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Abstract

The quick development of digital learning ecosystems after educational reform in the post-pandemic era requires an increase in
intelligent monitoring systems that assess student engagement and predict academic performance. Traditional learning assessment
techniques frequently have flaws when detecting early disengagement signals and initiating corrective actions for at-risk students.
This research proposes an Artificial Intelligence (Al)-Driven Learning Analytics method that aims to improve student engagement
monitoring and academic performance prediction in digital learning environments. A fabricated LMS-based educational dataset
was used, which includes behavior analysis, engagement factors, academic factors, interaction factors, and temporal learning
behavior obtained from LMSs like Moodle, Google Classroom, and Canvas. Several machine learning models, including Random
Forest, XGBoost, Support Vector Machine, Artificial Neural Network, and Long Short-Term Memory (LSTM), were tested. The
results revealed that the LSTM model had the best performance with an accuracy rate of 95% and a ROC-AUC value of 0.98,
highlighting the importance of temporal learning behavior in educational prediction systems. Some of the essential engagement
factors found to be most effective were assignment submission, quiz score, inactivity period, session length, and login number. The
findings make a theoretical contribution to Artificial Intelligence in Education and Learning Analytics by combining
multidimensional engagement analysis, temporal behavior modeling, and explainable Al into a unified framework. In practice, the
suggested framework can aid adaptive learning, early warning, individualized intervention, and evidence-based education
decisions in intelligent digital learning ecosystems.
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1. Introduction

The quick restructuring of the world's education system following the outbreak of the coronavirus has increased the
adoption of digital learning environments throughout the entire educational spectrum(Fitrianti et al., 2024).
Educational institutions globally have started to rely heavily on Learning Management Systems (LMS), cloud-based
teaching systems, and intelligent educational technology to facilitate online learning activities. Digital learning
platforms such as Moodle, Google Classroom, and Canvas have become crucial infrastructures that facilitate the
process of delivering lessons, facilitating learning activities, managing assignments, assessing learners' performances,
and communicating with students and teachers(Gunawan et al., 2021; Saptani, 2017). Incorporating digital technology
into the education system has not only revolutionized the process of delivering lessons but has also led to huge
amounts of data being collected about students' learning behaviors and academic trajectories.
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The emergence of digital learning environments poses various advantages and disadvantages to the educational
system in universities. While there are advantages to digital learning environments such as flexibility, access, scale,
and personalization, the educational institutions face numerous challenges when trying to gauge student participation,
maintain engagement, detect learning risks, and achieve learning success in a digital setting(Sudarsono et al., 2025).
Unlike face-to-face classroom learning, the teachers can see the participation behavior of the learners in class.
However, many students tend to have passive participation, sporadic attendance, submission of late assignments,
minimal participation in discussion forums, and declining motivation levels(Krismadinata et al., 2020).

Engagement has traditionally been recognized as a crucial indicator of educational outcomes. Engagement in online
learning takes on a more multifaceted form, involving not only behavioral but also affective, cognitive, and social
dimensions. The former involves quantitative measures like the number of logins, the amount of time devoted to
studying, homework completion, and discussion participation. Cognitive engagement covers knowledge construction
and problem-solving activities, whereas affective engagement is concerned with motivation, interest, and satisfaction
with the learning process. Therefore, an analytics-based methodological framework is needed for measuring digital
education engagement that can capture the complex nature of learner engagement across multiple dimensions of
education(Bond et al., 2020; Febriyani et al., 2020).

However, current evaluation techniques used within educational settings do not suffice when dealing with the
complexities associated with modern digital education. Current forms of assessments are primarily based on tests,
assignments, attendance, and occasional teacher observations done throughout the semester. Even though such
techniques provide general indications regarding students’ performance in class, they may often overlook initial signs
that students may have trouble in engaging in class activities. In other words, conventional evaluation methods are
usually more reactive than proactive as actions in regard to the identified problems are taken only once there is
evidence of poor academic performance. Furthermore, manual monitoring techniques are ineffective in large virtual
classrooms comprised of thousands of students(Austin, 2009; Simanungkalit & Rondonuwu, 2020; Su et al., 2023).

To counteract such obstacles, the application of Al-based learning analytics has been identified as an innovative
solution that will assist in improving educational surveillance, predictions, and interventions. Learning analytics
involves the collection, measuring, analyzing, and interpreting of learner-related data in order to improve learning
experiences and the learning process itself(Fiigener et al., 2022). With Al systems, educational organizations are able
to convert unprocessed educational data into meaningful information which will help achieve adaptive and
personalized learning outcomes. Al-based learning analytics is instrumental in identifying engagement trends,
predicting academic success, identifying at-risk learners, and recommending personalized learning paths(Naznin et
al., 2025; Prandner et al., 2025).

Machine learning is essential for intelligent educational analytics(Cong et al., 2019). Using machine learning
algorithms, relationships are found through analysing large educational datasets that create predictive models with
which they predict the students' future behaviour. Supervised learning methods, such as Random Forest(Cichos et al.,
2020), SVM(Ingle & Awale, 2018), Logistic Regression(Cutler et al., 2007), ANN(Elgazzar & Hemayed, 2017), and
XGBoost(Yalgin & Alisawi, 2024), have been used widely to predict students' performance, likelihood of dropping
out, and engagement. On the other hand, unsupervised learning methods, such as clustering, help in segmenting
students and creating their profiles. With recent developments in deep learning, temporal analysis of student behavior
can be achieved since sequential behaviors are modeled using the algorithm.

