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Abstract: An online Learning Management System (LMS) is a web-based technology used to organise, implement, and
evaluate a learning process. In this context, the use of automated techniques is required to cluster the activities of students,
allowing for better identification of their behaviours from large data sets. The initial phase in developing such an automated
approach is to collect log information. An online LMS is suitable for this purpose, as it contains a large user behaviour
data set. In this study, activity and process information are extracted from such a data set, followed by analysis of user
behaviours to obtain various insights, such as the correlation between the learning process and the academic performance
of students. By discovering processes, checking performance, and analysing engagement from the log data obtained from
an online LMS, user behaviours can be successfully identified. In addition, the results demonstrate that the behaviours
of students slightly affect their grades; for example, students with strong engagement in the online LMS tend to achieve
higher marks. To support the significance of this study, a proposed scheme is provided along with examples and results.
The key goal of this study is to identify student behaviours. By comparing different algorithms that can be applied in the
context of this study, the results indicate that the k-Means clustering algorithm and Naive Bayes classification algorithm
are suitable methods for this purpose.
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Abbreviation
LMS Learning Management System
CRISP-DM  Cross-Industry Standard Process for Data Mining
IBK Three letter acronym

1. Introduction

The use of the k-Means clustering and Naive Bayes classification methods can be expected to improve the analysis
of system user behaviour based on log data providing, for example, the times at which each user logs in and out, changes
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made to the data, and other information. In this context, collecting log information from the systems that students and
instructors use can facilitate relevant analyses. In this study, we examine an online Learning Management System (LMS)
that contains a data set potentially capable of describing user behaviour extract appropriate activity and process information
and then analyse the behaviours of system users to obtain various insights, such as the correlations between the learning
process and student academic performance.

This study aims to analyse the academic performance of students based on data obtained from an online LMS. To
achieve this aim, there are several objectives that must be accomplished. The first is to identify user behaviours based
on their activities using process mining. The second is to use k-Means clustering and Naive Bayesian classification to
analyse student behaviours. The third is to obtain insights regarding the academic performance of students based on the
data and process mining results.

Given the varied usage patterns among students and instructors, understanding how LMS engagement correlates with
academic performance is essential. Such insights can inform teaching strategies and encourage more effective use of the
platform. Understanding of these relationships is important for the instructor, in order to evaluate the effectiveness of the
course flow, as well as for the students, in order to motivate them to use the LMS effectively based on their overall and
individual performance in the course. Hence, there is a need to assess student behaviours from data obtained from LMSs,
using analysis techniques to determine the relevant processes and exploring their relationships with academic performance
through correlation analysis.

In this research, it is argued that technological developments can overcome the issues inherent to online learning,
thus increasing its quality. The associated behavioural process is affected by both the materials provided to the students
and their individual learning patterns. Moreover, once determined, they can be utilised to motivate them to benefit from
such technology.

2. Background study

This section presents an overview of related studies that have identified user behaviours based on their log data, the
implementation of machine learning algorithms.

There are two key research works that have considered the implementation of the k-Means algorithm for user
behaviour prediction [1, 2]. Based on network log data from an educational institution, the first related work [1] focused
on the actions of internet users. Their goal was to discover what resources were commonly accessed, such that they
could identify behaviours in the internet activities of users. The data utilised in this study were obtained from a one-week
observation period at an educational institution in Indonesia. The k-Means technique was used to examine the data using
two software tools: Statistical Package for the Social Sciences (SPSS) and RapidMiner. A pre-processing stage was also
conducted, in order to remove unnecessary data. The results indicated that the educational institution’s internet was mainly
used to access search engines, information websites, and social media websites. It is interesting to note that constraints
were imposed on the source data during the profiling process. To achieve the best results in the profiling process, the data
should include information about computer-related activities.

The purpose of the second related work [2] was to broaden the understanding of identifying user behaviours in
collaborative online social networks by analysing the benefits of a quantitative technique based on clustering algorithms.
This approach was assessed through comparison with the user behaviours assessed according to traditional qualitative
methodology. This procedure is crucial as, although there are many tools available to make the process simpler, analysis
based on user observations remains time-consuming. By gathering enough observational data, it was possible to fulfil
the research objective. The benefit of utilizing quantitative approaches was represented by the statistical certainty of the
analysis on all users with a minimum confidence level. The techniques used in the first paper [1] to examine data (i.e.,
the Means algorithm in SPSS and RapidMiner) were more accurate, as the unnecessary data were identified and screened
using the pre-processing technique.

Another two key research papers have focused on the implementation of different algorithms for user behaviour
prediction [3, 4]. The first relate work [3] proposed a strong classifier to predict buying intentions based on user activity
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data from a large e-commerce website. The results of this study are significant as online merchants may gain a deeper
knowledge of the actions and intentions of consumers, allowing them to expand their market by tracking relevant search
patterns. Two classifiers-logistic regression and random forest-were used to assess the data. The first result of the study
was that logistic regression did not present the same advantages as the random forest algorithm. Another finding was
that networks pre-trained with Stacked Denoising Autoencoders reached the highest accuracy for deep learning, due to
the sparseness of the considered data set. As the results clearly indicated the gap in the performance improvement when
compared with a larger data size, it would be interesting to determine the effect when using a much larger volume of
training data.

