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Abstract
With the rapid advancement of artificial intelligence
and smart education, academic performance
prediction has emerged as a critical research
direction within educational data mining. This
paper provides a systematic review of recent
progress in this field, focusing on technological
evolution, application scenarios, model adaptation,
emerging trends, and persistent challenges. The
development of prediction technologies has
progressed through three stages: statistical
methods, machine learning, and deep learning.
These approaches have been widely applied to
grade prediction, academic risk and dropout
prediction, knowledge tracing, and personalized
learning recommendation. Different models vary
significantly in their data scale requirements,
interpretability, and suitability for specific tasks.
Current research is shifting toward interpretability,
multimodal data fusion, privacy preservation,
and lightweight deployment. Despite these
advances, challenges remain, including data
imbalance, cold-start problems, and limited
model interpretability. To better support
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precision teaching and personalized education,
future research should prioritize interpretability,
actionability, and deployability.

Keywords: educational data mining, academic
performance prediction, machine learning, deep learning,
model adaptation.

1 Introduction
In the context of digital transformation in education,
large amounts of data on student learning behaviors,
grades, personal backgrounds, and online interactions
are being collected and stored [1]. Leveraging
these data to accurately predict student academic
performance has become a key strategy for
improving teaching quality and enabling targeted
interventions [2]. Reducing dropout rates is
among the most critical goals of such efforts, as
research has demonstrated that student engagement
behaviors—such as social interaction in online
courses—are closely associated with attrition [3].
Academic performance prediction typically takes
multi-dimensional student characteristics as input
and employs intelligent algorithms to forecast
outcomes such as grades, risk levels, and dropout
probability, thereby providing decision support for
teachers, educational institutions, and online learning
platforms. In recent years, rapid advancements in
related technologies have driven continued in-depth
research. This paper reviews the latest progress in this
field, aiming to serve as a reference for future research
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and practice [4, 5].
Table 1 outlines the standard six-step workflow for
academic performance prediction in educational data
mining. The process begins with data collection,
which gathers multi-source student information such
as grades, learning behaviors, personal backgrounds,
and online interactions. This is followed by data
preprocessing, including missing value handling,
outlier removal, and data standardization [4]. The
third step, feature engineering, involves feature
selection, construction, and dimensionality reduction
(e.g., PCA) [6]. Next, model training applies machine
learning, deep learning, or ensemble methods with
hyperparameter tuning. The model is then evaluated
using metrics such as accuracy, precision, recall,
F1 score, and AUC-ROC. Finally, the prediction
application stage supports tasks such as grade
warning, dropout risk identification, and personalized
learning recommendation [7]. This workflow
provides a structured framework for researchers and
practitioners to implement and compare prediction
systems.

Table 1. General workflow of academic performance
prediction.

Step Name Specific Content

1 Data
Collection

Student grades, learning behavior
logs, personal background
information, online interaction
data

2 Data
Preprocessing

Missing value processing, outlier
removal, data standardization,
category encoding

3 Feature
Engineering

Feature selection, feature
construction, dimensionality
reduction (PCA; t-SNE for
visualization)

4 Model
Training

Machine learning / deep learning
/ ensemble learning model
training and tuning

5 Model
Evaluation

Accuracy, precision, recall, F1
score, AUC-ROC

6 Prediction
Application

Grade warning, dropout risk
identification, personalized
learning recommendation

2 Review Methodology
To ensure the transparency and reproducibility
of this review, we adopted a systematic literature
search strategy. We searched four major academic
databases: Web of Science, Scopus, IEEE Xplore,
and ACM Digital Library. The search keywords
included combinations of the following terms:

“educational data mining”, “academic performance
prediction”, “student dropout prediction”, “student
grade prediction”, and “knowledge tracing”. We
limited our search to peer-reviewed journal articles
and conference papers published between January
2015 and December 2025 (with six additional 2026
studies included at the manuscript preparation stage,
as noted below). Studies were included if they: (1)
focused on predicting student academic outcomes
using statistical, machine learning, or deep learning
methods; (2) were empirical studies with quantitative
evaluation; and (3) were written in English. We
excluded studies that were not in the educational
domain or that did not involve predictive modeling.
After title and abstract screening and full-text review,
21 empirical studies met all inclusion criteria and were
analyzed in this review.

