 
academic information systems and online learning platforms. 
Without a  systematic framework for analyzing and utilizing 
this data, the  potential for evidence-based early intervention 
will be lost.
In the  global context, education is increasingly driven by 
the  principles of evidence-based policy, in which important 
decisions on curriculum, teaching methods, resource 
allocation, and remedial programs are grounded in data and 
scientific findings (Salmi, 2015). One of the main drivers of 

this approach is Sustainable Development Goal (SDG) 4, 
which states, “ensure inclusive and equitable quality education 
and promote lifelong learning opportunities for all” (García‐
Martín and Pérez Fernández, 2025; Reimers, 2024).
Predicting academic performance is an integral part of this 
effort, as it enables quick and accurate decision-making 
to prevent learning failures and dropouts. Educational 
institutions that implement predictive systems based on 
machine learning, as extensively researched in various 
scientific publications, can enhance the  efficiency 
of academic and remedial guidance programs, adjust 
individual learning strategies based on performance 
predictions, and compile comprehensive student risk 
profiles (Bilquise et al., 2024; Deleña et al., 2025; Vaarma 
and Li, 2024). The  use of predictive algorithms extends 
beyond performance classification to include the  design 
of early interventions tailored to students’ behavioral and 
academic profiles (Wu et al., 2024).
Moreover, in the  post-pandemic era, many schools and 
universities have switched to hybrid learning systems, 
which generate large amounts of digital data—such as 
interactions with learning materials, forum participation, 
task completion speed, and online resource usage. All this 
data, if processed effectively, can become a strategic asset 
for mapping students’ potential and challenges in real 
time. Considering the  complexity of the  theme, practical 
urgency, and the  abundance of available literature, this 
research aims to:

•	 Conduct a  systematic review of recent scientific 
literature (2015–2024) discussing the  prediction of 
student academic performance.

•	 Identifying the main methods, algorithms, and attributes 
used in academic prediction research,

•	 Evaluating the  methodological quality and publication 
trends in this field,

•	 Uncovering research gaps and recommending directions 
for further studies to develop more effective and 
inclusive prediction models.

The main contribution of this article lies in its effort to 
create a comprehensive knowledge map of student academic 
prediction approaches grounded in SLR principles. This map 
is expected to:

•	 Serve as a reference for novice researchers in selecting 
algorithms and predictive variables,

•	 Serving as a  basis for decision-making for education 
policymakers,

•	 Providing practical insights for teachers and educational 
counsellors in implementing early detection systems in 
schools.

This research also addresses the calls of many previous studies 
that lament the lack of systematic synthesis in the literature on 
student performance prediction (Nabil et al., 2022; Waheed et 
al., 2020), as well as the limitations in developing benchmark 
predictive models that can be tested across educational contexts 
(Pelima et al., 2024).
The Systematic Literature Review (SLR) approach was chosen 
for this study as a robust framework to assess and synthesize 
scientific contributions to predicting students’ academic 
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performance. The author hopes to make scientific contributions 
that are not only academically relevant but also practically 
impactful in developing adaptive, predictive, and inclusive 
educational systems.

METHOD
This research uses the  SLR approach as the  primary 
method to systematically identify, evaluate, and synthesize 
scientific publications on predicting student academic 

performance (Fundoni et al., 2023; Krüger et al., 2020; 
Prill et al., 2021). SLR allows this research to be conducted 
transparently, structurally, and replicably so that the results 
can be academically accountable and serve as a  reference 
for further research.

Research design
The design of this research aligns with the PRISMA framework, 
which consists of four primary stages:

Figure 1: Stages of the PRISMA framework

The process illustrated in the image above follows a series of strict 
steps, beginning with the formulation of the research question and 
culminating in the thematic analysis of the study’s findings.

