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Abstract-—-- Over the past ten years, online education has
expanded rapidly due to its accessibility, scalability, and flexibility.
Despite its potential, high attrition rates in online education
threaten both student progress and the legitimacy of the
institution. A comprehensive analysis of empirical research on the
factors influencing learner attrition in online learning settings is
presented in this study. To identify the individual, course-level,
institutional, and technical causes of attrition, it incorporates and
categories the body of existing work. The results point to the
complex aetiology of attrition and identify important domains for
focused intervention and predictive modelling.
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I. INTRODUCTION

In the current digital era, online education has emerged as a crucial
means of instruction, offering students worldwide opportunities that
are both flexible and expandable (Hanna, 2019). Particularly during
the COVID-19 epidemic years, the pace of digital education
demonstrated both its transformative potential and its dangers
(UNESCO, 2021). The effectiveness and validity of online education
systems are severely hampered by high learner attrition rates, despite
the fact that digital learning has increased. According to research,
online learning dropout rates are 10-20% greater than in-person
learning (Hachey et al., 2023), endangering both the viability of the
institution and the success of its students.

A distinct set of technological, socioeconomic, and infrastructure
limitations have influenced the uptake of online education in sub-
Saharan Africa, and Kenya in particular (Internet World Stats, 2021).
Even though Kenya's government has prioritized digital
transformation in education through initiatives like Vision 2030,
issues including poor internet connectivity, limited device access, and
low levels of digital literacy have continued to contribute to attrition.
Only 50% of Kenyan university students regularly had access to
reliable internet during the COVID-19 lockdown, according to a poll
conducted by the Commission for University Education (CUE). This
led to a significant rise in online course dropout rates.

Predicting learner attrition accurately is essential for timely
intervention. Early identification of high-risk students can improve
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academic performance, lower dropout rates, and protect revenue
sources for the school (Adnan et al., 2021). By offering individualized
learning routes and focused coaching, predictive models can optimize
support and engagement from the standpoint of the student. (Kok et
al., 2024) In light of this, machine learning has become a leading
contender for attrition prediction by analyzing large and intricate data
sets, such as academic performance, learner demographics, and
interaction patterns.

However, it is crucial to understand the reasons behind learner attrition
based on a comprehensive analysis of research findings before
developing predictive models that work. A growing corpus of research
examines a wide range of academic, psychological, institutional, and
technological aspects that influence students' decision to discontinue
online courses (Raman et al., 2021) . However, findings are often
dispersed, contextually specific, and not framed by a shared paradigm.

This highlights the necessity of doing a systematic review that
integrates and synthesises these findings to get a more comprehensive
understanding of the factors that influence attrition.

This review's objective is to critically evaluate peer-reviewed research
in order to determine the most often mentioned causes of learner
attrition in online learning environments. This study offers
fundamental information to guide the development of data-based
prediction models and intervention strategies by classifying these into
thematic groups. Additionally, it provides evidence-based suggestions
on learner retention that impact policy and practice, especially in low-
resource contexts like Kenya.

II. LITERATURE REVIEW

A number of peer-reviewed studies on learner attrition in e-learning
that were published between 2019 and 2024 were retrieved from
scholarly databases. According to existing research, the sudden switch
to online learning, particularly in the wake of the COVID-19
epidemic, revealed flaws in learner engagement, preparedness, and
perseverance.

Even while online platforms allowed for learning continuity, the
majority of students experienced problems like digital exhaustion,
poor connectivity, and a lack of emotional support, which raised
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attrition rates (Rahmani et al., 2024). Interestingly, little research has
been done on using predictive models that include institutional,
behavioral, and demographic data to identify students who are at risk
(Hung et al., 2019). This indicates a lack of progress in creating
suitable machine learning models, including ensemble models, that
can aid in attrition prevention and early intervention in online learning
environments.

1. METHODOLOGY

In order to determine the main factors influencing learner attrition in
online learning settings, this study used a methodical literature review
technique. Google Scholar, IEEE Xplore, Science Direct, Springer
Link, and Elsevier were the five academic databases used for the
review, which focused on peer-reviewed literature published between
2019 and 2024.The search was guided by the keywords: (\"attrition\"
OR \"dropout\") AND (\"online learning\" OR \"e-learning\" OR
\"distance education\").

| Systematic Literature Review | | Initiz] Search (3" August 2024)

Step 1: Keyword search
Keyword: (("attrition” OR. "dropout”) AND ("Open, Distance and e-Leamning™ OR. "ODEL"))

Inclusion

Date of Publication: Published between 2019 and 2024 Type of
Publication: Article joumal, chapters in the book.

Language used: English

Publication Date: Published before 2018

Exclusion
Publication Type: PowerPoint presentations or abstract- only publications.
Language used: non-English
Google Scholar =18
IEEE=23
Science Direct =28
Springer Link =35
Elsevier=6

Besult (5 Databases) = 80 Papers

Step 2:
Filter insufficient and irrelevant papers by screening paper titles, keywords, and abstracts to
identify those that were describing ODEL.

