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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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1. Introduction 

The integration of technology in higher education has 

transformed traditional learning environments, paving 

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.  

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 

ALS into LMS has the potential to overcome this 

limitation by delivering customized learning 

experiences that can adapt in real-time to the evolving 

needs of each student[6]. 

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]. 

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 
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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]. 

 

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 

(ALS) 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. 

2. 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]. 

3. Engagement Metrics: Student engagement was 

tracked using LMS activity logs[19]. Metrics 

included: 

a. Login Frequency: Number of times students 

logged into the LMS. 

b. Time Spent on Platform: Total time spent 

on the LMS per week. 

c. Interaction with Course Materials: 

Number of clicks on course materials, such 

as lecture notes, videos, and assignments. 

d. Participation in Discussion Forums: 

Number of posts and responses in course-

related discussion forums. 

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]. 

2. Engagement Data: LMS activity logs 

automatically recorded engagement metrics. 

Data were collected weekly and aggregated at 

the end of the semester for analysis. 

3. 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: 

a. 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]. 

b. 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]. 

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. 

b. Instrumentation: Pre-test and post-test 

instruments were reviewed and validated by 

subject matter experts to ensure they 

accurately measured the intended learning 

outcomes. 

c. 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 I 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. 

Acknowledgements  

This research was supported by University of Jakarta 

International Department of Information Technology 

and the Office of Research and Sponsored Programs. 

We are also grateful to the faculty and students who 

participated in this study for their time and cooperation. 

Special thanks to the IT department for their support in 

setting up and maintaining the Learning Management 

System. Additionally, we appreciate the insightful 

feedback from our colleagues in the Educational 

Research Department and the anonymous reviewers 

whose suggestions significantly improved the quality of 

this research. Finally, we acknowledge the financial 

support provided by Financial Departemen University, 

without which this study would not have been possible. 

References  

[1] D. L. Hatfield, “Scaling up success: Lessons learned 

from technology-based educational improvement,” Sci 

Educ, vol. 90, no. 5, pp. 952–954, Sep. 2006, doi: 

10.1002/sce.20168. 

[2] S. S. Al-Gahtani, “Empirical investigation of e-

learning acceptance and assimilation: A structural 

equation model,” Applied Computing and Informatics, 

vol. 12, no. 1, pp. 27–50, 2016, doi: 

10.1016/j.aci.2014.09.001. 

[3] S. A. B. M. C. V. E. A. F. C. H. Larry Johnson, 

“Horizon Report > 2016 Higher Education Edition,” 

2016. 

[4] K. Arai, “Comprehensive e-learning system with 

simulation capabilities for understanding of complex 

equations,” International Journal of Advanced 

Computer Science and Applications, vol. 10, no. 11, pp. 

330–335, 2019, doi: 10.14569/IJACSA.2019.0101146. 

[5] S. A. Salloum, A. Qasim Mohammad Alhamad, M. Al-

Emran, A. Abdel Monem, and K. Shaalan, “Exploring 

students’ acceptance of e-learning through the 

development of a comprehensive technology 

acceptance model,” IEEE Access, vol. 7, pp. 128445–

128462, 2019, doi: 10.1109/ACCESS.2019.2939467. 

[6] H. Toring et al., “Evaluation of students’ satisfaction 

toward an adopted learning management system at 

Indiana Aerospace University: A structural equation 

modelling approach,” Asia Pacific Management 

Review, vol. 28, no. 3, pp. 336–346, Sep. 2023, doi: 

10.1016/j.apmrv.2022.12.002. 

[7] B. Phil Long and G. Siemens, “Penetrating the Fog: 

Analytics in Learning and Education,” 2011. 

[8] C. Chilivumbo, “Mobile E-learning: The choice 

between Responsive/Mobile Websites and Mobile 

Applications for Virtual Learning Environments for 

increasing access to Higher Education in Malawi,” 

2015 IST-Africa Conference, IST-Africa 2015, pp. 1–

15, 2015, doi: 10.1109/ISTAFRICA.2015.7190520. 

[9] D. Susanto, S. Irdoni, and M. U. H. Al Rasyid, 

“Attendance report plugin for E-learning applications 

in PENS: (Based on moodle),” Proceedings - 

International Electronics Symposium on Knowledge 

Creation and Intelligent Computing, IES-KCIC 2017, 

vol. 2017-Janua, pp. 153–160, 2017, doi: 

10.1109/KCIC.2017.8228579. 

[10] N. Ghatasheh, “Knowledge Level Assessment in e-

Learning Systems Using Machine Learning and User 

Activity Analysis,” International Journal of Advanced 

Computer Science and Applications, vol. 6, no. 4, 2015, 

doi: 10.14569/ijacsa.2015.060415. 

[11] D. Susanti, F. C. Wibowo, and D. Avner, “Product 

feasibility study: Development of e-learning media on 

schoology-based in problem based learning model on 

simple harmonious motion materials,” AIP Conf Proc, 

vol. 2320, 2021, doi: 10.1063/5.0037662. 

[12] R. Razzaq and A. Badie, “E-Learning by Using 

Content Management System (CMS),” International 

Journal of Advanced Computer Science and 



 

Andhika, et al 

 

Jurnal KomtekInfo − Vol. 11  Iss. 2 (2023) 49-56  

54 

 

 

Applications, vol. 5, no. 10, pp. 106–111, 2014, doi: 

10.14569/ijacsa.2014.051015. 