Literature search strategy
The search was conducted across several reputable 
scientific databases, including Scopus, Publish or Perish, 
Google Scholar, ScienceDirect, and ACM Digital Library. 
The  keywords employed include academic performance 
prediction, student performance, machine learning, 
educational data mining, and systematic literature review. 
Several criteria guide researchers in selecting articles for 
this study, including those published between 2015 and 
2024, focusing on student academic performance through 
computational methods and data-driven empirical models, 
and written in English. Conversely, articles that do not meet 
the criteria include those with unclear writing style, those that 
are not peer-reviewed, and studies that focus solely on dropout 
rates without addressing academic performance. Following 
data extraction, the researchers conducted a thematic analysis 
based on the following categories: the prediction algorithms 
used; data types (academic, behavioral, demographic); 
the  main objectives of the  study; model validation (cross-
validation, hold-out, k-fold); and the  implications of 
the research findings. Additionally, assessing methodological 
quality is crucial as an  indicator that warrants evaluation. 
These indicators include the clarity of research objectives and 
problems, data validity and source quality, clarity of analysis 
methods, comprehensive reporting of results, and relevance 
to the objectives of this research.

Study selection process
The literature identification and selection process in this study 
followed the PRISMA guidelines to ensure transparency and 
replicability of the results.

At the  identification stage, the  researcher collected data 
from various sources, namely databases (n  =  2,000) and 
registers (n = 700), yielding a total of 2,700 records. Before 
the  screening process, some records were removed due 
to duplication (n  =  230), unsuitability as determined by 
automated tools (n = 500), and other reasons, such as incorrect 
format or incomplete data (n = 50). Thus, 1,920 records were 
advanced to the screening stage.
The screening stage involves reviewing titles and abstracts 
to assess their relevance to the research topic. A total of 1360 
recordings were excluded as irrelevant, leaving 560 reports for 
further review.
Next, in the eligibility stage, the researcher attempts to obtain 
the  full text of the  remaining reports. However, 473 reports 
were inaccessible, leaving only 87 that could be successfully 
reviewed in their entirety. Of that number, 29 reports were 
excluded, with the following breakdown: 14 reports were not 
relevant to the research focus, 10 were not in English, and 5 
had unclear research methods. Fourteen articles were excluded 
because they were not relevant to the research focus and did 
not directly relate to the  research variables or parameters. 
These articles generally discussed topics outside the scope of 
the study and therefore could not provide the necessary data. 
This process was carried out to maintain data consistency 
and ensure that only literature that directly contributed to 
the primary analysis was included.
The final stage, inclusion, yielded 58 studies that met 
all selection criteria and were deemed suitable for this 
systematic review.
Overall, this selection process reflects a  systematic, 
transparent, and replicable approach, aiming to ensure that 
the literature used is truly relevant and possesses adequate 
methodological quality to support the analysis of predicting 
students’ academic performance.
The PRISMA diagram is displayed as follows:
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RESULTS
General trends in research related to predicting 
student academic performance
Research on predicting student academic performance has 
advanced rapidly over the past decade, primarily through 
ML and Educational Data Mining (EDM). An analysis of 
58 selected scientific articles reveals a  growing trend in 
publications on predicting student academic performance, 
particularly since 2020. The  most frequently utilized 
techniques include Decision Trees, Random Forests, 
Artificial Neural Networks, and Support Vector Machines 
(De-La-Cruz et al., 2022; Molina and Cancell, 2021; Nazir 
et al., 2023; L. Zhang et al., 2021). These methods are 
favored for their ability to manage complex data and deliver 
accurate predictions. Additionally, ensemble methods 

such as Gradient Boosting and Naïve Bayes are often 
employed to enhance prediction accuracy (Chakrapani 
and Chitradevi, 2022; Kamal and Ahuja, 2019). This 
research indicates that machine learning models can 
effectively predict academic performance by leveraging 
various factors such as academic records, demographics, 
and student behavior (Valdiviezo-Diaz and Chicaiza, 
2024). This progress is driven by the adoption of machine 
learning technology and the growing availability of digital 
educational data. Studies conducted by Hellas et al. (2018) 
and Roslan and Chen (2022) highlight that research in this 
area is not only increasing in quantity but also diversifying 
in the methods and variables utilized (Hellas et al., 2018; 
Roslan and Chen, 2022).
A comparison of the strengths and weaknesses of each Machine 
Learning Model can be shown in the following table.

