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Abstract Technology has revolutionized the education system. Many tools such as 

Learning Management Systems (LMS) were developed to enhance the learning pro-

cess. With this new technology, teachers and universities can explore options oth-

erwise difficult to implement. Keeping students engaged is one of the biggest chal-

lenges that educational institutions face. Students’ motivation, engagement, and 

performance can be affected by using LMS. Strategies like self-regulated learning, 

gamification, and real-time at-risk student detection can be more easily imple-

mented. The analysis of the effects of LMS on learning is made in form of a sys-

tematic literature review (SLR). 33 studies published after 2017 were extracted for 

full-text analysis. 

Keyword LMS, Learning Management System, Education, Student, Motivation, 

Engagement, Performance. 

1 Introduction 

In the last decades, with the appearance of new technologies, all areas of society 

suffered a massive change, including the area of education (Hajar et al., 2021; 

Oguguo et al., 2021; Verawati et al., 2022). To intensify the changes brought to 

education, due to the covid-19 pandemic, online learning was forced and both uni-

versities and teachers had to find a way to improve students’ engagement as the 

interaction between them declined (Ginige & Vanderwall, 2022). Although online 

learning has great accessibility, scalability, and flexibility (Kittur et al., 2022), it 
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also has a big challenge: not increasing the dropout rates since it makes students 

feel burdened and unaided (Husni et al., 2022). Keeping students engaged is es-

sential since engagement is closely related to the motivation to be involved and 

committed (Ustun et al., 2021). It is important for the student to participate, as 

high participation leads to both high engagement and high performance, and it 

leads to high levels of learning (Avcı & Ergün, 2022). 

Learning management systems (LMS) are essential for the good functioning of 

online learning (Prabowo et al., 2022). At first, LMSs were simple web pages that 

contained information about the syllabus, today, they are more sophisticated and 

enable communication between students and teachers as well as objective assess-

ment and analysis of students’ performance (Zhang et al., 2020). They can provide 

greater insight into how students study and learn (Avcı & Ergün, 2022), foster bet-

ter communication between students and teachers, and establish more beneficial 

academic goals (Oguguo et al., 2021). 

Learning analytics is a promising area of research that supports teaching and 

learning. It is especially used with LMS since they generate enormous amounts of 

data (Ismail et al., 2021; Maraza-Quispe et al., 2021) that may affect students’ de-

velopment and effectiveness (Kittur et al., 2022). The use of LMS with the help of 

learning analytics provides countless opportunities to enhance students’ perfor-

mance (Fernando Raguro et al., 2022). Even though learning analytics is still in 

the early steps (Chen & Cui, 2020; Ismail et al., 2021), it gives countless opportu-

nities to address previous problems associated with the use of online learning and 

LMS platforms such as the lack of engagement, the increasing drop-out ratios, and 

the lack of motivation (Fahd et al., 2021; Husni et al., 2022; Liz-Dominguez et al., 

2022), and helps synthesize students’ feedback (Winstone et al., 2021) as well as 

teachers to track and plan around students’ needs through predictive models that 

can identify the need for interventions during the learning process (Tamada et al., 

2021). 

This paper aims to do a systematic literature review of how LMS can affect stu-

dents’ performance, motivation, and engagement including an analysis of possible 

solutions to better enhance students’ learning experience and solve many problems 

in online learning. 

The remainder of this paper is structured as follows: Section 2 provides a de-

scription of the theoretical background. Section 3 explores the methodology used 

in this paper. Section 4 reports on the findings of the review. Finally, Section 5 

presents the conclusions and a discussion on the limitations of this review. 

2 Theoretical background 

LMSs are web-based applications that provide students and teachers tools to 

help with students’ learning, including course materials, forums, and quizzes. It 

can also be used for students to deliver assignments and for teachers to evaluate 

them and record their grades (Chen & Cui, 2020). LMSs have also been referred 
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to as learning platforms, distributed learning systems, course management sys-

tems, and instructional management systems (Oguguo et al., 2021). LMSs are 

mainly used as an application for students to access materials for lectures, discus-

sions, and assessments in addition to facilitating interactions between teachers and 

students online (Oguguo et al., 2021). In addition, LMSs can use plug-ins or add-

ons to benefit from data generated by students’ use. Fig. 2.1 showcases, through a 

conceptual model, several possible interactions between students and teachers 

while using the LMSs, as well as the possibility to store data generated from the 

said interactions in their database. 

