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Abstract

Many students do not put in sufficient effort at the beginning of the academic
year, leading to grades that are insufficient for completing courses or obtaining
scholarships. This study aims to analyze and predict student performance on
the Moodle platform to provide early interventions and improve academic out-
comes. The analysis focused on various courses from the 2023-2024 academic year
at SDU University, selected due to their high average number of students and
well-established structures.

The research involved collecting data on three predictive factors: the number
of completed assignments, the total time spent on the course, and the number of
actions on the platform. Six machine learning algorithms were applied to predict
student performance: k-Nearest Neighbor, Random Forest, Decision Tree, Logistic
Regression, Naive Bayes, and Support Vector Machine. The study compared the
effectiveness of early prediction at 5, 10, and 15 weeks into the courses.

Key findings indicate that student activities on Moodle are significantly cor-
related with higher academic performance. The Support Vector Machine model
showed the best results in the early weeks, while the Random Forest model demon-
strated stable results over longer periods. These findings highlight the potential
of machine learning models to identify at-risk students early, allowing for timely
support and interventions.

The implications of this research are significant for educators and administrators.
The ability to predict student performance early can facilitate timely interventions,
helping students improve their academic results and reduce withdrawal rates. This
study contributes to the growing body of knowledge in educational data analysis
and learning analytics, providing a foundation for future research to refine and
expand predictive capabilities in educational institutions.
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Annarna

Kemnreren cryjieHTTeD OKY KBLIBIHBIH OACHIH/IA OKY YJIrepiMiHe XKEeTKIKTI KYIIT
JKyMcaMaybl, OyJ/I KypcTap/bl asgKTayra HeMece CTUIEHINs ajlyfa >KeTKiTKci3 6o-
JIBITI KAJIATBIH Karjgaitaap TybiHgaraibl. byr 3eprrey Moodle mrardopmackinia
CTY/ICHTTEP/IiH, Y/ITePIMiH Tasjiay *KoHe 60/Kayra OarbITTaaral, epre 60KaM ¥Ka-
cay mrapajapblH KaMTaMachl3 €Til, aKaJIeMUSIbIK HOTHZKeJIeP/l KaKCapTy MakK-
carpigga Kacaarad. Tamxmay SDU yauBepcuterinig 2023-2024 0Ky >KbLIBIHIAFDI
OPTYPJIL KypCTapbliHa YKacaJJIbl, COHBIH IMTiHJIE CTY/JAeHTTEP/IIH, OpTAaIlla CaHbl KOl
JKOHE KYPBLJIBIMBI YKaKChl O€JITJIeHIeH KypcTap TaHIaJIIbl.

Beprrey GapbIChIHIA YIIT OOKaMIbI (DAKTOpP OOWBIHITIA MOTIMETTED KUHAJIHL:
OPBIHIAJIFaH TaIlChIpMaJIap CaHbl, KYPCTa YKAJIbl ©TKI3LITEH yaKbIT YKOHE IIIaT-
dopmaiarer opekerTep canbl. CTyAeHTTEPIIH YIrepiMia OoJ/Kay YIIH aJIThl Mallli-
HaJIbIK, OKBITY ajroputmaepi kKoaganbLiael: k-Nearest Neighbor, Random Forest,
Decision Tree, Logistic Regression, Naive Bayes kone Support Vector Machine.
Beprreyne Kypcrapabie b, 10 kome 15 anrachiHga epre OOIKAYIBIH THIMIITINH
CAJTBICTBIPBLIIJIBI.

Herizri kopbrTbinibuiap 6oiibiaia Moodle-garsr cTyieHTTiH 9peKeTTepi Koraphbl
aKaJeMUsJIBIK VIrepiMMeH afiTap/blKTail OailIaHbICThI eKeHIH KepceTei. Support
Vector Machine mojiesti epre arrrasiap/ia eH »Kakcbl HOTHKeIep KopceTTi, ajg Random
Forest mozei y3ak Mmep3im/ii Ke3eH iep/ie TypaKThl HOTUKeIep KopceTTi. By aoru-
JKeJlep MaIlluHAJbIK, OKBITY MOJIE/TbJIEPIHIH KayinTi aiMaKTa TypraH CTYJAeHTTepP/Il
epTe aHbIKTay MYMKIHJIITMH aTall KepceTedi. byl yaKbIThLIbI KOy MEeH apasacy
ImapaJjiapblH KAMTAMAChI3 €Tyre MYMKIHJIIK Oepe/ii.

Byt zeprreyain myrasiMiep MeH OKIMIMIIK VIITIH MaHbI3IbI ocepsepi 6ap. Cry-
JIGHTTEP/IiH, YIrepiMia epTe 0oJKay MYMKIHJIT YaKbITBLIBI apajacylapra bIKIaJ
eTi, CTy/JAeHTTepre aKaJIeMUsIbIK HOTUXKEIEPIH XKaKcapTyra YKoHe OKYJ/IaH ITbIFY
JICHI'eifiH TOMEH/ IeTyTe KOMeKTece ajia/ibl. by 3eprrey 6i1im O6epy JiepeKTepin TaJ-
Jlay »KOHE OKBITY aHAJUTUKACHI CaJachIHIAFbl Oi/1iM KOPBIHBIH, apTyblHA YJIeC KO-
CBII, OoJialiak 3epTreyiepre 6iaiM 0epy MekeMmesepinge 60JKay MYMKIHIIKTEPiH
JKETLIPY 2KoHe KeHeWTy YIIMH Heri3 0oJia ajiajib.



AnHoTtanmng

Muorue cTyeHThl B Hadaje y4eOHOro rojia He IPUKJIAJIBIBAIOT JTOCTATOUHBIX
YCUINiA, 9TO MPUBOJUT K HEYIOBJIETBOPUTE/ILHBIM OIEHKAM, HEJIOCTATOYHBIM JIJIst
3aBepINeHNs] KyPCOB UJIU MOJIYIeHUsI CTUIIEH/IU. DTO MCCIeOBAHNE HAITPABIEHO
Ha aHAJIM3 U ITPOTHO3UPOBAHUE YCIIEBAEMOCTHU CTYJIEHTOB Ha 1aaTdopme Moodle ¢
IEJIBI0 TTPEIOCTABIEHIS PAHHAX [TPOTHO30B U YJIYUIIEHUS aKaJIeMIIeCKUX Pe3ylb-
TaToB. AHAIN3 OBLI POBEJICH MO Pa3IuIHbIM Kypcam 2023-2024 yuebHoro roja B
yausepcutere SDU, BK/IOUYasi KypChl ¢ OOJIBITUM CPEIHUM KOJUYIECTBOM CTY/ICH-
TOB U XOPOIIIO YCTAHOBJIEHHON CTPYKTYPOIi.

B xoje uccienopanus ObLIN COOPaHbI JJAHHBIE 10 TPEM IIPOTHO3UPYIONUM (haK-
TOpaM: KOJUIECTBO BBIITOJTHEHHBIX 3a/IaHUil, 00Iee BpeMs, IPOBEIEHHOE Ha Kyp-
ce, ¥ KOJMYeCTBO JeiicTBuii Ha mardopme. J[ng mpornosupoBanus ycreBaeMo-
CTU CTYICHTOB ObLIN IIPUMEHEHbI IEeCTh AJTOPUTMOB MAITUHHOIO OOyueHus: k-
Nearest Neighbor, Random Forest, Decision Tree, Logistic Regression, Naive Bayes
u Support Vector Machine. B nccienoBanun cpaBanBaiach 3(pPeKTUBHOCTD PaH-
Hero mporuo3upoBannd Ha o, 10 m 15 Heerax Kypcos.

OcHoBHBIE BBIBOJIBI MOKA3BIBAIOT, YTO JielicTBUSA cTyeHTOB Ha Moodle 3nauu-
TEJILHO CBSI3aHBI C BLICOKOI aKkaleMu1iecKoii ycreBaemocTbio. Mojiess Support Vector
Machine nokazajia HaWJIydIIue Pe3y/abTaThl Ha PAHHUX HEJE/IAX, TOrJa KaK MO-
nenb Random Forest pemoncTpupoBasia crabuibHble pe3y/bTaThl Ha 6ojee -
TEJIbHBIX TePUOJIaX. ITH PE3YJIbTATHI MOIEPKUBAIOT BO3ZMOXKHOCTH MOJIEIeil Ma-
IIITHHOTO OOYY€eHUsI PAHO BBIABJIATH CTYJIEHTOB, HAXOJAINIUXCA B 30HE PUCKA, UTO
[IO3BOJISIET CBOEBPEMEHHO ITPEJIOCTABISATD MOJIJIEPKKY U BMEIIATEIHLCTBA.

DTO WCC/IEIOBAHNE MMeeT BarKHOe 3HAYUeHUue i IperojaBaresieil u aJMUHU-
crparuu. Bo3aMOKHOCTb PAHHETO IMPOrHO3MPOBAHUS YCIIEBAEMOCTH CTYIECHTOB CIIO-
coOCTBYeT CBOEBPEMEHHBIM BMeIaTeTbCTBAM, IIOMOTas CTY/IEHTaM YJIydIaTh CBON
aKaJIeMIIecKre pe3yIbTaThl U CHUYKAThH yPOBeHb oTuncaenuii. /lannoe nceiaemnosa-
HUEe BHOCUT BKJIaJI B PACTYyIee KOJIMYECTBO 3HAHUN B O0JIACTH AHAIN3a JAHHBIX
B oOpazoBaHUU U y4eOHOU aHAJUTUKH, ITPEJOCTAB/ISASA OCHOBY JIJIsi OYIIyIIUX WC-
CTICJIOBAHUI TIO YJIYyUIIECHUIO U PACIIUPEHUIO BO3MOYKHOCTEH MPOTHO3MPOBAHUS B
00pa30BaTEeIbHBIX YUPEKICHUAX.
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Abbreviations

LMS — Learning Management System

Moodle — Modular Object-Oriented Dynamic Learning Environment
KNN — K-Nearest Neighbor

RF — Random Forest

SVM — Support Vector Machine

LR — Logistic Regression

HMAC — Hash Massage Authentication Code
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Chapter 1

Background and motivations

1.1 Introduction

In contemporary educational environments, Learning Management Systems (LMS)
have become indispensable tools for organizing and managing the learning process.
Among these systems, Moodle stands out as one of the most popular platforms,
offering a flexible and comprehensive environment for both educators and stu-
dents. The Moodle platform allows for the creation and management of various
educational materials, the administration of tests and exams, the organization of
discussion forums, and the provision of students with access to their grades and
course materials at any time. This makes Moodle a powerful tool for supporting
distance and blended learning, as well as traditional forms of education.

However, despite its numerous advantages, a significant problem remains—the
lack of timely and accurate feedback regarding students’ current academic progress
within Moodle. Students often do not receive prompt information about their
progress, which makes it difficult for them to understand their strengths and weak-
nesses and to adjust their learning activities accordingly. This information gap can
lead to negative consequences, such as the loss of scholarships and the need to re-
take courses. As a result, students may experience stress, reduced motivation to
learn, and ultimately, a decline in their academic performance.

The study explores the use of machine learning (ML) techniques for analyzing
student progress and behavior in Moodle in order to forecast academic achievement
and offer prompt solutions. Machine learning offers effective tools for analyzing
large volumes of data, enabling the identification of hidden patterns and the mak-
ing of accurate predictions. The use of ML in education can greatly improve our
comprehension of how students engage with course content and what aspects affect
their academic performance.

Moodle LMS Overview

Moodle is an open-source learning environment that offers a complete, safe, and
adaptable system for establishing personalized learning environments to instruc-
tors, administrators, and students. It encompasses a wide range of functionalities,



including multimedia lectures, quizzes, assignments, and discussion forums, which
support a holistic approach to learning and engagement. The platform’s flexibil-
ity allows educators to tailor courses to meet specific learning objectives and to
accommodate diverse learning styles.