EDM is the counterpart to machine learning in that it focuses on the discovery of useful patterns within educational
data. EDM enables the discovery of patterns regarding learner behavior, interactions, and the process of learning from
datasets collected through the Learning Management System (LMS). Click stream data is consistently generated
through digital learning environments that include login activities, page visits, frequencies of accessing resources,
times of watching videos, quiz performance, time stamps for submitting assignments, and participation in discussions.
EDM offers a mechanism through which latent patterns of behavior can be discovered that would not normally be
discernible using traditional statistical methods(El Aissaoui et al., 2020; R Vora & Iyer, 2018; S & S, 2015).

The use of adaptive learning systems highlights the importance of Al in education. Adaptive learning systems change
teaching methodologies, pace, and assessment methods based on learners' traits and behaviors. Personalized learning
can be achieved through Al-based adaptive learning systems, which suggest relevant learning resources, recognize
learning gaps, and provide personalized feedback to learners. This kind of personalization improves students'
motivation, engagement, and retention levels while creating more inclusive learning environments. Adaptive learning
systems are used as intelligent aids within current educational systems(Ghosh et al., 2014; Mimis et al., 2019).
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Predictive analytics are an important part of the education system powered by artificial intelligence technology(Larose
& Larose, 2014). Predictive modeling makes use of past and present educational data to forecast future academic
results, detect potential learning problems, and facilitate interventions based on data. Some of the variables that are
considered when using predictive learning analytics are attendance, frequency of submission of assignments, quiz
scores, discussions in the forums, time spent learning, clickstream pattern, and timing of interaction. Using these
measures, the system can provide early alerts for students at risk of poor academic performance, disengagement, and
dropping out.

Increased use of Learning Management Systems (LMS) has greatly enhanced the availability of student behavior data
for education analytics research. LMS applications create detailed logs about students' behaviors in relation to
frequency of access, amount of time spent on learning tasks, discussion participation, downloading of materials,
submitting assignments, and performance in assessments(Cavus, 2015; Triswidrananta et al., 2022). Clickstream
analysis is especially essential in learning about online learning behaviors because it provides an analysis of the
sequence of user behavior on online learning sites. In temporal analysis of student learning behaviors, researchers can
examine the nature of their behaviors as they change from week to week, periods when they are inactive, cases of
procrastination, and most productive times for learning.

Attendance patterns and measures of participation provide valuable insight into student engagement. In the context of
online learning, attendance involves not only physical attendance but also virtual attendance measures such as regular
login, attendance in real-time classes, and participation in learning tasks. Forum discussion participation represents
social/collaborative participation, task completion rates represent behavioral participation, and quiz performance and
participation in assessments demonstrate cognitive participation and knowledge acquisition. Using these multifaceted
measures allows Al-based educational prediction models to develop comprehensive profiles of students for accurate
education forecasting purposes.

Notwithstanding progress in the development of Al-based learning analytics techniques, there are still some important
research challenges that have yet to be addressed. First, most of the previous studies only focus on the predictive
aspect without incorporating an examination of students’ engagement levels, temporal behavior patterns, and
intervention methods. Second, existing research uses data from small samples, fixed variables, and one type of
algorithm which cannot capture the dynamic process of learners' behavior. Third, many researchers prioritize
predictive accuracy over model interpretation and practicality in Al applications.

Another drawback of previous research is the poor integration of behavioral analysis and temporal learning trends.
Many predictive models rely largely on academic factors like quiz grades or GPAs without adequately factoring in
clickstream behavior, participation, and interaction patterns. Consequently, the models may miss out on other critical
aspects of student engagement that significantly affect academic performance. Furthermore, issues related to the
ethical use of educational data and algorithms have not been extensively studied(Cui et al., 2019; Lu et al., 2025;
Xuan Lam et al., 2024).

The proposed Artificial Intelligence Driven Learning Analytics Framework is aimed at filling the current research gap
by incorporating a framework for increasing student engagement and predicting their performance in digital learning
platforms. In other words, the suggested framework is built on a combination of machine learning, educational data
mining, predictive analytics, and engagement behavior analysis in a coherent intelligent educational ecosystem.
Unlike previous studies, which focus solely on developing predictive models, the suggested framework will
incorporate several dimensions of engagement behavior analysis.

The innovation of this study can be attributed to various factors. Firstly, the model uses behavioral analytics,
clickstream analysis, temporal learning patterns, and academic metrics to build a predictive system. Secondly, the
model uses various machine learning techniques to test their prediction capabilities and identify the best technique for
educational analytics. Thirdly, the study incorporates explainable artificial intelligence techniques to ensure that the
predictions generated by the system are understandable. Fourthly, the model focuses on adaptive learning and early
warnings to facilitate prompt interventions in education.

The primary goal of the research is to develop and evaluate an intelligent learning analytics system that will be able to
predict student engagement and performance in online learning settings. The goals include:

Analyze the correlation between behavioral data of students and their academic performance.
Determine the main engagement factors that impact learning outcomes.

Evaluate the performance of different Al and machine learning techniques used for predictions.
Design an intelligent system to recognize potentially problematic learners.
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e. Evaluate the efficiency of using Al in learning analytics for making adaptive decisions.

Both theoretically and practically, the study makes valuable contributions. In terms of theory, the study contributes to
the areas of AIED, Educational Data Mining, and Learning Analytics through its proposal of an integrative multi-
dimensional prediction model. Practically, the study presents educational institutions with a means of using data to
track student engagement, improve intervention methods, and develop personalized digital learning environments.
Additionally, the study’s findings could be useful to policymakers and educational managers in the creation of
intelligent educational ecosystems consistent with the digitalization trends in higher education.