Some examples of popular LMSs used by universities are Moodle, Blackboard, 

WebCT, Canvas, Schoology, Edmodo, ATutor, Chisimba, and others (Sanusi et 

al., 2019; Zhang et al., 2020). 

 
Fig. 2.1. LMS Conceptual Model 
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3 Methodology 

The methodology used in this paper was the Systematic Literature Review 

(SLR). Fig. 3.1 showcases the phases of development of this SLR, based on the 

guidelines set by Kitchenham (2004). 

 
Fig. 3.1. Phases of the SLR 

3.1 Identification of the need for a review 

Nowadays, LMSs are essential for the educational sector since they remove 

some boundaries of traditional learning, such as time and space (Ustun et al., 

2021), while opening the door to other types of learning such as online learning 

(Prabowo et al., 2022). With the use of the LMS teachers can have a deeper in-

sight into the learning paths of students (Avcı & Ergün, 2022). The amount of data 

that one produces while using an LMS is significant and it can be used to improve 

the learning process (Fernando Raguro et al., 2022; Ismail et al., 2021; Maraza-

Quispe et al., 2021). However, the effective use of data mining in the educational 

sector is still at an early stage (Ismail et al., 2021). 

Emotions are important in learning and teaching (Bulut Özek, 2018). Their moti-

vation and engagement usually are related to academic performance (Avcı & 

Ergün, 2022; Ustun et al., 2021). 

Therefore, this study aims to identify how can the use of LMSs affect the moti-

vation, engagement, and performance of students. 
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3.2 Objective of the review 

This paper's main objective is to answer the following research question: 

RQ. How can the use of LMSs impact students’ motivation, engagement, and 

performance? 

3.3 Review Protocol 

Following the theme of this paper, in order to answer the research question, the 

following search string was identified: 

(“LMS” OR “Learning Management System”) AND “Student” AND (“Motiva-

tion” OR “Engagement” OR “Performance”). 

 

Table 3.1. Description of inclusive and exclusive criteria 

Inclusive Criteria 

Scientific papers in conferences or journals 

Written in English 

Full-text availability 

Published after 2017 

 

Exclusion Criteria 

Nonscientific papers 

Not written in English 

Full-text not available 

Published before 2017 

 

 

3.4 Search Strategy and Study Selection 

For the study selection, done in October of 2022, it was chosen the database 

Scopus. For the first filter, it was applied an automatic filter of the title, abstract, 

and keywords. In the second filter, it was also applied an automatic filter of the ti-

tle. At last, the third filter was a manual filter of the studies considering the set of 

inclusive and exclusive criteria displayed in Table 3.2. For the studies to be a part 

of the analysis they had to follow some criteria. They must be in English, the pub-

lishing year must be after 2017, they must be from either a conference paper or an 

article, and they had to be accessible. 

The study selection resulted in 33 relevant studies for analysis. 
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Table 3.2. Stages of the Studies Selection Process 

Database Initial 1st Filter 2nd Filter 3rd Filter 

Scopus 15216 1924 57 33 

 

3.5 Analysis of The Literature 

In the end, after the selection process was conducted, the sample comprises 33 studies. The 

studies were analyzed to summarize information and to answer the research question. 

 
Fig 3.2. Distribution of the selected articles by year 

 
Fig 3.3. Distribution of selected journal and conference articles. 

Even though there was a date criterion for collecting articles after 2017, the arti-

cles present in the sample that were published in the last two years are 18 out of 

the 33 total studies, see Fig. 3.2 (note that 2022 only reflects the studies published 

until October, when this research was conducted). Of the 33 studies 23 of them are 

published in journals, representing around 70% of the studies (see Fig. 3.3). 
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4 Conducting the Review 

This section presents a summarization of the extracted data and discusses the 

findings of the SLR. 

4.1 Summarization of Extracted Data 

The analysis of the sample of studies enabled the identification of six main 

themes: Motivation, Engagement, Performance, Predictive Models, Gamification, 

and LMS Data Analysis. Table 4.1 illustrates the distribution of studies along the 

six main themes identified. 

Table 4.1. References for Each Theme Identified. 

Themes Studies References Total 

Motivation 

 Barua et al. (2019); Bulut Özek (2018); Ginige & 

Vanderwall (2022); Husni et al. (2022); Ismail et al. 