The second related work [4] was to focus on the detection and identification of user behaviours through web usage
mining with the main goal being to identify the most and least popular web pages. It is important to understand how
website users interact with a site, as this may provide guidance on how to best restructure it and reduce confusion among
the users. The technique utilised to gather log data was web usage mining, and the sub-tasks included resource searching,
information selection, and pre-processing. The data were analysed using a novel technique called visitor online behaviour
analysis. Their findings indicated that the proposed algorithm can efficiently classify the preferences of users for various
categories of websites. In addition, web usage mining has shown considerable promise and is commonly used for activities
such as web personalization, pre-fetching, and rearrangement. In this paper, we adapt this finding due to its demonstrated
efficacy in categorizing people in several types of website users.

A further two research works [5, 6] have considered implementation of the k-Means algorithm to achieve other
objectives. The purpose of the first related work [5] is to get the capacity to track the academic development of students.
This approach was designed in order to develop methods to improve learning and academic performances by tracking
the progress of the students. The data were analysed using the k-Means clustering algorithm and the Euclidean distance
measure. The paper produced several key findings, as follows: First, the k-Means clustering algorithm serves as a good
benchmark for monitoring the progression of student performance; second, it improves the decision-making of academic
planners by monitoring the performance of students every semester, allowing for improvement of future academic results
in subsequent academic sessions.

The second related work [6] discussed the development of an application to assist universities in categorising the
IT skills of first-year students, based on their IT proficiency and experience. The aim of this method was to prevent any
favouritism in the university. In the results of this study, the Python program achieved the best outcome (of 68% accuracy)
when using 50 data samples to predict the grade range based on the IT experience of the students. The division of classes
in the institution demonstrated the success of the study, as the results obtained in practice had high accuracy. The steps
elaborated in the paper were presented in detail and can be considered useful for future research.

Two key research works have considered the use of several types of log information [7, 8]. In the first related work
[7], it was discussed how a database system is typically located deep within the business network, which gives insiders the
opportunity to attack, breach, and eventually steal the data. The goal of the paper was to develop a technique to reduce the
likelihood of a successful attack on the organisation’s database while simultaneously improving its performance. Three
steps were followed to analyse the data: Using software on database server that allows for efficient log collection and
secure data transfer, analysing the collected log data based on reports and searches, and retaining log data that are directly
mandated by several regulations.

It is important to possess a logging system that meets current operational, security, and compliance standards. This
results in the flooding of audit log data and the adoption of log management solutions. While vendor-specific database
tools might be useful, a complete log management solution is a better option in most cases.

The second related work [8] investigated the log analysis capability of major commercial products. The significance
of the study is that the context-aware result obtained through structured analysis allows analysts to automate operations
by implementing result selection according to context information. Therefore, structured analysis is advantageous for
automation. The findings in this research included existing log data analysers that solve a subset of the problems
encountered by log analysts, a new framework that provides effortless structural extraction of log data by expressing
the format of a log file in a declarative language, and a strong platform that is required for log data processing, but not
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for the user interface engine. This work provided relevant results by dividing them into several successful outcomes;
however, it was not as accurate as the first paper, and no solution was presented.

3. Learning management systems

A LMS is a software program or web-based technology that is used to organise, implement, and evaluate a particular
learning process. An LMS is important for helping users to better organise the educational process [9] and to ensure that
they are developing transferrable skills. In this research, we focus on the students: the system must be designed with a
user-friendly interface such that the students can easily figure out how to work with the system. Applying intelligence
components to the system can provide a better experience that suits the needs of users.

Student engagement in a traditional classroom tends to have a positive effect on grades, with students achieving
higher grades as their participation increases. In terms of LMSs, a previous study [10] has examined student behaviours
when participating in both LMSs and face-to-face courses. This study aimed to identify two factors: the characteristics
of LMS participation that the student accomplishes, measured by the course grade, and the range of participation profiles
that are used to describe the LMS activity of students.

The collected data described the activity of 48 senior-level students enrolled in 400-level courses. SPSS was used
to generate descriptive statistics and explore the correlations between the LMS activity and course grades of students.
The k-Means clustering method was chosen, as all of the standardised input variables were in a continuous format [11].
The outcome of this approach was consistent with the expectation that there exists a positive relationship between LMS
participation and student achievement.

Traditionally, institutions group students according to their grade points. One study [12] aimed to develop a system
that identifies students based on their academic performance with a fair preference. A total of 20 records relating to
students from the Department of Information and Computer Science were used as the data set, and k-Means clustering
was used to strengthen the prediction of student performance. The findings were considered effective in categorising the
performance into three clusters, and the result was expected to overcome the difficulty in identifying students.

Other works have focused on classification to predict student behaviours in learning management systems [13, 14].
The authors of [13] claimed that monitoring user behaviour is necessary. Two pre-processing techniques were used: A
fuzzy rule-based system and linear regression. Fuzzy rules were proposed for network user web behaviour classification
while linear regression was used for prediction. From the simulation results, it was inferred that the proposed technique
has high potential for the classification of users. The logs were retrieved from a central server and the conclusion was that
the algorithm used was a success.

