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ABSTRACT

Education data mining is analyzing educational data to improve decision-making and learning outcomes that
are important for educational organizations. Utilizing educational data mining techniques is important for
improving modern education. During the COVID-19 pandemic, E-learning has become more prevalent, and
predicting student performance in this context has become a significant challenge. Studying and analyzing
educational data is important, especially when predicting student performance. There are several factors
theoretically assumed to affect student performance. These factors include the student’s prior academic
achievement, study habits, access to resources, quality of teaching, class size, and the learning environment.
Additionally, factors such as student engagement, support services, and institutional policies can also have an
impact on student performance. After surveying, we found that random forest (RF) and recurrent neural
networks (RNN) are the best models to classify and predict student performance. They perform well on
educational data and can be efficiently used to predict student performance and in early warning systems.

Keywords: Student performance; performance prediction; educational data mining

INTRODUCTION

Predicting student performance in E-learning through data mining is a significant area of research that aims to
enhance the educational experience for students and educators (Sakiz, 2021). By leveraging data mining
techniques, researchers and educators can analyze student data to identify patterns and trends that may
influence academic outcomes (Kariyana, 2012). This approach allows for the early detection of at-risk students
and the implementation of targeted interventions to support student success (Miguéis, 2018). In this context,
predicting student performance involves exploring factors contributing to academic achievement, such as
engagement, study habits, and learning preferences (Amir, 2020). By understanding these factors, E-learning
platforms can be optimized to better cater to individual student needs, leading to improved learning outcomes
(Zoric, 2019). Currently, numerous techniques are being proposed for evaluating student performance, with
data mining standing out as one of the most widely embraced methods for analyzing students’ performance
(Khang, 2023). This survey highlights the potential benefits and challenges associated with this field.

The rest of the paper is organized as follows: We first discuss background in Section (2). Section (3) presents a
discussion and challenge for limitations in Predicting Student Performance in E-learning using Data Mining. In
Section (4) Methodology is used in data mining techniques for E-learning. Finally, concludes the paper and
points to future work are discussed in section (5).
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BACKGROUND

Educational analytics has become increasingly important for anticipating learner achievement in online
learning environments. Learning management systems accumulate extensive behavioral data from student
interactions, participation levels, assessments, and learning patterns. By employing analytical techniques and
algorithms, to investigate these sizable datasets, educators, and institutions can gain useful insights (Seyedan,
2020). Educational data mining involves discovering patterns and extracting meaningful information from
large collections of student data. When utilized in digital education, it provides an important understanding for
forecasting learner outcomes. Predictive modeling applies statistical and machine learning algorithms to
examine past information and project future academic performance. These models can recognize early signs of
success or risk factors for underperformance, permitting initiative-taking assistance for struggling learners and
improving general learning results (Fischer, 2020).

Educational data mining in online learning can also contribute to personalized curricula, adaptive course
content, and targeted interventions tailored to diverse student needs and styles. By capitalizing on analytical
capabilities, instructors can optimize pedagogical design, curriculum development, and resource allocation to
enhance learner involvement and achievement in digital environments (Alam, 2023).

Deep learning techniques have been increasingly utilized to predict student performance in educational
settings. These methods utilize artificial neural networks, which can learn from extensive data to recognize
intricate patterns and connections. Deep learning models can accurately predict a student’s future performance
by examining a range of factors, including the student’s demographics, academic background, and behavioral
patterns (Waheed H. H., 2020).

One common approach is to use recurrent neural networks (RNNs) or long short-term memory (LSTM)
networks to analyze sequential data, such as a student’s academic progress over time. This allows the model to
capture temporal dependencies and trends in the student’s learning journey (He, 2020). Additionally,
convolutional neural networks (CNNs) can be employed to process visual data, such as handwritten
assignments or diagrams, to gain insights into a student’s understanding and engagement (Mubarak, 2022).

Furthermore, deep learning models can leverage natural language processing (NLP) techniques to analyze text-
based data, such as essays or responses to open-ended questions. This enables the model to assess the quality
of written work and provide insights into a student’s communication and critical thinking skills (Karasavvidis,
2022).

By integrating these diverse sources of data, deep learning models can provide educators with valuable insights
into individual student needs, identify at-risk students, and tailor personalized interventions to support student
success. However, it is important to ensure that using these techniques is ethical and respects student privacy,
while also considering potential biases in the data and model predictions (Baker, 2021).

