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Abstract—E-learning is considered a leading application of digital technol-
ogies in educational systems. The aim of the paper is to explore the utilization
and impact of digital technologies on an e-learning platform. For this purpose,
research was conducted at the Moodle learning management system. Data from
the e-learning platform were empirically evaluated in order to find key indica-
tors of student performance in different courses. Student success with the e-
learning system was evaluated using a mixed-method: Social Network Analysis,
K-Means Clustering, and Multiple Linear Regression. The research was con-
ducted at the University of Novi Sad, Faculty of Technical Sciences, Serbia.
The results indicate a significant relationship between the performance of stu-
dents and the use of digital educational resources from the e-learning platform.

Keywords—Moodle Learning Management System, E-learning, Social Net-
work Analysis, student performance.

1 Introduction

The application of new technologies (i.e. e-learning) has recorded growth in recent
years [1]. Electronic learning environment provides meaningful contexts that combine
skills and knowledge which are available to students [2]. Researchers have also stated
that students consistently scored higher grades and higher knowledge level with
online tools than with the face-to-face teaching [1]-[3]. McKnight et al. [4] argue that
higher education institutions need to develop a strategy if willing to move from tradi-
tional towards e-learning. For this process, two aspects need to be considered — the
observation of student performance on an e-learning platform, and the satisfaction of
students [4]. Social Network Analysis (SNA) is one of the emerging fields of research
for extracting useful information from social network data (i.e. e-learning platforms)
[5]. For the research presented in this paper, a two-mode network was used, where
nodes are students and ties are the frequency of resources usage by students. To ad-
dress this network, the following model has been proposed in Figure 1 [6].
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Fig. 1. Connections between students via resources on the e-learning platform [6]

In this paper, authors present research on the application of the SNA method in a
Learning Management System (i.e. Moodle). The research was conducted in two
courses with 42 students at the study programs of Engineering Management and En-
gineering of Information Systems at the University of Novi Sad, Serbia. This study
measured the relationship between student performance and the frequency of use of
educational resources from the e-learning platform. Additionally, authors conducted
K-means clustering based upon resource views and achieved student scores, and test-
ed the predictability of student success using multiple linear regression.

2 Literature Review

More recently, with the development of new technologies and availability of the in-
ternet, teaching and learning have been drastically transformed from the traditional
model to the model where students have access to a wide variety of resources online
[7][8], [9]. In the last decade, a real need has been recognized for a more comprehen-
sive definition, measurement and comparison of student performance when using
traditional methods and when using e-learning methods [10][11][12]. In one study,
students achieved significantly better results with homework based on web technolo-
gies than with paper-and-pencil homework [13]. Moreover, research findings showed
that students that used Integrating Interactive Whiteboard in their teaching groups had
higher scores than groups that used traditional projectors and projection screen during
class [14]. However, Morgan et al. [15] provide persuasive evidence that graduates of
online accounting programs, on average, have significantly lower six-year average
graduation rates than the students that take identical accounting programs set face-to-
face. Moreover, early analysis highlights a collection of digital disjuncture and disrup-
tions that range from low-level annoyances to more substantial interruptions and ob-
stacles in an e-learning environment [16] [17]-[19]. In Turkey, members of the scien-
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tific community intend to use e-learning technologies mainly to improve their effi-
ciency of teaching since it has the strongest direct effect on student performance [20].
In an e-learning environment, student engagement and use of resources in learning
activities is a crucial requirement for excellent performance [21], [22]. Hence, the
following research question was proposed

RQ1: What is the relationship between student success and use of resources
on the e-learning platform in different courses?

In recent years, the major challenge for every teacher, besides student performance
on the e-learning platform, is the question how centrality in a learning network affects
the success of students [6]-[16]. Prior study found that students with high centrality
are the most active, prestigious, powerful, and more visible than marginal students in
the network [24]. Rizzuto [25] assumed that more centrally situated learners tend to
get higher final grades. However, Dowell [26] presented that students with high per-
formance and those with central positions in the network are not necessarily the same
individuals. Hence, the following research question was proposed

RQ2: How much is centrality in a network in correlation with student suc-
cess?