Another study stated that the measurement of student performance is an important part of the education system [4].
The use of data mining in an LMS relies on the use of data to enhance teaching and learning methods, as well as to predict
the achievement level of students. The data used in this study were collected from various courses at Eindhoven University
of Technology from 2014 to 2015.

The authors of [14] investigated factors affecting students’ readiness towards using the Blackboard LMS in the
context of the University of Ha’il in Saudi Arabia. The study employs the Student Online Learning Readiness model
to assess technical, social, and communication competencies’ impact on students’ readiness. The research findings
suggest that all three competencies significantly influence students’ readiness to use Blackboard LMS. This research is
exclusively centred on a singular university, offering a rationale for our investigation aimed at conducting a comprehensive
examination of our institution. Similar findings were obtained by examining differences in student characteristics at the
beginning of the course, as they had a positive influence on predicting their final grades. The grade became less relevant
as the semester progressed, and the primary elements became more important in predicting a better grade.

Although both of the abovementioned research papers provided interesting predictions, the outcome from the second
paper was not finalised as the data shifted at the end of the study. This was due to the unclear result of the decision tree
J48 algorithm; therefore, only results obtained using the ID3 algorithm were presented.
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A growing body of literature highlights the importance of cloud-based infrastructures and immersive technologies in
enhancing educational outcomes. For example, the use of smart technologies in open education settings has been found to
improve student autonomy and learning personalization [15]. Moreover, combining cloud platforms with augmented
reality fosters interactive learning environments that increase motivation and deepen understanding [16, 17]. These
findings support the rationale for mining LMS log data to better understand and predict learner behaviors, aligning with
the goals of our study.

4. Methodology

In this research, the Cross-Industry Standard Process for Data Mining (CRISP-DM) [18] is modified and used as a
methodology to carry out process mining. There are eight phases in this model.

In detail, the first phase is business understanding, which takes place before proceeding to the other phases. Four
tasks are conducted in this phase: Determining the objectives, assessing the situation, determining process mining goals,
and producing a project plan.

The second phase is data understanding, which describes the details of the log information used, the algorithms, and
the user behaviour. There are also four tasks in this phase: Data collection, describing the data, exploring the data, and
verifying the quality of the data. This aligns with prior work on data-centered service composition, where system log
information was central to automating and refining service behavior analysis [19].

In the data preparation phase, pre-processing is carried out to make sure that the datasets are ready for use. Pre-
processing facilitates better monitoring and improvement of the modelling process. The data preparation tasks include
selecting and cleaning the data, the latter of which is achieved by constructing, integrating, and formatting the values in
the data sets.

The fourth phase is activity discovery which involves finding events from the log files. The main steps in this
phase are preparation, visualisation, and analysis. The fifth phase involves the visualisation of the data (e.g., using
charts). This process starts with specifying the number of clusters & to be assigned, followed by initialising k centroids
randomly. These processes are repeated, following which each point is assigned to its closest centroid. The repetition is
completed once there are no more centroids to be positioned. The k-Means clustering algorithm was chosen due to its
efficiency, interpretability, and proven performance in educational data mining contexts where behavioral log data are
high-dimensional and unlabeled. We set the number of clusters to k£ = 3, based on domain knowledge anticipating three
primary user groups: students, lecturers, and admins. The initial centroids were randomly selected, and the algorithm was
run until convergence was achieved (i.e., no change in cluster assignment). To validate the clustering, we examined the
coherence of activities within each cluster and compared cluster assignments with known user roles where possible.

Once the clusters are produced, the Naive Bayesian classification phase is applied. The steps for the proposed
classification approach include splitting the data into training and testing sets, followed by training the model and, finally,
evaluating the classifier to be used. The Naive Bayesian algorithm was selected because of its simplicity, fast training
speed, and strong performance with large categorical datasets where independence assumptions are reasonably valid.
Moreover, Naive Bayes is robust to noise and requires relatively small training data for effective learning. We used the
Weka tool to implement the algorithm, performing a 70/30 train-test split.

The evaluation phase is carried out to verify that the process conducted in the previous phase meets the relevant
objectives. The first task in this phase is evaluating the performance results and reviewing the process. We measured
the results using precision, recall, and F-measure. We also compared Naive Bayes with Instance-Based learner (IBK)
and decision tree J48 classifiers as baselines. The best performance was achieved by Naive Bayes, with a nearly perfect
F-measure, confirming its suitability for this type of behavioral classification.

The final phase starts with the evaluation results and concludes with a strategy for deployment of the data mining
result in the associated context. This final phase includes four tasks: Planning the deployment, monitoring and
maintenance, producing the final report, and reviewing the project. Figure 1 depicts the phases of the proposed research.
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Figure 1. Overview of research phases

5. Analysis

In this section, we detail the mining and analysis of the LMS logs obtained from a real course module in a
particular undergraduate course at our university. Specifically, log data were collected from one undergraduate course
module, involving a total of 69 students enrolled during the semester. The module was conducted over a 14-week period,
during which students engaged with various LMS activities such as assignment submissions, quiz attempts, content
viewing, and grade tracking. The data comprised approximately 26,480 log instances associated with student interactions,
which provided a substantial foundation for identifying behavioural patterns and correlating them with final academic
performance. This dataset size offers a meaningful representation of student engagement in a typical LMS-enabled course
environment at our institution.