Figure 2: PRISMA flowchart
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Frequently used algorithms
Some commonly used algorithms include Decision Trees, 
Random Forests, SVMs, Logistic Regression, and ANNs. 
Decision Trees work by dividing data into branches based on 
specific variables to produce easily interpretable decisions. 
Random forests are an  extension of Decision Trees that 
use multiple decision trees to improve prediction accuracy 
(Akhatkulov et al., 2024; Alhassan et al., 2020; Nazir et al., 
2023). Meanwhile, SVM is used to determine the  optimal 
separating hyperplane between data classes, which is suitable 
for classifying students as “at risk of failing” or “successful.” 
Logistic regression is often used to predict the probability of 
an event, such as the likelihood that a student will not graduate. 

At the same time, ANN mimics the way the human brain works 
to find complex patterns in educational data.
In practice, the analysis results from these algorithms can be used to 
provide personalized recommendations for each student. For example, 
the system can provide early warnings to teachers or parents if a student 
shows a  pattern of declining performance based on their historical 
data. Additionally, schools can develop adaptive learning strategies 
that tailor the material and teaching methods to each student’s unique 
needs. Thus, the application of machine learning and data mining in 
education not only improves decision-making efficiency but also helps 
create a more inclusive and data-driven learning environment. Here is 
a quantitative table from various studies related to the use of machine 
learning algorithms to predict students’ academic performance:

Algorithm Strengths Use Cases

Decision Tree High interpretability, easy to 
understand, and visualize Identifying key factors in student performance (Niranjala et al., 2024) 

Random Forest 
High accuracy, robust to overfitting, 
handles large datasets, and missing 
data. 

High accuracy, robust to overfitting, handles large datasets and missing 
data | Predicting student performance, identifying at-risk students 
(Abdelaziz et al., 2025; Salman et al., 2024)

SVM High accuracy in binary classification, 
effective for well-separated classes 

Pass/fail prediction, grade movement prediction (Niranjala et al., 2024; 
Strub, 2020)

ANN Handles non-linear and extensive 
datasets, adaptable to noisy data

Requires large datasets, can be computationally intensive (Lutsenko and 
Zgonnikov, 2024)

Naïve Bayes Simple, fast, and efficient for small 
datasets

Assumes feature independence, may be less accurate for complex 
relationships (Antonakis and Sfakianakis, 2009)

K-Nearest Neighbors 
(KNN)

Simple, intuitive, effective for small 
datasets

Computationally expensive for large datasets, sensitive to feature scaling 
(Ripan et al., 2021) 

Table 1: A comparison of the strengths and weaknesses of each Machine Learning Model

Algorithm Usage in 
Research (%) Main Advantages Main Disadvantages References

Decision Tree 20% Easy to interpret, suitable for 
categorical data Prone to overfitting (Al-Khlifeh et al., 2025)

Random Forest 25% High accuracy, reduces overfitting 
by combining multiple trees Hard to interpret (Albreiki et al., 2021) 

Support Vector 
Machine (SVM) 18% Effective for high-dimensional data 

and clear class boundaries
Less efficient for large 
datasets (Xu et al., 2019) 

Logistic Regression 15% Simple, fast, and easy to interpret Not suitable for complex non-
linear relationships (Y. Zhang et al., 2021) 

Artificial Neural 
Network (ANN) 22% Can learn complex and non-linear 

patterns
Requires large amounts of 
data and a long training time (Adejo and Connolly, 2018) 

Table 2: Frequently used algorithms

Key algorithms and their applications
ML and data mining techniques have become powerful 
tools for predicting academic performance and identifying 
students at risk. This section highlights the key algorithms 
commonly used in educational data mining: Decision 
Trees, Random Forest, SVM, Logistic Regression, and 
ANN, and discusses their main applications supported by 
empirical studies.
The analysis of these algorithms indicates that ensemble 
and deep learning models, including Random Forest 
and ANN, often surpass classical models in prediction 
accuracy (85–93%). However, Decision Tree and Logistic 
Regression retain significance due to their interpretability 
and simplicity. In educational settings, the trade-off between 

accuracy and explainability is crucial, as transparent models 
are frequently favored for policy and intervention decisions.

Predictor variables in academic performance 
prediction
Understanding the  characteristics that most strongly 
predict academic achievement is vital for building 
accurate, interpretable ML models in education. Across 
58 empirical studies, four primary groups of predictor 
variables appear consistently: demographic, academic, 
digital behavioral, and psychological characteristics. Each 
category significantly adds to the  model’s explanatory 
power and provides insights into educational policy and 
intervention design.
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Algorithm Description Main Applications Representative Studies

Decision Tree (CART, ID3, C4.5)

A rule-based model that 
recursively splits data into 
hierarchical nodes to make 
decisions.