[13] O. N, M. Salleh, and N. A., “E-Learning 

Methodologies and Tools,” International Journal of 

Advanced Computer Science and Applications, vol. 3, 

no. 2, pp. 48–52, 2012, doi: 

10.14569/ijacsa.2012.030208. 

[14] M. Uddin, N. Ahmed, and A. Mahmood, “A Learner 

Model for Adaptable e-Learning,” International 

Journal of Advanced Computer Science and 

Applications, vol. 8, no. 6, pp. 139–147, 2017, doi: 

10.14569/ijacsa.2017.080618. 

[15] C. Karagiannidis and D. Sampson, “Layered evaluation 

of adaptive learning systems,” 2004. 

[16] A. Andhika, Manase Sahat H Simarangkir, and Santo 

Wijaya, “E-Learning Mobile Development of Student 

Structured Learning Applications during the 

pandemic,” Jurnal KomtekInfo, pp. 41–48, Jun. 2022, 

doi: 10.35134/komtekinfo.v9i2.272. 

[17] D. R. Marburger, “Does mandatory attendance 

improve student performance?,” Journal of Economic 

Education, vol. 37, no. 2, pp. 148–155, 2006, doi: 

10.3200/JECE.37.2.148-155. 

[18] E. Bowen, T. Price, S. Lloyd, and S. Thomas, 

“Improving the quantity and quality of attendance data 

to enhance student retention,” J Furth High Educ, vol. 

29, no. 4, pp. 375–385, 2005, doi: 

10.1080/03098770500353714. 

[19] N. Putu, “Embed Attitude from Student on Elearning 

Using Instructional Design with ADDIE Model,” 

International Journal of Advanced Computer Science 

and Applications, vol. 6, no. 11, pp. 35–43, 2015, doi: 

10.14569/ijacsa.2015.061105. 

[20] F. Firman, M. A. Muhsin, and G. Goestina, “Online 

Based Learning Management System (LMS) on 

Student Academic Performance,” AL-ISHLAH: Jurnal 

Pendidikan, vol. 13, no. 1, pp. 788–793, Jun. 2021, doi: 

10.35445/alishlah.v13i1.415. 

[21] M. Khalil, P. Prinsloo, and S. Slade, “The use and 

application of learning theory in learning analytics: a 

scoping review,” J Comput High Educ, vol. 35, no. 3, 

pp. 573–594, Dec. 2023, doi: 10.1007/s12528-022-

09340-3. 

[22] A. N. Yumang, D. Padilla, M. Sejera, A. C. U. 

Pajarillo, G. V. L. B. Palmiano, and M. M. F. Racho, 

“Attendance checker for students of Mapúa 

University,” in HNICEM 2017 - 9th International 

Conference on Humanoid, Nanotechnology, 

Information Technology, Communication and Control, 

Environment and Management, 2017, pp. 1–3. doi: 

10.1109/HNICEM.2017.8269558. 

[23] H. Murad and L. Yang, “Personalized e-learning 

recommender system using multimedia data,” 

International Journal of Advanced Computer Science 

and Applications, vol. 9, no. 9, pp. 565–567, 2018, doi: 

10.14569/ijacsa.2018.090971. 

[24] S. Shekapure and D. D. Patil, “Enhanced e-Learning 

experience using case based reasoning methodology,” 

International Journal of Advanced Computer Science 

and Applications, vol. 10, no. 4, pp. 236–241, 2019, 

doi: 10.14569/ijacsa.2019.0100428. 

[25] S. Athi Narayanan, M. R. Kaimal, K. Bijlani, M. 

Prasanth, and K. Sunil Kumar, “Computer vision based 

attentiveness detection methods in E-Learning,” ACM 

International Conference Proceeding Series, vol. 10-

11-Octo, pp. 1–5, 2014, doi: 

10.1145/2660859.2660965. 

[26] O. A. H. Hassan, O. Qtaish, M. Abuhamdeh, and M. A. 

H. Hassan, “A hybrid exam scheduling technique based 

on graph coloring and genetic algorithms targeted 

towards student comfort,” International Journal of 

Advanced Computer Science and Applications, vol. 10, 

no. 3, pp. 503–512, 2019, doi: 

10.14569/IJACSA.2019.0100365. 

[27] A. Rahman and A. Fukuda, “User Interface Design of 

E-Learning System for Functionally Illiterate People,” 

International Journal of Advanced Computer Science 

and Applications, vol. 6, no. 11, pp. 126–134, 2015, 

doi: 10.14569/ijacsa.2015.061118. 

[28] H. Huiting, P. W. C. Prasad, A. Alsadoon, and K. S. 

Bajaj, “Influences of learning styles on learner 

satisfaction in E-learning environment,” 2015 

International Conference and Workshop on Computing 

and Communication, IEMCON 2015, vol. 6, no. 9, pp. 

24–31, 2015, doi: 10.1109/IEMCON.2015.7344511. 

[29] J. A. Larusson and B. White, Eds., Learning Analytics. 

New York, NY: Springer New York, 2014. doi: 

10.1007/978-1-4614-3305-7. 

[30] G. Yun-Feng, “Research on Personalized 

Recommendation System in E-Learning Based 

onSemantic Web,” pp. 1046–1053, 2013, doi: 

10.2991/icmt-13.2013.128. 

  

 

 

 