We investigate the logs and their contribution to LMS, in order to identify the frequencies of the activities related to
the final grades of each student. Our key objective is to identify the effect of a given activity in the learning management
system on a student’s final grade.

Data pre-processing was first conducted to discover the best outcome from the acquired data. The data used were
extracted from the module log files. There were nine features in the original dataset: Time, user full name, affected user,
event component, component, event name, description, origin, and IP address. Two additional columns were included in
the file: User and grade. These columns were utilised after the process mining phase. For comprehensive understanding
of the final data set used for the analyses, Figure 2 shows sample data for one module.

The collected events were grouped according to the activities of each student in the LMS, in order to determine the
grades of each student according to their contributions. The events that most often accrued in the LMS were extracted by
observing the number of views, submitted files and uploaded files by the students.
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4 A | B I c | D | E | H | G | e 1 ||
1 Time User full name User Event context Component | Event name Description Origin| IP address |Grade)
2 [2/02/22. 16:14 C Student | Course: CI3517 Research Methods System Course viewed The user with id 3262 viewed the course with id 1258. web |10.106.67.1 | A
3 |24/01/22,11:3 Student | Forum: Announcements Forum Course module viewed The user with id 3282 viewed the forum activity with course  web | 10.106.67.1 | B+
4 |24001/22,11:33 O Student | Course: CI3517 Research Methods System Course viewed The user with id 3282 viewed the course with id 1258. web |10.106.67.1 | B+
5 124/01/22,11:33 N Student | Assi Peer forms for yo The status of the submn: has  The user with id 3282 has viewed the sut status pag | web | 10.106.67.1 | B+
6 [24/01/22,11:33 F Student | Assignment: Peer assessment forms for yo Assignment Course module viewed The user with id 3282 viewed the assign activity with course | web | 10.106.67.1 | B+
7 [24/01/22,11:33 1 Student | Assi Project 3rd draft The status of the submn: has = The user with id 3282 has viewed the sut ion status pag | web | 10.106.67.1 | B+
8 |24/01/22,11:3 Student | Assi Project 3rd draft Course module viewed The user with id 3282 viewed the assign activity with course | web | 10.106.67.1 | B+
9] D Student | URL: Recorded online lecture (in case you System Course activity completion updat | The user with id 3282 updated the completion state for the | web | 10.106.67.1 | B+
10, E Student | File: Slides System Course activity completion updat | The user with id 3282 updated the completion state for the | web |10.106.67.1 | B+
1124 N Student | Lesson: Recorded Video (Self learning bef System Course activity completion updat | The user with id 3282 updated the completion state for the | web |10.106.67.1 | B+
1224 Student | URL: MS Team link of Online Discussion System Course activity completion updat | The user with id 3282 updated the completion state for the | web | 10.106.67.1 | B+
1324 T Student | URL: Recorded Video (Self learning before| System Course activity completion updat | The user with id 3282 updated the completion state for the | web | 10.106.67.1 | B+
1424 1 Student 3517 Research Methods System Course viewed The user with id 3282 viewed the course with id 1258. web |10.106.67.1 | B+
15 A Student 17 Research Methods System Course viewed The user with id 32 ewed the course with id 1258. web |10.106.67.1 | A
16, Student : CI3517 Research Methods User report Grade user report viewed The user with id 3301 viewed the user report in the gradeboo | web | 10.106.67.1 | B+
17 L Student | Course: CI3517 Research Methods System Course viewed The user with id 3301 viewed the course with id 1258. web |10.106.67.1 | B+
18 Student | Forum: Announcements Forum Course module viewed The user with id 3287 viewed the forum activity with course | web | 10.106.67.1 | A+
19] Student | Course: CI3517 Research Methods System Course viewed The user with id 32! ewed the course with id 1258. web |10.106.67.1 | A+
20 Student | Course: CI3517 Research Methods System Course viewed The user with id 3262 viewed the course with id 1258. web |10.106.67.1 | A
21 Student | Assi, Project 2nd draft The status of the subm has | The user with id 3261 has viewed the sut ion status pag | web | 10.106.67.1 | A
22 Student | Assignment: Project 2nd draft Assignment Course module viewed The user with id 3261 viewed the assign activity with course | web | 10.106.67.1 | A
23 Student | Course: CI3517 Research Methods System Course viewed The user with id 3236 viewed the course with id 1258. web |10.106.67.1 | A
24] Student | Assi, Peer forms for yo The status of the subm has  The user with id 3290 has viewed the sut ion status pag | web | 10.106.67.1 | A

Figure 2. Module log information

6. Data pre-processing and data analysis

This section details the characteristics of the data. The first step was data cleaning, followed by process mining, data
clustering and data classification.