In summary, deep learning can be a powerful approach to analyzing and extracting meaningful insights from
the vast amount of data generated by E-learning platforms (Waheed H. H., 2020) By using techniques such as
neural networks and natural language processing (Moubayed, 2018), deep learning algorithms can help to
Personalized learning experiences by analyzing student data. Deep learning can identify patterns and
preferences, allowing for the customization of learning materials and recommendations based on individual
needs (Shemshack, 2021).

Predict student performance: Deep learning models can analyze student behavior and performance to predict
future outcomes, allowing educators to provide targeted interventions and support (Namoun, 2020). Improved
content recommendation: By understanding student preferences and learning styles, deep learning can enhance
the recommendation of relevant and engaging learning materials (Murtaza, 2022).

Enhance assessment and feedback: Deep learning can automate the grading and feedback process, providing
immediate and personalized responses to students (Waheed H. H., 2020).

Data mining techniques, on the other hand, can be used to extract valuable insights and patterns from E-
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learning data, such as identifying common learning pathways, understanding student behavior, and improving
course design (Lee, 2023).

By combining deep learning and data mining, E-learning platforms can gain a deeper understanding of student
learning behaviors, improve the effectiveness of teaching and learning, and provide a more personalized and
engaging educational experience (Manikandan, 2021).

Challenges

Several challenges and limitations in predicting student performance in E-learning using data mining are
associated with predicting student performance. Some of these problems include Data quality: The accuracy
and reliability of the data used for prediction can be a significant challenge. When the data used for predictions
is incomplete, inaccurate, or outdated, it can result in unreliable forecasts (Jain, 2020) Data privacy: There are
ethical and legal considerations related to the collection and use of student data for predictive purposes.
Ensuring the privacy and security of student information is crucial (Jones, 2020). Over-reliance on data:
Relying solely on data-driven predictions may overlook important contextual and qualitative factors that can
influence student performance (Ali, 2022).

Interpretability of models: The complex nature of data mining models can make it difficult to interpret the
reasons behind a particular prediction. Understanding the factors that contribute to student performance
predictions is crucial for educators to provide targeted support (Sahlaoui, 2021).

Bias and fairness: Data mining models can inadvertently perpetuate biases present in the data, leading to unfair
predictions and potentially exacerbating existing inequalities (Varona, 2022).

Dynamic nature of learning: Student performance is influenced by a wide range of dynamic and evolving
factors, such as motivation, engagement, and external circumstances, which may not be fully captured in static
data (Sarker, 2021).

Addressing these challenges requires a careful and thoughtful approach to the use of data mining in E-learning,
including the development of transparent and ethical practices as well as the integration of qualitative insights
and contextual understanding alongside quantitative data analysis.

METHODOLOGIES USED IN DATA MINING TECHNIQUES FOR E-LEARNING.

Deep learning has become an advanced method in recent years, with applications in many different domains
(Khan M. J.-4., 2019). Deep learning has proven to be a very effective technique since neural networks can
extract higher-level concepts by learning the features of the input.

A deep learning technique derived from machine learning imitates the neural network’s structure and mode of
operation in the human brain. Using model training, the recognition and classification jobs are realized. In
contrast to traditional machine learning techniques, deep learning can handle more complex tasks and datasets,
resulting in improved presentation and generalization capabilities (Gordan, 2022) Since the development of
multilayer perceptron (MLP), convolutional neural networks (CNN), and recurrent neural networks (RNN),
deep learning has undergone numerous stages of evolution before reaching the state of use that it is in today.
Deep learning is becoming widely used in fields like vision recognition and speech recognition because of
advances in processing power and algorithms (Singh, 2021).

This section will present a comprehensive analysis of the application of data mining techniques, organized by
algorithms, for predicting student performance.

Supervised learning, unsupervised learning, and reinforcement learning are three types of machine learning
algorithms employed for analyzing E-learning data.

Supervised Learning

Supervised learning can be applied to knowledge tracing and result prediction, but it requires a significant
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amount of labeled historical data. The supervised learning models can be trained using these data to create
input-to-output mappings and predict potential achievement and knowledge mastery among students
(Kotsiopoulos, 2021).