Widely applied in early 
identification of at-risk students, 
dropout detection, and 
performance classification due to 
its interpretability.

Predicting Academic 
Performance Using Machine 
Learning Techniques (Akhatkulov 
et al., 2024; Bhimavarapu et al., 
2025; Dai and Lu, 2024; Kumar et 
al., 2022) 

Random Forest

An ensemble learning method 
that combines multiple decision 
trees to improve accuracy and 
robustness.

Used in student performance 
prediction, satisfaction analysis, 
and anomaly detection in 
educational datasets.

Application of Machine 
Learning in Predicting Student 
Performance (Boujmiraz et al., 
2026;  Cruz and Lumauag, 2024) 

Support Vector Machine (SVM)

A supervised learning algorithm 
that separates classes using 
an optimal hyperplane with 
maximum margin.

Applied for classifying student 
outcomes, analyzing attendance 
patterns, and predicting 
graduation success.

A Review on Predicting Student 
Academic Performance Using 
Data Mining Techniques 
(Akhatkulov et al., 2024; 
Masangu et al., 2021; Pelima et 
al., 2024)

Logistic Regression

A statistical model that estimates 
the probability of a binary 
outcome (e.g., pass/fail, 
dropout/non-dropout).

Commonly used as a baseline 
model for academic success 
prediction based on 
demographic and socioeconomic 
variables.

Using Data Mining Techniques 
to Predict Student Academic 
Performance (Akhatkulov et al., 
2024; Alhassan et al., 2020; Cruz 
and Lumauag, 2024)

Artificial Neural Network (ANN)

A computational model inspired 
by the human brain, consisting of 
interconnected layers of artificial 
neurons.

Highly effective in modeling 
complex nonlinear relationships 
in educational data, including 
e-learning behavior analysis 
and personalized learning 
recommendations.

Analysis of Machine Learning 
Algorithms for Predicting Student 
Performance (Chakrapani and 
Chitradevi, 2022; Daza et al., 
2022; Rajendran et al., 2022; 
Santiketa et al., 2024)

Table 3: Key algorithms and their applications

Demographic predictors
Demographic variables form the  foundation of most predictive 
models, as they describe the social and economic circumstances 
in which learning occurs. Variables such as gender, age, parental 
education, household income, and socioeconomic status (SES) 
are among the most often utilized. Multiple studies using Decision 
Tree, Random Forest, and Logistic Regression algorithms suggest 
that demographic characteristics, notably parental education and 
wealth, are strongly associated with student success (De-La-Cruz 
et al., 2022; Sarker et al., 2024; L. Zhang et al., 2021).
Students from wealthier socioeconomic backgrounds tend to 
achieve better academic performance due to access to superior 
educational resources, technological support, and favorable 
learning environments (Albreiki et al., 2021; Molina and Cancell, 
2021; Nabil et al., 2022). For instance, decision tree models 
commonly highlight parental education as a significant node in 
the categorization of high- vs. low-performing kids (Balaji et al., 
2021; Nawang et al., 2021). Similarly, Random Forest models 
boost prediction accuracy by mixing demographic factors with 
academic indicators such as attendance and past grades (He et al., 
2018; Salman et al., 2024).
The implications are clear: incorporating demographic factors 
into predictive models enables institutions to identify structural 
inequities and design targeted interventions for disadvantaged 
groups, thereby promoting fairness and inclusivity in educational 
analytics.

Academic predictors

Academic factors provide the strongest and most consistent 
predictors of student achievement across practically all 

algorithms. These include past GPA, test results, attendance 
records, assignment submissions, and involvement in 
learning activities. Studies utilizing Random Forest 
and ANN models have repeatedly identified these traits 
as the  most significant contributors to model accuracy 
(Abiodun et al., 2018; Shaik and Srinivasan, 2019; Yassine 
and Mohammed, 2024).
SVM and Logistic Regression algorithms also perform 
effectively when applied to academic indicators, especially 
for binary or ordinal classifications (e.g., pass/fail, dropout/
non-dropout) (García‐Martín and Pérez Fernández, 2025; 
Gholami and Fakhari, 2017). Academic predictors directly 
reflect prior achievement and learning consistency, making 
them the  strongest statistical indicators of future success 
(Santiketa et al., 2024; Sarker et al., 2024).