To provide the necessary context, 20 additional works
were cited outside the systematic search. These
comprise four foundational works published no
later than 2015 that defined key concepts such as
knowledge tracing and learning analytics; ten surveys,
handbook chapters, methodological papers (e.g., the
original SHAP and LIME publications), and dataset
descriptors; and six closely related studies published
in 2026, which were identified during manuscript
preparation. In total, 41 works are cited in this review.

3 Evolution of Core Technologies
3.1 Statistical Methods
Statistical methods are the foundational techniques
for academic performance prediction [4]. They offer
strong interpretability, low computational cost, and
suitability for small samples, and are still widely
used for baseline experiments and administrative
decisions [2]. Main methods include linear regression,
logistic regression, the Cox proportional hazards
model [8], and structural equation modeling. In
recent years, statistical methods have been combined
with causal inference, shifting from correlation-based
prediction to causal analysis. This enables the
identification of the true effects of factors such as study
time and tutoring frequency on academic performance,
thereby enhancing the scientific rigor and operability
of teaching interventions [9]. Although machine
learning and deep learning are developing rapidly,
statistical methods remain an important benchmark for
academic performance prediction and are especially
valuable in educational decisions involving small
samples and high interpretability requirements [2, 10].
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3.2 Machine Learning Methods
Machine learning is currently the mainstream
technology for academic performance prediction,
significantly improving prediction accuracy through
feature engineering and ensemble learning. Core
models include ensemble learning models such as
Random Forest, XGBoost, and LightGBM, as well
as traditional classifiers such as SVM, KNN, and
Naive Bayes [6]. Recent research is mainly reflected
in three aspects. First, explainable AI techniques
such as SHAP [11] and LIME [12] have been
introduced, enabling models to output justifications
for their predictions [13–15]. Second, multimodal
feature fusion has been realized, integrating learning
behaviors, family background, psychological states,
and other information [15]. Third, methods such as
SMOTE and Focal Loss have been used to address
class imbalance, improving the identification of
minority samples such as dropout and course
failure [16]. Ensemble models, owing to their high
stability and good prediction accuracy, have become
the most commonly used academic performance
prediction solutions in primary and secondary
schools, university academic affairs systems, and
online education platforms [5].

It is important to distinguish between two types of
interpretability approaches. Inherently interpretable
models, such as logistic regression and decision trees,
provide direct transparency because their decision
rules are human-readable [10]; however, they may
sacrifice some predictive performance. In contrast,
post-hoc explanation methods such as SHAP and
LIME can be applied to complex black-box models to
explain individual predictions, but sampling-based
explainers (e.g., LIME and KernelSHAP) may
produce explanations that vary across runs [11,
12]. In educational practice, this distinction has
real implications: teachers may prefer inherently
interpretable models for immediate classroom use,
while administrators may adopt post-hoc methods
to audit complex systems [10]. For example, SHAP
values can reveal that low submission rates of weekly
assignments are the strongest predictor of poor
academic performance, enabling instructors to send
timely alerts to at-risk students [14].

3.3 Deep Learning Methods
Deep learning represents the cutting-edge direction
in academic performance prediction in recent years,
automatically extracting deep features from complex
data such as time series, graphs, and text [17].

Time series modeling mainly uses LSTM, GRU,
and Transformer, and is suitable for data such
as learning behavior sequences and homework
submission records [17–19]. Graph structure
modeling mainly uses GCN, GAT, and hypergraph
neural networks, and is suitable for scenarios such as
student-course relationships and knowledge point
associations [20–22]. Multimodal fusion combines
CNN, large language models, and graph neural
networks to jointly model text, behavior, grade, and
other information [20, 23]. Recent advances include
the integration of large models with educational
data, hybrid combination of traditional machine
learning and deep learning, and lightweight model
deployment, significantly improving prediction
performance in complex scenarios [5, 17, 24].