Data cleaning is a strategy used to enhance the quality of data, ensuring that there are no missing data and that
no inappropriate data types are used. Data cleaning helps to increase productivity and to produce the best result. The
‘search’ function was applied to each column, in order to guarantee that there were no missing values. The result was that
no missing values were identified; however, an alteration was applied, as the inclusion of a symbol to indicate the user
ID in the ‘Description’ column meant that it could not be read by the process mining tool. Hence, these symbols were
deleted before proceeding to the next phase.

Next, feature selection and engineering were conducted. From the original nine raw columns (e.g., Time, User Full
Name, Event Component), we extracted and synthesized new features to support behaviour analysis. For example, the
columns ‘User’ and ‘Grade’ were added. These columns were required for clustering and classification. The ‘User’
column was divided into three attributes: Student, lecturer, or admin. The ‘Grade’ column contained the final grade
obtained by each student. The ‘User full name’ column was copied and pasted at the end of the other columns, and the
student’s name was replaced according to their grades. This was carried out using the ‘Replace and Find’ function. For
the lecturers and admin staff, the grade value was set to ‘Null’.

For clustering, the cleaned and structured data were normalized prior to applying the k-Means algorithm. The value of
k was set to 3 based on the expected role-based grouping (students, lecturers, admins). Features contributing to clustering
included frequency of logins, types of activities (e.g., quiz attempts, file submissions), and session durations. To assess
clustering performance, we analysed cluster cohesion, role consistency within clusters, and inter-cluster separation. This
structured pre-processing pipeline ensured that only high-quality, behaviourally relevant data were used for downstream
analysis.

Process mining helps us to discover the processes in a data set and produce an automated flow diagram according
to the processes in the supplied data. The labels that we observed were information related to the activities of students in
the LMS. After uploading the data set, the labelled attributes must be identified according to the properties of the LMS.
Figure 3 shows the attributes and sample data, whereas Table 1 details the conversion of the attributes. The visualization
in Figure 3 was generated using Disco software [20].
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Pattern... matches all

‘ TOWS.
Timestamp
Time # User full name % User | % Event context | % Component |

j@ 2/02/22, 16:14 Student ~ Course: CI3517 Research Methods System

PR 24/01/22,11:33 Student  Forum: Announcements Forum

kRl 24/01/22,11:33 Student ~ Course: CI3517 Research Methods System

PR 24/01/22,11:33 Student ~ Assignment: Peer assessment forms for your grou... Assignment
R 24/01/22,11:33 Student ~ Assignment: Peer assessment forms for your grou... Assignment
[@ 24/01/22,11:33 Student ~ Assignment: Project 3rd draft Assignment
gB 24/01/22, 11: Student ~ Assignment: Project 3rd draft Assignment
[l 24/01/22. 3 Student ~ URL: Recorded online lecture (in case you want to ...~ System

R 24/01/22 2 Student  File: Slides System

i) 24/01/22, Student ~ Lesson: Recorded Video (Self learning before onlin...  System

j88 24/01/22. Student ~ URL: MS Team link of Online Discussion Session 5 System

24101122, 11:32
24/01/22, 11:32

Student ~ URL: Recorded Video (Self learning before online di. ~ System
Student ~ Course: C13517 Research Methods System

S ZmO=mzZz200

»wrEpnoHNNHONONQNNONNNONNAHANHANOIR

j¥8 19/01/22, 15:19 Student  Course: CI3517 Research Methods System

JBR 17/01/22, 14:06 Student  Course: CI3517 Research Methods User report
i3 17/01/22, 14:06 Student  Course: C13517 Research Methods System

JUA 13/01/22,11:38 Student ~ Forum: Announcements Forum

JER 13/01/22, 11:38 Student ~ Course: CI3517 Research Methods System

JCN 4/01/22, 08:17 Student ~ Course: C13517 Research Methods System

P} 2/01/22, 18:50 Student ~ Assignment: Project 2nd draft Assignment
pJB 2/01/22,18:50 Student ~ Assignment: Project 2nd draft Assignment
b8 1/01/22,22:34 Student  Course: CI3517 Research Methods System

pR§ 11/12/21,17:30 Student ~ Assignment: Peer assessment forms for your grou...  Assignment
pZ8 11/12/21,17:30 Student  Assignment: Peer assessment forms for your grou...  Assignment
pRR 11/12/21,17:30 Student ~ Assignment: Peer assessment forms for your grou...  Assignment
I3 11/12/21,17:30 Student ~ Assignment: Peer assessment forms for your grou. File submissions

Studen ssianment: Peer assessment forms for yo

Figure 3. Data labelling in the process mining tool

Table 1. Conversion from attribute to labelled data

Attribute Label Attribute Label
Time Timestamp Event name Timestamp
User full name Resource Description Resource
User Resource Origin Resource
Event context Activity IP address Activity
Component 1D Grade D

Once the data were completely labelled, they could be imported to automatically generate a visualisation map of the
mined activities. This map is essential for discovering the flow of each activity from the logs that cannot be analysed
directly. Figure 4 presents a simplified flowchart of the map. The first activity carried out by a student is to examine the
module in the LMS after it is assigned by the administration. The next step is to attempt quizzes or assignments from the
lecturer, followed by submitting files, viewing the status of a submission and, finally, verifying their grade for the module.