Bologna Process and Course Withdrawals

Under the Bologna Process, students have the flexibility to withdraw from
courses without academic penalty if they do so by a specified deadline. However,
late withdrawals can have significant consequences, including the loss of scholar-
ships and the necessity of retaking courses.

At our university, the option to withdraw in a timely manner is a crucial feature
that can prevent these negative outcomes, provided that students are adequately
informed about their academic standing. Ensuring that students receive timely
and accurate feedback about their performance is essential to enable them to make
informed decisions about course withdrawals.

Retakes and Scholarship Forfeiture

University policies regarding scholarship retention and course retakes are strin-
gent. Students who fail to meet the minimum performance criteria risk losing their
scholarships and being required to retake courses. This not only extends their time
to graduation but also increases the financial burden associated with their edu-
cation. Recognizing students who may underperform at an early stage can help
mitigate these issues by allowing for timely interventions that support students in
improving their academic performance and retaining their scholarships.

Online Students and Courses in Moodle

The Moodle system at our university supports a large number of online students
and courses. According to the latest statistics, approximately 11,500 students are
enrolled in over 2,600 courses for the 2023-2024 academic year. A significant
amount of data is produced by this widespread use, which can be used to learn
more about the behavior and academic achievement of the students. This data may
be analyzed using machine learning techniques, which opens up the possibility of
creating predictive models that can improve learning outcomes for educators and
students.

Integrating LMS with Machine Learning

Integrating machine learning methods with LMS data presents promising op-
portunities for improving educational outcomes. Machine learning can automate
the data analysis process, identify key metrics such as the number of completed
assignments, time spent on learning activities, and frequency of interactions, and
use these metrics to predict academic performance.

Numerous techniques, including Support Vector Machines, Decision Trees, Ran-
dom Forests, Logistic Regression, k-Nearest Neighbors, and Naive Bayes classifiers,
can be used to create accurate predictive models.



Advantages of Data Analysis in Moodle

Moodle’s extensive data logging capabilities provide a rich source of informa-
tion for detailed analysis. Every student action, from accessing learning materials
to submitting assignments, is recorded, allowing for thorough tracking of student
engagement and progress. This data is invaluable for developing predictive models
that can forecast student performance and identify those at risk of underperform-
ing. Analyzing this data not only enhances the quality of education but also
provides students and teachers with timely and accurate information needed for
informed decision-making.

Addressing the Problem with Machine Learning

This study uses a variety of machine learning methods for predicting academic
performance in the future for students based on their Moodle interactions. Im-
portant information includes how many tasks are finished, how long classes take,
and how often students interact with the course materials. By analyzing these fac-
tors, we aim to provide early warnings to students and educators, enabling timely
actions to improve academic outcomes and reduce the likelihood of failure.

Aim of the research

The aim of the research is for investigating and implementing machine learning
methods for predicting academic achievement of students by analyzing their in-
teractions with the Moodle learning management system. By doing so, the study
aims to provide timely feedback and interventions to support students and enhance
their academic outcomes.

This research specifically seeks to bridge the gap between raw educational data
and actionable insights. By leveraging the vast amount of interaction data avail-
able in Moodle, we aim to identify patterns and trends that can reliably forecast
a student’s future performance.

Additionally, the research seeks to identify the most effective machine learning
models for predictive analysis. We compare different algorithms, including Naive
Bayes classifiers, Random Forests, k-Nearest Neighbors, Decision Trees, Support
Vector Machines, and Logistic Regression, in order to evaluate the advantages and
disadvantages of each method in the context of educational data.

Relevance of the research

The integration of Machine Learning (ML) in analyzing educational data, specif-
ically through platforms like Moodle, holds transformative potential for the field
of education. The relevance of this research can be highlighted across several
dimensions:

1. Enhanced Predictive Analytics in Education

Predictive analytics powered by ML can provide unprecedented insights into
student behaviors and outcomes. This research is crucial as it explores the fea-
sibility and effectiveness of using ML to forecast academic performance based on



behavioral data from Moodle. Such predictive capabilities allow for the early iden-
tification of at-risk students, enabling timely interventions that can significantly
improve student retention and success rates.

2. Data-Driven Decision Making for Educators

By effectively analyzing behavioral data from LMS platforms, educators can
gain a deeper understanding of student engagement and learning processes. This
research aims to equip educators with data-driven insights that can inform cur-
riculum design, teaching strategies, and student support mechanisms. The ability
to adapt teaching methods based on solid data analysis could revolutionize person-
alized education and help educators meet diverse learner needs more effectively.

3. Improving Learning Management Systems

The findings from this research could lead to improvements in the functionality
and effectiveness of LMS platforms like Moodle. Developers may improve these
platforms to encourage these activities by understanding what behaviors are as-
sociated with student success. One such solution is to integrate ML algorithms
directly into the LMS to give instructors and students real-time statistics and

feedback.
4. Contributions to Educational Theory and Practice

This study connects theoretical data mining approaches with real-world educa-
tional applications, expanding the corpus of knowledge in educational technology.
It extends the existing theories of student engagement and online learning effec-
tiveness, offering empirical evidence and methodological innovations that can be
adopted in various educational settings.

5. Scalability and Accessibility in Education

The research also has implications for the scalability and accessibility of quality
education. By combining open-source platforms like Moodle with the scalability
of machine learning models, educational institutions can deliver more personalized
and adaptive learning experiences to a larger audience at a lower cost. This is
especially important in areas with limited educational resources.

6. Policy Making and Institutional Strategy

On a broader scale, this research can influence policy-making and strategic deci-
sions within educational institutions. With robust predictive models, institutions
can better allocate resources, plan educational offerings, and design support ser-
vices that are more aligned with student needs and behaviors, leading to improved
educational outcomes and efficiency.

In conclusion, this research is relevant because it has the potential to greatly
improve the way that educational data is used to enhance teaching and learning
environments. By focusing on ML and Moodle data, the study not only addresses
technical and analytical challenges but also aligns with broader educational goals
such as increasing accessibility, personalization, and effectiveness of education.



Significance of the Research

This research is significant because it addresses a critical gap in the provision
of timely feedback to students about their academic performance. By leveraging
the capabilities of machine learning, the study aims to improve the accuracy and
timeliness of performance predictions, thereby enabling early interventions. This
can help prevent negative outcomes such as the loss of scholarships and the need for
course retakes, ultimately supporting students in achieving their academic goals.

Research Objectives
1. Investigate Patterns of Student Behavior

Analyze the behavioral patterns of students within the Moodle platform across
various courses, focusing on key metrics such as the number of assignments com-
pleted, time spent on course activities, and the frequency of interactions with
course materials. This will help identify the most significant predictors of aca-
demic performance.

2. Compare Machine Learning Models Evaluate and compare the performance
of six machine learning classification models: Logistic Regression, Decision Tree,
Random Forest, k-Nearest Neighbors, Support Vector Machine, and Naive Bayes
— in predicting student performance at the 5th, 10th, and 15th weeks of the
semester. This comparison aims to determine the most accurate and reliable model
for early prediction of academic success.

3. Early Identification of At-Risk Students

Use predictive models to identify students who are at risk of underperforming
early in the semester. This early identification will enable educators to intervene
promptly and provide the necessary support to improve the students’ academic
outcomes.

4. Evaluate Intervention Effectiveness

Assess the effectiveness of different intervention strategies based on the early
predictions of student performance. This includes analyzing how timely feedback
and additional support impact students’ progress and final grades.

5. Enhance Data Preprocessing Techniques

Develop and refine data preprocessing techniques to handle the large and com-
plex datasets generated by Moodle. This involves cleaning, normalizing, and trans-
forming the data to improve the accuracy of machine learning models.

6. Explore Longitudinal Data Analysis

Investigate the use of longitudinal data analysis to capture changes in student
behavior and performance over time. This approach will provide deeper insights
into the dynamic nature of student engagement and its impact on academic out-
comes.

7. Integrate Multiple Data Sources



Combine data from various sources within Moodle, such as attendance records,
assessment scores, and interaction logs, to create a more comprehensive and holistic
predictive model. This integration aims to enhance the model’s accuracy and

reliability.
8. Generalize Findings Across Courses

Evaluate the applicability of the predictive models across various courses and
educational settings.



Chapter 2

Literature Review

2.1 History and Evolution of Learning Manage-
ment Systems (LMS)

The creation of Learning Management Systems (LMS) has been a major ad-
vancement in educational technology, changing how educational content is de-
livered, managed, and utilized. This part provides a summary of the history
and development of LMS, focusing on the important milestones and technological
breakthroughs that have contributed to their present form.

Computer-assisted instruction originated in the 1960s and 1970s with the emer-
gence of the first LMS generation. Early examples include PLATO (Programmed
Logic for Automatic Teaching Operations) developed at the University of Illinois
and IBM’s Coursewriter. These systems primarily focused on delivering instruc-
tional content and quizzes, laying the groundwork for future developments in ed-
ucational technology [1].

The internet’s widespread adoption in the 1990s transformed educational tech-
nology, giving rise to web-based LMS. The advent of HTML and web browsers
enabled educational institutions to provide content online. Blackboard, launched
in 1997, became one of the most well-known web-based LMS platforms, providing
tools for course management, communication, and assessment [2].

In the early 2000s, open-source LMS became popular, with Moodle (Modu-
lar Object-Oriented Dynamic Learning Environment) being a prominent exam-
ple. Developed by Martin Dougiamas in 2002, Moodle offered a customizable and
cost-effective alternative to proprietary systems like Blackboard. Its open-source
nature allowed institutions to tailor the platform to their specific needs, leading
to widespread adoption globally [3].

With technological advancements, LMS capabilities grew. Incorporating mul-
timedia elements like video lectures and interactive simulations significantly en-
hanced the learning experience. The integration of Web 2.0 tools enabled greater
interactivity and collaboration among students and educators. LMS platforms be-
gan to support features like discussion forums, wikis, blogs, and real-time chat,
fostering a more engaging and interactive learning environment [4].



The proliferation of smartphones and tablets in the late 2000s and early 2010s
brought about the era of mobile learning. LMS platforms began to develop mo-
bile applications, allowing students to access course materials and participate in
learning activities on the go. Simultaneously, the adoption of cloud computing
facilitated the development of cloud-based LMS, providing scalability, flexibility,
and reduced IT overhead for educational institutions [5].

Recent advancements in data analytics have further transformed LMS. The
integration of learning analytics tools within LMS platforms allows educators to
track student performance, engagement, and behavior in real-time. These insights
enable the development of personalized learning paths, adaptive assessments, and
targeted interventions, enhancing the overall effectiveness of the educational pro-
cess [6].

The future of LMS will involve the ongoing incorporation of emerging tech-
nologies like artificial intelligence (AI), machine learning (ML), and virtual reality
(VR). AT and ML can improve personalization by offering more precise predictive
analytics and recommendations. VR can offer immersive learning experiences, en-
hancing engagement and effectiveness in education. As LMS platforms advance,
they will be pivotal in shaping the future of education|7].

2.2 Using Moodle LMS in Education

Learning Management Systems (LMS), particularly Moodle, have become in-
tegral to educational institutions globally due to their flexibility and extensive
features. Moodle provides a platform for managing course content, facilitating
communication, and tracking student progress. During the COVID-19 pandemic,
reliance on these systems increased as institutions shifted to online learning envi-
ronments |8].

Studies have shown the effectiveness of Moodle in enhancing educational expe-
riences. For example, researchers at the University of Split employed data mining
techniques on Moodle logs to forecast final exam grades, evaluating various classi-
fication methods such as Decision Tree, k-Nearest Neighbor, Logistic Regression,
Naive Bayes, Random Forest, and Support Vector Machine. They discovered that
Random Forest and Support Vector Machine yielded the highest accuracyl9].