Digital behavioral predictors

With the  advent of e-learning environments and LMS, 
digital behavioral data have become more crucial for 
evaluating student engagement (Y. Zhang et al., 2021). 
Variables in this area include login frequency, time spent 
on learning platforms, number of forum conversations, 
resource downloads, video viewing duration, and quiz 
attempts (Farissi et al., 2023).
Machine learning models such as ANNs and SVMs excel in 
this domain because they can capture nonlinear and high-
dimensional relationships in behavioral data (Baneres et 
al., 2019; Nguyen and Jones, 2022)especially in countries 
like Vietnam, with rich biodiversity and a high population 
growth rate. One of the  main causes of biodiversity loss 
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in Vietnam is the  unsustainable bushmeat consumption 
rate in urban areas. To help mitigate the  demand for 
bushmeat, this study aims to examine the  associations 
between biodiversity loss perceptions, perception toward 
the  prohibition of illegal wildlife consumption, and 
bushmeat consumption behaviors among urban residents 
in Vietnam. The  investigation employed the  Bayesian 
Mindsponge Framework (BMF). For example, an  ANN 
model achieved over 90% accuracy in predicting final 
grades using patterns of LMS interaction, highlighting 
the  role of online engagement as a  proxy for motivation 
and effort (Al-Khlifeh et al., 2025; Daza et al., 2022).
These predictors provide educators with real-time insights into 
student engagement, enabling proactive interventions (e.g., 
early warnings for disengaged students or adaptive learning 
pathways). Moreover, integrating digital behavioral variables 
with academic records increases the accuracy and timeliness 
of predictive models.

Psychosocial predictors

Psychosocial factors are often overlooked but are gaining 
increased recognition; they encompass the  emotional, 
motivational, and interpersonal aspects of learning (Karim-
Abdallah et al., 2025). Variables such as motivation, self-
efficacy, emotional intelligence, learning strategies, stress level, 
and family support enhance the  interpretability of prediction 
models (Bilquise et al., 2024; Daza et al., 2022).
Decision tree and random forest models often identify 
motivation and study habits as major contributors to 
performance differentiation, particularly when combined with 
academic data (Reddy et al., 2024; Salman et al., 2024; Shaik 
and Srinivasan, 2019). Meanwhile, ANN models can represent 
more subtle, nonlinear dependencies between psychosocial 
factors and academic success, such as the  indirect effects of 
stress and peer collaboration on performance (Aghbashlo et al., 
2015; Hellas et al., 2018).

Validation and accuracy methods for predicting 
student academic performance
The dependability and applicability of ML models for 
forecasting academic achievement are fundamentally 
contingent on the  validation techniques and accuracy 
measures used. Strong validation ensures that the predicted 
outcomes aren’t solely the  result of overfitting the  model 
but instead reflect patterns that can be applied to new or 
unknown student data. The 58 papers used a wide range of 
validation methods and performance indicators. The  most 
common ones were k-fold cross-validation, train-test splits, 
and hold-out procedures.

1.	 Validation Techniques
a)	 K-Fold Cross-Validation

The k-fold cross-validation method is the  most widely 
adopted technique in educational prediction studies, 
particularly with Decision Tree, Random Forest, and 
SVM algorithms (Salman et al., 2024; Strub, 2020; 
Sushma and Sriramakrishnan, 2025).

•	 In this method, the dataset is divided into k equally sized 
folds (most commonly 5 or 10).

•	 The model is trained on k–1 folds and tested on 
the remaining one, repeating the process k times.

•	 The final performance score is averaged across all folds 
to minimize bias and variance.

