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Abstract

This study examines how interaction data from Learning Management Systems (LMS) can be leveraged
to predict student performance and enhance academic outcomes through personalized study plans
tailored to individual learning styles. The research followed three phases: (i) analyzing the relationship
between engagement and performance, (ii) developing predictive models for academic outcomes, and
(iii) generating customized study plan recommendations. Clustering analysis identified three distinct
learner profiles—high-engagement-high-performance, low-engagement-high-performance, and low-
engagement-low-performance—with no cases of high-engagement-low-performance, underscoring
the pivotal role of engagement in academic success. Among clustering approaches, K-means produced
the most precise grouping. For prediction, Support Vector Machines (SVM) achieved the highest
accuracy (68.8%) in classifying students across 11 grade categories, supported by oversampling
techniques to address class imbalance. Personalized study plans, derived using K-Nearest Neighbor
(KNN) classifiers, significantly improved student performance in controlled experiments. To the best
of our knowledge, this represents the first attempt to align predictive modeling with the full grading
structure of undergraduate programs. These findings highlight the potential of integrating LMS data
with machine learning to foster engagement and improve learning outcomes. Future work will focus
on expanding datasets, refining predictive accuracy, and incorporating additional personalization
features to strengthen adaptive learning.

Keywords: online learning analytics; fine-grained performance prediction; student engagement;
personalized study plans; learning styles; LMS interaction data

1. Introduction

Over the past two decades, eLearning has progressively evolved into a widely adopted edu-
cational paradigm, with its growth accelerating significantly due to the global shift necessitated by
the COVID-19 pandemic [1-5]. In response, educational institutions have increasingly embraced
online platforms, with Learning Management Systems (LMSs) emerging as a central component in
facilitating virtual learning. These platforms support a variety of instructional activities including
resource distribution, asynchronous and synchronous communication, collaborative learning, and
assessments [6].

Beyond supplementing traditional face-to-face learning, LMSs now serve as the backbone of fully
online education environments, offering unprecedented opportunities for self-directed and flexible
learning. Consequently, they generate vast amounts of interaction data that reflect student engagement,
learning behaviors, and performance patterns. This data-rich environment provides a fertile ground
for data-driven educational interventions aimed at improving learning outcomes [7].
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Despite these advancements, online learning environments still pose considerable challenges—particularly
the lack of face-to-face interaction, which can result in learner isolation, diminished motivation, and
inconsistent engagement [8]. Maintaining student interest and ensuring meaningful interaction with
course content remain persistent obstacles [9]. Numerous studies have highlighted that student
engagement is a key determinant of academic success, strongly correlated with learning outcomes
and student satisfaction [10,11]. The same insights are further validated through recent analysis on
virtual learning environments, which emphasizes the importance of persistence and consistency in
engagement as strong predictors of learning performance [12,13]. Accordingly, numerous successful
approaches have been proposed for predicting student performance in online learning environments
[14,15]. Despite these developments, technological mechanisms to proactively support engagement
and personalization remain underexplored. There is an increasing need for systems that not only
predict student performance but also provide actionable, personalized recommendations to enhance
learning outcomes—particularly in large-scale online learning environments. As Al continues to be
integrated into educational platforms, customized learning experiences are expected to become a
fundamental requirement in next-generation Learning Management Systems (LMSs) [16].

In this study, we aim to address this gap by investigating how LMS interaction data can be
harnessed to support online learners through personalized study plan recommendations. We conceptu-
alize engagement as the extent of interaction with LMS activities, and performance as the measurable
outcome of assessments. The overarching goal is to explore whether personalized, data-driven study
plans aligned with individual learning styles can significantly improve student outcomes. The study is
guided by the following research questions:

RQ1: What is the nature of the relationship between student engagement with LMS activities and
academic performance?

RQ2: How accurately can student performance be predicted based on LMS interaction patterns?

RQ3: How effective are personalized study plans, aligned with learning styles, in enhancing
student performance in online learning environments?

The remainder of this paper is organized as follows. Section 2 reviews related work on student
engagement, performance prediction, and personalized learning in online education. Section 3 presents
the research methodology, including data collection, preprocessing, and model development. Section
4 details the clustering analysis used to explore the relationship between student engagement and
academic performance. Section 5 describes the predictive modeling techniques employed to forecast
student outcomes. Section 6 introduces the personalized study plan recommendation system and eval-
uates its effectiveness through a controlled experiment. Section 7 discusses key findings, implications,
and limitations, while Section 8 concludes the study and outlines directions for future research.

2. Others’ Work

Over the years, many scholars have examined how student engagement with Learning Manage-
ment Systems (LMSs) relates to academic performance. These investigations have focused on a variety
of engagement indicators—such as login frequency, activity participation, and time spent on learning
materials—to understand how online behaviors influence learning outcomes. While these studies offer
valuable insights, they often vary in their methods, scope, and practical applicability. In reviewing
these works, we focused on how they contribute to understanding the link between engagement and
performance in online learning contexts. In the sections that follow, we draw together key findings
from this body of work to build a clearer picture of current approaches, and to identify where more
reliable, affordable, and scalable solutions could be developed to better support learners in digital
environments.