Despite these advantages, there are challenges. One significant issue is the
need for more sophisticated methods to evaluate LMS effectiveness without rely-
ing solely on subjective measures such as surveys. Learning Analytics tools, which
use log data to provide real-time insights, offer more accurate evaluations com-
pared to traditional methods [§].

In our study, we face similar issues but focus specifically on the gap between stu-
dents’ perceived and actual progress within Moodle. Unlike general effectiveness
studies, our research zeroes in on predicting academic performance to help stu-
dents avoid late withdrawals and loss of scholarships by providing timely feedback
and interventions based on their interactions with Moodle.



2.3 Student Engagement in Online Learning Envi-
ronments

Student engagement plays a vital role in the effectiveness of online learning en-
vironments. Engaged students tend to achieve better academic results, complete
courses, and retain information more effectively. Research has identified different
aspects of student engagement: behavioral, emotional, and cognitive.

Behavioral engagement pertains to students’ involvement in academic and ex-
tracurricular activities. Emotional engagement relates to students’ emotional re-
actions to their learning experiences, including interest and motivation. Cognitive
engagement involves the effort and dedication students put into learning and com-
prehending complex concepts|10].

Online learning environments, such as those provided by Moodle, offer numerous
tools to enhance student engagement. These tools include interactive multimedia
content, discussion forums, quizzes, and real-time feedback mechanisms. Research
has shown that the use of these tools can significantly increase student engagement
and improve learning outcomes [11].

However, maintaining high levels of engagement in online learning environments
can be challenging. Factors such as isolation, lack of face-to-face interaction, and
technical issues can negatively impact student engagement. To address these chal-
lenges, educators must implement strategies that promote interaction, provide
timely feedback, and create a supportive online learning community [12].

2.4 Predictive Analytics in Education

Predictive analytics in education leverages data, statistical algorithms, and ma-
chine learning techniques to predict future outcomes based on past data. In the
LMS context, predictive analytics can anticipate student performance, identify
students at risk, and guide instructional strategies.

The use of predictive analytics in education has become increasingly popular
due to its potential to improve student success. By examining data from LMS
platforms like Moodle, educators can understand student behaviors, engagement,
and performance trends. These insights enable the creation of targeted interven-
tions to support student learning and enhance academic outcomes.|13].

Numerous studies have shown the efficacy of predictive analytics in identifying
students who are at risk. For instance, research has shown that early identifica-
tion of students who are likely to struggle can lead to timely interventions, such
as personalized support and additional resources, which can significantly improve
their chances of success [14].

One key feature of predictive analytics in education is the analysis of the time
students spend on the LMS. The time students spend on the platform can indicate
their engagement and commitment to the course. Research has found a positive
correlation between the duration of time students spend on LMS activities and
their academic performance [15]. For example, students who log in frequently,
spend more time on course materials, and actively participate in discussions tend



to achieve higher grades.

Another important feature is the analysis of student actions within the LMS.
Actions such as the number of logins, clicks, and interactions with course con-
tent can provide insights into student engagement and learning behaviors. Studies
have demonstrated that student action patterns can predict academic success. For
example, students who consistently access learning materials, submit assignments
punctually, and engage in forum discussions tend to achieve better academic per-
formance [16].

The count of completed tasks is also a significant predictor of student per-
formance. Completing assignments, quizzes, and other tasks directly measures a
student’s progress and comprehension of the course material. Research indicates
that students who consistently finish their tasks tend to achieve better academic
results. For example, the number of completed assignments has been shown to be
a strong predictor of final grades in a course [17].

Despite its advantages, predictive analytics in education faces challenges. These
include concerns about data quality, privacy issues, and the need for skilled per-
sonnel to interpret and utilize the data effectively. To maximize the impact of
predictive analytics, educational institutions must address these challenges and
develop robust data governance policies [18|. Additionally, there is a need for con-
tinuous evaluation and improvement of predictive models to ensure their accuracy
and relevance in different educational contexts [19].

In conclusion, predictive analytics in education offers significant potential for
improving student outcomes by providing actionable insights into student behav-
iors and performance. By focusing on key features such as time spent, actions
within the LMS, and completed task counts, educators can identify at-risk stu-
dents early and implement targeted interventions to support their success.

2.5 Applying Machine Learning for Performance
Prediction

Machine learning (ML) techniques are increasingly used to predict student per-
formance utilizing data from LMS platforms. These techniques offer valuable
insights into students’ academic behaviors and outcomes. Several studies have
compared different ML algorithms to determine their effectiveness in predicting
student performance.

For example, research at Ubon Ratchathani University applied six ML classi-
fiers—Neural Network, Random Forest, Decision Tree, Logistic Regression, Linear
Regression, and Support Vector Machine—to predict student performance. They
found that Decision Tree performed best at course completion, while Support Vec-
tor Machine showed the highest accuracy at early stages [20]. This suggests that
different ML models might be better suited for different phases of a student’s
learning journey.

Another notable study by Costa et al. (2017) examined the use of ensemble
learning techniques to improve the accuracy of student performance predictions.
They combined the outputs of several base learners, such as Decision Trees and
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SVMs, to create a more robust predictive model. The results indicated that ensem-
ble methods significantly outperformed individual models, highlighting the poten-
tial of integrating multiple ML approaches for enhanced prediction accuracy [21].

Despite these advancements, challenges remain. Many ML models require ex-
tensive data preprocessing and feature selection to achieve optimal performance.
For instance, Asif et al. (2017) emphasized the importance of feature engineering
in their study on predicting student performance using Moodle data. They noted
that features such as the number of forum posts, quiz attempts, and assignment
submissions were critical in enhancing model performance [22].

Moreover, the interpretability of these models is crucial for practical applica-
tion in educational settings, as teachers and administrators need to understand
the factors influencing predictions to make informed decisions [23]. The work by
Jayaprakash et al. (2014) underscores this point, showing that while complex
models like Random Forests and SVMs provided higher accuracy, simpler models
like Logistic Regression were more interpretable and therefore more useful for aca-
demic advisors [24].

In our research, we also encounter the challenge of preprocessing and feature
selection. However, our focus is on integrating various data points such as the
number of assignments completed, time spent on courses, and the frequency of in-
teractions to provide a holistic view of student performance. This approach aims
to improve the predictive power and usability of ML models in real-time educa-
tional settings.

Furthermore, the study by Romero et al. (2013) utilized clustering techniques
alongside traditional classification algorithms to identify distinct patterns in stu-
dent behavior. This multi-faceted approach allowed for a deeper understanding of
how different student interactions within the LMS could be linked to their aca-
demic outcomes [25]. By combining clustering and classification, they were able
to provide more nuanced insights that could inform tailored interventions.

In addition, Wang et al. (2019) explored the use of deep learning techniques for
student performance prediction. Their study demonstrated that deep neural net-
works could capture complex, non-linear relationships in the data, leading to more
accurate predictions compared to traditional ML models [26]. However, they also
noted the increased computational requirements and the need for larger datasets
to train these models effectively.

Our research similarly leverages a variety of ML techniques, including both tra-
ditional models and more advanced approaches like deep learning. We aim to not
only predict student performance but also to understand the underlying factors
driving these predictions. By doing so, we hope to provide actionable insights that
can support educators in making data-driven decisions to enhance student learning
outcomes.

In summary, the application of ML for performance prediction in educational
settings is a rapidly evolving field. While significant progress has been made,
challenges such as data preprocessing, feature selection, and model interpretabil-
ity remain. Our research contributes to this body of knowledge by focusing on a
holistic approach that integrates multiple data points and leverages a range of ML
techniques to provide comprehensive and actionable insights.
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2.6 Comparing Multiple Machine Learning Mod-
els for Performance Prediction

Comparative studies of multiple ML models highlight the strengths and weak-
nesses of each approach. A study at Ubon Ratchathani University compared var-
ious ML algorithms using Moodle logs and identified that while some algorithms
like Decision Trees and Random Forests offered high accuracy, others such as Naive
Bayes were less effective due to their assumptions about data distribution [27].

Another study focused on identifying successful learners and at-risk students in
a blended learning environment using the Moodle Parser tool. This study found a
strong correlation between student engagement metrics (like the number of logins
and page views) and academic performance [28]|. This suggests that models lever-
aging engagement data can effectively predict academic outcomes.

A comparative analysis conducted by Shayan et al. (2019) explored various
ML algorithms including Logistic Regression, Decision Tree, k-Nearest Neighbors,
and Support Vector Machine to predict student performance. The study concluded
that no single model consistently outperformed others across different metrics, but
a hybrid approach combining multiple models yielded better prediction accuracy.
This hybrid approach captures different aspects of student behavior, providing
more comprehensive predictions [29].

Similarly, a study by Jayaprakash et al. (2014) examined early warning systems
using different ML models to identify at-risk students. The results indicated that
while logistic regression models were highly interpretable and useful for academic
advisors, more complex models like Random Forests and SVMs provided higher
accuracy and recall [30]. This balance between interpretability and accuracy is
crucial for practical applications in educational settings.

In another research conducted by Romero et al. (2013), different classification
algorithms were applied to Moodle data to predict student success. The study
found that Decision Trees and Random Forests provided the highest accuracy,
but the precision of these models varied significantly across different datasets [31].
This variability highlights the importance of context and dataset characteristics
in model performance.

Our research similarly aims to compare multiple ML, models, including Logistic
Regression, Decision Tree, Random Forest, k-Nearest Neighbors, Support Vector
Machine, and Naive Bayes. However, our unique contribution lies in the staged
prediction approach—evaluating student performance at the 5th, 10th, and 15th
weeks—to offer timely interventions. This method addresses the dynamic nature
of student behavior over a semester, a factor often overlooked in existing studies.

By staging the predictions, our approach allows for early identification of at-
risk students, providing opportunities for timely interventions and support. For
instance, early predictions at the Hth week can help identify students who might
benefit from additional resources, while predictions at the 10th and 15th weeks
can guide more intensive interventions if necessary.

Incorporating features such as "Actions" and "Time Spent" provides a nu-
anced view of student engagement and performance. This holistic approach not
only enhances prediction accuracy but also aligns with the findings of studies that
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emphasize the importance of continuous monitoring and engagement metrics in
predicting academic success [32].

Overall, the comparative studies and our staged prediction approach underscore
the potential benefits of using multiple ML models and continuous assessment to
improve educational outcomes. By leveraging the strengths of various algorithms
and understanding their limitations, we can develop more effective and responsive
educational tools.

2.7 GAP and Future Directions

While significant progress has been made in applying ML to predict student
performance in LMS environments, several gaps remain. A major limitation is the
lack of generalizability of models across different educational contexts and courses.
Most studies focus on specific courses or institutions, limiting the applicability of
findings to broader contexts [9].

Additionally, many existing models do not account for the dynamic nature of
student behavior over time. Future research should explore the use of longitudinal
data to capture changes in student engagement and performance throughout the
course. There is also a need for more user-friendly tools that can be easily inte-
grated into existing LMS platforms to provide real-time predictions and feedback
to both students and educators [8]. Moreover, many studies have not fully explored
the potential of combining various data sources, such as attendance records, as-
sessment scores, and interaction data from multiple platforms. Integrating these
data sources could enhance the accuracy and reliability of predictive models.

In conclusion, while the application of ML in LMS has shown promising results,
further research is needed to address these gaps and develop more robust, general-
izable, and user-friendly predictive models. By leveraging the rich data available
in LMS like Moodle, educational institutions can enhance their ability to support
student success and improve overall educational outcomes. Our research aims to
fill these gaps by focusing on early prediction and timely intervention strategies,
thereby providing actionable insights that can help students and educators alike.