This approach ensures stability and prevents the model from 
being overly dependent on specific data partitions. Studies by 
Farissi et al. (2023), Lam et al. (2024), Salman et al. (2024), and 
Sarker et al. (2024) demonstrated that k-fold cross-validation 
enhances the consistency of predictive results, especially when 
datasets are limited in size.

b)	 Train–Test Split Method

The train–test split method remains common in larger datasets, 
particularly for ANN and Logistic Regression models. Typical 
ratios such as 70:30 or 80:20 are used to split the  data into 
training and test sets (Bhimavarapu et al., 2025; Lou and 
Colvin, 2025; Pelima et al., 2024). While simpler than cross-
validation, this approach provides a rapid estimation of model 
performance and is suitable when datasets exceed several 
thousand records (Albreiki et al., 2021; Cheng et al., 2024; De-
La-Cruz et al., 2022). However, its disadvantage is the potential 
variance introduced by random data division, which can affect 
model reliability if not repeated or stratified properly.

c)	 Hold-Out and Nested Validation

A  smaller proportion of studies utilized hold-out validation 
(where one subset is used exclusively for final evaluation) or 
nested cross-validation (for hyperparameter tuning); (Adejo 
and Connolly, 2018; Alalawi et al., 2023). These methods 
are particularly relevant in SVM and ANN models, which 
require extensive parameter optimization (Alhassan et al., 
2020; Fundoni et al., 2023). Nested validation prevents data 
leakage during tuning and ensures a more realistic estimation 
of generalization performance.

2.	 Accuracy Metrics and Evaluation Criteria

To assess model performance, studies commonly employ 
a combination of accuracy-based, error-based, and probabilistic 
metrics. The selection of metrics depends on the model type 
(classification or regression) and research objective (e.g., 
predicting pass/fail outcomes vs. continuous GPA values).

a)	 Accuracy and Classification Rate

Accuracy, defined as the ratio of correctly classified instances to 
the total number of instances, remains the most widely reported 
metric (Abdelaziz et al., 2025; Daza et al., 2022). Across 
studies, Random Forest and ANN models consistently achieved 
the highest accuracy rates, ranging between 85% and 93% (Khan 
and Ghosh, 2021; Lam et al., 2024). Decision Trees and Logistic 
Regression models typically achieved accuracy between 75% 
and 85% (Meghji et al., 2023), while SVM models performed 
comparably in binary classification tasks (Syed Mustapha, 2023).
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b)	 Precision, Recall, and F1-Score

Other studies evaluate precision (positive predictive value), 
recall (sensitivity), and F1 score (the harmonic mean of 
precision and recall) to assess a model’s balance between false 
positives and false negatives (Dai and Lu, 2024; Deleña et al., 
2025; Kamal and Ahuja, 2019). These metrics are important 
in academic prediction tasks where misclassification can 
lead to inappropriate interventions, for example, mislabeling 
successful students as “at risk” (Dai and Lu, 2024). ANN and 
SVM models tend to achieve higher F1 scores due to their 
ability to model nonlinear relationships and complex data 
distributions (Khan and Ghosh, 2021; Syed Mustapha, 2023).

c)	 ROC Curve and AUC

The Receiver Operating Characteristic (ROC) Curve and 
the  Area Under the  Curve (AUC) are frequently used to 
evaluate a model’s discrimination ability, especially for binary 
outcome models (e.g., pass/fail, dropout/non-dropout) (Matz 
et al., 2023). Higher AUC values (>  0.85) were reported 
in Random Forest and ANN models, reflecting superior 
sensitivity-specificity trade-offs (Namoun and Alshanqiti, 
2020; Nguyen and Jones, 2022) especially in countries like 

Vietnam, with rich biodiversity and a high population growth 
rate. One of the main causes of biodiversity loss in Vietnam 
is the  unsustainable bushmeat consumption rate in urban 
areas. To help mitigate the demand for bushmeat, this study 
aims to examine the  associations between biodiversity loss 
perceptions, perception toward the  prohibition of illegal 
wildlife consumption, and bushmeat consumption behaviors 
among urban residents in Vietnam. The investigation employed 
the Bayesian Mindsponge Framework (BMF).

d)	 Error-Based Metrics

For regression-oriented prediction tasks (e.g., predicting 
continuous GPA), metrics such as Mean Absolute Error (MAE), 
Mean Squared Error (MSE), and Root Mean Squared Error 
(RMSE) are widely employed (Khan and Menezes, 2020; Pek 
et al., 2022). Lower MAE and RMSE values indicate better 
model precision. ANN and Random Forest models consistently 
produce the lowest RMSE values across datasets, confirming 
their robustness in handling nonlinear and high-dimensional 
features (Pisner and Schnyer, 2020; Ripan et al., 2021; Salman 
et al., 2024).