2.1. Student Engagement

Research increasingly recognizes online student engagement as complex and multi-dimensional
[17]. Researchers [18] found that behavioral indicators such as logins and participation remain strong
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predictors of success, while Lawson and Lawson [19] showed that engagement and disengagement can
co-exist, undermining binary categorizations. Wang and Yu [20] further demonstrated that longitudinal
interaction trajectories, rather than single-time measures, best forecast achievement.

Engagement is also closely tied to self-regulation and academic success [3,18,21,22]. Indicators
including resource views, course notes, video access, and MCQs have been widely used. Conijn et
al. [23], for example, analyzed 17 blended courses using Moodle LMS, showing that metrics such as
session counts, time online, and page views yielded strong predictive power.

Clustering methods have provided new insights into engagement profiles. Johnston et al. [24]
and Holicza et al. [25] identified learner groups (e.g., “active” vs. “disengaged”) by combining LMS
logs with self-regulated learning data, supporting early-warning systems. Similarly, Du Plooy et al.
[26] reported improved academic outcomes in nearly 60% of adaptive, personalized interventions.
Yuan et al. [27] showed that sustained patterns across courses and combined short- and long-term
interactions yield more reliable predictions than isolated measures.

Overall, engagement is dynamic and context-dependent, unfolding across multiple dimensions
and timescales. A meta analysis confirmed that adaptive learning systems significantly enhance both
engagement and performance [28] . Yet, a major gap remains: the integration of diverse measures
into real-time predictive systems that can deliver timely, personalized interventions for learners and
instructors.

2.2. Student Performance

Predicting student performance in e-learning has traditionally relied on interaction logs from
virtual learning environments (VLEs). Engagement indicators vary by course design and platform.
Pardo et al. [3] used metrics such as resource views, video events, and MCQs to link engagement,
self-regulation, and success. Conijn et al. [23] applied multi-level modeling to Moodle data, showing
that clicks, session counts, and time online predicted performance. Many researchers have consistently
identified correlations between online behaviors and academic outcomes [6,29-34].

Recent studies have advanced predictive modeling with more sophisticated approaches [35,36].
A 2024 time-series model integrating behavioral, assessment, and demographic data enabled early
detection of at-risk students [37,38]. Holicza et al. [25] compared machine learning models across
contexts, showing accuracy varied by dataset. Adaptive tools have also emerged, offering real-time
progress analytics and instructor feedback [39].

Together, these findings show an evolution from basic VLE logs to multidimensional, adaptive,
and context-aware models. While predictive accuracy continues to improve, is it also noted that the
predictions of outcomes are mainly limited to two-classes (eg: pass-fail, good-weak etc), while some
others explored the possibility of predicting a few classes (3 to 5). We were unable to locate any study
aiming to perform a fine-grained performance outcome, well aligned with the performance grades
given at undergraduate programmes (11 classes). The key challenge is developing scalable systems
that move beyond prediction to provide timely, actionable interventions.

2.3. Personalized and Adaptive Learning

Adaptive learning has been considered a necessity since many years, and the consideration
of different personal characteristics has been prescribed [40]. Recently, the scope of personalized
and adaptive learning expanded considerably, with growing emphasis on intelligent and collabora
tive systems. For example, Kabudi et al. [41] reviewed approaches that dynamically adjust learning
paths, task difficulty, and feedback in response to patterns of student interaction. A cluster-based
review published in 2025 further mapped the development of adaptive learning in higher education,
identifying emerging trends and trajectories in the field. They highlight the need for implementing
learning style based adaptive learning experiences.

Despite these advances, important limitations remain. Hocine [42] observed that many adaptive
platforms still lack transparency in explaining how measures of collaboration quality influence system
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adaptations. This gap highlights the need for clearer frameworks that integrate both individual and
collaborative dimensions of learning.

In parallel, the role of artificial intelligence has become increasingly central. A 2025 review
emphasized how Al-driven platforms are not only reshaping adaptive pedagogies but also influencing
the design of user interfaces [43]. Similarly, a recent study demonstrated that adaptive tools providing
personalized feedback and Al-mediated interactions can significantly improve student engagement,
particularly among learners with strong digital literacy skills [44].

Taken together, this body of work underscores an important transition: adaptive learning is
evolving into more dynamic, Al-integrated ecosystems that personalize experiences with greater
precision. Yet, aligning technological sophistication with pedagogical clarity remains a critical frontier
for future research.

3. Research Design

The research was carried out in three distinct phases: (1) identifying the relationships among
learner engagement, interaction behavior, and academic performance; (2) predicting student perfor-
mance based on these behavioral indicators; (3) recommending personalized study plans based on
individual learning styles. The overall research design concept, highlighting the key artifacts and
deliverables associated with each stage of the research process is depicted in Figure 1.
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Figure 1. Research Design.

The three components of the research are highly interconnected and heavily reliant on a unified
dataset comprising student interaction data and performance records. During the cluster analysis
phase, the relationship between student engagement and academic performance was examined using
both interaction and performance data. In the student performance prediction phase, engagement
and performance metrics were used as inputs to a predictive model, which estimated expected
academic outcomes based on current behavioral patterns. Additionally, to facilitate personalized study
plan recommendations, individual learning styles were collected and systematically mapped to the
corresponding interaction and performance data.