If administrators would like to give a suitable content for particular students, they
need to make classification and clustering based on the students’ characteristics [26].
Authors have used K-Means clustering in their research to classify students’ learning
activities using e-learning, so as to show clusters of sudents’ activities and improve
student performance [27]. Previous studies [28], [29] investigated the application of
clustering techniques to find groups of students with similar preferences, according to
which students focus on different types of information and show different perfor-
mances in an educational process. Clustering in higher education is used for classify-
ing students by their academic performance [30]. Hence, the following research ques-
tion was proposed

RQ3: Do students with similar performance form the same cluster?

3 Methodology

3.1 Data collection

The full sample comprised 42 students from two courses: E-business at the Engi-
neering of Information Systems (EIS) study program and E-business at the Engineer-
ing Management (EM) study program. To present the interdependent relationship
between the learner’s success and use of resources on the e-learning platform, the
authors used direct observation for a collection of data [21], [31]. In this study, binary
forms of the data are presented. The binary data describe whether a student did (+1) or
did not (0) use educational resources from a specific section of the course. For exam-
ple, in the course of E-Business at the Engineering Management, each section speci-
fies its starting number (e.g. R1, R2, R3 to R9) and digital educational resources with-
in the section are marked with R11, R12, R13, R14, R21, R22, R23, R24, R31 and to
R94. The course E-business in the LMS consists of 9 sections and 4 resources in eve-
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ry section. Therefore, 36 educational resources are presented in this instance. For
example, R31 represents the first resource from the third section, and R92 represents
the second resource from the ninth section. The number of students included in this
course was 22. Students in this course were labeled with a combination of letters and
numbers ranging from S1 to S22. A sociogram was used to view the collected data in
the SNA method. Table 1 shows the shortened review of the sociogram derived from
the experiment.

Table 1. Sociogram in the E-business course at the Engineering Management

R1.1 R1.2 R1.3 R1.4 R2.1 R2.2 R2.3 R9.4
S1 1 1 1 1 1 1 1 1 1
S2 1 1 1 1 1 1 1 0 0
S3 1 1 1 1 0 1 1 1 1
S4 1 1 1 1 1 1 1 1 1
S5 0 0 0 0 0 0 1 0 0
1 1 1 1 1 1 1 1 0
S22 1 1 1 0 1 1 1 0 0

Given a set of actors or nodes, the full network method (e.g. E-business at the
EIS) and the snowball method (e.g. E-business at the EM) of data collection were
used in this research. The full network method approach yields the maximum of in-
formation [32]. This method requires collecting information about each actor's ties
with all other actors [32]. The snowball method begins with a focal actor or set of
actors [32]. Each of these actors is asked to name some or all of their ties to other
actors [32].

3.2 Data analysis

This paper presents a study for measuring the success of students on the e-learning
platform. The focus is on developing student performance through e-learning systems
by using a multimethod approach—a combination of social network analysis, K-
means clustering and tests on predictability of the relation between the number of
resource views and the overall score of students using multiple linear regression. The
latter two methods address RQ1 and RQ3 and the SNA approach addresses RQ1 and
RQ2.

According to the literature [33], [34], the SNA method is highly used in the re-
search related to e-learning. An early study found that SNA reveals the students with
the greatest influence and also those students who are isolated or those who assume
roles of mediators within the group [35]. This is important since it provides students
who attend the same course with valuable information about their roles and how these
roles affect their performance. With this in mind, they can conduct analysis on how
they can achieve better performance and greater success [34]. There are many differ-
ent types of social networks that can be studied. This case has two sets of actors; the
first set are students and the second set are resources. With two-mode data, research-
ers can examine how macro-structures (e.g. e-learning platforms) affect interactions
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among students [6]. Furthermore, the tools of two-mode analysis could be applied to
LMS data to see if students can be classified according to similarity in their use of
resources, simultaneously with classifying network images in terms of the success of
those who use the same resources [6]. In this paper, the researchers create a data set of
student-by-student ties, measuring the strength of the tie between each pair of students
by the frequency of use of the same learning resource. Eigenvector centrality and
node-level regression between eigenvector centrality and student success will be
measured on the networks.

K-Means and linear regression as methods of prediction and evaluation of student
performance have already been well-established [36]. Previous studies [37] analyzed
student performance using K-Means and the deterministic model. The results of the
analysis have been used as assistance in academic planning for evaluation of student
performance during specific semesters and steps that need to be taken to improve
student performance with the next batch of students. Borgavakar and Shrivastava [30]
used K-Means clustering to analyze and evaluate student performance on the basis of
class test, mid test and final test. In this way, they tried to prevent students from fail-
ing the final exam. In this research K-Means was used to check whether groups of
students can be distinguished based upon the resource usage and overall achieved
score in the course. This method offers the answer to RQ3.