3.	 Comparative Analysis of Model Accuracy

Algorithm Common Validation 
Method

Reported 
Accuracy Supporting Studies

Decision Tree (DT) K-Fold CV (10-fold) 75–85% (Akhatkulov et al., 2024; Bhimavarapu et al., 
2025; Dai and Lu, 2024; Kumar et al., 2022)

Random Forest (RF) K-Fold CV, Hold-Out 85–93% (He et al., 2018; Salman et al., 2024)
Support Vector 
Machine (SVM) K-Fold CV 80–88% (Syed Mustapha, 2023)

Logistic Regression (LR) Train–Test Split 
(80:20) 70–82% (De-La-Cruz et al., 2022; Sarker et al., 2024; 

L. Zhang et al., 2021)
Artificial Neural 
Network (ANN)

Train–Test Split, 
Nested CV 88–92% (Khan and Ghosh, 2021; Lam et al., 2024)

Table 4: Comparative analysis of model accuracy

Validation and accuracy assessment form the  backbone of 
reliable educational data mining. The  research data above 
demonstrates that Random Forest and ANN models, when 
validated through k-fold cross-validation or a nested approach, 
achieve the  highest and most stable predictive performance. 
Furthermore, a  multidimensional evaluation framework that 
combines accuracy, precision, recall, and AUC provides 
a  more nuanced and ethical basis for the  use of predictive 
analytics in education. This ensures that algorithms not only 
perform statistically well but also support fair, actionable, and 
student-centered outcomes.

DISCUSSION
The results of this study highlight that the  effectiveness of 
ML models in predicting academic performance is not only 
determined by the  complexity of the  algorithm but also by 
the quality of the validation process, the diversity of predictor 
variables, and the  suitability of evaluation metrics (Nazir 
et al., 2023; Patel and Patel, 2024). This research reveals 
several important theoretical and practical implications for 

educational research, institutional decision-making, and data-
driven policy development.
One of the  most significant benefits of accurate predictive 
modeling is the early detection of at-risk students, especially 
if teachers have the necessary personal and professional skills 
to effectively interpret and act on data-driven insights (Cocca 
et al., 2025). Models such as Random Forests and ANNs 
achieve accuracy rates above 90% (Aghbashlo et al., 2015; 
Khan and Ghosh, 2021; Lam et al., 2024). By combining 
academic, behavioral, and psychosocial predictors, 
institutions can intervene promptly and allocate resources 
to the most vulnerable students (Chakrapani and Chitradevi, 
2022; Rodríguez-Hernández et al., 2021). The  success 
of implementing predictive systems depends heavily on 
developing teachers’ digital skills and adopting technology-
based teaching methods (Can, Kerkez, and Manav, 2025). 
This predictive ability transforms machine learning models 
from solely diagnostic tools into proactive instruments 
for academic support and retention (Abdrakhmanov et al., 
2024), ultimately enhancing graduate employability and 
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the  efficiency of higher education systems (Blašková and 
Staňková, 2023).
The ethical and validated use of accurate machine learning 
models has significant implications for educational equity and 
policy design. Integrating demographic and socioeconomic 
predictors can reveal systemic disparities among students from 
different backgrounds (Cheng, Liu, and Jia, 2024; Sarker et al., 
2024). In this process, the construction of teachers’ professional 
identities plays a crucial role; Giles and Yazan (2023) highlight 
that teacher collaboration in addressing student diversity is 
highly influential in shaping how interventions are implemented. 
Teachers do not simply act as algorithm executors but as moral 
agents who ensure data is used to uncover patterns of injustice 
without falling into deterministic predictions (Giles and Yazan, 
2023). To avoid reinforcing bias, demographic data should 
not be used to predict outcomes deterministically but 
rather to reveal patterns of inequality and inform equitable 
interventions that respect the  diverse backgrounds and 
learning needs of all students.
Although high-accuracy models like ANNs and Random Forests 
offer strong predictive performance, their interpretability is 
often limited compared to simpler models like Decision Trees 
or Logistic Regression (Hoyos Osorio and Daza Santacoloma, 
2023; Kamal and Ahuja, 2019). In an educational environment 
where transparency and accountability are paramount, this 
exchange between accuracy and interpretation must be 
carefully managed (Haneem et al., 2017). Therefore, a hybrid 
approach combining interpretable models with ensemble 
methods is recommended. Analyzing feature importance and 
Shapley Additive exPlanations (SHAP) can help explain model 
predictions in human-understandable terms. Additionally, 
teachers must be trained to critically interpret model outputs, 
ensuring decisions remain pedagogically grounded rather than 
dictated by algorithms. This training should build upon teachers’ 
existing professional skills while developing new competencies 
specific to data-driven decision-making in various educational 
contexts (Cocca et al., 2025).
The results of this study have several important implications 
for institutional implementation. Machine learning models 
must be retrained periodically with new data to account for 
evolving patterns and learning curricula. The  model should 
also be adaptable across various educational contexts, 
including secondary schools, universities, and online learning 
platforms, to ensure scalability and maximize its contribution 
to graduates’ employability outcomes at different educational 
levels (Blašková and Staňková, 2023).
As an  implementation step, this predictive system must be 
embedded in the LMS to provide real-time monitoring and be 
updated regularly to remain relevant to the dynamic curriculum 
(Abdrakhmanov et al., 2024; Can, Kerkez, and Manav, 2025). 
This integration will only be successful if a human-in-the-loop 
approach is implemented, with educators remaining central 
to interpretation and action (Haneem et al., 2017). Thus, 
the  synergy between technological sophistication, educators’ 
collaborative identity, and the validation of professional skills 
will create an educational ecosystem that is not only technically 
accurate but also efficient, equitable, and responsible toward 
the future of its graduates.