2.8 Future Trends in LMS and Educational Tech-
nology

The future of LMS and educational technology is shaped by several emerging
trends that have the potential to transform teaching and learning. These trends
include the integration of artificial intelligence (AI), the use of virtual and aug-
mented reality (VR/AR), and the development of more personalized and adaptive
learning environments.

AT has the potential to revolutionize education by providing personalized learn-
ing experiences, automating administrative tasks, and offering intelligent tutoring
systems. Al-powered LMS can analyze student data to create customized learning
paths, provide real-time feedback, and predict academic performance. For ex-
ample, Al algorithms can identify patterns in student behavior and performance,
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enabling the system to suggest targeted interventions or additional resources tai-
lored to individual needs [33]. This capability can help educators identify students
at risk of falling behind and provide timely support to improve their learning out-
comes [34].

VR and AR technologies offer immersive learning experiences that can enhance
student engagement and understanding of complex concepts. These technologies
can be integrated into LMS to create interactive simulations, virtual labs, and 3D
visualizations, providing students with hands-on learning opportunities that are
not possible in traditional classroom settings [35]. For instance, medical students
can practice surgical procedures in a virtual environment, or history students can
explore ancient civilizations through AR experiences, making learning more en-
gaging and effective [36].

Personalized and adaptive learning environments are designed to meet the
unique needs of each student. These environments use data from LMS to adapt
the content, pace, and learning activities based on individual student performance
and preferences. This approach can improve student motivation, engagement, and
learning outcomes [37]. Adaptive learning systems can adjust the difficulty level of
tasks in real-time, provide personalized feedback, and recommend specific learning
resources, ensuring that each student receives the appropriate level of challenge
and support [38].

As these trends continue to evolve, they will play a crucial role in shaping the
future of education. LMS platforms must adapt to these changes by incorporating
new technologies and providing educators with the tools and resources needed to
create effective and engaging learning experiences. By incorporating AI, VR/AR,
and personalized learning environments, educational institutions can significantly
enhance the learning experience, improve student outcomes, and better equip stu-
dents for the challenges of the modern world.

14



Chapter 3

Concept

In this chapter, we describe the concept of the Machine Learning algorithm as
follows:

3.1 Decision Tree

The Decision Tree algorithm is renowned for its versatility in managing both
classification and regression tasks. It functions by recursively splitting the dataset
into smaller subsets based on the values of input features. This process creates a
tree-like structure where each internal node signifies a feature, each branch repre-
sents a decision rule, and each leaf node denotes an outcome.

At each node, the algorithm selects the best feature to split the data using
criteria such as Information Gain or Gini Impurity. This splitting continues until
all data points within a subset belong to the same class or a predefined stopping
criterion is met. This method allows the Decision Tree to effectively capture the
underlying patterns in the data, making it a powerful tool for various predictive
modeling tasks [39]. Decision trees are easy to understand and interpret due to
their visual representation. They can handle both numerical and categorical data
and require minimal data preparation [40].

However, decision trees can be prone to overfitting, which means they may per-
form well on training data but poorly on new, unseen data. They are also sensitive
to small changes in the data, which can significantly alter the structure of the tree.
Additionally, decision trees tend to be biased towards features with more levels,
which can skew the model’s performance [41]. Overfitting occurs when the tree
captures noise in the data, leading to poor generalization on new, unseen data.
This issue can be mitigated by using techniques like pruning. Pruning involves
removing parts of the tree that do not contribute additional power to classify
instances, helping to simplify the model and improve its performance on unseen
data. Decision trees are also sensitive to small variations in the data; a small
change can result in a completely different tree structure. Additionally, they tend
to be biased towards features with a larger number of levels, which can overshadow
more relevant features.
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3.2 k-Nearest Neighbors

The k-Nearest Neighbor (k-NN) algorithm is a straightforward and widely-
utilized machine learning method for both classification and regression tasks. It
operates on the principle that similar data points tend to be close to each other
in the feature space. To classify a new data point, k-NN computes the distance
between this point and all other points in the training set using a distance metric
such as Euclidean or Manhattan distance. It then selects the k closest data points
(neighbors) and assigns the class label based on the majority vote among these
neighbors (for classification) or calculates the average of the neighbors’ values (for
regression). k-NN is intuitive and easy to understand and implement. However, it
can be computationally intensive, particularly with large datasets, as it requires
calculating the distance to every point in the training set for each new data point.
Additionally, k-NN can be sensitive to the choice of k and the distance metric
used, which can significantly impact its performance [42].

The algorithm’s simplicity and ease of implementation make it a popular choice
for many applications. However, it can be computationally intensive since it re-
quires calculating distances to all training points for each prediction. Additionally,
k-NN is sensitive to the choice of k (the number of neighbors) and the scale of the
features, often requiring normalization of data [43]. Despite these limitations, k-
NN is effective for small to medium-sized datasets and performs well when the
relationship between the features and the target variable is complex and nonlin-
ear, providing a flexible method for various pattern recognition and data analysis
tasks [44].

3.3 Logistic Regression

Logistic Regression (LR) is a widely used statistical technique in machine learn-
ing for binary classification tasks. It models the likelihood of a binary outcome
based on one or more predictor variables. The algorithm starts by computing a
linear combination of the input features, which is then converted into a probability
using the logistic (sigmoid) function. This function maps the output to a range
between 0 and 1, ensuring the result is a valid probability. The predicted proba-
bility is compared to a threshold (commonly 0.5) to classify the input into one of
the two classes.

The algorithm operates as follows: it starts by calculating a linear combina-
tion of the input features, weighted by coefficients derived from the training data.
This linear combination, or score, is then transformed into a probability using
the sigmoid function. The sigmoid function ensures that the output is a value
between 0 and 1, representing the estimated probability of the positive class. The
final step involves comparing this probability to a predefined threshold, typically
0.5, to make a binary decision. If the probability is greater than or equal to the
threshold, the outcome is classified as the positive class; otherwise, it is classified
as the negative class.
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Logistic regression is valued for its simplicity, interpretability, and efficiency. It
assumes a linear relationship between the input features and the log-odds of the
outcome, making it easy to understand and explain. The coefficients in the model
represent the change in the log-odds of the outcome for a one-unit change in the
corresponding feature. This interpretability makes logistic regression a preferred
choice in fields where understanding the relationship between predictors and the
outcome is crucial.

However, this assumption of a linear relationship may not always hold true in
practice, which can limit the model’s performance on more complex datasets. De-
spite this limitation, logistic regression provides a probabilistic framework that is
useful in various applications, such as medical diagnosis, credit scoring, and mar-
keting, where the goal is to predict the likelihood of a binary event occurring [45].
In these applications, the ability to produce a probability rather than just a binary
outcome is particularly valuable, as it allows for more nuanced decision-making.

3.4 Naive Bayes

Naive Bayes is a probabilistic algorithm utilized mainly for classification prob-
lems. It relies on Bayes’ Theorem and assumes that all features are conditionally
independent given the class label. Despite this "naive" assumption, it simplifies
calculations and performs effectively in practice.

The algorithm computes the posterior probability of each class based on the
given input features using the formula:

P(X|C) - P(C)
P(X)

P(C|X) = (3.4.1)
It assigns the class with the highest posterior probability to the new instance.
Naive Bayes is straightforward to implement, computationally efficient, and scales
well with large datasets. It is especially effective with high-dimensional data,
making it well-suited for tasks such as text classification, spam filtering, and similar
applications.

However, the assumption of feature independence can impact its performance,
and it can produce zero probabilities if a feature/category combination is not
present in the training data. This issue can be alleviated using techniques like
Laplace smoothing.

Naive Bayes is extensively used in text classification, medical diagnosis, and
recommendation systems due to its efficiency and effectiveness in high-dimensional
spaces [46].

3.5 Support Vector Machine

Support Vector Machine (SVM) is a robust supervised machine learning algo-
rithm used for both classification and regression tasks. It functions by identifying
the hyperplane that best separates data points of different classes in the feature
space, thereby maximizing the margin between the classes. For data that is not lin-
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early separable, SVM employs kernel functions, such as linear, polynomial, and ra-
dial basis function (RBF) kernels, to transform the data into a higher-dimensional
space where a linear hyperplane can be identified.

SVM is effective in high-dimensional spaces and resistant to overfitting, espe-
cially with the appropriate choice of kernel and regularization parameters. How-
ever, it can be computationally demanding and requires careful tuning of its pa-
rameters. Despite these challenges, SVM is widely used in various fields, including
text classification, image recognition, bioinformatics, and handwriting recognition,
due to its versatility and effectiveness [47, 48].

In summary, SVM is a powerful and versatile machine learning algorithm that
provides robust performance across different applications. Its capacity to handle
high-dimensional data and prevent overfitting, combined with the flexibility offered
by different kernel functions, makes it a valuable tool for both classification and
regression tasks. However, its computational demands and the need for precise
parameter tuning are important considerations when applying SVM to real-world
problems.

3.6 Random Forest

Random Forest is an ensemble learning technique used for both classification
and regression tasks. It generates multiple decision trees through bootstrap sam-
pling and aggregates their predictions to enhance accuracy and robustness. During
training, each tree is constructed on a random subset of features, which helps to
minimize overfitting and effectively manage high-dimensional data.

Random Forest improves predictive performance by averaging the results of
many decision trees, providing robust predictions even in the presence of noise
and outliers. It is also useful for estimating feature importance. However, it can
be computationally intensive and less interpretable than individual decision trees.

Applications of Random Forest include financial market analysis, medical di-
agnostics, remote sensing, and customer segmentation. Its versatility and effec-
tiveness in handling large datasets make it a valuable tool in various fields [49].
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Chapter 4

Methodology

This study employs predictive analytics techniques to analyze student behav-
ior data obtained from the Moodle environment at SDU University. The primary
objective is to predict students’ academic performance based on their interactions
with the Moodle Learning Management System (LMS). Additionally, the study as-
sesses the effectiveness of various classification methods, such as k-Nearest Neigh-
bor (k-NN), Random Forest, Decision Tree, Logistic Regression, Naive Bayes, and
Support Vector Machine (SVM), in developing predictive models.

4.1 Collecting Moodle data

The data for this research was obtained from the Moodle LMS at SDU Uni-
versity. It encompasses various student activities, including the number of assign-
ments completed, time spent on course materials, and overall engagement with
the Moodle platform. The dataset spans multiple courses and academic terms,
providing a comprehensive view of student behavior over time.

4.1.1 Access to the Moodle LMS Data

Abdulkarim Abdulrakhmanuly, the Director of the Distance Learning Division
at SDU University (a.abdulrakhmanuly@sdu.edu.kz), has granted permission and
access to the Moodle LMS data for research purposes. He will personally manage
all necessary methods to ensure the anonymity of the data. Specifically, student ID
numbers, names, and course titles will be anonymized to maintain confidentiality.

4.1.2 Collecting Data Using Moodle Plugins

To gather detailed and specific data on student activities, two key Moodle plu-
gins were utilized: the Course Dedication plugin and the Activity Completion
plugin.

The Course Dedication Plugin tracks the amount of time students spend on
each course. It provides detailed logs of student engagement, helping to quantify
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the dedication of each student to their coursework. The gathered data encom-
passes the total duration spent on course materials and the number of logins [50].

The Activity Completion Plugin records the completion status of various activ-
ities within the Moodle LMS. It tracks whether students have completed assign-
ments, quizzes, forums, and other course activities. The data collected includes
the number and type of completed activities, as well as the timestamps of these
completions [51].

