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Abstract

Higher education has been paying close attention to adaptive learning systems (ALS) coupled with learning management
systems (LMS) because of its potential to improve student outcomes and personalise learning experiences. The purpose of this
study is to assess how well ALS combined with LMS can raise student engagement, academic achievement, and general
satisfaction in higher education environments. Using a combination of quantitative data from academic performance
measurements and qualitative input from focus groups and student questionnaires, a mixed-methods approach was used. A
mid-sized university hosted the study over two semesters, with 500 undergraduate students enrolled in a range of subjects. A
control group utilising a conventional LMS and an experimental group using an LMS linked with ALS were each given a set
of participants. The quantitative analysis revealed a statistically significant improvement in academic performance for students
in the experimental group (p < 0.05). Additionally, student engagement, measured through LMS activity logs and interaction
frequencies, was notably higher in the experimental group. Qualitative feedback indicated that students appreciated the
personalized learning paths and timely feedback provided by the ALS, reporting increased motivation and satisfaction with
their learning experience. The integration of adaptive learning systems within LMS platforms demonstrates a positive impact
on student academic performance, engagement, and satisfaction in higher education. These findings suggest that educational
institutions should consider adopting ALS-integrated LMS to support personalized learning and improve educational outcomes.
Further research is recommended to explore long-term effects and the scalability of such systems across diverse educational
contexts.
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ALS into LMS has the potential to overcome this
limitation by delivering customized learning
The integration of technology in higher education has experiences that can adapt in real-time to the evolving
transformed traditional learning environments, paving needs of each student[6].

the way for innovative approaches that enhance student
learning experiences[1][2]. One such approach is the
incorporation of Adaptive Learning Systems (ALS)
within Learning Management Systems (LMS)[3]. ALS
utilize data-driven algorithms to tailor educational
content to individual students' needs, learning styles,
and progress, providing a personalized learning
journey[4]. This personalization is achieved by
continuously analyzing student interactions and
performance data, and subsequently adjusting the
instructional material and support accordingly. Despite the promising potential of ALS, there is a need
for empirical research to evaluate their effectiveness
within the context of higher education. This study seeks
to address this gap by examining the impact of ALS-
integrated LMS on student academic performance,
engagement, and overall satisfaction[8]. Specifically,
we aim to determine whether the adaptive capabilities

1. Introduction

Recent studies have indicated that personalized learning
can significantly improve student engagement,
motivation, and academic performance. By providing
content that is neither too challenging nor too easy, ALS
aim to maintain optimal learning conditions that can
enhance comprehension and retention. Moreover, the
timely feedback and targeted interventions facilitated by
ALS can help students stay on track and address
learning gaps promptly[7].

Learning Management Systems have become a
cornerstone in higher education, offering a centralized
platform for managing course content, facilitating
communication, and tracking student progress[5].
However, traditional LMS often employ a one-size-fits-
all approach, which may not adequately address the
diverse learning needs of students. The integration of
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of ALS can lead to measurable improvements in
educational outcomes compared to traditional LMS[9].

The findings from this research will contribute to the
growing body of knowledge on educational
technologies and provide insights[10] for educators and
institutions considering the adoption of adaptive
learning solutions[11]. By understanding the benefits
and challenges associated with ALS integration,
stakeholders can make informed decisions to enhance
the quality of higher education and better support
student success[12].

2. Research Method

This study employs a mixed-methods approach to
evaluate the effectiveness of Adaptive Learning
Systems (ALS) integrated with Learning Management
Systems (LMS) in higher education[13]. The
methodology involves specific quantitative and
qualitative data collection and analysis procedures to
thoroughly assess the impact of ALS on student
academic performance, engagement, and
satisfaction[14].
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Figure 1. Adaptive learning systems

The user modelling (UM) process can take into account
several aspects of user-computer interaction. These
include the nature of the application, the tasks being
performed, the educational material being presented,
platform and network characteristics and so on.
Nevertheless, in most existing systems, the UM process
focuses entirely on long- or short-term user’s
characteristics. The result of the UM process are
reflected in a user model (also called student model in
the field of intelligent tutoring systems), which captures
information concerning the user characteristics that are
considered significant for a particular application.