(2021); Kittur et al. (2022); Saputro et al. (2019) 

Ustun et al. (2021) 

8 

Engagement 

 Avcı & Ergün (2022); Barua et al. (2019); Fernando 

Raguro et al. (2022); Ginige & Vanderwall (2022); 

Henrie et al. (2018); Husni et al. (2022); Ismail et al. 

(2021); Kittur et al. (2022); Mckay & Young (2017); 

Nizam Ismail et al. (2019); Prabowo et al. (2022); 

Sanusi et al. (2019); Saputro et al. (2019); Swart 

(2017); Tamada et al. (2021); Ustun et al. (2021); 

Winstone et al. (2021) 

17 

Performance 

 Avcı & Ergün (2022); Chen & Cui (2020); Conijn et 

al. (2017); Fahd et al. (2021); Hajar et al. (2021); 

Liz-Dominguez et al. (2022); Maraza-Quispe et al. 

(2021); Mckay & Young (2017); Mwalumbwe & 

Mtebe (2017); Oguguo et al. (2021); Prestiadi et al. 

(2021); Riestra-González et al. (2021); Shayan & van 

Zaanen (2019); Smarr & Schirmer (2018); Tamada et 

al. (2021); Verawati et al. (2022); Zhang et al. (2020) 

17 

Predictive Models 

 Chen & Cui (2020); Conijn et al. (2017); Fahd et al. 

(2021); Fernando Raguro et al. (2022); Liu et al. 

(2020); Liz-Dominguez et al. (2022); Maraza-Quispe 

et al. (2021); Riestra-González et al. (2021); Shayan 

& van Zaanen (2019); Tamada et al. (2021); Zhang et 

al. (2020) 

12 
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Gamification  Prabowo et al. (2022); Saputro et al. (2019) 2 

LMS Data Analysis 

 Avcı & Ergün (2022); Barua et al. (2019); Bulut 

Özek (2018); Chen & Cui (2020); Conijn et al. 

(2017); Fahd et al. (2021); Fernando Raguro et al. 

(2022); Hajar et al. (2021); Henrie et al. (2018); 

Husni et al. (2022); Ismail et al. (2021); Kittur et al. 

(2022); Liu et al. (2020); Liz-Dominguez et al. 

(2022); Maraza-Quispe et al. (2021); Mckay & 

Young (2017); Mwalumbwe & Mtebe (2017); Nizam 

Ismail et al. (2019); Prestiadi et al. (2021); Riestra-

González et al. (2021); Sanusi et al. (2019); Shayan 

& van Zaanen (2019); Smarr & Schirmer (2018); 

Swart (2017); Tamada et al. (2021); Ustun et al. 

(2021); Verawati et al. (2022); Winstone et al. 

(2021); Zhang et al. (2020) 

29 

 

4.2 Report of the Findings 

RQ. How can the use of LMSs impact students’ motivation, engagement, and 

performance? 

Nowadays the use of LMS is essential for online learning to work (Prabowo et 

al., 2022) but also for traditional learning (Ustun et al., 2021) and blended learning 

(both online and face-to-face) (Sanusi et al., 2019). It offers possibilities to solve 

problems found in learning, such as rising dropout rates, declining motivation, and 

engagement, and, subsequently, declining performance/learning success (Avcı & 

Ergün, 2022; Ginige & Vanderwall, 2022; Tamada et al., 2021; Ustun et al., 

2021). According to  Husni et al. (2022), the adoption of a LMS has a positive ef-

fect on the motivation, performance, and cognitive retention of students. 

Based on Table 4.1, LMS offers the ability to examine data produced by stu-

dents’ digital footprints. As students participate in the learning process, the LMS 

gathers data about their learning process, which can be used to gain a deeper un-

derstanding of students’ engagement and motivation, as well as predict their learn-

ing outcomes and performance. 

Learning Analytics is another opportunity that LMS offers (Liz-Dominguez et 

al., 2022). The data generated by students’ use of LMS platforms can be used to 

get more insight into their learning process and learning path. For instance, 

Oguguo et al. (2021) were able to identify that gender is not a significant factor in 

the use of LMS platforms; Avcı & Ergün (2022) found that students with high par-

ticipation had both higher performance and higher engagement; and Liz-
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Dominguez et al. (2022) identified that various factors impact students learning 

outcome, from the retaking of the course to the course syllabus. The information 

must be extracted as quickly as feasible from the learning process to have a better 

understanding of it and to be able to act upon it (Maraza-Quispe et al., 2021). 