In the domains of computer vision and image processing, CNN serves as a prime example of deep learning
models. Convolution and pooling techniques are used in CNN theory to extract features and reduce image size.
The highly dimensional image is transformed into vector data that is one-dimensional and suitable for use in
tasks such as classification and regression (O’Mahony, 2020). In the process of activating the CNN network,
the ReL.U algorithm is a nonlinear function that helps the network learn features more effectively and enhances
the model’s nonlinearity (You, 2019). Furthermore, expertise in natural language processing (NLP) using deep
learning is valuable for analyzing textual data in E-learning (Borakati, 2021), such as student essays, forum
discussions, and feedback. Understanding how to preprocess, represent, and model textual data using deep
learning techniques is essential (Bernius, 2022).

Additionally, familiarity with unsupervised learning methods such as autoencoders and generative adversarial
networks (GANSs) can be beneficial for tasks like recommendation systems, anomaly detection, and data
augmentation in E-learning data mining (Tran, 2023).

Overall, a solid background in deep learning techniques, including neural network architectures, optimization
algorithms, and model evaluation, is crucial for effectively applying data mining in E-learning using deep
learning methods (Soui, 2023).

Here are some common supervised learning methods that could be used to predict student performance:

- Logistic regression: This is a popular method for classification problems like predicting if a student will
pass or fail. It can identify important factors that influence performance (Hashim, 2020).

- Decision trees: The decision tree technique is widely used for prediction due to its simplicity and
ability to reveal patterns in both small and large datasets (Charbuty, 2021). Decision tree models are
easily understandable because of their logical reasoning process and can be directly converted into a set
of IF-THEN rules.” Predicting the academic performance” of MCA students in their third semester and
determining career paths based on student behavioral patterns were among the evaluations conducted
(Silva, 2023). These assessments utilized features extracted from an education web-based system,
including students’ final grades (Sokkhey, 2020), final cumulative grade point average (CGPA), and
marks obtained in specific courses. Researchers analyzed these datasets to identify the key attributes or
factors influencing student performance and explored suitable data mining algorithms for predicting
student performance (Tatar, 2020).

- Random forests can capture complex interaction effects between input variables and provide estimates
of what variables are important in the classification or regression. It delivers state-of-the-art predictive
performance for both classification and regression problems.

- Neural networks: are a widely used and popular technique in educational data mining. One advantage
of using neural networks in predicting student performance is their ability to handle complex, non-
linear relationships within the data. Neural networks can capture intricate patterns and dependencies in
the input features, making them effective for modeling the diverse and often interconnected factors that
influence student performance (Tsiakmaki, 2020). Furthermore, neural networks can learn from
extensive datasets and adjust to new information, which can be advantageous in predicting student
outcomes based on evolving academic and behavioral patterns. Deep neural networks can discover
complex patterns in student data to predict performance. Requires large, labeled datasets to be effective
(Rivas, 2021).

- Support vector machines (SVM): An SVM can per- form classification by finding the optimal
boundary between pass/fail groups. Works well for problems with many attributes (H. Alamri, 2020).
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- K-nearest neighbors: Uses similarity between student profiles to classify new students based on closest
matches in the training data (Arcinas, 2021).

- Naive Bayes: The Naive Bayes algorithm is commonly utilized in educational data mining for
predicting student performance. hence the” naive” designation. It excels at managing large datasets and
is recognized for its straightforwardness and quickness in making predictions. In educational data
mining, Naive Bayes can be used to analyze various factors such as student demographics, academic
history, and behavioral patterns to predict student performance (Agarwal, 2021). Its ability to handle
numerous attributes and provide accurate predictions makes it a valuable tool for educators and
researchers to understand and address student needs. Makes independent assumptions but works well
for problems with multiple predictive attributes. Can predict categorical outcomes like pass/fail
(Alshareef, 2020).

- Regression methods: Linear or logistic regression is commonly used to predict continuous outcomes
like exam scores, or GPA based on student attributes and behaviors (Rahman, 2023). The data
available, desired accuracy, and interpretability needs would determine the best method.