The evaluation of the study plan recommendation was conducted through a controlled experi-
ment. Participants were randomly assigned to either an experimental group or a control group. Prior
to the commencement of the experiment, the study procedure was clearly explained to all participants,
and informed consent was obtained. Subjects in the experimental group were provided with person-
alized study plans, while those in the control group did not receive any intervention. To assess the
effectiveness of the proposed study plan, the actual academic grades achieved by participants in both
groups were compared against their respective predicted grades. The impact of the personalized study
plan on academic performance was thus evaluated. Further details of the evaluation procedure are
presented in the Study Plan Recommendation section.
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3.1. Data Collection and Preprocessing

This study required data from three key perspectives: (1) how students interacted with the
learning platform, (2) their academic performance, and (3) their individual learning styles.

Participants (N=846) were selected from the Faculty of Information Technology at the University
of Moratuwa, Sri Lanka, using a convenience sampling method. The sample included undergraduates
from three consecutive academic years—students in their second, third, and final years. From the wide
range of courses offered through the Moodle LMS, six course modules were chosen for this study: Data
Mining and Data Warehousing, Human-Computer Interaction, Software Engineering, Object-Oriented
Analysis and Design, Management Information Systems, and Database Management Systems. These
courses were selected because they posed similar levels of difficulty, helping ensure that students had
a fairly uniform learning experience.

* Interaction Data: The interaction data were extracted from Moodle’s system logs. These logs
recorded every action performed on the LMS—not just by students, but also by instructors and
administrators. Since the focus was on student behavior, the first step was to filter out only the
student interactions. Then, the data were cleaned and processed to highlight meaningful learning
activities. For each student, the number of interactions with each learning activity was counted
using a custom Python program developed specifically for this purpose. The processed data were
saved as a .CSV file for use in the later stages of the research.

®  Performance Data: The students” academic performance was recorded based on their final grades
for the selected course modules.

* Learning Style Data: To understand each student’s preferred learning style, the VARK ques-
tionnaire was used. This tool helped classify students into four categories—Visual, Auditory,
Reading/Writing, and Kinesthetic learners.

Finally, using Moodle’s event log fields such as event context, component, and event name, a
new dataset was built to support the modeling work in this study. Out of all possible events, twelve
features were selected to represent key aspects of student interaction behavior. A detailed description
of these features is provided in Table 1.

Table 1. Features Extracted from LMS Interaction Logs

Feature Purpose

Index No To .uniquely identify and map each record with other related inter-
action records

File Uploads Total number of files uploaded by the student

Submissions Number of activity submissions made by the student

. Number of times the student connected to scheduled online meet-

Meeting Connects ings

Course Module Views Number of times learning activities (e.g., lessons, quizzes) were
accessed

Course Views Number of visits to the course homepage

Submissions Created Number of submission attempts initiated by the student

Submission Views Number of times submitted work was reviewed by the student

Submission Status Views Number of times the student viewed the status of their submissions

User Profile Views Number of times the student viewed their own profile

Assignment Continuous assessment marks (used as an input feature)

Result Final grade achieved in the course (used as the target variable)

Note: The final grade (Result) was used as the target variable in modeling, while the other features served as predictors.

3.1.1. Data Anonymization, Cleaning, and Transformation

To protect the privacy of participants and prevent direct identification of individual records, each
student was assigned a unique identification number. This anonymized ID replaced the original index
number and was also used when completing the VARK learning style questionnaire. The mapping
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between students’ learning styles and their interaction and performance data was established through
these anonymized IDs.

Before proceeding to model development and cluster analysis, the combined dataset underwent
several preprocessing and enhancement steps. First, missing values in the interaction data—where
students had not performed certain actions—were replaced with zero (0), signifying no activity or
engagement with the corresponding item. In cases where performance data were missing, the mean
value of the respective feature column was imputed using the Weka software.

The resulting dataset included a total of 1,709 records, representing 846 students. As the
anonymized student ID did not contribute to the prediction of academic performance, this attribute
was excluded from the final dataset.

To address potential outliers, a percentile-based filtering technique was applied using the quantile
method in the pandas library. Specifically, values falling below the 0.001 percentile or above the 0.999
percentile within each feature column were considered outliers and were subsequently removed.

Even after outlier removal, the dataset could still contain inconsistencies in scale or distribution
that might affect the performance of machine learning models. Therefore, additional data transformation
techniques were applied to produce a more symmetrically distributed dataset. These pre-processing and
transformation steps were executed using the pandas and scikit-learn libraries in Google Colab, resulting
in a clean, well-structured dataset suitable for modeling.

3.2. Selection of Tools and Technologies

This study adopted a structured approach to explore the relationship between student engagement
and academic performance in online learning environments. A combination of clustering algorithms,
machine learning prediction models, and personalized recommendation techniques was employed.
The selection of each method was grounded in its suitability for the dataset and its alignment with the
study’s objectives. Together, these techniques enabled a comprehensive analysis of learner behavior,
accurate performance forecasting, and the development of tailored study support strategies.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 2. Overview of Modeling Techniques Used in the Study

Category Model/Tool Name Purpose Key Characteristics Reasons for Inclusion
K-Means [45,46] Partition data by minimizing Minimizes intra-cluster distance; Efficient for large datasets; provides
. distance to cluster centroids  fast and scalable clear separation for identifying
Clustering

engagement-performance patterns.