4.1.3 Data Confidentiality and Security

Ensuring data anonymity is crucial for maintaining the confidentiality and pri-
vacy of individual users, preventing their identification. This research will adhere
to data security standards such as ISO/IEC 27001 to ensure the secure storage and
transmission of information. Abdulkarim Abdulrakhmanuly will implement robust
data security measures, including the use of cryptographic hashing methods like
SHA-256 and secure key management techniques such as HMAC. These methods
will ensure the integrity of hashed data and the confidentiality of keys, thereby
enhancing overall data security. Additionally, he has provided a Declaration of
Conformity to research and publication ethics, affirming his commitment to main-
taining ethical standards and ensuring data security and anonymity throughout
the research process.

4.1.4 Course Selection for Analysis

For the analysis, two courses, XXX123 and YYY456, were selected for the
2023-2024 academic year at SDU University. These courses were chosen for sev-
eral reasons:

High Enrollment: Both courses have a higher average number of students en-
rolled compared to other courses, providing larger datasets for more robust anal-
ysis.

Comprehensive Course Structure: The structure of both courses is fully formed,
ensuring that all relevant activities and assessments are consistently tracked and
recorded.

Complete Grade Availability: All students’ grades for these courses are dis-
played on the Moodle website, allowing for accurate and comprehensive perfor-
mance evaluation.

These characteristics make XXX123 and YYY456 ideal candidates for com-
prehensive data analysis and performance prediction. The higher number of stu-
dents ensures a more statistically significant analysis, while the well-defined course
structures and complete grade availability facilitate accurate data collection and
performance prediction.

In Figure 4.1,the dataset logs records from the Moodle LMS system, containing
information about user activities. The dataset includes timestamps, usernames,
types of actions (e.g., Course, Logs, Grades), descriptions of actions (e.g., the user
with ID ’760” viewed the course with ID "16’), the source of the event (web), and
user [P addresses. The logs capture various actions on the platform, such as view-
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A B c D E F G H
1 Time User full name Event contexi Component Event name Description Origin  IP address
2 22/02/24,16:00 Jose Montoya Course: XXX’ System Course viewed The user with id '760' viewed the course with id '16'". web 10.20.105.30
3 22/02/24, 15:59 Jose Montoya Course: XXX’ Logs Log report viewed The user with id '760' viewed the log report for the course with id '16'. web 10.20.105.30
4 22/02/24, 15:52 Jose Montoya Course: XXX Logs Log report viewed The user with id '760' viewed the log report for the course with id '16'. web 10.20.105.30
5  22/02/24,15:52 Jose Montoya Course: XXX’ Logs Log report viewed The user with id '760' viewed the log report for the course with id '16'. web 10.20.105.30
6 22/02/24, 15:51 Jose Montoya Course: XXX' System Course viewed The user with id '760' viewed the course with id '16'". web 10.20.105.30
7 22/02/24, 15:51 Jose Montoya Course: XXX’ System Badge listing viewe The user with id '760" has viewed the list of available badges for the course with the web 10.20.105.30
8  22/02/24,15:51 Jose Montoya Course: XXX’ System User list viewed  The user with id '760' viewed the list of users in the course with id '16". web 10.20.105.30
9 22/02/24,15:51 Jose Montoya Course: XXX’ System Course viewed The user with id '760' viewed the course with id '16'". web 10.20.105.30
10 31/01/24,09:27 Kevin Davis Course: XXX’ System Course viewed The user with id '12426' viewed the course with id '16'. web 10.48.11.34
11 31/01/24, 09:27 Kevin Davis Course: XXX System Course viewed The user with id '12426' viewed the course with id '16'. web 10.48.11.34
12 29/01/24, 16:52 Jose Montoya Quiz: Mini tes Quiz Quiz report viewed The user with id '760' viewed the report 'overview' for the quiz with course module id web 10.20.105.51
13 29/01/24, 16:52 Jose Montoya Quiz: Mini tes Quiz Course module vie'The user with id '760' viewed the 'quiz’ activity with course module id '8303'. web 10.20.105.51
14 29/01/24, 16:51 Jose Montoya Course: XXX’ System Course viewed The user with id '760' viewed the course with id '16'". web 10.20.105.51
15 29/01/24, 16:51 Jose Montoya Quiz: Mini tes Quiz Quiz report viewed The user with id '760' viewed the report 'overview' for the quiz with course module id web 10.20.105.51
16 29/01/24, 16:51 Jose Montoya Quiz: Mini tes Quiz Course module vie\The user with id '760' viewed the 'quiz' activity with course module id '14673". web 10.20.105.51
17 29/01/24, 16:51 Jose Montoya Course: XXX’ System Course viewed The user with id '760' viewed the course with id '16'". web 10.20.105.51
18 29/01/24, 16:51 Jose Montoya Quiz: Mini tes Quiz Quiz report viewed The user with id '760' viewed the report 'overview' for the quiz with course module id web 10.20.105.51
19 29/01/24, 16:51 Jose Montoya Quiz: Mini tes Quiz Course module vie\ The user with id '760' viewed the 'quiz’ activity with course module id '14086'". web 10.20.105.51
20 29/01/24, 16:51 Jose Montoya Course: XXX’ System Course viewed The user with id '760' viewed the course with id '16'". web 10.20.105.51

Figure 4.1 — Action file

ing courses, grade reports, and logs, enabling the analysis of user behavior and
interaction with the system.

M34 -
A B c D E F G H |
task/test/ass #1CUnnamed: 8

Email address task/test/ass # Unnamed: 2 task/test/ass Unnamed: 4 task/test/ass Unnamed: 6

2 user221958@ex Completed  2023-09-30 1 Completed 2023-09-30 14:22:£ Completed 2023-09-23 1€ Completed 2023-11-11 10:0
3 user771155@ex Completed 2023-09-30 1 Completed 2023-09-30 13:13:£Completed 2023-09-23 1£ Completed 2023-11-13 9:00
4 user231932@ex Not completed Not completed Not completed Not completed

5 user465838@ex Completed 2023-10-28 1 Completed 2023-09-30 17:08:2Completed 2023-09-23 14 Completed 2023-11-11 14:3
6  user359178@ex Not completed Not completed Not completed Completed 2023-11-11 15:5
7 user744167@ex Completed 2023-09-30 1 Completed 2023-09-30 10:04:(Completed 2023-09-23 14 Completed 2023-11-18 10:2
8  user210268@ex Not completed Not completed Not completed Not completed

9  user832180@ex Completed  2023-09-30 1 Completed 2023-09-30 17:03:2Completed 2023-09-24 9: Completed 2023-11-17 9:51
10 user154886@ex Completed ~ 2023-10-15 2 Completed 2023-10-04 13:10:f Completed 2023-09-23 14 Completed 2023-12-14 10:1
11 user237337@ex Completed ~ 2023-10-02 8 Completed 2023-10-02 8:59:1¢ Completed 2023-09-23 1% Not completed

12 user621430@ex Completed 2023-09-30 1 Completed 2023-09-30 17:46:2 Completed 2023-09-23 2( Not completed

13 user187498@ex Completed 2023-09-30 1 Completed 2023-09-30 15:24:2Completed 2023-09-23 14 Completed 2023-11-18 22:2
14 user999159@ex Completed 2023-09-30 1 Completed 2023-09-30 19:49:¢Completed 2023-09-23 1£ Completed 2023-11-11 14:0
15 user275203@ex Completed =~ 2023-10-07 1 Completed 2023-10-07 15:15:2Completed 2023-10-08 12 Completed 2023-11-11 13:2
16 user291335@ex Completed ~ 2023-10-07 1 Completed 2023-10-07 13:50:(Completed 2023-09-23 1€ Completed 2023-11-11 13:5
17 user378167@ex Completed 2023-10-05 7 Completed 2023-10-05 7:12:51Completed 2023-09-23 1§ Completed 2023-11-14 14.0

18 user141090@ex Not completed
19 user429365@ex Completed
20 user164820@ex Completed

Not completed Not completed Not completed
2023-10-07 2 Completed 2023-10-07 23:38:<¢Completed 2023-09-23 1£ Completed
2023-09-30 1 Completed 2023-09-30 13:48:1Completed 2023-09-23 2( Completed

2023-11-14 22:2
2023-11-11 12:1

Figure 4.2 — Completion file

In Figure 4.2, the dataset represents records of user activity completion statuses
in the Moodle LMS. It includes columns for user IDs, timestamps of each activity,
and completion statuses (either "Completed" or "Not completed"). Each row
contains multiple activities for a single user, indicating whether the activity was
completed on a specific date and time. This dataset allows for tracking user
progress and completion rates across different activities and time periods.

In Figure 4.3, the dataset contains records of user time dedication to courses
in the Moodle LMS. It includes columns for user IDs, timestamps, and the total
amount of time spent on each course. The dataset allows tracking user engagement
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User full name Course dedication (mins) Course dedication Connections per day

2 Michael Lopez 529 8 hours 49 mins 0.36
3 Stephen Fry 165 2 hours 44 mins 0.21
4 Michael Martin 353 5 hours 52 mins 0.3
5 Michael Jones 571 9 hours 31 mins 0.32
6 Karen Cortez 485 8 hours 5 mins 0.2
7 Brett Gates 485 8 hours 5 mins 0.3
8  Bonnie Fernand¢78 1 hour 17 mins 0.11
9 Aaron Hill 161 2 hours 40 mins 0.16
10 Robert Chapmar 483 8 hours 3 mins 0.38
11 James White 754 12 hours 33 mins 0.43
12 'Megan Haas 376 6 hours 16 mins 0.23
13 ' Robin Allison 190 3 hours 10 mins 0.2
14 Anne Guzman 939 15 hours 39 mins 04
15 Robert Villarreal 130 2 hours 10 mins 0.15

Figure 4.3 — Time spend file

and the overall time dedicated to courses.

N28 -

A B Cc D E F G

=y

User full name ID number Institution Department Course total Last downloaded from this course

2 Dr. Carrie Bailey 97.4 1715301483
3 Amanda Brandt 76.86 1715301483
4 Justin Rogers 90 1715301483
5  Timothy Bowman 121.25 1715301483
6  Jessica Gibbs 88.77 1715301483
7 Danielle Johnson 103.86 1715301483
8  Rebecca Williamson - 1715301483
9  Alexander Freeman 110.67 1715301483
10 Sydney Ward PhD 70.36 1715301483
11 Traci Williams MD 49.5 1715301483
12 Wendy Harrell 127.43 1715301483
13 Kylie Cox 108.86 1715301483
14 Sean Villanueva MD 123.36 1715301483
15 Emily Brown 73.67 1715301483

Figure 4.4 — Grades file

This dataset, in Figure 4.4, contains information about the results of students
in the Moodle course. The table contains several key fields: the user’s full name,
email address, the overall grade for the course and the time of the last download
of data from the course. The overall grades for the course are presented in the

22



form of real numbers, which allows you to analyze the academic performance of
students. This dataset can be useful for analyzing students’ interaction with the
course, predicting their academic performance and identifying factors that affect
their academic results.

4.2 Data preprocessing

Data preprocessing involved several critical steps to ensure the Moodle log data
was clean, consistent, and ready for analysis. The initial step was to handle miss-
ing values and duplicates. Missing values were addressed through imputation
techniques, where median values were substituted for continuous variables and the
most frequent values for categorical variables. Duplicates were identified and re-
moved to avoid skewing the analysis.

Key features were then extracted from the Moodle logs. These included the
number of completed assignments, the total time spent on the course and the
number of distinct actions performed on the platform. Records related to teachers
were removed to focus exclusively on student interactions and behavior.

The data was divided by date to facilitate temporal analysis and to observe
trends and patterns over time. This division helped in identifying crucial periods
within the course, such as exam weeks or assignment due dates, that might impact
student behavior.

4.3 Model training with Machine Learning

During this phase, our main objective was to collect, model, and analyze data
to derive actionable insights. The initial step involved preprocessing the raw data,
which included cleaning, integrating, and transforming it into structured entries
suitable for training and testing. We utilized Python programming on Google Co-
lab, an open-source platform that supports a variety of popular machine learning
libraries [52].