Based on the research objectives, the following research questions are proposed:

a. How do student behavioral and engagement indicators influence academic performance in digital learning
environments?

b. Which Machine Learning algorithm provides the highest predictive accuracy for academic performance
prediction?

c. How effective is Al-driven learning analytics in identifying at-risk students?
How can temporal learning behavior and clickstream analytics improve predictive educational models?

e. How can Al-driven adaptive intervention systems enhance student engagement and learning outcomes?

The conceptual framework in this paper defines student behavior data, measures of engagement, clickstream analysis,
attendance records, assignment submission, discussion activities, and quiz responses as independent variables that
impact student performance. The independent variables are examined using the concept of learning analytics through
the use of machine learning, educational data mining, predictive analytics, and adaptive learning technologies. The
output generated from this conceptual framework includes predictive models, student-risk categorization, engagement
monitoring tools, and intervention strategies aimed at improving learning outcomes.

2. Literature Review

2.1 Artificial Intelligence in Education

Artificial Intelligence in Education (AIED) has successfully carved out a prominent niche for itself within today’s
domain of educational technology studies. AIED combines elements of computational intelligence, machine learning,
cognitive science, and educational psychology to create intelligent systems capable of supporting teaching, learning,
evaluation, and decision-making within the realm of academia. The proliferation of digital learning environments
following the wave of education reform triggered by the post-pandemic scenario has significantly accelerated the
adoption of Al-enabled educational systems in universities around the world(Ali et al., 2024; Vescan, 2019).

Key objective of Al in education is to increase effectiveness in education through adaptation and intelligent education
systems that enable learners to benefit from personalized services. Al technology is able to process large amounts of
data from various sources like LMS, online exams, forums, and other interactions for identifying learning patterns and
trends among students. Compared to conventional methods of education, Al systems are able to provide scalable,
automated, and real-time support to learners in complex digital environments.

Current trends in Al in Education (AIED) include predictive modeling, adaptive learning, intelligent tutoring systems,
and educational recommendation systems. Common machine learning techniques that are applied to make predictions
related to students' learning behaviors, their performance levels, and probability of dropping out include Random
Forest, Support Vector Machines (SVMs), Artificial Neural Networks (ANNs), and Extreme Gradient Boosting
(XGBoost). Another set of methods used for predicting learning-related issues is deep learning, specifically LSTM
networks and other types of recurrent neural networks.

Despite the significant progress that has been made, some challenges still exist in the domain of AIED. Many
researches today focus more on predicting accurately than making such predictions understandable, clear, and
applicable in education. Furthermore, most of the existing Al-based models are heavily reliant on static data and lack
the ability to incorporate dynamic behavioral analyses and adaptive interventions. Therefore, there is an increasing
demand for Al-based models in education that can encompass predictive analytics, behavioral analysis, and
explainable Al
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2.2 Learning Analytics Frameworks

Learning Analytics involves the analysis of data produced by learners through the process of collecting, interpreting,
and visualizing such information with the intention of improving the learning experience. The various frameworks in
Learning Analytics involve methods used to analyze and generate useful results from the online learning environment.
Some of the main steps in these frameworks include the following four stages.

The contemporary LMS systems, such as Moodle, Google Classroom, and Canvas, consistently produce educational
big data through clickstream logs, attendance, assignments, quizzes, and interactions. The Learning Analytics
approach relies on these data sources to track students' participation, detect possible threats to learning, and develop
personalized learning approaches(He et al., 2014).

Many Learning Analytics approaches focus on predicting engagement and the creation of warning mechanisms. The
use of warning mechanisms involves evaluating behavioral indicators such as the number of logins, length of sessions,
patterns in the access of resources, forum involvement, and instances of inactivity to categorize students as engaged or
at risk for dropping out. More sophisticated approaches use temporal learning analytics.

However, a large number of Learning Analytics frameworks have certain flaws. Firstly, most frameworks rely heavily
on descriptive analytics and are not much focused on predictive or prescriptive analytics. Secondly, most frameworks
do not incorporate multiple engagement indicators in their predictive modeling processes. Finally, most frameworks
do not offer any explanatory methods for allowing instructors to understand the recommendations made by artificial
intelligence(Banihashem et al., 2022).

2.3 Educational Data Mining (EDM)

Learning Analytics is very similar to EDM, but EDM specifically deals with discovering hidden patterns in education
datasets using computers. Learning Analytics uses techniques such as statistical analysis, machine learning, clustering,
classification, and association rule mining to detect useful patterns within education(“Self-Access Centre (SAC) in
English Language Learning,” 2017).

The application of EDM techniques is highly useful in analyzing clickstream data and sequences of learner behavior.
Clickstream analysis captures the exact behavior of users while navigating online learning platforms, including their
visits to different pages, use of resources, viewing of videos, attempt at quizzes, and even their browsing history.

Classification techniques are always utilized in EDM studies for predicting students' performance. Some popular
techniques include decision trees, random forest, Naive Bayes, support vector machine (SVM), and XGBoost.
Clustering techniques, such as K-Means and hierarchical clustering, have been widely used in EDMS to classify
students on the basis of their engagement and learning styles.