Hierarchical Group data into hierarchical =~ Tree-based structure; Explores nested or tree-like

Clustering clusters based on similarity ~ interpretable for nested clusters ~ engagement patterns missed by

[45,47-49] K-Means.

Gaussian Mixture ~ Probabilistic soft clustering Allows overlapping clusters; Reflects mixed behavior patterns

Model [45] using Gaussian distributions  probabilistic assignment common in student interaction data.

DBSCAN [50,51] Density-based clustering; No need for predefined clusters; Detects outlier engagement behavior;
detects noise and irregular robust to noise useful for irregular patterns.
clusters

Support Vector Multi-class classification via ~ Handles non-linear boundaries; ~ Strong performance for

P ... Machine (SVM) one-vs-one binary classifiers  uses multiple binary classifiers ~ high-dimensional LMS interaction
erformance Predlctlof%2
] features.
Random Forest [53] Ensemble of decision trees Robust to overfitting; effective Interpretable and handles many

using majority voting

with large data

features with minimal preprocessing.

Softmax Regression
[54]

Probabilistic multi-class
classification using softmax
function

Simple, interpretable; less suited
for non-linear patterns

Serves as a baseline model; useful for
comparison and clarity.

XGBoost [55] Boosted decision trees for Scalable; handles imbalanced Known for high accuracy and
high accuracy and scalability data well; parallel processing efficiency in tabular LMS data.
K-Nearest Instance-based Simple, interpretable; effective Intuitive and works well for
R . Neighbor (KNN) recommendation using for small datasets personalized recommendations.
ecommendation .
[56] nearest neighbors
Neural Networks ~ Pattern recognition and Captures complex, non-linear Useful for deep modeling of learning
[56] classification using deep patterns; data-intensive behavior if sufficient data exists.
learning
Collaborative User-item similarity-based Content-independent; based on  Leverages behavioral similarities for
Filtering [57] study plan suggestions peer interaction patterns tailored recommendations.
VARK Assess students’ learning Categorizes learners into Visual, Aligns study plans with individual

Questionnaire [57]

preferences

Aural, Read /Write, Kinesthetic

learning modalities for relevance.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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4. Results
4.1. Relationship Between Student Engagement and Academic Performance

Student engagement and academic performance are both highly variable and context-dependent
factors. Given the absence of predefined classes or optimal clustering criteria, an exploratory cluster
analysis was conducted to uncover patterns in the data. The objective was to identify natural groupings
of students based on their interactions with the Learning Management System (LMS) and examine
how these groupings relate to academic outcomes.

To determine the optimal number of clusters (K), the Elbow Method was employed by evaluating
the within-cluster sum of squares (WCSS) across K values ranging from 1 to 10. A pronounced bend at
K =2 indicated a significant reduction in WCSS, suggesting that a two-cluster solution best fits the
data. Although minor inflections appeared at K = 3 and K = 6, they were not substantial enough to
warrant deviation from the two-cluster solution.

Elbow Method Highlighting Optimal K=2
12000 : —_— WCSS

®  Elbow at K=2
11000

10000

9000

Distortion (WCSS)

8000

7000

Number of Clusters (K}

Figure 2. Application of Elbow Method.

Accordingly, four clustering algorithms were applied with K = 2: K-Means Clustering (KM),
Agglomerative Hierarchical Clustering (AHC), Gaussian Mixture Model (GMM), and Density-Based
Spatial Clustering of Applications with Noise (DBSCAN). The models were evaluated using three
standard cluster evaluation metrics:

Silhouette Score: Assesses how similar an object is to its own cluster compared to other clusters.
Higher values indicate better-defined clusters.

Calinski—-Harabasz Index (CH Index): Measures the ratio of between-cluster dispersion to within-
cluster dispersion. Higher values suggest better performance.

Davies—Bouldin Index (DB Index): Evaluates the average similarity between each cluster and its
most similar one. Lower values are preferable.

Each model was compared pairwise to determine the best-performing approach. Initially, AHC
was compared to GMM. AHC outperformed GMM in both the Silhouette Score and CH Index, indicat-
ing denser and better-separated clusters, despite having a slightly higher DB Index. Consequently,
AHC was selected to proceed to the next comparison stage against DBSCAN. The results of each
comparison cycle is shown in Table 3

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 3. Aggregated Evaluation Matrices for Clustering Models.

Model Silhouette Score CH Index DB Index

GMM 0.158949 95.959022  2.079374
AHC 0.190290 192126612  2.235070
DBSCAN 0.453314 83.250614  2.448683
K-Means 0.219318 244933881  1.954872

DBSCAN achieved the highest Silhouette Score, suggesting well-separated clusters. However, it
performed poorly on the CH and DB Indices, making its overall performance inconsistent. Given this,
both AHC and DBSCAN were compared to K-Means for final selection.

K-Means surpassed both AHC and DBSCAN across all metrics: it recorded the second-highest
Silhouette Score (0.219318), the highest CH Index (244.933881), and the lowest DB Index (1.954872).
These results reflect K-Means’ effectiveness in generating distinct and compact clusters with minimal
overlap, making it the most suitable algorithm for this dataset.