The training process was implemented in three critical steps. First, we divided
the dataset to ensure proper training and validation. Next, we selected appropriate
algorithms tailored to our data and objectives. Finally, we proceeded with model
fitting and evaluation to assess performance and make necessary adjustments. The
following details outline these steps:

The dataset of interactive student records was divided into two segments. We
allocated 80% of the data for training the models, while the remaining 20% was
reserved for testing.

Second Stage: We selected widely-used algorithms for this analysis, including
k-Nearest Neighbor, Support Vector Machine, Naive Bayes, Logistic Regression,
Decision Tree, and Random Forest. The models were developed using Scikit-learn
(Sklearn), a highly regarded machine learning library [53].

Third Stage: The models underwent training using the training dataset by em-
ploying the fit() method. During this phase, the focus was on utilizing the training
data to construct and refine the models. The training data, which comprised 80%
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of the initial dataset, provided a comprehensive basis for the models to learn and
adapt to the patterns and relationships within the data. By applying the fit()
method, each model iteratively adjusted its parameters to minimize errors and
improve predictive accuracy. This process is crucial for ensuring that the models
can effectively generalize to new, unseen data, which will be tested using the re-
served 20% of the dataset.

X_combined_15week = merged_combined_15week_df[['Course dedication (mins)', 'Count of actions']]
y_combined_15week = merged_combined_15week_df['Result']

X_train_combined_15week, X_test_combined_15week
y_train_combined_15week, y_test_combined_15week = train_test_split(X_combined_15week, y_combined_15week, test_size=0.2, random_state=42)

rf_model = RandomForestClassifier(random_state=42)
rf_model.fit(X_train_combined_15week, y_train_combined_15week)

y_pred_combined_15week = rf_model.predict(X_test_combined_15week)

accuracy = accuracy_score(y_test_combined_15week, y_pred_combined_15week)

precision = precision_score(y_test_combined_15week, y_pred_combined_15week, average='weighted')
recall = recall_score(y_test_combined_15week, y_pred_combined_15week, average='weighted')

f1 = f1_score(y_test_combined_15week, y_pred_combined_15week, average='weighted')
print(f'Accuracy: {accuracy:.4f}")

print(f'Precision: {precision:.4f}')

print(f'Recall: {recall:.4f}')
print(f'F1 Score: {f1:.4f}")

Figure 4.5 — Random Forest implementation

For example, Figure 4.5 shows the Python code used to train a Random Forest
model. The steps involve dividing the dataset into training and testing sets, fit-
ting the model, making predictions, and calculating performance metrics such as
accuracy, precision, recall, and F1 score.

4.4 Model evaluation

Each model’s performance was assessed using several metrics to ensure a compre-
hensive evaluation of their effectiveness. These metrics include accuracy, precision,
recall, and F1-score, calculated as follows:

1. Accuracy: This metric measures the proportion of correctly classified in-
stances out of the total instances. It is calculated by dividing the number of correct
predictions by the total number of predictions. Accuracy provides a straightfor-
ward indication of overall model performance but may not be sufficient for imbal-
anced datasets where the majority class dominates.

TP + TN
TP + TN+ FP + FN

Accuracy =

(4.4.1)

where TP, TN, FP, and FN stand for true positives, true negatives, false positives,
and false negatives, respectively.

2. Precision: This metric measures the proportion of true positive predictions
out of all the positive predictions the model makes. It reflects how many of the
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predicted positive instances were actually correct, which helps indicate the model’s
effectiveness in avoiding false positives.

TP
Precision = ——— 4.4.2
recision = s ( )

3. Recall: This metric evaluates the proportion of true positive predictions out
of all actual positive instances. It indicates the number of actual positive cases
correctly identified by the model, reflecting its effectiveness in capturing positive
instances.

TP
Recall = m (443)

4. F1-Score: This metric is the harmonic mean of precision and recall, offering a
single value that balances both. It is particularly useful for ensuring a comprehen-
sive evaluation of the model’s performance by balancing the concerns of precision

and recall.

Precision x Recall
F1- =2 4.4.4
Score % Precision + Recall ( )
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Chapter 5

Results and Discussion

5.1 Results

The aim of this study was to develop and compare various machine learning
algorithms, including Decision Tree, K-Nearest Neighbors, Logistic Regression,
Naive Bayes, Support Vector Machine, and Random Forest. These algorithms
were applied to Moodle LMS data to analyze student behavior and predict their
performance at different stages of their courses. We specifically compared and
evaluated the effectiveness of six classification models, trained at three stages of
the course XXX123: in the fifth, tenth, and fifteenth weeks. The evaluation of re-
sults in the tenth week is crucial for allowing students who have failed to complete
assignments or show no progress in the course to make an "early withdrawal."
This option is slightly cheaper than the "late withdrawal." The evaluation of final
results in the fifteenth week is necessary so that students with poor performance
can decide whether to enroll in summer classes or, if their final exam score is in-
sufficient for obtaining a scholarship, make a "late withdrawal" before the final
exam. Evaluations in the early weeks are used for comparison purposes. Accord-
ing to university policy, the grades for the first 15 weeks account for 60% of the
total course grade. The remaining 40% of the grade is earned through the final
exam. Our study focuses on the grades for the 15 instructional weeks (including
assignments, projects, and test results), which constitute 60% of the total course
grade. Students can obtain a scholarship if they score more than 70 points in total
for the course.

Table 5.1 — XXX123 Course Structure

Weeks 1-5 weeks 1-10 weeks 1-15 weeks
Tasks 6 tasks 11 tasks 15 tasks
Max points | max 54 points | max 104 points | max 144 points

As shown in Table 5.1, the maximum pre-final grade in this course is 144, which
is earned through 15 assignments, projects, tests, and other tasks.
Based on the grading of our XXX123 course, student indifference to course-
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work during the first five weeks may not pose a serious problem. However, by
the tenth week, a student aiming for a scholarship must have completed at least 4
assignments and earned 32 points according to the course evaluation criteria. The
remaining 40 points required for the scholarship can be earned in the final exam.
For students merely aiming to complete the course without a scholarship, there
are no significant concerns during the first 10 weeks.

By the fifteenth week, a student aspiring for a scholarship must have completed
at least 8 assignments and earned 72 points. Even for students not seeking a schol-
arship but simply wanting to complete the course, they must finish at least 3 tasks
and earn 24 points. The remaining 40 possible points can also be obtained in the
final exam.

Using these grading criteria, we conducted the following analyses. We devel-
oped and executed six binary classifiers, each utilizing default parameters. These
models were trained at various intervals throughout the course.

The first analysis was conducted using the feature "Actions." "Actions" con-
sists of the number of movements by students in this course, such as "viewed,"
"created," "submitted," "updated," "deleted," and so on.

5 Week Actions Results

0.68
066 '
Q.64 [T
0.62 086
ree KN ecision Tree

Decision Tr earest NeighborsLogistic Regression  Nalve Bayes SUpport Vector MachineRandom Forest

10 Week Actions Results

>

15 Week Actions Results

—_
—— Precision

Decision Tree _k-Nearest NeighborsLogistic Regression  Naive Bayes Support Vector MachineRandom Forest

Figure 5.1 — Action Results of XXX123 Course

The figures 5.1 display the performance results of six predictive models evalu-
ated using four metrics: Accuracy, Precision, Recall, and F1 Score. The findings
can be summarized as follows: In the fifth week, the Support Vector Machine
(SVM) model demonstrated superior performance across all metrics, achieving the
highest F1 score of 0.711 (71.10%). Conversely, the Naive Bayes model had the
lowest accuracy at 0.617, despite its relatively high precision of 0.694.

Similarly, in the tenth week, the Support Vector Machine (SVM) model once
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again demonstrated superior performance across all metrics, achieving the highest
F1 score of 0.987443 (98.74%).The Naive Bayes model showed the lowest precision
(0.860647), though its F1 score was 0.892922 (89.29%). In the fifteenth week, the
Logistic Regression model showed the best performance across most metrics, in-
cluding an F1 score of 0.834861 (83.49%). The k-Nearest Neighbors and Support
Vector Machine models also showed high performance with F1 scores of 0.833380
(83.34%) and 0.820722 (82.07%) respectively.

Overall, the SVM model demonstrated the best results in the fifth and tenth
weeks. The second analysis was conducted using the feature "Completed tasks."
This feature represents the number of tasks completed by students during the
course. These tasks can include projects, tests, quizzes, homework, and other
types of assignments.

5 Week Completion Results

10 Week Completion Results

,,,,,

0.86

Figure 5.2 — Completion results of XXX123 course

In Figure 5.2, results for the 5-week period: The SVM model showed the best
performance among all models, achieving an F1 Score of 0.660 (66.02%). The
Decision Tree model also performed well with an F1 Score of 0.642 (64.22%).

However, in the 10th and 15th weeks, almost all algorithms showed similar re-
sults. We found that this feature, specifically the "count of completed tasks," does
not provide accurate results. The data for this algorithm has significant shortcom-
ings. During our data verification, we encountered cases where some students had
only submitted one task but had 90 points out of a possible 144. This is impossible
according to the grading policy. We discovered that the Moodle platform has a
"Mark as done" button,as shown in the Figure 5.3 which is used to determine how
many tasks a student has completed. Students can click "Mark as done" even if
they have not completed the task, or they may forget to click the button even if
they have submitted the assignment.

Here is a scatter plot, as shown in Figure 5.4, that compares the number
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Opened: Saturday, 14 October 2023, 9:00 AM
Closed: Saturday, 14 October 2023, 6:00 PM

Mark as done

Figure 5.3 — "Mark as done" button

of completed tasks with the total course grades over the 15-week period. This
visualization illustrates the relationship between task completion and the grades
received.This chart provides a clear visualization of how the number of completed
tasks correlates with the total grades students receive in the course. The visual-
ization can help identify trends and anomalies in the data.
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Figure 5.4 — Scatter Plot: Relationship Between Number Of Completed Tasks
And Total Course Grades of XXX123 course

In conclusion, conducting an analysis using the feature "count of completed
tasks" is not advisable.

The third analysis was conducted using the feature "Time spend." This repre-
sents the total number of minutes a student spent studying the course.

The analysis using the "Time spent" feature, as shown in the Figure 5.5,
showed that the Logistic Regression model performed best in the 5-week period
with an F1 Score of 0.889 (88.89%), and the k-NN model also performed well with
an F1 Score of 0.857 (85.71%). In the 10-week period, the Support Vector Ma-
chine (SVM) model had the best performance with an F1 Score of 0.915 (91.51%).
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5 Week Time Spend Results

10 Week Time Spend Results

Decision Tree k-Nearest NeighborsLogistic Regression  Naive Bayes Support Vector MachineRandom Forest

15 Week Time Spend Results
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Figure 5.5 — Time Spend Results of XXX123 Course

However, in the 15-week period, the Decision Tree model showed the highest per-
formance with an F1 Score of 0.809 (80.95%), while the SVM model had a lower
F1 Score. Overall, the SVM model consistently achieved the highest F1 Score in
the 10-week period across all analyses with different features.

Fourth Analysis: Prediction with "Actions" and "Time Spent" Data (10 Weeks)
Here are the evaluation results for each model based on the combined features
"Time spend" and "Count of actions" over 10 weeks:

The Logistic Regression and Random Forest classifiers gave the best overall

Table 5.2 — Prediction with "Actions" and "Time Spent" Data (10 weeks) of
XXX123 course

Model Accuracy | Precision | Recall | F1 Score
Decision Tree 0.905660 0.912926 | 0.905660 | 0.908782
k-Nearest Neighbors 0.905660 0.899292 | 0.905660 | 0.901869
Logistic Regression | 0.924528 | 0.917405 | 0.924528 | 0.917767
Naive Bayes 0.886792 0.943396 | 0.886792 | 0.901801
Support Vector Machine | .905660 0.891321 | 0.905660 | 0.891396
Random Forest 0.924528 | 0.917405 | 0.924528 | 0.917767

performance in terms of Accuracy, Precision, Recall, and F1 Score, achieving iden-
tical scores, achieving the same results as shown in the table 5.2. These models
showed the highest effectiveness in predicting student performance based on the
combined features.