However, there have been certain difficulties that EDM research encounters despite its many strengths. Most EDM
research uses limited samples and specific dataset sources. This has made it difficult for models created based on such
research to be implemented widely because they may not generalize well across different educational settings. In
addition, as algorithms used in EDM become more complicated, it becomes harder to interpret predictions.

2.4 Explainable Al (XAl) in Learning Systems

Explanation in Artificial Intelligence (XAI) has been gaining significant traction in educational studies due to growing
interest in transparency and accountability in artificial intelligence-based decision-making systems. The purpose of
XAl is to make artificial intelligence algorithms transparent to people, especially teachers and school administrators.

When applied in an educational environment, black box algorithms can generate highly accurate predictions, but they
remain opaque in terms of providing information about why specific students fall into certain categories such as high
risk or low performers. Therefore, teachers encounter difficulties in determining what actions should be undertaken to
help students. For this reason, methods of explainable Al, such as SHAP, LIME, and feature importance, are used.

XAI provides several advantages:

— Increased trust in Al predictions

— Improved educational decision-making

—  Better understanding of influential engagement variables
— Enhanced fairness and accountability

— Greater transparency in intervention strategies

166



Pratama et.al | Daengku: Journal of Humanities and Social Sciences Innovation, 2026, 6(2): 162—178

Despite these advantages, XAl integration in educational systems remains limited. Many predictive learning analytics
studies prioritize accuracy optimization without adequately considering explainability requirements. Therefore,
integrating XAl into Al-driven learning analytics represents an important research direction for future intelligent
educational systems.

3. Methods

In this study, a quantitatively-based machine learning algorithm for learning analytics is used to forecast student
engagement and performance within the digital learning context. The research design involves computations,
predictions, and evaluations since learner engagement data collected through Learning Management Systems (LMS)
is converted into numerical data that can be measured via Machine Learning and Educational Data Mining
approaches. The main goal of this study is to create an easily reproducible framework that can analyze students'
patterns of engagement and predict their academic success.

The suggested method is intended to be applied in higher education and e-learning applications utilizing learning
management systems like Moodle, Google Classroom, Canvas, or comparable systems. Such applications produce
vast quantities of learner behavior data, which include the number of logins, time spent on learning sessions,
clickstream data, discussions in forums, submission of assignments, quiz scores, time spent watching videos, and
more. These data points serve as learning analytics signals reflecting learners' engagement and behaviors.

The steps involved in the predictive modeling process include the following: Data gathering, data pre-processing,
feature generation, Al model building, and Al model evaluation. In the first stage, students’ behavioral data are
collected from the LMS logs as well as academic data. In the second stage, data collected in the previous stage are
cleaned, transformed, normalized, and readied for the machine learning process. In the third stage, appropriate
features are generated from the data collected that include behavioral engagement, cognitive engagement, social
engagement, and temporal engagement in learning. In the fourth stage, different Al models are constructed and
evaluated such as Random Forest, XGBoost, SVM, ANN, and LSTM networks for temporal engagement.

The Educational Data Mining (EDM) pipeline follows a well-defined flow, including data collection, data integration,
data preprocessing, feature selection, modeling, predicting, interpreting results, and finally educational interventions.
With the use of the EDM pipeline, data collected from an education setting can be converted into useful decision
support information. In this study, EDM will not only be used for predicting student performance, but also for
discovering underlying engagement patterns and identifying at-risk students.

The supervised machine learning method forms the basis for designing the experiment. Student performance is taken
to be the target feature. In classification models, students are classified based on their academic risk into low-risk
students, moderate-risk students, and high-risk students. In regression models, the final exam score or final exam
grade will be the target variable. Training, validation, and testing data sets are created in the proportion of 70%, 15%,
and 15% respectively. The training data set is used to develop the model while the validation data set is used to
optimize the model.

3.1 Data Collection

The simulation involves the use of a simulated dataset, which reflects a dataset of actual student behavior in an LMS.
The use of the simulated dataset is intended to facilitate reproducibility, ensure privacy, and increase methodological
transparency. The simulated dataset is designed such that it reflects variables that would normally be collected by
digital learning platforms, namely behavioral, engagement, academic, interaction, and temporal learning metrics.

Data acquisition starts with the retrieval of log data from the LMS. For Moodle, log data can be exported from
activities, gradebook, completion data, and discussion forums. For Canvas, log data can be extracted from analytics
logs, quizzes, assignments, and API logs. For Google Classroom, assignment data, timestamp data, grades, and
interaction data can be extracted using Google Workspace or through API connections.

Data from the LMS will then be combined with the academic database, which includes grades for quizzes, GPAs, and
final exams. Student IDs are anonymized to protect students' identities. Personal data, such as names, email addresses,
and student IDs, are stripped out before conducting the analysis.

The data set covers several dimensions in relation to students' learning behaviors. Behavioral engagement is measured
using log-ins and session durations, whereas learning engagement is assessed using forum participation, submission
of assignments, and watching videos. Academic performance is gauged using quiz results, GPAs, and final exam
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results. Social and instructional engagement are determined using peer interaction and interaction with teachers.
Temporal engagement in learning is determined using number of inactive days and week-by-week engagement
behavior.