Student Activity
I

| Course module viewed |
1
| Attempting quiz or assignment |

|
File submission

Submission status viewed

|—| View module grade |

Figure 4. Student activity flowchart
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Statistical information were produced based on the outcomes, as illustrated in Figure 5. Six random students were
selected as examples, together with their associated events and activities. The students were selected with one associated
with each grade (A+, A, B+, B, C+, C), in order to determine the different amounts of data. Figure 6 presents the mean
and median case duration (in days) for the abovementioned activities.

Student 6 _7 1% 153

Student 5 ey 385
Student 4 i 397
Student 3 S+ 169

Student 2 g 445
Student 1 ey 397

0 50 100 150 200 250 300 350 400 450 500
Cases = Events = Activities

Figure 5. Student statistics

=Median Duration - Mean Duration

26 246
20.5

18.1 17.8 17 17.8 14.2
13.8 1413.9

Student 1 Student 2 Student 3 Student 4 Student 5 Student 6

Figure 6. Mean and median case duration for each student’s activity

k-Means clustering was conducted before proceeding to the final phase of data analysis, (i.e., classification), in order
to discover groups that had not been labelled properly in the data. We expected to obtain three clusters on the basis of
activities related to the user role: Admin, lecturer, or students.

Based on the outcome of the clustered instances, cluster 0 contained 67% of instances, cluster 1 contained 26%, and
the remaining 7% was attributed to cluster 2. Table 2 summarises the instances.

Table 2. Clustering instances and percentages

Cluster Instances Percentage
0 17,967 67%
6,959 26%
2 1,782 7%

From these results, we focused on the first cluster, which was initially expected to be activities related to the students.
The obtained clusters were used to support the classification of the grades of the students. The number of instances for the
students in each cluster differed. Cluster 0 contained 14,829 instances, cluster 1 had 6,919 instances, and the remaining
1,444 instances were in cluster 2.

The three clusters identified in the k-Means analysis reflect distinct user behavior patterns. Cluster 0 has the highest
number of instances, as this was the group of students that were intensely active in using the LMS, carrying out activities
such as attempting the assignments, answering quizzes, submitting files, and viewing the submitted assignments. Clusters
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1 and 2 were associated with various activities. Cluster 1 seemed to involve any materials created by the lecturer, whereas
cluster 2 was related to the allocation of students to their courses at the beginning of LMS access by the administration.

This segmentation not only validates the effectiveness of the clustering configuration (k = 3), but also demonstrates
that behaviorally distinct user groups can be automatically identified based on LMS logs. Such profiling is valuable
for LMS administrators to understand the distribution of activity across user roles and to detect anomalies or under-
engagement within expected groups. Moreover, this clustering lays the groundwork for tailored interventions. For
example, students with activity patterns that diverge from Cluster 0 could be flagged for additional support or
encouragement.

Figure 7 represents the clusters in distinct colours. Cluster O is shown in blue, cluster 1 is in red, and cluster 2
is in green. The admin activity-related cluster was quite homogeneous, with the colour being 99% blue. The cluster
for the students was colourful, signifying that the students completed a range of activities from various resources. The
classification algorithms utilized for this analysis were executed through Weka software [21].

Plot: CI3517 New _ clustered

Admin

Lecturer

5
o
a #
VJ
3,353.
Class colour 13,353.5 26,707
cluster 0 cluster 1 cluster 2

Figure 7. Representation of k-Means clustering result

For the classification, different algorithms were tested in order to determine the one with the best result. The
classification algorithms chosen for this study were Naive Bayes, IBK, and J48. The student’s grade was appointed
as the targeted class.

The Naive Bayes algorithm is well-known to perform well with categorical input variables, in comparison to
numerical input variables [22] and is based on a probabilistic model that involves strong independence assumptions.
Based on the output shown in Figure 8, the result of the weighted average F-measure is almost 100%. Overall, 4,563 of
the instances were correctly classified, with only 1 incorrectly classified instance.

While the Naive Bayes classifier achieved an exceptionally high weighted average F-measure of nearly 100%, this
result may raise concerns about potential overfitting. Overfitting occurs when a model performs extremely well on the
training data but fails to generalize to unseen data. In our case, the result may be influenced by the nature of the dataset
and the possibility that some features strongly correlate with the target labels, making them easier to classify. However,
to ensure that the model performance is not inflated due to overfitting, we acknowledge that future studies should apply
additional validation techniques such as k-fold cross-validation or holdout methods. This would provide more rigorous
insights into the model’s generalization capabilities and stability across different data splits.