4 Main Practical Applications
4.1 Student Grade Prediction
Grade prediction is the most classic task in academic
performance prediction, aiming to predict final exam
scores or the probability of course failure [2, 6, 18]. The
technology has gradually shifted from single Random
Forest models to a combination of ensemble learning
and explainableAI [6]. XGBoost combinedwith SHAP
is now widely used to output both prediction results
and key influencing factors, although the reported
performance varies considerably across datasets and
tasks [13–15]. Grade prediction can help teachers
identify at-risk students in advance and enable early
intervention [25]; subsequent research has further
demonstrated how structured pedagogical support
scenarios, designed around academic risk profiles,
can be implemented to promote subject learning
success [26].

4.2 Academic Risk and Dropout Prediction
Dropout prediction is an important requirement in
educational management and is a typical imbalanced
classification task [27]. Research has gradually shifted
from traditional logistic regression to deep learning
and imbalanced data optimization methods. Previous
studies on the Open University Learning Analytics
Dataset (OULAD) [28] have shown that deep learning
models outperform logistic regression and SVM
baselines, with reported accuracies of 84%-93% [29],
whereas early-stage multi-class prediction remains
considerably harder [30]. Combined with federated
learning, cross-institutional collaborative modeling
can be achieved while protecting privacy [31–34].
Dropout early warning can effectively reduce attrition
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rates in universities and online courses, improving the
utilization rate of educational resources [3].

4.3 Knowledge Tracing
Knowledge tracing is used to dynamically track
students’ mastery of knowledge points and is a core
technology for personalized teaching [35, 36]. The
technology has evolved from Bayesian knowledge
tracing [35] to deep knowledge tracing [36] and
graph-based knowledge tracing [22]. In recent
years, it has been further enriched with exercise text
semantics [37] and combined with large language
models to enhance semantic understanding and
knowledge point association capabilities [24], and
it is widely used in intelligent tutoring systems and
adaptive learning systems. Knowledge tracing can
reflect students’ mastery levels in real time, providing
a basis for adaptive learning.

4.4 Personalized Learning and Path
Recommendation

The combination of academic performance prediction
and recommendation systems can customize
learning plans and push learning resources based on
student performance [38]. The research trend is to
incorporate causal reasoning to achieve explainable
recommendations, making the recommendation
results more trustworthy and more easily accepted
by teachers and students [9]. Personalized learning
recommendations can dynamically adjust learning
paths based on prediction results, improving learning
efficiency [38].

5 Model-Scenario Adaptability Analysis
Statistical methods are suitable for small-scale data,
strong interpretability requirements, and baseline
experiments. Among machine learning methods,
Random Forest is suitable for course experiments
and small-to-medium-scale data, while XGBoost is
suitable for high-precision early warning systems.
Deep learning is suitable for sequential behaviors,
large-scale interaction data, and complex relationship
modeling. As summarized in Table 2, logistic
regression and Random Forest are preferred for small
samples; boosting ensembles such as XGBoost are
preferred for medium-to-large samples (more than
about 5000 records); and models such as LSTM,
Transformer, and GNN can be used for large samples
(more than about 10000 records). When selecting
a model, data scale, interpretability requirements,
computational resources, and deployment conditions
should be comprehensively considered to achieve the
best prediction results [2, 5].

6 Research Timeline
Figure 1 presents a chronological timeline of key
milestones in academic performance prediction
research within educational data mining. The
timeline begins in 2007 with foundational reviews of
educational data mining (EDM) [39], followed by the
establishment of learning analytics (LA) as a discipline
in 2013 [40]. A major breakthrough occurred
in 2015 with the introduction of deep knowledge
tracing (DKT) [36], which leveraged recurrent neural
networks to dynamically model student knowledge
states. By 2019, explainable AI techniques such as
SHAP [11] and LIME [12] had gained prominence,

Table 2. Comparison of different models for academic performance prediction.