To identify patterns of student engagement early in the course, we applied K-Means clustering
to interaction data and assignment scores collected during the first two weeks of instruction. The
K-Means algorithm was applied with k=2, chosen based on the elbow method and silhouette analysis.
The clustering revealed two distinct student groups.

®  Cluster 1: Low-engagement group with minimal LMS activity and content interaction, low or no
forum engagement.

*  Cluster 2: High-engagement group with High frequency of LMS logins and resource views, active
participation in discussion forums.

Interestingly, students in the high-engagement cluster demonstrated higher assignment scores dur-
ing the first two weeks, whereas the low-engagement cluster consistently exhibited lower performance
on early assignments.

The identified cluster labels were subsequently employed to examine the association between
student engagement and long-term academic performance. For this purpose, final exam grades were
consolidated into two categories—high performance and low performance—according to the grade
classification presented in Table 4. Grades classified as Excellent and Good (i.e., A+, A, A—, B+, and B)
were grouped under the high-performance category, while all remaining grades were categorized as
low performance.

Table 4. Result Label Encoding.

Benchmark (%) Grade Encoded Value Category
85 and above A+ 10
75-84 A 9 High Performing
70-74 A— 8
65-69 B+ 7
60-64 B 6
55-59 B— 5
50-54 C+ 4
45-49 C 3
4044 C— 2 Low Perforaming
35-39 D 1
<34 I 0
— F 0
— P 0
— N 0

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Following the analysis, only three distinct relationships between student engagement and
academic performance were identified: (1) High engagement-high performance, (2) Low engage-
ment-high performance, and (3) Low engagement-low performance.

Accordingly, only three types of students could be categorized based on the intersection of their
engagement level and academic outcomes. The distribution of these student groups within the dataset
is presented in Table 5.

Table 5. Student Distribution in Engagement-Performance Clusters.

Engagement-Performance Cluster Student Percentage
High Engaged-High Performing Students 49.71%
Low Engaged-High Performing Students 40.67%
Low Engaged-Low Performing Students 9.62%

Notably, no students with high engagement and low performance were observed in the entire
dataset. This absence is a remarkable finding in the context of online education. It reinforces the critical
role of sustained student engagement as a key success factor in improving academic outcomes in
digital learning environments.

4.2. Performance Prediction Model

A student performance prediction model was developed using interaction log data from the
Moodle learning management system, along with students” academic performance data. The dataset,
which had already undergone cleaning, scaling, and balancing, included the “Result” column in
categorical format. Since most machine learning algorithms require numerical input, the categorical
grades in the Result column were converted to numeric values using the label encoding technique, as
outlined in Table 4. Each grade was assigned an integer value from 10 (A+) to 0 (E I, P, N).

To ensure the features were on a comparable scale, standardization was applied using the Stan-
dardScaler function from the Scikit-learn library. This process centers the dataset by transforming each
feature to have a zero mean and unit standard deviation. Mathematically, standardization is defined
as:

X = X—H 1)

where x is the original value, u is the mean of the feature, and ¢ is the standard deviation. This
transformation is crucial for improving the stability and convergence of machine learning models.

An initial examination of the dataset revealed a significant class imbalance among the target
categories in the Result column. Such imbalances can adversely affect model training by biasing
predictions toward the majority class and reducing sensitivity to minority classes. To address this issue,
we employed the Synthetic Minority Over-sampling Technique (SMOTE), a widely used oversampling
method for managing imbalanced datasets.

SMOTE works by generating synthetic examples for the minority class based on the feature space
similarities between existing minority instances. This approach improves the balance between classes
without simply duplicating existing data, thereby helping machine learning models generalize better.
The application of SMOTE was conducted after feature scaling and label encoding, ensuring that the
synthetic data aligned with the original data distribution.

Principal Component Analysis (PCA) is a widely used dimensionality reduction technique that
identifies patterns in data by analyzing the correlation among features and emphasizing variance.
PCA enables the reduction of the feature space while retaining the most significant information. In this
study, PCA was used to determine the optimal number of components that can be retained without
substantial loss of information.
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Figure 3. Class Distribution: (a) Before SMOTE. (b) After SMOTE.

The dataset included data from five different course modules, each containing varying numbers
of submission records. Since these variations could contribute disproportionately to the total variance
and potentially bias the model, the number of submissions was normalized to a scale of 10, rather than
treating each module submission as a distinct feature. This normalization ensured consistency across
modules and improved the effectiveness of PCA.

Before training, the dataset was split into training and test subsets using the train-test-split()
function from the Scikit-learn library. Machine learning models were trained on the training set,
and their performance was evaluated on the test set. The model achieving the highest classification
accuracy was selected as the optimal model for downstream system development.

To assess the impact of oversampling and dimensionality reduction, each machine learning model
was tested with and without applying SMOTE and PCA techniques. The resulting accuracies for all
combinations are summarized in Table 6.

Table 6. Performance prediction accuracies by machine learning model under different preprocessing conditions.

SMOTE PCA Random Forest Softmax Regression Support Vector Machine XGBoost

Yes Yes 0.647 0.4353 0.624 0.4647
Yes No 0.659 0.4294 0.688 0.4588
No Yes 0.653 0.5000 0.676 0.5824
No No 0.653 0.5000 0.612 0.5529

While accuracy provides a general measure of how many labels were correctly predicted by the
model, it does not offer insights into class-specific performance. In imbalanced datasets, high accuracy
may be misleading if certain classes dominate the predictions while others are neglected. Therefore,
to achieve a more comprehensive evaluation of the classification model, a confusion matrix and a
classification report were generated, as presented in Table 7.
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Table 7. Classification performance metrics by model with and without SMOTE and PCA.