Educational Data Mining consists of the application of artificial intelligence and 

machine learning making it possible by extracting data from the LMS. Predictive 

models were developed with the primary goal of predicting student performance. 

The predictions were developed using an analysis of students’ log data while using 

LMS that consisted of students’ participation and engagement throughout the 

learning process, for example, the participation on quizzes, exercises, forums, and 

so on. The use of this predictive model allows teachers to identify at-risk students 

and make an intervention to improve their performance (Tamada et al., 2021). 

As shown in Table 4.1, several studies were conducted with a performance pre-

dictive model. Chen & Cui, (2020) identified that the best features to use are dif-

ferent in each course taking and it should be personalized according to the sylla-

bus content. Mwalumbwe & Mtebe (2017) shows that peer interaction and forum 

posts have a significant effect on students’ performance in Applied Biology 

courses but when analyzed in the Service and Installation IIT course, exercises 

and forum posts had a greater impact. 

Overall, the various studies that used a performance predictive model arrived at 

satisfactory results. Most of the studies that predict students’ performance found 

an accuracy between 75-85% (Fahd et al., 2021; Fernando Raguro et al., 2022), 

and some reached higher results reaching above 90% of accuracy (Liu et al., 2020; 

Maraza-Quispe et al., 2021; Riestra-González et al., 2021). Zhang et al. (2020) 

found that between the features File Usage, Forum Usage, Links Usage, and As-

signment Uploads, File Usage was the feature that had a higher correlation with 

grades. 

Tamada et al. (2021) made an early prediction model using Moodle log data that 

attempted to predict if students will fail at 20%, 40%, and 60% of course comple-

tion, providing the potential for early identification of students at risk of failing. 

Additionally, it was demonstrated that tree-based algorithms had a better perfor-

mance in these predictions, meaning that it is easier to interpret the results as well 

as comprehend why students end up failing or dropping out. It was found that the 

student's involvement and participation in the learning process, i.e., whether they 

participate in the assignments, exercises, and quizzes, has the biggest influence on 

their achievement. 

Furthermore, Fahd et al. (2021) concluded that real-time identification of at-risk 

students through their interactions on the LMS platform works in a practical learn-

ing environment. Therefore, predictive models may be a viable way to address po-

tential issues and provide students with a more personalized learning experience. 

According to Ustun et al. (2021), students’ engagement is related to their moti-

vation of staying committed to the course along with their feeling of belonging to 

a community. Furthermore, they need to be comfortable with using LMS to take 

advantage of it, otherwise, they do not use all the possible functionalities availa-

ble. This idea is emphasized by Bulut Özek (2018) that considers learning and 

teaching emotional processes, i.e., emotions take an important part in the learning 

process. 
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Gamification is one of the possible solutions to improve students’ motivation 

and engagement (Prabowo et al., 2022). Saputro et al. (2019) compared two 

groups of students, one that used a gamified LMS platform and the other that used 

an LMS platform without the gamification framework. The result was that the 

group of students that used the gamified LMS platform had better results and a 

higher success rate. The study concluded that gamification is indeed one of the 

possible solutions allowed by LMSs to improve students’ learning. The principles 

of gamification might also develop self-regulated strategies, as the establishment 

of goals and increased motivation leads to the use of self-regulated strategies. 

Chen & Cui (2020) identifies that LMS can also improve students’ engagement 

by influencing them to use self-regulated learning strategies. A student’s self-reg-

ulated learning process consists of the clarification of tasks, setting goals and mak-

ing plans, adopting strategies to complete the goals and plans, and making an eval-

uation of the results that the previous steps generated. The communication be-

tween students and teachers might be enhanced using an LMS, as well as the 

availability of more learning resources, enabling them to attain better learning out-

comes. High participation is directly connected with students’ engagement, so the 

implementation of activities during the learning process of the student is essential 

for their success (Avcı & Ergün, 2022). Hence students need to be stimulated by 

interesting learning contexts and resources. Moreover, Swart, (2017) found that 

the students who completed at least 50% of online reflective self-assessments had 

better results, with 100% of the students passing in 2014 and 91% in 2015. Stu-

dents that completed less than 50% of the online reflective self-assessments had 

the worst results, having a 78% success rate in 2014 and 50% in 2015. 

Kittur et al. (2022) analyzed the time spent by students on the LMS platforms. 