Model Category Representative
Models

Data
Requirement

Interpretability Predictive
Accuracy

Typical Application
Scenarios

Statistical Methods Logistic
Regression, Cox

Small (<500) HHHHH HHIII Baseline, causal
inference

Traditional ML SVM, KNN,
Naive Bayes

Small-Medium
(500-5000)

HHHHI HHHII Course experiments

Ensemble Learning RF, XGBoost,
LightGBM

Medium-Large
(>5000)a

HHHII HHHHI Early warning systems

Deep Learning LSTM, GRU,
Transformer

Large (>10000) HHIII HHHHH Sequence modeling

Graph Neural
Networks

GCN, GAT Large graph HHIII HHHHI Knowledge tracing

Ratings are qualitative (H = higher). Sample-size thresholds are indicative only. aRandom Forest also performs robustly on
small-to-medium data sets, whereas boosting models (XGBoost, LightGBM) benefit more from larger samples.
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2007 EDM foundational review

2013 Establishment of LA as a discipline

2015 Deep knowledge tracing (DKT)

2017 Explainable AI (SHAP & LIME)

2019
Graph-based KT & exercise-aware
KT (EKT)

2024
Federated learning &
privacy-preserving prediction

2025
Large language models +
knowledge tracing

Figure 1. Timeline of key milestones in academic
performance prediction research.

and the debate on interpretability in high-stakes
decisions [10] addressed the black-box nature of
complex models. Around 2019–2021, graph-based
knowledge tracing [22] emerged and exercise-aware
knowledge tracing (EKT) [37] was subsequently
developed to model student-course and knowledge
point relationships. In 2024, federated learning
was applied to privacy-preserving, cross-institutional
prediction [31, 32, 34], and most recently large
language models have been integrated into student
modeling [24]. This timeline illustrates the field’s
rapid evolution from statistical and rule-based
methods toward deep learning, interpretability, and
privacy-aware architectures.

7 Conclusion
With the fast development of artificial intelligence,
academic performance prediction has evolved from
statistical methods to machine learning and now
to deep learning, and has become a vital research
area within educational data mining [2, 4, 5]. This
review has highlighted several key trends that define
the current and future direction of the field. First,
model interpretability has become essential, with tools
such as SHAP and LIME being widely adopted to
make predictions more transparent and actionable for
educators [14, 15, 17]. Second, the integration of large
models and multimodal data fusion is emerging as a

cutting-edge approach to capture the complexity of
student learning [17, 24]. Third, privacy-preserving
technologies are advancing rapidly [32, 33]. Fourth,
the incorporation of causal reasoning and intervention
optimization is enhancing the practical value of
predictions, moving beyond correlation to actionable
insight. Finally, the development of lightweight and
deployable models represents a promising direction
for enabling real-time early warning systems in
classroom settings.

In the future, academic performance prediction will
continue to advance toward lightweight architectures,
edge computing, multimodal large models, and causal
interpretability. Greater emphasis will be placed
on practical application and closed-loop teaching,
ensuring that predictive technologies genuinely
serve classroom instruction and administrative
decision-making. Beyond the persistent challenges of
data imbalance, cold-start problems, and insufficient
interpretability, several emerging issues require urgent
attention:

• Fairness and Bias. Predictive models may
inadvertently introduce biases against certain
demographic groups due to imbalanced training
data, and their performance can vary across student
subgroups and cohorts [41]. Future research
should incorporate fairness-aware algorithms and
conduct bias audits before deploying models in real
educational settings.

• Privacy-Preserving Learning. As educational
data often contain sensitive student information,
cross-institutional data sharing faces legal and
ethical barriers. Federated learning and differential
privacy are promising techniques that enable model
training without exposing raw student records [33,
34], and these warrant further exploration.

• Cross-Institutional Generalization. Most existing
models are trained on a single institutional dataset,
leading to poor transferability. Future work
should test models across multiple institutions with
diverse student populations and investigate domain
adaptation methods.

• From Prediction to Intervention. A critical
gap remains between achieving high prediction
accuracy and implementing effective educational
interventions. Future research should design
actionable intervention strategies and rigorously
evaluate their impact on student retention outcomes.
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