- Ensembles often outperform individual algorithms for predictive power.
Unsupervised learning

Unsupervised learning, on the other hand, deals with unlabeled data, where only the input features are
available (McAlpine, 2022) The goal of unsupervised learning is to discover pat- terns, structures, or
relationships within the data without any predefined labels. This can be useful for tasks like clustering similar
students together, identifying hidden patterns in student behavior, or uncovering trends in E-learning data
(Nikitina, 2020). Unsupervised learning techniques, such as clustering, can be applied to analyze E-learning
data. Here are some commonly used algorithms for this purpose:

Clustering algorithms: These algorithms group similar students or course materials based on their
characteristics or attributes. Examples include k-means clustering and hierarchical clustering (Choi, 2024).

K-means clustering: This algorithm partitions the data into k clusters based on similarity, allowing for the
grouping of students or course materials with similar characteristics (Vankayalapati, 2021).

Fuzzy c-means: Like (k-means), this algorithm allows data points to belong to multiple clusters with varying
degrees of membership. It can capture overlapping characteristics in E-learning data (Rayala, 2020).

Gaussian mixture models: This algorithm models the data as a combination of Gaussian distributions and can
identify clusters with non-linear boundaries (Khan T. 1., 2024)

Hidden Markov models: This algorithm models sequential data, such as student behavior over time, by
capturing underlying states and transitions. It can uncover patterns in E-learning data (Tsutsumi, 2023)

Spectral clustering: By leveraging eigenvalues and eigenvectors of a similarity matrix, this algorithm partitions
the data into clusters. It is effective for data with non-linear structures (Abdolali, 2021)

Applying these unsupervised learning techniques to E-learning data enables researchers and educators to gain
insights into student behavior, performance, and engagement. This information can inform instructional
strategies and personalized learning approaches to enhance the overall E-learning experience (Al Nagi, 2020)

Association rule mining: This algorithm identifies patterns and relationships between different items or
attributes in the data. It is commonly used for market basket analysis and can be applied to E-learning data to
identify frequent patterns of student behavior or course material usage (Aguilera-Hermida, 2020)

Principal component analysis (PCA): This algorithm reduces the dimensionality of the data by identifying the
most important features or variables that explain the majority of the variance in the data. It can be useful for
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visualizing complex data and identifying underlying patterns (Reddy, 2020)

Anomaly detection: This algorithm identifies unusual or unexpected patterns in the data that deviate from the
norm. It can be used to detect potential fraud or identify students who may be struggling with the course
material (Ma, 2021).

These algorithms are just a few examples of the many unsupervised learning techniques that can be used to
analyze E-learning data and gain insights into student behavior, performance, and engagement.

Reinforcement learning

Reinforcement learning is a different type of machine learning algorithm that is not typically used for
analyzing E-learning data directly. Reinforcement learning is more commonly applied in scenarios where an
agent learns to take actions in an environment to maximize a reward signal (Morgan, 2020).

However, in the context of E-learning, reinforcement learning could potentially be used indirectly to optimize
certain aspects of the learning experience. For example, it could be employed to develop intelligent teaching
systems that provide personalized feedback and recommendations to students based on their performance and
interactions (Janardhanan, 2023)

In such cases, the specific reinforcement learning algorithms used would depend on the design and goals of the
intelligent tutoring system. Some popular reinforcement learning algorithms include Q-learning, Deep Q-
Networks (DQN) (Lapan, 2020), and Proximal Policy Optimization (PPO) (Dubé, 2022).

It is important to note that while reinforcement learning can have applications in E-learning, it is not a direct
method. for analyzing E-learning data. Other techniques, such as supervised learning or unsupervised learning,
are typically more commonly used for analyzing and gaining insights from E-learning data (Al Nagi, 2020).
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Fig. 1. The methodology used in data mining techniques for E-learning.

(Rebecca, 2020) The aim is to improve the teaching process. Through data collection, the Inductive Miner
(IM) algorithm identified the most suitable models for both pass and fail students. The IM algorithm’s high-
efficiency values enable it to accurately simulate student interactions on the Moodle platform. Furthermore,
better results were obtained when the data was separated by units, which is expected as datasets with fewer
records tend to yield more accurate measurements.

Also, the work in (Wang, 2021) suggests utilizing a data-mining approach for online English instruction to
analyze student behavior. By collecting data on student behavior, a learning behavior for online English
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learning is developed. The behavior data of students in online English education is then mined using a fuzzy
neural network, following the application of the apriori algorithm to find association rules and determine data
similarity. The experiment’s results demonstrate the high efficiency of this strategy in processing data.