Table 1. Feature Categories and Variables

Feature Category Variables Description
Login frequency Number of LMS logins per week
Behavioral Analytics  Session duration Average time spent in LMS per session
Clickstream activity Number of page views, clicks, and resource accesses
Forum participation Number of discussion posts and replies
Engagement Metrics ~ Assignment submission Timeliness and completion rate of assignments
Video watching time Total minutes spent watching learning videos
Quiz score Average score across online quizzes
Academic Metrics GPA Student cumulative academic performance
Final exam score Final course achievement indicator
. . Peer discussion Number of interactions with classmates
Interaction Metrics . . . .
Instructor interaction Number of messages, comments, or feedback interactions
. Weekly activity trend Increase or decrease in learning activity over time
Temporal Metrics ., . L .
Inactivity duration Number of inactive days during the course

Table 2. Sample Dataset

Student  Login Session Clickstream Forum Assignment Video Quiz GPA  Peer Instructor Inactivity Final Risk

ID  Frequency Duration  Activity Posts Completion Watching Score Discussion Interaction Days Exam Level
Time Score

S001 18 42 210 12 95 320 86 3.65 15 8 2 88 Low

S002 9 25 120 5 78 180 72 3.10 7 4 6 74 Medium

S003 4 12 55 1 45 70 51 230 2 1 15 49 High

S004 15 38 190 10 88 275 81 345 12 7 3 84 Low

S005 7 20 95 3 62 130 65 2.85 5 3 9 67 Medium

3.2 Data Preprocessing

Preprocessing is done in order to ensure that the data is ready for the process of machine learning. Preprocessing
involves the following tasks: handling missing data, detecting outliers, developing new features, normalizing the data,
extracting temporal features, and balancing the classes.

Missing data handling follows the nature of each variable. Numerical variables, such as time spent on sessions, quiz
results, and video watching, will be filled by the median to minimize outlier effects. Missing target variable cases in
categorical variables, like risk level, will simply be excluded from analysis. In the event of missing values in activity
variables, missing data will be marked with zero only when the absence of activity holds substantive meaning, for
example, no forum contribution or no interaction with instructors.

The outliers are dealt with via the IQR (Interquartile Range) approach. An outlier occurs if the value is outside of the
range: QI1—1.5%IQR to Q3+1.5xIQR. The outliers are also winsorized in order to avoid any distortion, particularly
those arising from extremely long LMS session durations because of the students who leave the portal open after they
finish their classes. In other words, it may happen that the LMS session duration is exaggerated.

Feature engineering is meant to help develop new indicators based on the raw features. Examples of feature
engineering include converting the assignments completion feature to assignments timeliness, merging logins per
week and average session time together to create an engagement indicator, aggregating forum postings, peers
discussion, and instructor discussion into social engagement indicator, and finally merging quiz performance and
GPA into an academic readiness indicator.

Data normalization is applied to ensure that all numerical variables are placed on a comparable scale. Min-max
normalization is used because the variables have different ranges.

X—Xmi
xl — min 1
Xmax—Xmin ( )

where x'is the normalized value, x is the original value, x,,;,is the minimum value, and X,,4,is the maximum value.
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Temporal features are used for modeling the learning behavior through time. Such features include weekly login
patterns, inactive time, late submission patterns, and declining participation rates. For example, a declining trend in
weekly login patterns could be an indicator of declining motivation, whereas repeated inactive time patterns could
suggest academic vulnerability.

Class balancing is done when the proportion of students in different risk groups is unequal. There is a common trend
of having more low-risk students than high-risk students in educational data. This might lead to model bias since the
algorithm will prefer the dominant class. SMOTE could be used to balance the data for training. Other ways include
assigning weights to the classes when using classifiers like Random Forest, SVM, and XGBoost.

3.3 Al and Machine Learning Models

In this research, various machine learning algorithms will be used to evaluate which one performs best in terms of
prediction in order to choose the most appropriate algorithm for predicting engagement and academic performance of
students.

The first machine learning algorithm under consideration is Random Forest, which is basically an ensemble technique
where multiple decision trees are built and their outputs are combined by majority vote in case of classification or by
averaging in case of regression.

P =228 Ty () 2)

where ¥ is the predicted output, B is the number of trees, and Ty, (x) is the prediction of the b-th tree.

The second model is XGBoost, a gradient boosting algorithm that builds trees sequentially to correct previous
prediction errors. XGBoost is effective for high-dimensional structured data and often performs well in academic
performance prediction.

Obj= ¥ 1(yu9)+ 2 Qf) 3)

where [(y;, J;)represents the loss function and Q(fj )represents the regularization term.

The third model is the Support Vector Machine (SVM). SVM uses the method to determine the best hyperplane to
classify the students according to their risk levels. It is useful in cases where there exist nonlinear decision boundaries
between different risk classes. An RBF kernel will be used to capture nonlinearity.

The fourth algorithm is the Artificial Neural Network (ANN). ANN consists of an input layer, hidden layers, and an
output layer. The input layer consists of normalizing learning features from the students. The hidden layers will be
able to model nonlinearities while the output layer predicts the academic risk level or the exam scores.

The fifth algorithm is the Long Short-Term Memory (LSTM) network. This is applicable when the weekly records of
activities are available. The algorithm is appropriate because it can handle temporal modeling of student learning
behavior.

Table 3. Model Architecture and Hyperparameter Settings

Model Main Architecture Key Hyperparameters
Random Forest Ensemble decision trees n_estimators = 100, max_depth = 10, criterion = gini
XGBoost Gradient boosted trees learning_rate = 0.05, max_depth = 6, n_estimators = 150
SVM Kernel-based classifier kernel = RBF, C = 1.0, gamma = scale
ANN Fully connected neural network  hidden layers = 2, neurons = 64 and 32, activation = ReLU
LSTM Sequential neural network LSTM units = 64, dropout = 0.2, optimizer = Adam

The data is divided into 70%, 15%, and 15% for training, validation, and testing, respectively. To reduce dependency
on a particular data split, cross-validation is used. The process of hyperparameter optimization is done using grid
search or random search.