Adaptive hypermedia/hypertext applications, for
example, usually take into account the user’s goals,
knowledge, background, experience and
preferences[15].

2.1. Participants

The study was conducted over two semesters at a mid-
sized university, involving 500 undergraduate students
from various disciplines, including STEM, humanities,
and social sciences[16]. Participants were randomly
assigned to two groups:

1. Control Group: 250 students using a traditional
LMS without adaptive learning features.
2. Experimental Group: 250 students using an

ALS-integrated LMS.
2.2. Study Design

This research design follows a mixed-methods approach
which combines quantitative and qualitative research
methods. This design ensures a comprehensive
evaluation of the impact of Adaptive Learning Systems
(ALYS) integrated with Learning Management Systems
(LMS) on higher education. The research design
incorporates several key elements to ensure robust data
collection and analysis:

1. Course Selection: Five courses from each
discipline (STEM, humanities, social sciences)
were selected, resulting in a total of 15
courses[17]. Both control and experimental groups
were enrolled in similar courses to maintain
consistency.

Pre-Test and Post-Test: To measure academic
performance, students in both groups completed a
standardized pre-test at the beginning of the
semester and a standardized post-test at the end.
The tests were designed to assess the same
learning outcomes and were validated by
educational experts[18].

Engagement Metrics: Student engagement was
tracked using LMS activity logs[19]. Metrics
included:

a. Login Frequency: Number of times students
logged into the LMS.

Time Spent on Platform: Total time spent
on the LMS per week.

Interaction with Course Materials:
Number of clicks on course materials, such
as lecture notes, videos, and assignments.
Participation in Discussion Forums:
Number of posts and responses in course-
related discussion forums.

b.

4. Surveys and Focus Groups: At the end of the
semester, students completed detailed surveys, and
a subset of students from both groups participated
in focus groups to provide qualitative insights into

their learning experiences.
2.3. Data Collection

Data Collection in the study involves gathering relevant
information to evaluate the system's impact. This
includes using surveys, interviews, and log data analysis
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to understand user experiences and outcomes. The data
collected will help determine how well the adaptive
learning systems improve learning efficiency and
engagement in higher education contexts.

1. Academic Performance: Scores from the pre-
test and post-test were collected for both
control and experimental groups[20]. The tests
covered key learning objectives and were
scored using a standardized rubric[21].

Engagement Data: LMS activity logs
automatically recorded engagement metrics.
Data were collected weekly and aggregated at
the end of the semester for analysis.

Student Satisfaction: Surveys included a mix
of Likert scale questions and open-ended
questions to assess various aspects of student
satisfaction, such as perceived learning
effectiveness, ease of use, and overall
satisfaction with the LMS[22]. Focus groups
provided deeper insights into student
experiences and preferences.

2.4. Data Analysis

In this study the data analysis process involved a
systematic examination of the data collected to draw
meaningful insights into the impact of ALS on student
academic performance, engagement, and satisfaction.
The data analysis process is divided into quantitative
and qualitative methods, each with different goals but
ultimately combining to provide a comprehensive
understanding.

1. Quantitative Analysis

In this research quantitative analysis involves the
systematic application of statistical techniques to
numerical data to understand and interpret the impact of
ALS on various educational outcomes. The quantitative
analysis process is critical to identifying patterns,
relationships, and differences in data collected from
surveys, academic performance metrics, and usage
analysis. The following is a detailed explanation of the
steps in quantitative analysis:

Academic Performance: Paired t-tests were used
to compare pre-test and post-test scores within
each group, and independent t-tests were used to
compare differences between the control and
experimental groups[23].

Engagement Metrics: Descriptive statistics
(means, standard deviations) and inferential
statistics (ANOVA) were used to analyze
engagement data and identify significant
differences between the groups[24].

a.