In (Nguyen, 2021), Researchers have recognized the significance of leveraging technological advancements
and their potential impact on education. They conducted a study to evaluate a novel PFA strategy that
incorporates various ensemble learning techniques, including Random Forest, AdaBoost, and XGBoost, to
enhance student performance prediction. The experimental results revealed that the scalable XGBoost
algorithm significantly outperformed the original PFA algorithm and the other tested models, demonstrating its
effectiveness in improving performance prediction. The objective of the study described in (Aremu, 2022) was
to predict the exam performance of students. The researchers employed K-nearest neighbor and decision tree
algorithms for modeling the study. Based on their findings, the decision tree algorithm demonstrated superior
performance in predicting whether students would pass or fail a particular academic course.

In the study conducted by researchers in (Palacios, 2021) data mining techniques were utilized to predict
student dropout. The findings indicated the potential for dropout, with average false-positive values ranging
from 0.10 to 0.15 and high accuracy rates exceeding 0.80 in many instances. Various machine learning
approaches, including logistic regression, Naive Bayes, K-nearest neighbors, random forests, support vector
machines, and decision trees, were compared. Among these approaches, random forests outperformed others in
terms of precision, F-measure, and accuracy.

In a study by (Begum, 2022) researchers aimed to predict student performance in online sessions using data
from E-learning platforms. They monitored student participation and used five commonly used classifiers:
logistic regression, naive Bayes, random forest, support vector machines, and multi-layer perception. Three
evaluation techniques, including random data splitting and five-fold cross-validation, were employed for
training and testing. Results indicated that the random forest (RF) classifier model had the highest accuracy,
demonstrating its effectiveness in predicting student performance.

In their study, (Brahim, 2022) examined several classifier algorithms to predict secondary school student
performance in mathematics and Portuguese classes. They employed K-nearest neighbor (KNN), support
vector machine (SVM), and linear discriminant analysis (LDA) for classification. The results showed that
SVM outperformed other approaches for the unbalanced class distribution problem.

In (Ouyang, 2023) proposed the integration of learning analytics techniques with an artificially intelligent (Al)
performance prediction model to enhance student learning through collaborative learning. The integrated
approach resulted in improved student satisfaction with learning, increased student engagement, and enhanced
collaborative learning performance. In this study, (Ahmad, 2021) evaluated artificial neural network (ANN)
and random forest (RF) machine learning models for predicting student performance using evaluation and
demographic data. They applied various analytical methods to examine the Open University Learning
Analytics Dataset (OULAD). and com- pared the performance of the two models. The results showed that the
ANN model outperformed the RF model, achieving accuracy ranging from 91.08% to 81.35%. The study
highlights the strong performance of artificial neural networks (ANNs) on educational data and their
effectiveness in early warning systems and predicting student performance.

Table I: - Various Approaches to Predict Student Performance

Author of Paper Model Used Results

Rebeca Cerezo et al | The Inductive Miner algorithm | The IM algorithm’s high- efficiency values
(2020) (Rebeca, | identified the most enable accurate simulation of student
2020) interactions on the Moodle platform
C.Wang, (2021). | a fuzzy neural network with | results demonstrate the high efficiency of
(Wang, 2021) an apriori algorithm this strategy in processing data.
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Nguyen et al
(2021) (Nguyen,
2021)

Random Forest, and XGBoost

the experimental results revealed that the
scalable XGBoost algorithm significantly
outperformed the original PFA algorithm

Safira Begum et al
(2022) (Begum, 2022)

Support vector machine (SVM)

(SVM) demonstrated the best overall

performance

R. Aremu et al (2022)
(Aremu, 2022)

K-nearest neighbor and decision
tree algorithms

The decision tree algorithm demonstrated
superior performance in predicting whether
students would pass or fail a particular
academic course.

C.Palacios, et al

logistic regression, Naive Bayes, K-

Different approaches were evaluated based

(2021) (Palacios, | nearest neighbors, random forests, | on their performance metrics, including
2021) support vector machines and | average false-positive values ranging from
decision trees, 0.10 to 0.15 and high accuracy rates
exceeding 0.80 in many instances. The
results showed that random forest performed
better than the other approaches.
Ahmadet al. (2021) | Random forest (RF) and Artificial | The results indicate that.