Figure 1 explain details how method works with from each section 1 until section 3 for better explanations.
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4. Results and Discussion

This part discusses the results obtained via computing using the implemented Artificial Intelligence-Driven Learning
Analytics framework. The simulations made use of simulated LMS educational data that included behavioral analysis
data, engagement data, academic performance data, interaction data, and temporal learning data. Different machine
learning techniques were explored in order to determine which one performs best at predicting student engagement

and academic performance.

4.1 Dataset Statistics

Each record contained 13 predictive variables and one target variable representing student academic risk level. The
dataset included multidimensional indicators derived from digital learning activities.

The variations in the level of engagement and behaviors among the learners in the dataset are quite pronounced. The
high levels of standard deviations of the clicks made, duration of video watching, and inactivity suggest that learners
had varying levels of engagement behaviors while using the LMS. The variation is important in building predictive
models because it allows machine learning algorithms to discover correlations between the behaviors and outcomes.
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Table 4. Statistics of Dataset Variables

Variable Mean Std. Dev Min Max
Login Frequency 11.8 5.2 1 28
Session Duration (minutes) 34.6 12.5 5 78
Clickstream Activity 165.4 75.1 18 420
Forum Participation 7.3 4.1 0 22
Assignment Completion (%) 79.2 18.7 25 100
Video Watching Time (minutes) 215.8 95.4 15 510
Quiz Score 74.5 13.2 30 98
GPA 3.14 0.46 1.85 4.00
Peer Discussion 8.7 5.0 0 30
Instructor Interaction 4.2 2.9 0 15
Inactivity Duration (days) 5.8 4.6 0 26
Final Exam Score 76.3 14.5 28 99

Low risk learners showed high levels of consistency when logging in, long session times, completion of tasks, and
participation in discussion forums. High risk learners on the other hand were characterized by long durations of
inactivity, reduced interaction, poor quiz performances, and lack of involvement in learning activities.

4.2 Correlation Analysis

Correlation analysis was performed in order to establish any correlation between engagement measures and academic
achievement. Positive correlation with exam marks was established for assignment submission, quiz scores, and
session length.

Table 5. Correlation Between Variables and Final Exam Score

Variable Correlation Coefficient
Assignment Completion 0.82
Quiz Score 0.79
Session Duration 0.71
Login Frequency 0.68
Video Watching Time 0.66
Forum Participation 0.61
Peer Discussion 0.58
Instructor Interaction 0.53
Inactivity Duration -0.74

The findings show that engagement behavior has a considerable effect on academic achievement. The completion of
tasks had the highest positive correlation with the test scores, meaning that active participation in academics is one of
the key predictors of success. Inactive behavior exhibited a significant negative relationship with performance,
implying that engagement plays an important role in contributing to poor academic performance.

The heatmap correlation analysis indicated strong relationships between behavioral and academic measures. Click
stream behavior among active students was also coupled with high forum activity and assignment completion.

4.3 Feature Importance Analysis

Feature importance analysis was performed using Random Forest and XGBoost to identify the most influential
variables contributing to academic performance prediction.

The importance of features analysis suggested that assignment completion, quiz score, and inactivity duration were
among the most significant predictors. The fact testifies that academic reliability and continuity are key factors
defining success for learners participating in online learning.

Time-related features of learning activity made a noticeable contribution to predicting student academic success.
Indeed, inactivity duration was revealed as one of the most significant predictors.

171



Pratama et.al | Daengku: Journal of Humanities and Social Sciences Innovation, 2026, 6(2): 162—178

Table 6. Feature Importance Ranking

Rank Variable Importance Score
1 Assignment Completion 0.214
2 Quiz Score 0.192
3 Inactivity Duration 0.171
4 Session Duration 0.143
5 Login Frequency 0.119
6 Video Watching Time 0.082
7 Forum Participation 0.048
8 Peer Discussion 0.018
9 Instructor Interaction 0.013

4.4 Model Comparison

Five Machine Learning models were evaluated for predicting student academic risk levels: Random Forest, XGBoost,
Support Vector Machine, Artificial Neural Network, and LSTM.

Table 7. Performance Comparison

Model Accuracy Precision Recall F1-Score ROC-AUC
Random Forest 0.91 0.90 0.89 0.89 0.94
XGBoost 0.94 0.93 0.92 0.92 0.97
SVM 0.88 0.86 0.85 0.85 0.90
ANN 0.92 0.91 0.90 0.90 0.95
LSTM 0.95 0.94 0.94 0.94 0.98

4.5 Student Engagement Classification
Student engagement clustering was performed using K-Means clustering to identify behavioral learning profiles.

Table 8. Student Engagement Clusters

Cluster Characteristics Percentage
Highly Engaged Learners High activity, strong performance, consistent participation 34%
Passive Learners Moderate login frequency, low interaction 27%
Assessment-Oriented Learners Strong quiz performance, limited discussion activity 18%
Socially Active Learners High peer interaction, moderate academic performance 12%
At-Risk Learners Low engagement, prolonged inactivity, poor performance 9%

Cluster analysis revealed distinct patterns of behavioral learning within the online learning environment. Engaged
learners showed equal engagement both in their academic work and interactions. At risk learners demonstrated
periods of non-engagement and lack of engagement in activities such as submitting assignments on time.