Only papers related to ODEL will be included.
Papers that were not written in English and papers containing less than 3 pages (2.g., posters) will

be excluded.
Result = 40 Papers

Step 3: Manually read through and exclude papers that do not report the empirical study

Fesult = 30 Papers

Learner attrition is greatly influenced by demographic factors in online
university = programs, including age, gender, geography,
socioeconomic status, and employment status (Packham et al., 2004).
Older students tend to have more responsibilities, including those
pertaining to their workplaces or families, which may constrain them
from continuing in online courses (Xavier & Meneses, 2022). Gender
differences also come into play. Research has shown that female
students can have certain issues with time management and juggling
multiple tasks, which can impact their engagement and (Farrell &
Brunton, 2020). Higher dropout rates can also be triggered by students
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from different geographical areas having different levels of access to
required resources (Bawa, 2016). Another important consideration is
socioeconomic status; students from lower-income families frequently
experience financial hardship or do not have the technology to
continue, resulting in increased attrition (Petro et al., 2020). Part-time
or full-time student status affects time management and commitment
to program in students, which can result in increased dropout (Levy,
2021).

4.2 Academic Performance

Academic performance is one good indicator of attrition in online
learning environments. A student's readiness for and potential success
with online learning are at times determined by their prior academic
achievement, i.e., their GPA or grades in the relevant subject matter
areas (Kim et al., 2020). Current academic achievement, e.g., grades
and course progress, also provide useful data with respect to a
student's motivation and threat of attrition (Caruth, 2018). Students'
engagement and commitment are demonstrated by their participation
in assessment like quizzes, tests, and assignments, which has a direct
impact on their likelihood to continue with the material (Chapman &
Andrade, 2024). Further, achievement and persistence in distance
learning depend heavily on students' capacity to cope with
independent and asynchronous learning habits (Errabo et al., 2024).

4.3 Engagement Metrics

Student engagement indicators, including frequency of course access,
interaction with course content, discussion forum participation,
communication with instructors and peers, and use of support services,
are essential indicators of learner retention in online learning. High
LMS login frequency is associated with high engagement and low
attrition rates (Talebi et al., 2024). Similarly, active participation in
course materials such as videos, readings, and assignments is a
measure of student engagement and can also be employed in
predicting attrition risk (Villegas-Ch et al., 2024). Participating in
online discussion forums facilitates a sense of belonging and
community, which is critical in the prevention of dropout rates
(Conceigdo & Biniecki, 2024). Active engagement with instructors
and peers, including timely response and participation in group
assignments, enhances a student's belongingness and resilience
(Ravishankar et al., 2024). Lastly, the utilization of support services,
e.g., tutoring or academic advising, is also positively related to student
persistence and success in online courses (Dunlap, 2024).
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Fig 2: Conceptual Framework of Factors Influencing learner

Attrition in Online Learning

The conceptual framework was created to highlight the most important
elements influencing student attrition in online learning based on a
systematic study of the literature. Students' persistence in online
programs is first and foremost influenced by demographic parameters
such as age, gender, socioeconomic position, occupation, and
geographic location. Time and technology availability issues are
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common for older students, students from underprivileged
neighborhoods, and students from low-income households.

Second, learning performance is an excellent indicator of attrition; a
higher likelihood of leaving is predicted by bad grades, little
advancement, or inadequate preparation. Last but not least,
engagement metrics including frequency of logins, engagement with
the course material, discussion participation, communication with
instructors, and assistance utilisation are important markers of student
commitment. Attrition is often preceded by low levels of participation.

These combined factors serve as the basis for the prediction model
used in this study, which identifies susceptible learners and suggests
early treatments using ensemble models, particularly gradient

boosting and neural networks.

Title of Paper Theme of Year of Country of
Research Study origin
Factors that Challenges of | 2022 Malaysia
Contribute to OLD learning
Students' Attrition in | environments.
Open and Distance
Learning (ODL)
Environment
Factors affecting Understanding | 2019 South
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MOOCs dropout in
MOOCs
Prediction of Using 2019 China
students’ early interaction
dropout based on
their interaction logs | 10gs to predict
in online learning early dropouts
environment . .
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V. CONCLUSION AND RECOMMENDATIONS

In the current day, online learning has become a crucial part of
education and will only grow in various learning settings. It is
imperative to address the ongoing issue of learner attrition as more and
more schools embrace online modalities. In addition to impeding
student achievement, high turnover rates also undermine the
sustainability and legitimacy of online learning platforms. Therefore,
in order to ensure high-quality and equitable learning outcomes,
institutions have a positive obligation to create ways to anticipate and
avoid attrition.

Learner engagement, instructional design, technological access,
institution support, and individual learner characteristics are some of
the determinant factors for learner attrition in online learning
environments that were developed by this systematic review. These
factors attest to the intricacy of attrition and the requirement for
dimensional solutions.

It is recommended that a case study of contemporary online students
be used to apply and test the conceptual framework that was developed
from this review. The framework will be improved by empirical
validation, which will also enable the creation of prediction models
that higher education institutions can use to spot potentially vulnerable
students early on and implement appropriate interventions.
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