CONCLUSION
The current study synthesizes evidence from 58 empirical 
investigations regarding the application of ML and data mining 
techniques to predict students’ academic performance.
Some of the  algorithms compared are Decision Tree, 
Random Forest, SVM, Logistic Regression, and ANN. 
The  results of this analysis reveal a  comprehensive 
understanding of how data-driven models can improve 
educational decision-making, identify at-risk students, and 
enhance learning outcomes.
Four main categories of predictor variables were identified 
as the most influential in modeling academic performance: 
(1) Demographic factors such as socioeconomic status and 
parental education, (2) Academic indicators such as GPA, 
previous grades, and attendance, (3) Digital behavioral 
variables derived from e-learning interactions, and (4) 
Psychosocial attributes including motivation, stress, and 
emotional well-being.
This heterogeneous predictor integration consistently yields 
superior model performance, with Random Forest and ANN 
algorithms achieving accuracy exceeding 90% when validated 
through rigorous cross-validation procedures.
In terms of validation and evaluation, the  findings indicate 
that k-fold cross-validation and train-test split remain 
the  most reliable approaches for ensuring generalization. 
Comprehensive performance evaluation using accuracy, 
precision, recall, F1-score, and AUC provides a  more 
profound understanding of model behavior beyond simple 
correctness. Such methodological rigor prevents overfitting 
and strengthens confidence in the model’s applicability in real-
world educational contexts.
There are several practical implications of these findings, 
including:

•	 Enabling early detection of at-risk students through 
continuous monitoring of academic and behavioral data;

•	 Supporting evidence-based policy design to address 
structural inequalities; and

•	 Facilitating personalized learning interventions tailored 
to individual needs and learning styles.

One consideration is that ethical and pedagogical principles 
must guide the application of ML in education. Transparency, 
fairness, and student privacy must remain paramount in all 
model implementation processes.
The model must also remain understandable to educators, 
ensuring that predictions enhance, rather than replace, human 
pedagogical insights.
This synthesis also identifies some research gaps and 
future directions.
There is an urgent need for:

•	 Increased inclusion of psychosocial and affective factors 
in predictive modeling.

•	 Integration of explainable AI frameworks to make ML 
models more transparent and trustworthy; and

•	 Development of adaptive learning analytics systems 
capable of providing real-time feedback and personalized 
intervention recommendations.

Finally, machine learning provides a  robust and evidence-
based framework for transforming educational assessment 
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and student support. When based on strong validation, 
ethical governance, and human-centered design, predictive 
models have the potential to make education more equitable, 
responsive, and effective, ensuring that every student receives 

the support needed to reach their full academic potential.
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