The engagement clustering visualization revealed that different profiles existed amongst the learners, indicating the
potential of Al-based analytics to recognize educational behaviors.

Regression-based prediction analysis demonstrated strong alignment between predicted and actual academic
outcomes. The predicted versus actual performance graph indicated that the majority of predictions closely followed
actual final exam scores, particularly among highly engaged students.

The RMSE values further confirmed prediction reliability:

— Random Forest RMSE: 5.81
—  XGBoost RMSE: 4.76

— ANN RMSE: 4.52

— LSTM RMSE: 3.98

The LSTM model achieved the lowest RMSE value, indicating superior capability in modeling temporal educational
behavior.
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Fig 2. Summary Result

To sum up, the results reveal that Artificial Intelligence—Driven Learning Analytics significantly improves student
engagement monitoring and academic performance prediction. The application of Machine Learning, Educational
Data Mining, and behavioral temporal analytics ensures effective identification of student engagement patterns, risk
classification, and personalized intervention.

One of the most remarkable results concerns the superiority of temporal deep learning models such as LSTM. In
contrast to conventional machine learning algorithms that are unable to effectively detect dynamic changes in
behavioral indicators, LSTM proved to have outstanding prediction accuracy. As opposed to traditional machine
learning models, LSTM evaluates the entire history of student engagement and detects dynamic changes within
learning behavior sequences. In addition, the application of LSTM is especially valuable for digital education because
the level of student engagement may vary across time.

In turn, the excellent performance of XGBoost indicates the need for employing advanced ensemble learning models
in educational prediction systems. In particular, XGBoost demonstrates high prediction performance in view of the
complexity of nonlinear relationships in learning behavioral data. Meanwhile, the use of regularization reduces risks
of overfitting. Random Forest also shows excellent prediction performance because it effectively manages noisy
learning behavioral data and determines feature importance. Finally, the poor performance of SVM can be explained
by high complexity of LMS behavioral data that cannot be separated with hyperplanes.

The results also confirm the strong correlation between the levels of student engagement and academic performance.
As the results of this study demonstrate, the highest influence on academic performance belongs to the indicators
related to assignment completion, quiz score, inactivity period duration, session duration, and login frequency. These
conclusions are consistent with the concept of engagement theory according to which behavioral participation has a
great impact on learning outcomes.

As the findings also show, temporal behavior plays a crucial role in improving the accuracy of academic performance
prediction. The presence of weekly decreasing trend in student activity, along with long inactive sessions, proves a
higher probability of academic risk. Such a result is consistent with self-regulated learning theory according to which
the consistent participation and behavior are critical factors of a successful learning process.

Behavioral analytics has a great potential for improving accuracy of prediction results. Specifically, the combination
of clickstream activity, session duration, video watching period, and other behavioral indicators considerably
enhances the ability to predict academic outcomes of a learner. The majority of traditional educational evaluation
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techniques rely on examination results and attendance statistics; however, Al-driven learning analytics makes it
possible to evaluate multidimensional learning behavior continuously.

The conducted clustering analysis revealed some meaningful learning behavior patterns that can be used in developing
personalized learning strategy. Thus, highly engaged learners are characterized by the balanced level of behavioral,
academic, and interactive engagement while at-risk students exhibit behavioral disengagement. The obtained results
prove the importance of implementing personalized educational systems. An Al-driven system for adaptive learning
recommends personalized learning resources and activities in accordance with a learner's profile.

The educational applications of the obtained results are numerous. First, educators will be able to obtain evidence-
based insights into student engagement trends, identify learners in the risk group, assess their learning behavior, and
apply appropriate intervention strategies. Second, educational institutions can use the proposed methodology for
designing academic retention strategies and evaluating educational curricula. Finally, universities can build an
effective data-driven framework for academic support that would increase the overall rate of success of learners.

Explainable Al also makes the development of educational technologies even more beneficial. Specifically, using
advanced feature importance algorithms and other Al mechanisms make it easier for educators to understand reasons
behind high-risk student identification. It is crucial for enhancing the transparency of Al-driven systems by allowing
instructors to ensure that Al-generated predictions are not biased in any way. Explainability has special significance
for the educational field because educational interventions affect students' learning experience and opportunities.

These findings are consistent with the existing body of literature on learning analytics and its contribution to
predicting academic performance. For example, prior studies confirm that such behavioral indicators as assignment
completion, login frequency, and forum participation have a considerable impact on learning performance. However,
in contrast to prior literature, the current study integrates a number of approaches in one model.

The obtained results can be considered from the point of view of educational psychology. Specifically, the theory of
constructive learning states that active participation and interaction of the learner significantly increase knowledge
construction and efficiency of learning processes. The findings also support the assumptions of self-determination
theory according to which learner engagement plays an essential role in the digital environment. Furthermore, within
the Indonesian educational context, learner engagement is not only influenced by cognitive and behavioral
participation but also by socio-economic conditions, digital literacy, cultural readiness, and regional infrastructure
disparities. Students located in rural or underserved regions frequently encounter unstable internet connectivity,
limited access to digital devices, and inadequate learning environments, all of which may negatively affect
participation indicators captured by Al-driven systems. Consequently, engagement metrics derived solely from digital
activity logs may unintentionally misrepresent the actual motivation and learning commitment of disadvantaged
learners.