Linear regression models represent a common method of confirming model as-
sumptions. For instance, prior research used multiple linear regression to successfully
validate a proposed framework to administer the prediction of student academic per-
formance [37]. Another study used a regression model that bases the prediction of
student performance on several tasks assigned throughout the duration of a course
[38]. In this study we developed a linear regression model based on usage of the as-
signed online learning resources and measured its quality by classification and regres-
sion coefficients. We used the insights from this endeavor to answer the RQ1.

4 Results

The results of the research were analyzed using the SNA method in UCINET [39]
program to examine the data and generate the graph. The K-Means and linear regres-
sion analysis were conducted by means of the Python “scipy* and “sklearn* toolkit

[T3N13

and using some additional packages such as “pandas®, “numpy* and ,,seaborn”.

4.1  SNA analysis

Figures 2 and 3 depict the student network in the courses of E-business at the EM
study program and E-business at the EM IS study program. In Figure 2, red circles
represent students, and blue squares represent educational resources in the E-business
course (EM).
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Fig. 2. Social network between students and resources in the E- business EM course
It should be noted that student S10 is disconnected from the network since this stu-
dent does not use any educational resources. Table 2 presents Eigenvector centrality

in the student network in the E-business EM course.

Table 2. Eigenvector centrality of E-Business at the Engineering Management

Student Eigenvector Student Eigenvector

S1 0.22 S12 0.206
S2 0.286 S13 0.27

S3 0.263 S14 0.241
S4 0.252 S15 0.279
S5 0.046 S16 0.168
S6 0.223 S17 0.164
S7 0.219 S18 0.187
S8 0.231 S19 0.16

S9 0.264 S20 0.242
S10 0 S21 0.217
S11 0.1 S22 0.181

Students ‘grades are presented in Table 3. Their identities are hidden and labeled.
Students with fewer than 50 points failed the exam (i.e. S5 and S11). Students with
more than 50 points passed the exam (i.e. 51 - 60 points achieved grade 6, 61 - 70
grade 7, 71 - 80 grade 8, 81 - 90 grade 9 and 91 - 100 grade 10).
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Table 3. Grades of students in the E-Business EM course

Student Grade
S11, S5 0-50
S17, S10 51-60
S7,S19, S14, S21 61-70
S2,S12, S6,S18 71-80
S1, S9, S3, S22, S20 81-90
S4,S16, S8, S13, S15 91 - 100

The authors measured node-level regression between eigenvector centrality and
student achievements. They obtained a R2 value of 0.51 for *0.001, indicating a
strong positive correlation between the two metrics. Figure 3 depicts the student net-
work in the E- business EIS course. In Figure 3, red circles represent students, and
blue squares represent educational resources in the E- business EIS course.

Fig. 3. Social network between students and resources in the E-business EIS course

It should be noted that the educational resource R64 is disconnected from the net-
work since this resource was unreachable to students. Table 5 presents Eigenvector
centrality in the student network in the E-business EIS course.
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Table 4. Eigenvector centrality in the E-business EIS course

Student Eigenvector Student Eigenvector
S1 0.143 S11 0.255
S2 0.202 S12 0.259
S3 0.267 S13 0.202
S4 0.219 S14 0.252
S5 0.257 S15 0.241
S6 0.187 S16 0.23
S7 0.246 S17 0.143
S8 0.057 S18 0.263
S9 0.246 S19 0.239
S10 0.216 S20 0.232

Students‘grades are presented in Table 5. Their identities are hidden and labeled.

Table 5. Grades of students of E-business at the EIS course

Student Grade
S8, S17 0-50
S1, S6 51-60
S2,S10 61-70
S20 71-80
S13, S16, S19 81-90
S3, S14, S12, S7, S15, S9, S5, S11, S4, S18 91 - 100

The authors measured node-level regression between eigenvector centrality and
student achievements. They obtained a R2 value of 0.80 for *0.001, indicating a
strong positive correlation between the two metrics.

4.2

K-Means trend analysis

Authors ran the K-Means on two available data sets in order to check how student
scores cluster based on resource views in LMS. For this purpose, authors determined
the optimal number of clusters using the”Elbow method®. Further subsections de-
scribe the findings for data sets.