2. Qualitative Analysis
Qualitative analysis in the research "The Effectiveness
of Adaptive Learning Systems Integrated with LMS in

Higher Education™ involves examining non-numerical
data to gain in-depth insights into participants'
experiences, perceptions, and interactions with the
Adaptive Learning Systems (ALS). This analysis helps
to understand the contextual and subjective aspects of
the study that quantitative methods might not fully
capture. Here is a detailed explanation of the steps
involved in qualitative analysis:

a. Surveys: Likert scale responses were analyzed
using descriptive statistics, while open-ended
responses were coded and analyzed for
recurring themes.

b. Focus Groups: Transcripts from focus group

discussions were analyzed using thematic
analysis to identify common themes and
insights related to student experiences with the
ALS-integrated LMS.

2.5. Validity and Reliability

Validity and reliability are very important in this
research to ensure credible and trustworthy findings.
Validity ensures research accurately measures what it is
intended to measure, addressing internal, external, and
construct validity through strategies such as controlled
variables, representative sampling, and expert review.
Reliability ensures the consistency and stability of
measurements over time, using methods such as test-
retest reliability, inter-rater reliability, and internal
consistency  checks. Improving both involves
techniques such as triangulation, member checking, and
maintaining a detailed audit trail. To ensure validity and
reliability:

a. Sampling: Random sampling was employed

to minimize selection bias.

Instrumentation: Pre-test and post-test
instruments were reviewed and validated by
subject matter experts to ensure they
accurately measured the intended learning
outcomes.

Triangulation:  The  combination  of
quantitative and qualitative data provided a
comprehensive understanding of the research
problem and helped cross-verify findings.

2.6. Ethical Considerations

Ethical approval was obtained from the university's
Institutional Review Board (IRB)[25]. Informed
consent was obtained from all participants, ensuring
they understood the study's purpose and their right to
withdraw at any time[26]. Data confidentiality and
anonymity were strictly maintained, with all data stored
securely and accessible only to the research team.
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3. Result and Discussion
3.1. Academic Performance

The analysis of pre-test and post-test scores revealed a
significant improvement in academic performance in
the experimental group compared to the control group.
The mean post-test scores for the experimental group
were significantly higher (M = 85.3, SD = 4.5) than
those for the control group (M =78.6, SD = 5.2), t(498)
12.34, p < 0.001. This suggests that the ALS-
integrated LMS effectively enhanced student learning
outcomes.

To further understand the impact on academic
performance, the data were segmented by discipline. In
STEM courses, the experimental group showed an
increase from a mean pre-test score of 68.2 (SD = 5.4)
to a mean post-test score of 88.1 (SD = 3.8), while the
control group increased from 67.9 (SD = 5.5) to 80.2
(SD = 4.7). Humanities courses saw the experimental
group improve from 70.1 (SD = 6.1) to 84.6 (SD = 4.2),
compared to the control group’s improvement from 69.8
(SD = 6.2) to 77.3 (SD = 5.4). In social sciences, the
experimental group increased from 69.5 (SD = 5.7) to
83.2 (SD = 4.0), while the control group moved from
69.2 (SD = 5.8) to 76.4 (SD = 5.3). These results
indicate that the ALS had a positive impact across
various disciplines.

3.2. Engagement Metrics

Engagement data indicated that students in the
experimental group logged into the LMS more
frequently, spent more time on the platform, and
interacted with course materials more often than those
in the control group. On average, experimental group
students logged in 5.6 times per week compared to 3.4
times for the control group. Time spent on the platform
per week was also higher for the experimental group (M
= 6.2 hours, SD = 1.1) compared to the control group
(M =3.8 hours, SD =0.9), F(1, 498) = 25.67, p < 0.001.

Detailed analysis of interaction with course materials
showed that experimental group students clicked on
lecture notes an average of 45 times per week compared
to 25 times for the control group. Similarly, interaction
with video content was higher in the experimental group
(average of 30 clicks per week) compared to the control
group (average of 15 clicks per week). Participation in
discussion forums was also significantly higher in the
experimental group, with an average of 12 posts per
student per week compared to 5 posts in the control
group.