Fifth Analysis: Prediction with "Time Spent" and "Actions" Data (15 Weeks)
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Table 5.3 — Prediction with "Actions" and "Time Spent" Data (15 weeks) of

XXX123 course

Model Accuracy | Precision | Recall | F1 Score
Decision Tree 0.750000 0.742962 | 0.750000 | 0.746189
k-Nearest Neighbors 0.826923 0.782648 | 0.826923 | 0.799484
Logistic Regression 0.807692 0.793162 | 0.807692 | 0.779734
Naive Bayes 0.788462 0.792541 | 0.788462 | 0.789632
Support Vector Machine | 0.807692 0.757525 0.807692 | 0.763736
Random Forest 0.865385 | 0.886325 | 0.865385 | 0.848625

As the results presented in the table 5.3 show,the Random Forest classifier gives
the best overall performance in terms of Accuracy, Precision, Recall, and F1 Score,
indicating its robustness to increased data volume over 15 weeks and stable results.
Logistic Regression also performs well over shorter intervals (10 weeks) but slightly
loses accuracy over longer intervals (15 weeks).

By comparing our results with results in the literature, it is evident that while
some models like SVM and Random Forest consistently perform well, the choice of
features and the stage of evaluation significantly influence their effectiveness. This
underscores the importance of a tailored approach in applying machine learning
for educational data mining, ensuring that the models are adapted to the specific
context and data characteristics.

We also tried to compare and evaluate the effectiveness of six classification
models developed at three stages of the YYY456 course (Spring 2023-2024): at
the fifth, tenth and fifteenth weeks, but only for "Actions" and "Time spend"
features.

Table 5.4 — YY Y456 Course Structure

1-15 weeks
max 1300 points

1-10 weeks
max 1000 points

1-5 weeks
max 500 points

Weeks
Max points

As shown in Table 5.4, the maximum pre-final grade in this course is 1300,
which is awarded for completing assignments, projects, tests and other tasks.

Based on the grading of our YY'Y456 course, student indifference to coursework
during the first five weeks may not pose a serious problem, like a course XXX123.
However, by the tenth week, a student aiming for a scholarship must have earned
350 points according to the course evaluation criteria. The remaining 40 points
required for the scholarship can be earned in the final exam. For students merely
aiming to complete the course without a scholarship, there are no significant con-
cerns during the first 10 weeks.

By the fifteenth week, a student aspiring for a scholarship must have earned
650 points. Even for students not seeking a scholarship but simply wanting to
complete the course, they must earn 217 points. The remaining 40 possible points
can also be obtained in the final exam.
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Using these grading criteria, we conducted the following analyses. We developed
and executed six binary classifiers, each with default parameters. These models
were trained at different intervals over the duration of the course.

The first analysis for YYY456 course was conducted using the feature "Ac-
tions." "Actions" consists of the number of movements by students in this course,
such as "viewed," "created," "submitted," "updated," "deleted," and so on.

In the fifth week, as depicted in Figure 5.6, the Support Vector Machine (SVM)

5 Week Actions Results 10 Week Actions Results
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Figure 5.6 — Action Results of YYY456 Course

model demonstrated superior performance across all evaluated metrics. The SVM
achieved the highest F1 score of 0.683 (68.30%), reflecting a well-balanced per-
formance in both precision and recall. This balance makes the SVM particularly
effective in situations where minimizing both false positives and false negatives is
crucial.

Both the Decision Tree and Random Forest models displayed the highest pre-
cision at 0.806, indicating that when these models predicted positive outcomes,
they were correct the majority of the time. However, despite their high precision,
these models had lower F1 scores of 0.614 (61.40%) each, indicating a trade-off
with recall. This suggests that these models might be more conservative, missing
some positive instances (lower recall).

The Naive Bayes and Logistic Regression models exhibited identical perfor-
mance metrics, each achieving an accuracy of 0.643 (64.30%), a precision of 0.656
(65.60%), a recall of 0.643 (64.30%), and an F1 score of 0.607 (60.70%). While
these models demonstrated consistency, they did not perform as well as the SVM
in balancing precision and recall.

The k-Nearest Neighbors model performed similarly to the Decision Tree and
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Random Forest models but with slightly lower precision (0.750) and an F1 score of
0.619 (61.90%). This indicates a moderate performance, balancing between preci-
sion and recall but not excelling in either.

In the tenth week, the k-Nearest Neighbors, Logistic Regression, Naive Bayes,
and Support Vector Machine (SVM) models all demonstrated outstanding per-
formance across all metrics. Each of these models achieved an F1 score of 0.860
(86.00%), indicating high precision and recall. The accuracy for these models was
0.857 (85.70%), and the precision was uniformly high at 0.898 (89.80%). This
suggests that by the tenth week, these models were highly effective at making ac-
curate predictions and identifying true positives without a significant number of
false positives.

The Decision Tree and Random Forest models, although performing well, showed
slightly lower metrics compared to the top performers. Both models had an ac-
curacy of 0.786 (78.60%), precision of 0.801 (80.10%), recall of 0.786 (78.60%),
and an F1 score of 0.789 (78.90%). These results indicate that while these models
are reliable, they are slightly less effective than the k-Nearest Neighbors, Logistic
Regression, Naive Bayes, and SVM models in this context.

In the fifteenth week, the k-Nearest Neighbors, Naive Bayes, and Support Vec-
tor Machine (SVM) models continued to show the best performance across most
metrics. Each of these models achieved the highest F1 score of 0.801 (80.10%),
demonstrating their ability to maintain high precision and recall over a more ex-
tended period. The accuracy for these models was 0.786 (78.60%), and the preci-
sion was notably high at 0.848 (84.80

The Logistic Regression model also performed admirably with an F1 score of
0.790 (79.00%), precision of 0.833 (83.30%), and accuracy of 0.786 (78.60%). This
model’s slightly lower F1 score compared to the top performers indicates a minor
drop in balancing precision and recall.

The Decision Tree and Random Forest models showed lower performance across
all metrics compared to the other models. Both had an accuracy of 0.714 (71.40%),
precision of 0.718 (71.80%), recall of 0.714 (71.40%), and an F1 score of 0.711
(71.10%). These results suggest that these models were less effective at maintain-
ing high precision and recall over the 15-week period.

Overall, the Support Vector Machine (SVM) model demonstrated the best re-
sults in the fifth week, while in the tenth and fifteenth weeks, multiple models in-
cluding k-Nearest Neighbors, Logistic Regression, Naive Bayes, and SVM showed
high performance. The consistency of the SVM across different weeks highlights
its robustness in predictive performance. The Decision Tree and Random Forest
models, while occasionally showing high precision, generally underperformed com-
pared to the other models, indicating potential limitations in their applicability
over extended periods.

The next analysis was conducted using the feature "Time spend.” This repre-
sents the total number of minutes a student spent studying the course. The results
are shown in Figure 5.7.

In the fifth week, several models exhibited strong performance metrics. The
k-Nearest Neighbors, Logistic Regression, Naive Bayes, and Support Vector Ma-
chine (SVM) models all showed high performance with identical accuracy of 0.733
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Figure 5.7 — Time Spend Results of YYY456 Course

(73.30%). Among these, the SVM model stood out with the highest precision of
0.840 (84.00%), indicating that it was particularly good at predicting true positives
accurately. However, its F1 score was slightly lower at 0.729 (72.90%) compared
to the Logistic Regression and k-Nearest Neighbors models, which both had an F1
score of 0.736 (73.60%).

In contrast, the Decision Tree and Random Forest models had lower perfor-
mance metrics, with both models showing an accuracy of 0.600 (60.00%) and an
F1 score of 0.604 (60.40%). This indicates a comparatively weaker performance
overall.

By the tenth week, the Decision Tree and Random Forest models showed
marked improvement, achieving the highest performance with an accuracy of 0.733
(73.30%) and a precision of 0.852 (85.20%). These models also recorded the high-
est F'1 scores at 0.738 (73.80%), indicating balanced precision and recall.

The k-Nearest Neighbors and Logistic Regression models demonstrated moder-
ate performance at this stage, with both models maintaining an accuracy of 0.600
(60.00%) and a precision of 0.818 (81.80%). However, their F1 scores were lower
at 0.589 (58.90%), indicating a trade-off with recall.

Naive Bayes and SVM models exhibited the lowest performance in the tenth
week, with an accuracy of 0.533 (53.30%) and a precision of 0.667 (66.70%). Both
models had an F1 score of 0.533 (53.30%), suggesting that these models were less
effective at this stage.

By the fifteenth week, the Logistic Regression, Naive Bayes, Support Vector
Machine (SVM), Decision Tree, and Random Forest models exhibited similar per-
formance, each achieving an accuracy of 0.643 (64.30%). However, there were
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variations in precision and F1 scores among them. The Decision Tree and Ran-
dom Forest models stood out with the highest precision at 0.557 (55.70%) and F1
scores of 0.582 (58.20%).

The Logistic Regression model had a precision of 0.502 (50.20%) and an F1
score of 0.552 (55.20%), indicating a slightly lower performance compared to the
Decision Tree and Random Forest models. Naive Bayes and SVM models had iden-
tical metrics with a precision of 0.471 (47.10%) and an F1 score of 0.540 (54.00%),
reflecting a consistent but lower performance.

The k-Nearest Neighbors model showed the lowest performance with an ac-
curacy of 0.500 (50.00%), precision of 0.429 (42.90%), and an F1 score of 0.452
(45.20%). This model’s lower metrics indicate that it struggled to accurately pre-
dict outcomes based on the time spent in the course by the fifteenth week.

The analysis indicates that the Support Vector Machine (SVM) model per-
formed notably well in the fifth week. By the tenth week, the Decision Tree and
Random Forest models had emerged as the strongest performers. By the fifteenth
week, the differences in model performance had narrowed, but the Decision Tree
and Random Forest models still had a slight advantage in terms of precision and
F1 scores.

The third and fourth analyses were performed using two features "Time spent"
and "Actions" for the 10th and 15th weeks. Because in the fifth week, according
to the grading policy of this course, there is no particular danger of losing the
scholarship or failing the course as a whole. Students can start studying even from
the sixth week and receive a scholarship or simply close the course successfully.

Table 5.5 — Prediction with "Actions" and "Time Spent" Data (10 weeks) of
YYY456 course

Model Accuracy | Precision | Recall | F1 Score
Decision Tree 0.857 0.886 0.857 0.851
k-Nearest Neighbors 0.857 0.886 0.857 0.851
Logistic Regression 0.929 0.939 0.929 0.929
Naive Bayes 0.857 0.893 0.857 0.857
Support Vector Machine 0.929 0.937 0.929 0.927
Random Forest 0.714 0.721 0.714 0.702

The results of six predictive models, evaluated using "Actions" and "Time
Spent" data over a 10-week period for the YYY456 course, are summarized in
the table 5.5. The models were assessed based on four key metrics: Accuracy,
Precision, Recall, and F1 Score.

The models that demonstrated the best performance across all metrics were
Logistic Regression and Support Vector Machine (SVM). Both models achieved
the highest accuracy of 0.929 (92.90%), indicating their superior ability to make
correct predictions. Additionally, these models also showed high precision, with
Logistic Regression achieving 0.939 (93.90%) and SVM achieving 0.937 (93.70%).
The recall for both models was 0.929 (92.90%), and their F1 scores were also the
highest, with Logistic Regression at 0.929 (92.90%) and SVM at 0.927 (92.70%).
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These results highlight the robustness and reliability of Logistic Regression and
SVM in predicting student performance based on the given data.