Figure 4 shows the” Elbow method “estimation for the data from the course on E-
business EM. Authors can see that the distortion in five clusters is acceptably low,
slightly higher than 10%.
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Fig. 4. Elbow method results for the E-business EM course data

Taking the five clusters as the basis for the K-Means leads to the following results
regarding the data from the E-business course (see Figure 5.). The clusters are clearly
distinguishable and spread along the views/score space. They can be distinguished
through different colours: blue, yellow, green, purple and light green. The blue cluster
represents the students who did not pass the exam. In other four clusters, we can see
nearly linear spread trend depending on the number of views. The trend shows that
the more the views, the higher the score with two outliers S2 and S10.
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Fig. 5. K-Means clustering results for the E-business EM course data
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We pursued the same approach regarding the”Elbow method” in the course on E-
business — EIS. Figure 6 shows the results for this course. Moreover, the choice of
five clusters here seems to be a good choice for K-Means clustering.

3.5
25 1
- 3.0
20 1 + 2.5
$
§ 15 4 2.0
[}
- 1.5
10
- 1.0
5 - 0.5
1 2 3 a4 s 6 1 8 9 Loo

views

Fig. 6. Elbow method results for the E-business EIS course data

Moreover, in this case the clusters are clearly distinguishable and spread along the
views/score space (see Figure 7). They can be distinguished through different colours:
blue, yellow, green, purple and light green. The blue cluster members S8 and S17
represent the students who did not pass the exam. In other four clusters we can see a
nearly linear spread trend depending on the number of views. Apparently, the trend
shows that the number of views correlated with score. The outliers are S2, S12 and
S13.
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Fig. 7. K-Means clustering results for the E-business EIS course data
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4.3  Predictability with linear regression

Furthermore, authors had observed, through K-Means clustering, a trend that there
might be linear dependence of the student performance on resource views, we con-
ducted further analysis and observations in order to try to develop a reliable prediction
model using the linear regression model based on the data we had. As input we used
the matrix containing view count numbers per student and individual resources, and
as prediction output, we used students ‘scores. Quality values of the model in each of
the two courses were: precision, recall/accuracy and Fl-score, and R2 for the tested
model.

Table 6 shows the average values of classification coefficients for the E-business
EM course: Precision, Recall/Accuracy and F-measures as well as regression coeffi-
cient R2. Strong classification coefficients lie around the threshold of 0.7. R2 as re-
gression coefficient is 0.9994467 which indicates that the model performs very well.

Table 6. Classification and regression coefficients for the E-business EM course data

Precision Recall/Accuracy F1 -score R?
0.73 0.68 0.70 0.9994467

Table 7 shows the average values of classification coefficients for the E-business
EIS course: Precision, Recall/Accuracy and F-measure as well as regression coeffi-
cient R2. Here, strong classification coefficients lie around the threshold of 0.68.
Also, the R2 as regression coefficient which amounts to 0.9989538 performs very
well.

Table 7. Classification and regression coefficients for the E-business EIS course data

Precision Recall/ Accuracy F1 —score R?
0.78 0.6 0.65 0.9989538

5 Discussion

The results of the presented study will be analyzed in the following order: for RQ1
based on Figures 2 and 3 and Tables 2-7; for RQ2 based on Tables 2 and 4 and node-
level regressions; and for RQ3 based on Figures 4-7.

RQI was: What is the relationship between student success and use of resources on
the e-learning platform in different courses? For different courses there are different
types of network. For instance, for two E-business courses, networks are strong and
only one node is not in the network. Furthermore, 9% of students from the E-business
course at the EM failed the exam, 10% of students from the E-business course at the
EIS failed the exam. Addressing the RQ1 from the perspective of the predictability
experiments conducted on collected data in the two courses and described in section
4.3, it can be said that the prediction model based on resource views counts in the
LMS verified the existence of linear dependence between the resource views and
student performance expressed through the overall score. This was measured by clas-
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sification and regression coefficients. In the case of E-business EM course, there is
quite high precision of 0.73, high accuracy of 0.68 and a very good F1-score of 0.7.
The regression coefficient R2 is also very high with 0.9994467. Moreover, in the case
of E-business EIS course, there is high precision of 0.78, and notable accuracy of 0.6
as well as a very good Fl-score of 0.65. The regression coefficient R2 is also very
high with 0.9989538. Furthermore, in this case, this could be due to the number of
samples. The linear relationship, however, is not neglectable. Answering the RQl1
based on the presented findings, it can be said that they confirm the strong correlation
between student success and use of resources, indicated through the view counts of
resources in the LMS.