SMOTE+ SMOTE+ NoSMOTE+ No SMOTE +

Model Metric PCA No PCA PCA No PCA
Accuracy 0.65 0.66 0.65 0.65
Random Forest Avg Precision 0.61 0.65 0.64 0.65
Avg Recall 0.63 0.64 0.66 0.59
Accuracy 0.44 0.43 0.50 0.50
Softmax Regression Avg Precision 0.42 0.42 0.50 0.50
Avg Recall 0.50 0.49 0.44 0.44
Accuracy 0.62 0.69 0.66 0.66
Support Vector Machine Avg Precision 0.69 0.74 0.73 0.72
Avg Recall 0.66 0.70 0.66 0.66
Accuracy 0.46 0.46 0.58 0.55
XGBoost Avg Precision 0.55 0.50 0.63 0.58
Avg Recall 0.57 0.49 0.60 0.47

These metrics allow for detailed analysis of precision, recall, and F1-score for each class, helping
to identify which classes were well-predicted and which were underrepresented in the model’s output.

The performance of the classification models under different preprocessing conditions is summa-
rized in Table 7. Among the tested models, the Support Vector Machine (SVM) achieved the best overall
performance, with the highest accuracy (0.69) and average precision (0.74) when trained with SMOTE
and without PCA. This suggests that SVM benefits significantly from oversampling techniques that
address class imbalance, although the application of PCA slightly reduced its performance. Random
Forest also showed consistently strong results across all conditions, with a slight improvement in
accuracy and precision when SMOTE was applied without PCA (0.66 and 0.65, respectively), indicating
that this model is robust to variations in preprocessing.

In contrast, Softmax Regression exhibited the lowest performance across all metrics. Interestingly,
it performed slightly better without SMOTE and PCA, achieving 0.50 in both accuracy and average
precision, while SMOTE tended to degrade its results. XGBoost showed an opposite trend compared to
SVM,; its best performance was observed without SMOTE but with PCA (accuracy of 0.58 and precision
of 0.63). The application of SMOTE negatively impacted XGBoost’s performance across all evaluated
metrics.

Overall, the results highlight that the effectiveness of preprocessing techniques such as SMOTE
and PCA varies by model. While SVM and Random Forest benefited from oversampling, PCA did not
consistently improve performance. These findings underscore the importance of model-specific tuning
when handling imbalanced and high-dimensional educational datasets.

4.3. Stud Plan Recommendation

The study plan recommender system was designed to utilize multiple input sources, including
student interaction data from the Learning Management System (LMS), predicted academic perfor-
mance, and each student’s learning style. Interaction data were collected via the LMS, while predicted
grades were passed from the previously trained performance prediction model. To determine students’
learning styles, the VARK questionnaire was administered to the same cohort of students for whom
LMS interaction and performance data were available.

The integration of these data sources was performed in two stages using the student identification
number as the common key. First, the interaction data collected for individual course modules were
manually combined into a single dataset. This manual preprocessing step was required due to the
one-time nature of the data and the non-repetitive structure of each module. Second, learning style
data collected through Google Form submissions were decoded from the exported CSV format. Each
student’s VARK scores were derived by analyzing their questionnaire responses using a custom Python
script. The script computed the individual scores for Visual, Aural, Read/Write, and Kinesthetic

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202509.0080.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 September 2025 d0i:10.20944/preprints202509.0080.v1

13 of 21

modalities and generated a dataset mapping each score to the student’s identification number. In cases
where a student was enrolled in multiple modules, their corresponding VARK scores were mapped to
each related interaction record.

Since the recommender system is expected to predict study plan outputs as interaction patterns, a
well-prepared training dataset was crucial. The output labels were structured for binary classification,
indicating the presence or absence of recommended patterns. Given that the recommender system
performs multi-label binary classification, additional data transformations were required. The student’s
desired grade, provided as text, was encoded numerically using the scale defined in Table 4, where A+
corresponds to 10 and failing or incomplete grades to 0.

Furthermore, student interaction features, which varied across numeric ranges, were binarized
to standardize their influence in the model. Each interaction metric was transformed into a binary
variable depending on whether it exceeded the mean value across the dataset. This ensured that
the model could clearly identify whether a particular interaction was meaningfully expressed by the
student.

To identify the most effective model for generating personalized study plans, two machine
learning algorithms were tested: the K-Nearest Neighbors (KNN) classifier and a Convolutional
Neural Network (CNN). Both models were evaluated using the Hamming loss metric, which is
appropriate for assessing performance in multi-label binary classification tasks. The evaluation results
are summarized in Table 8.

Table 8. Model performance based on Hamming loss for study plan recommendation. Lower values indicate
better multi-label classification.

Model Hamming Loss
K-Nearest Neighbor (KNN) 0.279
Convolutional Neural Network (CNN) 0.411

The results clearly indicate that the KNN classifier outperforms the CNN model, achieving
significantly lower Hamming loss values across the dataset. Due to its superior performance and
lower computational complexity, the KNN model was selected as the underlying engine for the
implementation of the study plan recommender system.