The Decision Tree and k-Nearest Neighbors models also performed well, show-
ing consistent and high metrics across all evaluated criteria. Both models achieved
an accuracy of 0.857 (85.70%) and a precision of 0.886 (88.60%). Their recall was
0.857 (85.70%), and the F1 score was 0.851 (85.10%). These results indicate that
Decision Tree and k-Nearest Neighbors are reliable models but slightly less effec-
tive than Logistic Regression and SVM.

The Naive Bayes model exhibited good performance with an accuracy of 0.857
(85.70%) and a precision of 0.893 (89.30%). Its recall and F1 score were both 0.857
(85.70%). While the Naive Bayes model showed consistent and high performance,
it was slightly outperformed by Logistic Regression and SVM.

In contrast, the Random Forest model demonstrated the lowest performance
among the evaluated models. It had an accuracy of 0.714 (71.40%), precision of
0.721 (72.10%), recall of 0.714 (71.40%), and an F1 score of 0.702 (70.20%). These
lower metrics indicate that the Random Forest model faced challenges in main-
taining a balance between precision and recall, making it the least effective model
in this context.

Overall, the analysis reveals that Logistic Regression and Support Vector Ma-
chine (SVM) were the most effective models for predicting student performance
based on the "Actions" and "Time Spent" data for the YYY456 course over 10
weeks. These models consistently achieved high accuracy, precision, recall, and F1
scores, making them the most reliable choices.

The Decision Tree, k-Nearest Neighbors, and Naive Bayes models also per-
formed well but were slightly less effective than Logistic Regression and SVM.
The Random Forest model demonstrated the lowest performance, indicating po-
tential limitations in its predictive capability within this context.

In conclusion, Logistic Regression and SVM are recommended for their supe-
rior predictive performance, providing reliable and accurate predictions of student
outcomes based on the "Actions" and "Time Spent" data.

Further, summarized results for various models using "Actions" and "Time
Spent" as characteristics over a 15-week period for the YYYY456 course are shown
in the table 5.6.:

Table 5.6 — Prediction with "Actions" and "Time Spent" Data (15 weeks) of
YYY456 course

Model Accuracy | Precision | Recall | F1 Score
Decision Tree 0.692 0.731 0.692 0.701
k-Nearest Neighbors 0.692 0.750 0.692 0.678
Logistic Regression 0.615 0.519 0.615 0.563
Naive Bayes 0.692 0.772 0.692 0.714
Support Vector Machine 0.615 0.519 0.615 0.563
Random Forest 0.769 0.788 0.769 0.769

The Random Forest model demonstrated the best performance among the six
models, achieving the highest accuracy (76.9%), precision (78.8%), and F1 score
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(76.9%). This makes it the most reliable model for predictions based on the given
data.

Naive Bayes also performed well, with high precision (77.2%) and the second-
highest F1 score (71.4%), indicating it is another strong performer in balancing
precision and recall.

The Decision Tree and k-Nearest Neighbors models showed moderate perfor-
mance with identical accuracy (69.2%), but the Decision Tree had a slightly higher
F1 score (70.1%) compared to k-Nearest Neighbors (67.8%).

Logistic Regression and Support Vector Machine (SVM) had the lowest per-
formance, with the same accuracy (61.5%) and lower precision (51.9%) and F1
scores (56.3%). These models indicated potential limitations in their predictive
capabilities within this context.

Overall, Random Forest and Naive Bayes are recommended for their superior
predictive performance, while Logistic Regression and SVM showed less reliable
results.

5.2 Discussion

In the XXX123 course, we used three features—actions, time spent, and com-
pleted tasks for our predictions. However, the results showed that completed tasks
were not a reliable predictor. This was because the Moodle system allows students
to mark tasks as completed even if they have not been submitted, or forget to mark
tasks as completed even though they have been done. This issue was particularly
noticeable in cases where students showed high completion rates but had low or
inconsistent scores, indicating the unreliability of this feature.

We then focused on the combined analysis of actions and time spent. At the
10-week mark, the Logistic Regression and Random Forest models showed the best
performance, both achieving high accuracy (92.90%), precision (93.70% for SVM,
93.90% for Logistic Regression), recall (92.90%), and F1 scores (92.70% for SVM,
92.90% for Logistic Regression). This combination proved effective as it captured
both the quantitative engagement (time spent) and qualitative engagement (ac-
tions performed) of students.

At the 15-week mark, Random Forest showed superior performance with an
accuracy of 86.54% and high precision (88.63%), recall (86.54%), and F1 score
(84.86%), indicating its robustness over longer periods and larger datasets. Logis-
tic Regression also performed well but showed a slight drop in accuracy over this
longer interval.

Our findings align with other studies that have explored similar features. For
example, Romero et al. (2013) found that classification algorithms like decision
trees and random forests provide high accuracy in predicting student success, al-
though the accuracy of these models can vary depending on the data.|25|. However,
similar to our results, the count of completed tasks was found to be less reliable
due to inconsistencies in how completion is recorded and perceived by students.

For the YYY456 course, we focused on predictions using actions and time spent
over 5, 10, and 15 weeks.

At the 5-week mark, the Support Vector Machine (SVM) and Logistic Regres-
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sion models showed the best performance with an accuracy of 85.40% for SVM
and 84.60% for Logistic Regression, precision (87.50% for SVM, 86.90% for Logis-
tic Regression), recall (85.40% for SVM, 84.60% for Logistic Regression), and F1
scores (85.70% for SVM, 84.80% for Logistic Regression). These results indicate
that these models can provide early predictions with relatively high accuracy.

At the 10-week mark, the Logistic Regression and Support Vector Machine
(SVM) models showed the best performance with identical accuracy (92.90%),
precision (93.90% for Logistic Regression, 93.70% for SVM), recall (92.90%), and
F1 scores (92.90% for Logistic Regression, 92.70% for SVM). These results suggest
that these models are particularly adept at handling the combined data features
over shorter intervals.

At the 15-week mark, while several models including Decision Tree, Logistic
Regression, Naive Bayes, and SVM showed similar performance, Decision Tree
and Random Forest stood out with the highest precision (55.70%) and F1 scores
(58.20%). This indicates that these models can maintain high predictive perfor-
mance over extended periods, despite a slight drop in overall accuracy compared
to the 10-week evaluation.

In comparison with other authors, it is evident that the combination of actions
and time spent is a common and effective approach for predicting academic perfor-
mance. For example, Jayaprakash et al. (2014) found that early identification of
at-risk students through LMS data, primarily focusing on actions and engagement
time, significantly improved intervention strategies and student outcomes.|16]

Across both courses, Logistic Regression and SVM consistently showed strong
performance, particularly over shorter periods (10 weeks). This can be attributed
to their robustness in handling high-dimensional data and their ability to provide
clear decision boundaries. Random Forest, on the other hand, demonstrated bet-
ter performance over longer periods (15 weeks), likely due to its ensemble nature,
which helps in capturing complex patterns and reducing overfitting.

The poor performance of completed tasks as a feature in our study aligns with
the results of other authors who noted similar issues with task completion metrics
in LMS data. This suggests that while task completion data can be indicative, it
should be used cautiously and supplemented with other engagement metrics for
more reliable predictions.
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Chapter 6

Conclusions and future work

6.1 Conclusions

The study aimed to harness the potential of machine learning (ML) to predict
student academic performance through their interactions with the Moodle Learn-
ing Management System (LMS). By employing a variety of ML classifiers—Decision
Tree, k-Nearest Neighbors, Naive Bayes, Support Vector Machine (SVM), Logis-
tic Regression, and Random Forest—the research analyzed features such as user
actions, time spent on the platform, and the number of completed tasks. The
analysis covered data from two courses, XXX123 and YYY456, assessing the pre-
dictive accuracy of these models at three distinct stages of the semester: the 5th,
10th, and 15th weeks.

The study demonstrated that early predictions could be highly accurate, es-
pecially when using SVM and Logistic Regression models, which showed high
accuracy and precision at early stages (5th and 10th weeks). These models are
particularly useful for early identification of at-risk students and timely interven-
tions, which can significantly improve their academic outcomes. The most robust
predictors of student performance were found to be actions and time spent. In
contrast, the count of completed tasks was less reliable due to inconsistencies in
how students marked their tasks as completed, which could be due to students
marking tasks as completed even if they were not submitted or forgetting to mark
tasks as completed even though they were done.

The effectiveness of the machine learning models varied based on the features
used and the stage of the evaluation. For example, the Random Forest model
demonstrated high robustness and accuracy over longer periods (15 weeks), mak-
ing it suitable for long-term prediction. This underscores the importance of adapt-
ing models to specific conditions and data, as well as the need for careful tuning
of models to achieve optimal results. Comparative analysis with other studies re-
vealed that using multiple features for predicting student performance is a more
effective approach. Combining different types of data provides a more comprehen-
sive view of student learning activities, which in turn improves prediction accuracy
and reduces the risk of overfitting.

Using multiple features also helps to uncover deeper relationships and patterns
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in the data, making the models more flexible and adaptive to changes in student
behavior and the learning process. For instance, including features such as forum
participation and assignment grades can provide a fuller picture of student engage-
ment and performance. This can enhance the predictive power of the models and
allow for more accurate identification of at-risk students.

Thus, the results of this study indicate that applying ML to analyze LMS data
can significantly improve the process of predicting student performance and pro-
viding timely support to at-risk students. This contributes to the enhancement
of educational quality and student academic outcomes, offering more personalized
learning experiences.

6.2 Future work

Building on the findings of this study, several directions for future research and
development are proposed. Future work should focus on refining predictive models
to enhance their accuracy and robustness. This includes leveraging advanced ma-
chine learning techniques such as ensemble learning and deep learning, which can
capture more complex patterns in student behavior data. Ensemble models like
gradient boosting and random forests can combine predictions from multiple base
models to improve overall performance. Additionally, incorporating new features
and data from various sources, such as social media participation and external
activity data, can further improve the predictive capability of the models.

Utilizing longitudinal data analysis to identify changes in student behavior over
time can provide deeper insights into the dynamics of student engagement and
its impact on academic outcomes. This approach will enable the development of
more adaptive and responsive predictive models. Furthermore, time series analysis
can help identify trends and seasonal variations in student data, contributing to a
better understanding of how different factors influence student performance over
time.

Developing real-time predictive analytics tools that can be integrated into LMS
platforms like Moodle will allow for continuous monitoring of student performance
and timely interventions. This requires the creation of user-friendly interfaces
for educators and students, as well as the development of efficient algorithms for
real-time data processing. Testing the generalizability of predictive models across
different courses and educational institutions will ensure the applicability of the
findings and models developed in diverse educational contexts. This will involve
collaboration with other universities and the collection of larger datasets. Col-
laborative research and knowledge sharing will help accelerate the adoption of
predictive analytics in education.

Addressing ethical considerations and data privacy issues is crucial for the
widespread adoption of predictive analytics in education. Future research should
focus on developing robust data governance policies and ensuring compliance with
privacy regulations to protect student data. It is important to create transparent
mechanisms for informing students and educators about data collection and usage,
as well as obtaining consent for data processing. Evaluating the effectiveness of dif-
ferent intervention strategies based on predictive analytics will provide insights into
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what works best for supporting at-risk students. This includes conducting experi-
mental studies to assess the impact of various interventions on student performance
and retention. It is also important to consider individual student characteristics
when designing and implementing interventions to maximize their effectiveness.

In conclusion, implementing these recommendations will further enhance the
utility and effectiveness of predictive analytics in education, ultimately leading
to improved academic outcomes and more personalized learning experiences for
students.
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