IBK is an algorithm that does not develop a model; instead, it produces a prediction for a test instance. This approach
aims to measure the position of k instances in the data and utilises the selected instances to make a prediction [23]. The
result of this algorithm, as illustrated in Figure 9, was 64% of its weight average with 68% correctly classified instances.
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===Sunmary ===

Correctly Classified Instances 4,563 99.9781%
Incorrectly Classified Instances 1 0.0219%
Kappa statistic 0.9996

Mean absolute error 0.0018

Root mean squared error 0.0122

Relative absolute error 0.9164%

Root relative squared error 3.9467%

Total Number of Instances 4,564

===Detailed Accuracy By Class ===
TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area Class

1.000  0.000 1.000  1.000 1.000 1.000 1.000 1.000 B+
1.000  0.000 1.000  1.000 1.000 1.000 1000 1.000 A
1.000  0.000 1.000  1.000 1.000 1.000 1.000 1.000 B
1.000  0.000 1.000  1.000 1.000 1.000 1000 1.000 A+
1.000  0.000 1.000  1.000 1.000 1.000 1000 1.000  C+
1.000  0.000 0967  1.000 0.983 0.983 1000 0997 C
Weighted Ave. 1000 0.000 1.000  1.000 1.000 1.000 1.000 1.000

Figure 8. Naive Bayes algorithm results

===Sunmary===

Correctly Classified Instances 3,637 68.0831%
Incorrectly Classified Instances 1,705 31.9169%
Kappa statistic 0.4637

Mean absolute error 0.1149

Root mean squared error 0.2755

Relative absolute error 60.7254%

Root relative squared error 89.8151%

Total Number of Instances 5,342

===Detailed Accuracy By Class ==

TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area Class

0.878 0473 0674 0878 0.762 0.435 0.760 0.734 A
0.292 0.068 0486 0292 0.365 0.277 0.703 0398 B+
0226 0031 0481 0226 0.308 0.275 0.708 0317 A+
0.195 0011 0411  0.195 0264 0.264 0.712 0203 B
0211 0001 0727 0211 0327 0.389 0.666 0225 C
0321 0.000 0900 0321 0474 0.537 0.781 0356  C+
0.999 0.001 0994 0999 0996 0.996 1.000 0.998  Null
Weighted Ave. 0.681 0266  0.651  0.681 0.646 0.455 0.773 0.635

Figure 9. IBK algorithm results

One of the most widely used algorithms for the evaluation of categorical and continuous data is J48. This algorithm is
defined using decision trees and, thus, produces a visualisation that includes nodes associated with attributes in a branching
strategy. The outcome of the J48 classification method is shown in Figure 10, from which it can be seen that 65% of the
instances were correctly classified. A weighted average is a technique used to combine multiple evaluation metrics by
assigning different weights to each metric. It allows us to prioritise certain metrics over others based on their importance
in the evaluation process. However, the F-measures for the A+, A, B+, B, C and C+ classes could not be fetched properly,
resulting in an error when producing the percentage of the weighted average. The F-measure could only be read for the
classes A and Null.

The classification results further support the role of LMS behavior in predicting student performance. The Naive
Bayes classifier outperformed both IBK and J48, achieving an F'-measure close to 100%. Although Naive Bayes assumes
feature independence-which may not fully hold in behavioral data-it remains a strong baseline due to its efficiency and
robustness to noise. In contrast, the IBK algorithm, which is sensitive to the curse of dimensionality, yielded a lower
F-measure (64%). J48 also struggled, likely due to sparse categorical combinations and an imbalanced label distribution.
These results reinforce our choice to prioritize Naive Bayes, while also highlighting the limitations of instance-based
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and tree-based classifiers in this context. From a practical standpoint, the classification model could be deployed in an
early-warning system to predict academic risk levels based on LMS usage patterns.

===Sunmary ===

Correctly Classified Instances 3,508 68.6683%
Incorrectly Classified Instances 1,834 34.3317%
Kappa statistic 0.3455

Mean absolute error 0.143

Root mean squared error 0.2666

Relative absolute error 75.6015%

Root relative squared error 86.9014%

Total Number of Instances 5,342

===Detailed Accuracy By Class ===
TP Rate FP Rate Precision Recall F-Measure MCC ROC Area PRC Area Class

1.000 0726 0606 1000 0.754 0.407 0.637 0.606 A
0.000  0.000 2 0.000 ? ? 0.579 0207 B+
0.000  0.000 2 0.000 ? ? 0.573 0130 A+
0.000  0.000 2 0.000 ? ? 0.567 0043 B
0.000  0.000 2 0.000 ? ? 0.565 0.008 C
0.000  0.000 2 0.000 ? ? 0.565 0.006  C+
1.000  0.000 1.000  1.000 1.000 1.000 1.000 1.000  Null

Weighted Avg, 0.657 0382 2 0.657 ? ? 0.663 0.503

Figure 10. J48 algorithm results

7. Results and discussions

According to the clustering results shown in Figure 11, the clusters were not misleading and the number of clusters
was optimal. There were three clusters, and the best cluster was cluster 0, as it provides more activities for the students.
During the evaluation, whether the clusters matched the data set or not was identified by monitoring the number of
incorrectly clustered instances.

=== Model and evaluation on training set ===
Clustered Instances
0 17,967 (67%)

1 6,959 (26%)
2 1782 (7%)

Class attribute: User
Classes to Clusters :
0 0 2 <-- assigned to cluster
14,829 6,919 1,444 Student
3,125 40 3381 Lecturer
13 0 01 Admin
Cluster 0 <-- Student
Cluster 1 <-- No class

Cluster 2 <-- Lecturer

Incorrectly clustered instances: 11,541.0 43.2118%

Figure 11. Result of the clustering algorithm

Clustering techniques are used to group any labelled data that are too sophisticated to cluster manually. They are
used to acquire cluster labels from each test data set before proceeding to the next phase. The performance of the data is
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strengthened by clustering, which has a strong impact on providing a highly accurate classification outcome. Clustering
improved the precision, recall, and accuracy values of the classification approach used in this study.