The time they spent doing quizzes, assignments, discussions, and forums among 

others, with the objective of observing how the times changed during the duration 

of the course. They proposed three levels of engagement, “High”, “Med”, and 

“Low” and identified that the number of students that reached “High” levels of en-

gagement did not happen as often as the other two, so it was not a good indicator 

to see if the student would fail or dropout or complete the course. Despite that, the 

use of “Med” and “Low” levels of engagement proved to be a good indicator of 

completion of the course, and of identifying if the students were at risk of drop-

ping out or failing the course so teachers could be able to intervene. 

According to Winstone et al. (2021) feedback makes planning and tracking eas-

ier for students, but usually, it is not given satisfactorily. Students often find it 

hard to understand its meaning and it leads to not acting upon it. While this is not 

a problem directly connected to LMS, it provides a couple of tools to help solve it. 

It enables students to access all the feedback synthesized, in addition to facilitating 

planning. 

The time in which students work on their learning process is also important. Not 

so much the time of the day they start it, but the students’ social jet lag. Social jet 

lag is the difference between when a student starts the learning process and their 

individual circadian rhythm. Smarr & Schirmer (2018) found that social jet lag is 

correlated with the performance of students, for instance, night owls (students that 

work in later stages of the day) usually have an increased social jet lag. The time 
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of the day they worked on the learning process during class days and non-class 

days had the biggest difference out of all the other students. 

Ismail et al. (2021) identified that there are factors that greatly impact the en-

gagement of students during the use of LMS. They are the involvement of the 

teacher, the design of the LMS: the behavior of the student; the design of the 

learning; the self-motivation and motivation level of the student; the monitoring 

made during the learning process; the learning resources, and the student satisfac-

tion towards the LMS. It also identified the disadvantages of using LMS. The ma-

jor drawback is that the LMS does not record students’ emotions or struggles dur-

ing the learning process. The inability to use the LMS to its full extent leaves both 

teachers and students confused concerning its functionalities and issues like stu-

dents’ procrastination might happen; for example, students may wait until the 

deadline to deliver the assignments and exercises. The only way found in the stud-

ies to interpret students’ emotions during the learning process is by using 

webcams to detect them (Bulut Özek, 2018), which only works in online classes, 

with webcams turned on. 

Furthermore, learning actions like forums and quizzes help students keep their 

engagement throughout the whole learning process. The capability of interacting 

with other students and to keep testing their knowledge at any time enables stu-

dents with self-regulated learning skills to improve their learning outcomes. In ad-

dition, virtual simulation can be used on the LMS platforms to improve engage-

ment and performance, especially in science, technology, engineering, and mathe-

matics courses (Verawati et al., 2022). 

For LMSs to work, it is essential to adopt strategies like gamification and self-

regulated strategies to maintain or increase the motivation and engagement of stu-

dents. One factor mentioned in all the selected studies is that learning comes from 

the student. The LMS can enhance it and help apply strategies to maintain and im-

prove engagement, but in the end, success comes from the students. 

5 Conclusion 

The development of LMSs changed the educational sector. The implications of 

the use of LMSs on students' learning processes are discussed in this SLR. To this 

end, 33 articles published since 2017 were analyzed. 

It was identified that the LMS is a tool that offers many opportunities to improve 

students’ learning. It enables the use of self-regulated learning strategies, gamifi-

cation, artificial intelligence, and learning analytics, directly impacting the motiva-

tion, engagement, and performance of students. 

A LMS needs to be well-designed to keep both students and teachers motivated 

to use it. It also needs to be designed with its use in mind, i.e., teachers and stu-

dents need to know how to use it to its full potential. It is also important to recog-
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nize that depending on the course, different types of learning content or methodol-

ogies might be useful as well as the most important features for performance pre-

dictions. 

It was also recognized that even though LMS facilitates the improvement of stu-

dents’ motivation, engagement, and performance, it ultimately depends on both 

teachers and students. The quality of the teaching and learning materials is an im-

portant factor to keep students engaged in the learning process. 

Reflecting on the limitations of this study, although the SLR methodology was 

followed, only articles from one database were selected, which may have intro-

duced biases. 

One aspect that deserves further investigation is related to the evaluation of stu-

dent performance. In the selected studies, performance is often based on students’ 

final grades and whether they failed or passed the unit course. It does not reflect 

what the learning outcome was, nor what information the students learned. It 

might be interesting to look at the actual learning of the students instead of their 

grades. 
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