(Ahmad, 2021)

neural network (ANN),

The ANN model outperformed the RF
model. The accuracy achieved by the ANN
model ranged from 91.08% to 81.35%.

Ghassen Ben Brahim
et al (2022) (Brahim,
2022)

The evaluated classifiers included
logistic regression, support vector
machines, naive Bayes, random
forest, and multi-layer perception.

Results indicated that the random forest
(RF) classifier model had the highest
accuracy,

S. Begum. S.
Padmannavar, et al.
(2022) (Begum, 2022)

For classification purposes, the
evaluated methods included support
vector machine (SVM) and linear
discriminant analysis (LDA), K-
nearest neighbor (KNN)

The results showed that SVM outperformed
other approaches

Ouyang et al. (2023)
(Ouyang, 2023)

integration of learning analytics
techniques with an Al performance
prediction model

The integrated approach resulted in
improved student satisfaction with learning,
increased student engagement, and enhanced
collaborative learning performance.

When evaluating the deep learning performance models in E-learning data mining, several matrix measures
can be used to assess the model’s effectiveness. These measures are essential for understanding how well the
model is performing in tasks such as student performance prediction, dropout prediction, recommendation
systems, and sentiment analysis (Al-Fraihat, 2020). Some of the key matrix measures include:

Confusion Matrix: A confusion matrix is a tabular representation of the model’s predictions compared to the
actual ground truth. It provides a breakdown of true positives, false positives, true negatives, and false
negatives, allowing for a detailed assessment of the model’s performance (Li, 2023)

Accuracy: is a metric that quantifies the percentage of instances that are correctly classified out of all the
instances. It provides an overall indication of the model’s correctness in its predictions (Abdelkader, 2022).

Precision: Precision evaluates the ratio of true positive predictions to all positive predictions. This measure is
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crucial in assessing the model’s capability to minimize false positives (Ashraf, 2020)

Recall (Sensitivity): Recall assesses the ratio of true positive predictions to all positive instances. It plays a

critical role in evaluating the model’s ability to identify all relevant instances, as highlighted by Islam et al.in
(Islam, 2020)

F1 Score is the harmonic average of recall and precision, offering a balancing measure of the model’s
performance (Miao, 2020)

Area Under the Curve (AUC-ROC) quantifies the model’s capacity to differentiate between classes and is
especially beneficial for binary classification tasks. (Movahedi, 2023)These equations provide a quantitative
means of assessing the deep learning performance models in E-learning data mining tasks. By using these
measures, researchers and practitioners can analyze the effectiveness of the models and make informed
decisions about model selection, parameter tuning, and feature engineering.

., ~ (TP + TN} .
couracy =T TN + FP + FN] (Y

{TP}

Precision = m (2)
.. {TP}
Recall (Sensitivity) = TP T FN] (3)

F1s _ 2 = (Precision * Recall) @)
core = {Precision + Recall}

where: TP denotes the count of accurately predicted in- stances, and FP denotes the count of instances falsely
predicted as positive. TN denotes the count of accurately predicted negative instances, and FN denotes the
count of instances falsely predicted as negative.

CONCLUSION

Educational Data Mining (EDM) has become pivotal in predicting student performance, a task that has grown
increasingly complex due to the vast volumes of data available in educational systems, particularly in the E-
learning landscape influenced by the COVID-19 pandemic. Research indicates that Random Forest (RF) and
Recurrent Neural Networks (RNN) are among the most effective models for classifying and forecasting
student outcomes. These models demonstrate strong performance, when applied to educational datasets, and
are highly suitable for developing early warning systems to improve student success and retention.

Future work based on these findings can focus on several promising areas to further enhance the application
and effectiveness of Educational Data Mining (EDM) models in predicting student performance such as
the Exploration of Additional Machine Learning Models, Personalized Learning Pathways, Integration of
Diverse Data Sources, Cross-Institutional Validation, Real-Time Predictive Systems, Incorporation of
Explainable Al (XAl), Longitudinal Impact Studies, and Ethical Considerations and Data Privacy.

By pursuing these areas of future work, the effectiveness and application of EDM for predicting student
performance can be significantly enhanced, leading to more refined predictive systems and more successful
educational outcomes.
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