The study plan recommendations are generated using the trained KNN model. The process
outlines the full pipeline—from accepting new input data to writing the final recommendations into a
structured CSV file. A sample output of a .CSV file, containing recommended study plans for several
students, is displayed in Figure 4.
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Figure 4. Recommended Study Plan.

To evaluate the effectiveness of the proposed study plan recommender system, a controlled
experiment was conducted using a custom-hosted Moodle platform. The platform simulated a
semester-long learning program for an HTML course, with participation from 250 undergraduate
students of the Faculty of Information Technology, University of Moratuwa. To incorporate individual
learning preferences into the system, the VARK questionnaire was distributed among all participating
students to collect data on their learning styles.

From this cohort, a subset of 30 students was selected and randomly divided into two groups. The
experimental group received personalized study plan recommendations following their performances
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in Quiz 1 and Quiz 2, while the control group continued learning without any system-generated study
guidance. Both groups proceeded through the remainder of the course under these conditions.

At the end of the course period, a final quiz was administered to all 30 students to assess learning
outcomes. The predicted results, based on the machine learning performance model, and the actual
quiz scores were recorded for each student in both groups. The difference between actual and predicted
results was computed using the encoded grade values defined earlier (Table 4), with point deviation
calculated as the difference between actual and predicted grade values.

The results for the control group (students without recommendations) and the experimental
group (students with study plan recommendations) are presented in Table 9 and Table 10, respectively.
The comparison aims to measure the impact of the study plan recommender system on academic
improvement over the baseline predicted outcomes.

Table 9. Comparison of predicted and actual results for the control group (no recommendations).

No. IndexNo Predicted Result Actual Result Deviation

1 X1 A+ (9) B (4) -5
2 X2 A+ (9) B (5) 4
3 X3 A+ (9) A+ (9) 0
4 X4 A (8) B+ (6) -2
5 X5 A (8) B+ (6) -2
6 X6 A (8) A8) 0
7 X7 A—(7) B+ (6) -1
8 X8 A—(7) B+ (6) -1
9 X9 A—(7) A—(7) 0
10 X10 A—(7) B+ (6) -1
11 X11 B+ (6) C+(3) -3
12 X12 B+ (6) A (8) +2
13 X13 B+ (6) B+ (6) 0
14 X14 B+ (6) B (5) -1
15 X15 C+(3) C Q) -1

Table 10. Comparison of predicted and actual results for the experiment group (with personalized study plans).

No. IndexNo Predicted Result Actual Result Deviation

1 Y1 A+ (9) A (8) -—1
2 Y2 A+ (9) A+(9) 0
3 Y3 A+ (9) A (8) =—1
4 Y4 A+ (9) A+(9) 0
5 Y5 A (8) A (8) 0
6 Y6 A (8) A+ (9) +1
7 Y7 A—(7) A (8) +1
8 Y8 C+(3) B (5) +2
9 Y9 C+(3) B+ (6) +3
10 Y10 C+(3) B (5) +2
11 Y11 B+ (6) A—(7) +1
12 Y12 B+ (6) A (8) +2
13 Y13 B (5) A—(7) +2
14 Y14 B+ (6) A (8) +2
15 Y15 B+ (6) B+ (6) 0

An analysis of the performance deviation among the control group revealed that 66.67% of the
students experienced a decline in performance compared to their predicted grades. Only 6.67% of
students showed an improvement, while 25% maintained their originally predicted performance
level. These findings suggest that, in the absence of personalized study plan recommendations, the
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majority of students failed to meet their expected academic outcomes, with a notable tendency toward
performance decline.

The results from the experiment group—students who received personalized study plan rec-
ommendations—demonstrate a significant improvement in academic performance. As shown in
Table 10, 60% of the students achieved higher actual grades than their predicted results, while 26.67%
maintained the same performance level. Only 13.33% of the students exhibited a slight decline in
performance.

These findings contrast sharply with the control group, in which the majority of students experi-
enced a decline in academic performance. In contrast, a significantly higher proportion of students in
the experiment group demonstrated improved outcomes. This observation is further supported by the
comparative analysis illustrated in Figure 5, where the performance deviations between the control
and experiment groups are visually contrasted.
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Figure 5. Comparison of performance outcomes between control and experiment groups.

The high percentage of performance improvement in the experiment group strongly suggests that
the study plan recommender system had a positive impact on student learning outcomes, particularly
benefiting those students who were previously predicted to perform at lower levels.

4.3.1. Statistical Analysis of Intervention Effectiveness

To evaluate the effectiveness of the personalized study plan recommendations, an independent
two-sample t-test (Welch'’s t-test) was conducted. This test compared the deviation between predicted
performance and actual final quiz scores for two groups:

¢  Control group (n = 15): Students who did not receive personalized study plan recommendations.
¢  Experimental group (n =15): Students who received recommendations aligned with their learning
styles.

The performance difference was calculated as:

Difference = Final Quiz Score (grade points) — Predicted Grade Points

A positive difference indicates the student outperformed the prediction; a negative difference
indicates underperformance.
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Descriptive Statistics and T-Test Results

Table 11 summarizes the key statistics for each group. Note that the t-statistic and p-value
describe the statistical relationship between the two groups and therefore are not specific to either one
individually.