Despite the obtained promising results, there are several important issues to consider. First, the problem of ethics
arises due to mass collection of learner data. Behavioral logs contain sensitive information concerning the habits,
engagement, and difficulties that the student faces when completing his or her learning activities. Therefore,
institutions should comply with all the necessary regulations regarding privacy and ethics of the use of learner
behavioral data. In addition, the implementation of Al-driven learning analytics in post-pandemic digital learning
ecosystems should critically consider the digital divide that persists across Indonesian educational institutions.
Unequal access to internet infrastructure, learning technologies, and digital competencies creates structural
inequalities that directly influence learner participation and engagement patterns. As a result, institutions operating in
low-resource environments may experience biased prediction outcomes if socio-technical variables are ignored during
model development and interpretation.

Second, the issue of algorithmic bias should be discussed. For example, if learning behavior models are trained with
biased data, some disadvantaged groups of learners will be unfairly evaluated. Specifically, a student who does not
have sufficient access to internet services will look disengaged regardless of his or her learning motivation. Therefore,
fairness-aware algorithms should be applied in the process of learning analytics. This condition demonstrates that
behavioral tracking mechanisms may inadvertently penalize students who experience connectivity interruptions,
shared-device limitations, or socio-economic barriers that reduce online activity frequency. Consequently, low
engagement scores should not automatically be interpreted as indicators of poor academic motivation or lack of
participation. Instead, contextual interpretation involving instructors and institutional support systems is necessary to
ensure equitable educational evaluation. In line with the findings of Sudarsono, Saputra, and Ghozali (2025), student
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readiness in digital learning environments should be evaluated holistically by considering technological accessibility,
adaptive learning culture, and institutional preparedness alongside behavioral analytics indicators.

Finally, the problem of transparency is important in view of ensuring responsibility of Al-based educational practices.
Educational institutions are encouraged to develop transparent learning behavior prediction systems that do not
interfere with instructors' judgments about learning conditions. Specifically, educators are expected to interpret
results, validate decisions, and understand context of student behavior. Moreover, Al-driven learning analytics should
function as a supportive socio-technical instrument rather than a fully autonomous decision-making mechanism.
Human-centered educational practices remain essential because instructors possess contextual understanding of
student behavior, emotional conditions, socio-cultural backgrounds, and classroom interaction dynamics that cannot
be fully captured through algorithmic systems. Therefore, the integration of Artificial Intelligence in educational
environments should strengthen student-teacher collaboration, improve inclusive intervention strategies, and promote
educational equity rather than reinforcing existing structural disadvantages.

5. Conclusion

This paper proposes an Artificial Intelligence-Driven Learning Analytics framework and evaluates its potential for
improving student engagement tracking and predicting academic success in digital learning environments.
Computational results show that there is a significant improvement in the detection of learning behaviors and accurate
forecasting of academic risk using the Al-based educational analytics framework. Integrating behavioral analytics,
engagement variables, academic variables, interaction variables, and temporal learning behavior enables converting
raw Learning Management System data into meaningful educational insight.

In terms of computational results, temporal deep learning models have higher predictive performance than the other
four methods used for comparison (i.e., Random Forest, XGBoost, Support Vector Machine, and Artificial Neural
Networks). The model with LSTM architecture achieves the best classification performance and has the highest ROC-
AUC values. As for the engagement variables, assignment submission, quiz score, time-inactive, session duration, and
number of logins prove to be among the variables most influencing academic risk classification. Taken altogether, the
results prove that regular engagement is one of the decisive factors of educational success in digital learning
environments.

On the methodological level, the current study introduces a fully reproducible framework that combines several state-
of-the-art machine learning technologies and Al methodologies into an integrated learning analytics model for
educational decision-making. Unlike traditional predictive educational models based on a single indicator or
traditional machine learning models, the proposed framework utilizes multiple learning algorithms to identify the key
predictive variables. The inclusion of the Explainable Al components enables greater transparency in education by
helping teachers and educational institutions to better understand the reasons for risk classifications and predictions.

Theoretically, the findings contribute to student engagement theory, self-regulated learning theory, and constructivism
learning theories since active engagement and consistency in interactions and learning behavior prove to be positively
related to academic performance. Also, the research is valuable for the Artificial Intelligence in Education (AIED)
field due to the potential contribution of Al systems to adaptive and proactive educational interventions.

Practically, the proposed framework offers numerous advantages for both students and educational institutions. It can
help educational practitioners monitor students' learning behaviors continuously and detect the risky ones while
making personalized recommendations on education. For educational institutions, such a system can improve
academic support, decrease the dropout rate, enhance teaching practices, and promote evidence-based decision-
making about learning environments and programs. On the part of students, personalized learning recommendations
and adaptive educational interventions can improve their motivation and engagement.

From a policy perspective, the study helps policymakers realize the importance of implementing the smart education
policies, transforming digital learning systems with the aid of Al solutions, and building intelligent learning
ecosystems. However, implementing Al-based educational tools requires addressing the relevant ethical issues
associated with data management and privacy, algorithmic bias, fairness, transparency, and trust. Therefore,
policymakers need to pay particular attention to these issues when introducing artificial intelligence-based digital
educational solutions.

In terms of future research, there are many aspects to discuss. Further research can focus on advancing deep learning
algorithms and creating more advanced transformer-based educational models. It can also consider creating real-time
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learning analytics systems that would allow continuous monitoring and intervention. Multimodal learning analytics,
especially those using behavioral, textual, emotional, and physiological data, can be discussed as well. Federated
learning approaches could be considered in order to develop more data-friendly Al solutions for educational purposes.
Finally, future smart education solutions could explore how to integrate Explainable Al to enhance accountability and
trust.
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