RQ2 was: How much is centrality in a network in correlation with student success?
The majority of the centrality concepts in graph theory and SNA discuss the most
important vertices within a graph [40]. A very usual and very useful approach to two-
mode data is to convert them into two one-mode data sets, and examine relations
within each mode separately [6], [32]. To discuss the results, the authors applied this
approach. Prior study presented that eigenvector centrality can be interpreted recur-
sively as positioning that the centrality of each vertex is equal to the sum of the cen-
trality of its neighbors [6], [23]. Moreover, they show that we can envision eigenvec-
tor centrality as reflecting the equilibrium outcome of a social process in which each
individual sends some power [41]. Furthermore, Besse [42] stated that eigenvector
centrality has relations with the social learning network analysis for identifying col-
laborative work inside Moodle environment. In accordance with previous studies, the
authors presented node-level regression between eigenvector centrality and students
‘grades in the courses. The authors obtained R2 values of 0.51, 0.80 and 0.81 for the
courses E-business EM, E-business EIS and Project Cost Management respectively,
for p<0.001. All courses indicate a strong positive correlation between the position in
the network and student success. The paper confirms that the position in the network
has a positive effect on student performance, like in previous studies [23].

RQ3 was addressed in section 4.2 in K-Means trend analysis. Based upon distribu-
tion of scores and using the “Elbow method “which is a method for interpretation and
validation of consistency within cluster analysis, it is designed to help to find the
appropriate number of clusters in a dataset. In our observations we detected that the
number of five clusters for all course data sets represents a reasonable choice accord-
ing to the “Elbow method*. Distortion is always around 10%. Based on these pre-sets,
we ran K-Means. It turned out that we can easily distinguish five clusters with indi-
vidual outliers that can be explained out of the context. For detailed results, see Fig-
ures 5-13. Overall, regarding the RQ3: Are the students with similar performance in
the same cluster?, it can be said that the tendency of the analyzed data shows that this
question can be answered in an affirmative manner. The K-Means clustering analysis
also revealed an existing relation trend between course results and resource views
addressed by RQ1, which is a good complement to the findings confirmed by SNA
approach and predictability observation with the linear regression model.
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6 Conclusion

This research examined the application of the SNA method, K-Means Clustering
and Multiple Linear Regression to e-learning. The research was conducted at the Uni-
versity of Novi Sad, Serbia, with groups of students from Engineering Management
and Engineering of Information Systems. The results showed that students who
achieve the same or similar performance use similar educational resources. Moreover,
the results show that all courses indicate a strong positive correlation between the
position in the network and student success. Hence, the results showed that the best
students are in the center of the network measured by eigenvector centrality. Further-
more, it can be said that the tendency of the analyzed data shows that the students
with similar performance are in the same cluster and that the intensity of use of re-
sources correlates with the achieved scores.

Consequently, this paper provides theoretical and practical implications on how the
use of educational resources via e-learning platforms impacts a student’s success. This
study could be helpful to evaluators and teachers of e-learning courses. They could
better shape the courses and make clusters of different types of students and focus on
things that add value in achieving students’ grades and knowledge. Furthermore, this
information allows professors to carry out corrective actions and offer new approach
to those students who are less participative in a course and have lower grades. Hence,
teachers can force interactions (wikis, discussion forums, messages, or chats) between
students who have better and lower grades, so that the students with lower grades
could increase their success. Finally, teachers and managers for e-learning platforms
need to give higher priority to modules within platforms that can motivate students to
use them and initiate interactions between students.

This research is limited in scope since it considers only the data set from two
courses from the University of Novi Sad. The choice of courses for analysis was made
by selecting those in which learning resources were most used. Recently, applying the
SNA and K-Means clustering to learning environments and learning problems has
attracted a large amount of interest. Accordingly, future research may use these ana-
lytical tools in the field of LMS. Moreover, researchers could test the complex inter-
plays between social structures, students’ behaviors, and their activities on an e-
learning platform. The next step is to conduct more comprehensive research with a
larger number of different courses on the LMS from different universities. Thereafter,
the authors could compare results from different courses and analyze student behav-
ior. Another important aspect to be further analyzed is the success of students with
traditional and new learning methods in the same courses. Analyzing student sub-
groups from the traditional and new learning methods could provide useful infor-
mation about which courses are better implemented in a traditional way, and which
with the help of new methods of learning.
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