The clustering results indicated that there were 11,541 wrongly clustered instances, which is approximately 43%.
This led to a sparse number of correctly clustered instances. As listed in Table 3, the best result, in terms of the F-
measure, was for Naive Bayes. J48 was only able to make predictions on numeric attributes to produce its pattern. These
results were calculated from the weighted average percentage under the F-measure.

Table 3. Summary of the classification results

Algorithm F-measure
Naive Bayes 100%
IBK 64%
J48 Null

Naive Bayes classification was found to provide the best classification result in the context of this study. The most
likely reason for this is that it enables us to model quantitative and qualitative information about the behaviour of students
[24]. Naive Bayes is an ideal classification technique, as the datasets used were huge and it can avoid over-fitting. Some
other benefits of Naive Bayes are that it is easy to build as the structure is given priority, there are no learning procedures,
and it is an efficient classification process.

In addition, the activities conducted by the admins were comparable to the activities conducted by the students and
lecturers during clustering, as they consisted of similar activities. Another issue was that sometimes the data set was not
always classified appropriately, according to the grades and the activity resources.

The findings of this study imply that the activities in the LMS may significantly affect the grades of the students.
Table 4 presents summary data for the six randomly selected students indicating that the selected students engaged in a
varying number of activities and events in their learning phase in LMS. The data indicate that the students who were more
often engaged in the LMS could be predicted to achieve a higher grade at the end of their studies. Although no students
failed the class, there were students with lower grades (i.e., C+ and C) who were still observed to be active in the LMS.

Table 4. Summary of each student’s activities

Student  Activities Events Cases Mean duration  Median duration  Grade

1 21 397 7 20.5 days 18.1 days B
2 18 445 7 26 days 17.8 days A+
3 17 169 6 17 days 15.3 days C
4 20 397 7 24.6 days 17.8 days A
5 21 385 3 13.8 days 14.2 days B+
6 18 153 7 14 days 13.9 days C+

By reviewing the log data, we observed that most of the students were highly active and used the LMS occasionally.
Furthermore, our objective was to identify the performance of students and the simplest approach that may be followed
to encourage students to achieve better results in their studies. Hence, from the results of the study, we can consider the
provided approach to have successfully achieved this goal.

The findings of this study offer practical value for both instructors and LMS administrators. For instructors,
understanding how student activities in the LMS relate to academic performance allows them to identify students who may
be at risk early in the semester based on their interaction patterns. Instructors can use this information to implement timely
interventions, such as providing additional support or encouraging greater LMS engagement for students who are less
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active. For LMS administrators, clustering and classification results can guide the development of intelligent notification
systems or dashboards that flag students with potentially lower engagement. These features could be integrated into the
LMS to assist teaching staff in real-time decision-making. Additionally, tracking engagement trends over time can help
inform instructional design, course sequencing, and the allocation of learning resources, eventually supporting improved
learning outcomes.

Overall, the combined clustering and classification results not only offer a diagnostic lens into student engagement
patterns but also present opportunities to develop predictive analytics tools that enhance student retention and success
through data-informed teaching interventions.

8. Conclusion

The goal of this study was to identify the behaviours of students based on their activities recorded in an online
Learning Management System (LMS). The k-Means clustering and Naive Bayes classification techniques were utilised to
examine the student behaviours. These behaviours were identified using process mining, with the aim of obtaining insights
into the academic performance of the students. The purpose of carrying out the clustering and classification steps was to
ensure better performance. We proposed the use of data from an online LMS, as it contains a huge data set reflecting user
behaviours. We extracted certain activity and process information from the system, and then analysed the user behaviours
in the system to obtain insights such as the correlation between the learning process and academic performance of students.
By discovering processes, checking performance, and analysing engagement from the log data in a learning management
system, user behaviours can be identified, and it can be determined whether they affect academic performance or not. In
conclusion, based on the outcomes of the analysis, the engagement of students in the learning management system was
found to affect their final grades; however, it should be noted that the students who obtained lower grades were also active
in the online LMS. Overall, our main objective was to identify both the performance of students and the simplest approach
which can be followed to encourage students to achieve better results in their studies.

While the study provides valuable insights, several limitations should be considered to balance the conclusions. First,
the data set is limited to 79 students from a single module at Universiti Teknologi Brunei, which may not fully represent
diverse learning contexts or larger student populations. Second, the analysis relies solely on LMS log data, potentially
overlooking external factors such as offline learning activities, personal circumstances, or instructor interventions that
could influence academic performance. Third, the institutional-specific context may limit the generalizability of the
findings to other educational settings with different LMS implementations or cultural factors. Future research should aim
to expand the sample size, incorporate multi-source data (e.g., surveys or classroom observations), and conduct cross-
institutional studies to validate and extend these results.
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