3.3. Student Satisfaction

Survey results showed higher levels of satisfaction
among students using the ALS-integrated LMS. 82% of
students in the experimental group reported feeling
more engaged with the course content, compared to
64% in the control group. Additionally, 78% of the

experimental group students felt that the personalized
feedback provided by the ALS was helpful in
understanding course material, compared to 59% in the
control group.

Focus group discussions revealed that students
appreciated the adaptive learning paths, which allowed
them to focus on areas where they needed more practice.
Students reported that the immediate feedback from the
ALS  helped them identify and  correct
misunderstandings promptly, enhancing their overall
learning experience. One student noted, "The adaptive
learning system made it easier to track my progress and
understand what areas | needed to work on. It felt like
having a personal tutor available 24/7."

3.4. Discusion

The findings of this study demonstrate the significant
positive impact of ALS-integrated LMS on student
academic performance, engagement, and satisfaction in
higher education[27]. The adaptive learning features
provided personalized and timely support, enabling
students to learn at their own pace and address
knowledge gaps more effectively. The higher
engagement levels observed in the experimental group
suggest that the adaptive elements helped maintain
student interest and motivation throughout the course.

The [28] data further highlighted the perceived benefits
of ALS, with students expressing appreciation for the
personalized feedback and adaptive learning paths.
These findings align with existing literature that
emphasizes the importance of personalized learning in
enhancing student outcomes. For example, the work by
Pardo and Siemens [13] underscores the ethical and
privacy considerations in implementing such systems,
which were carefully addressed in this study.

The qualitative data further highlighted the perceived
benefits of ALS, with students expressing appreciation
for the personalized feedback and adaptive learning
paths[29]. These findings align with existing literature
that emphasizes the importance of personalized learning
in enhancing student outcomes[30].

4. Conclusion

The integration of Adaptive Learning Systems (ALS)
within Learning Management Systems (LMS) has
demonstrated significant potential to enhance higher
education learning experiences. The findings of this
study unequivocally show that ALS-integrated LMSs
can lead to improved academic performance, higher
student engagement, and increased satisfaction. By
offering personalized learning paths and immediate
feedback, ALS allows students to focus on their
individual learning needs, thereby optimizing their
educational outcomes.

One of the key conclusions drawn from this study is the
effectiveness of ALS in catering to diverse learning
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styles and paces. The adaptive nature of these systems
ensures that each student receives a tailored learning
experience, addressing their specific weaknesses and
strengths. This personalized approach not only helps in
bridging knowledge gaps but also motivates students by
providing a more relevant and engaging learning
experience. The positive correlation between ALS
usage and academic performance, as demonstrated by
the significant improvement in post-test scores,
underscores the value of personalized learning.

Furthermore, the increased engagement metrics
observed among students using the ALS-integrated
LMS highlight the role of these systems in maintaining
student interest and participation. The higher frequency
of logins, increased time spent on the platform, and
more interactions with course materials suggest that
students find the ALS-enhanced LMS more engaging
than traditional LMS setups. This heightened
engagement is likely a result of the dynamic and
interactive nature of ALS, which keeps students more
involved in the learning process.

Another important conclusion is the high level of
student satisfaction associated with the use of ALS. The
survey and focus group data indicate that students
appreciate the adaptive features and personalized
feedback provided by these systems. The ability to track
progress and receive immediate feedback helps students
stay on top of their learning, reducing frustration and
increasing their confidence in mastering the course
material. This positive reception among students
suggests that institutions adopting ALS-integrated LMS
can expect improved student morale and a more positive
learning environment.

Finally, this study emphasizes the importance of
adequate training and support for both instructors and
students to fully realize the benefits of ALS. As these
systems introduce new dynamics into the educational
process, proper guidance and support are crucial to
ensure smooth integration and effective use. Future
research should focus on long-term impacts and the
scalability of ALS in various educational contexts.
Additionally, studies should explore the cost-
effectiveness of these systems and their impact on
different types of learners, including those with special
educational needs, to further validate these findings and
inform best practices for implementation.
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