Table 11. Summary of T-test comparing student performance differences between groups. T-statistic and p-value
apply to the comparison across groups.

Statistic With Recommendation Without Recommendation
Mean Difference 1.00 -1.20

Standard Deviation 1.30 1.79

Sample Size 15 15

T-Statistic (comparison) 3.99 -

P-Value (comparison) 0.00051 -

Since the p-value is less than 0.05, the result is statistically significant. We conclude that the
personalized study plan recommendations led to a meaningful improvement in student performance.

Box Plot Interpretation

Figure 6 presents a box plot comparing the distribution of performance differences.

Performance Difference by Group

i I

Difference (Final Grade - Predicted Grade)
Lo

With Recommendation Without Recommendation

Figure 6. Box plot showing distribution of score differences (Final Quiz Score - Predicted Score). Students with
recommendations had higher medians and tighter distributions.

Students who received recommendations demonstrated more consistent performance and fre-
quently exceeded their predicted grades. In contrast, students without recommendations tended to
underperform and displayed more variability. This visual evidence aligns with the statistical findings
and supports the hypothesis that tailored study support enhances learning outcomes.

The observed gains align with the system’s core objective of providing personalized academic
guidance tailored to individual learning styles and interaction behaviors, underscoring its potential
effectiveness in real-world educational environments.

5. Discussion

This study was designed to examine how data-driven methods can be used to improve student
success in online learning environments. The research addressed three core questions: (1) the relation-
ship between LMS engagement and academic performance, (2) the feasibility of predicting student
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performance from LMS data, and (3) the impact of personalized study plans tailored to learning styles.
The findings corresponding to each research question are summarized below.

5.1. RQ1: What Is the Nature of the Relationship Between Student Engagement with LMS Activities and
Academic Performance?

The analysis revealed a strong correlation between students’ engagement patterns and their
academic outcomes. K-means clustering identified two clear engagement clusters: high and low
engagement. These clusters were not only distinct in terms of LMS interaction metrics but also mirrored
differences in formative assessment scores. The high engagement cluster consistently achieved better
assignment marks.

When final exam grades were added to the dataset, three distinct engagement-performance
profiles emerged: (1) high engagement-high performance, (2) low engagement-high performance, and
(3) low engagement-low performance. Notably, no students were found in the high engagement-low
performance category, suggesting that consistent interaction with LMS content is a strong predictor of
academic success. However, the presence of low-engagement-high-performance students suggests
that other latent factors (e.g., prior knowledge, external support) may also influence outcomes.

5.2. RQ2: How Accurately Can Student Performance Be Predicted Based on LMS Interaction Patterns?

Student performance prediction was approached as a multi-class classification task using 14
grade categories. Among the models tested, the Support Vector Machine (SVM) achieved the highest
accuracy at 68.8%, especially when the dataset was enhanced with SMOTE to mitigate class imbalance.
This is a strong result considering the complexity of the task.

The application of dimensionality reduction (PCA) did not improve model performance and was,
in some cases, detrimental. This likely stems from the already limited number of features in the dataset.
Thus, while data balancing techniques proved beneficial, further dimensionality reduction is not
recommended for similarly constrained datasets. Future models may benefit from richer interaction
data, potentially including time-on-task, clickstream sequences, or quiz-level behavior.

5.3. RQ3: How Effective Are Personalized Study Plans, Aligned with Learning Styles, in Enhancing Student
Performance in Online Learning Environments?

The effectiveness of personalized study plans was evaluated through a controlled experiment.
Students in the experimental group received customized recommendations based on predicted perfor-
mance and VARK-assessed learning styles, while the control group did not. The experimental group
showed significantly better performance: 60% improved their grades compared to only 6.7% in the
control group. Only 13.3% of the experimental group saw performance decline, compared to 66.7% in
the control group.

Further analysis showed that students predicted to achieve mid-level grades (C+ to B+) benefited
the most from recommendations, with nearly all of them improving. High-performing students (A—
and above) maintained their performance or improved slightly, with minimal drop-off. These findings
suggest that personalized study plans are particularly effective for students at risk of underperfor-
mance.

Figure 5 visualizes these group-level differences, reinforcing the positive impact of the study
plan recommender system. This section may be divided by subheadings. It should provide a concise
and precise description of the experimental results, their interpretation as well as the experimental
conclusions that can be drawn.

6. Conclusion and Future Work

This research demonstrates that LMS interaction data can be effectively used to: (1) Detect
meaningful student engagement patterns; (2) Predict academic performance at fine-grained level with
reasonable accuracy; (3) Recommend personalized study plans that enhance learning outcomes.
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However, several areas remain for improvement. The study treated all LMS interactions equally,
without weighting their pedagogical value. Future work should investigate the impact of different
activity types (e.g., forum participation vs. resource views) on outcomes. Additionally, models tailored
to specific courses or subject domains may offer improved predictive performance.

Expanding the dataset and incorporating real-time interaction features will also help to improve
model robustness. Lastly, integrating learner feedback into the study plan recommender system could
pave the way for adaptive, hybrid recommendation models that further enhance student engagement
and success in online learning environments.
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