
 
Journal of Advanced Research in Applied Sciences and Engineering Technology 53, Issue 1(2025) 1-15 

 

1 
 

 

Journal of Advanced Research in Applied 
Sciences and Engineering Technology 

 

Journal homepage: 
https://semarakilmu.com.my/journals/index.php/applied_sciences_eng_tech/index 

ISSN: 2462-1943 

 

Analysis of Student Activities Based on Log Files in E-Learning Using 
Clustering Algorithm 

 
Indra Maulana1,*, Metta Mariam1 
  
1 Graduate Program in Technology and Vocational Education, Universitas Negeri Yogyakarta, Kabupaten Sleman, Daerah Istimewa Yogyakarta 

55281, Indonesia 
  

ARTICLE INFO ABSTRACT 

Article history: 
Received 3 March 2024 
Received in revised form 9 July 2024 
Accepted 4 September 2024 
Available online 22 September 2024 

This study was conducted to analyse log data generated by e-learning platforms such 
as Moodle or similar platforms. The main objective of this research is to identify 
patterns and insights that can help improve the student learning experience and the 
efficiency of platform management. This study identifies the most effective clustering 
algorithms for grouping students based on their behaviour and achievements in the e-
learning environment, namely K-means and K-Medoids. The methods used to 
determine the optimal number of clusters are the Silhouette Coefficient method and 
the Elbow method, utilizing both methods to determine the best clustering algorithm 
results. Based on the analysis using K-means and K-Medoids clustering methods on the 
log data of the programming algorithm course, the total number of action logs over a 
one-month period is 95,461, with an average of 892 action logs per participant. The 
distribution of action logs based on class (A, B, and C) shows variation in the number 
and average of action logs per class. Types of activities such as assignments, forums, 
video views, and course views have different average frequencies, with video views 
being the most frequently visited activity. Pearson correlations between activity types 
show strong relationships between activities, with the highest correlation between 
visits and course views. The optimal number of clusters based on the Elbow and K-
Medoids methods is three clusters. Cluster 3 in K-Means has the best performance with 
the smallest DBI value (0.424) and the smallest centroid distance (21,168.534). 
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1. Introduction 
 

The application of e-learning in the world of education continues to develop and has even 
become the key to the implementation of learning during the COVID-19 pandemic [1]. E-learning 
platforms not only provide a variety of teaching materials and learning resources but also help 
students in independent learning [2]. Most MOOC systems, i.e. e-learning, store data about teaching 
and learning actions in log files, which provide us with detailed information about learner behaviour 
[3]. Log data, or log files, is a collection or list of various actions that have been performed by users 
[4]. Some people view it as the time that learners devote to the subject matter [5], others argue that 
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the time learners spend watching video lectures, answering quizzes, submitting assignments, and 
participating in forum discussions [6]. This arises especially because the involvement has four 
components: cognitive, behavioural, emotional (affective), and social [7]. The second school of 
thought argues that MOOC learning will become a passive activity if only tracking student activity 
through clicks is required [8,9]. 

Data logs or log files are a collection or list of actions that have been taken by users [10]. The data 
recorded in the Moodle data log can be in the form of activity data, assignment timestamp, and 
ranking value or final grade [11]. Student learning outcomes are indicated by test scores, and student 
participation can be seen from the e-learning system logfile [12]. A learning management system 
(LMS) as a distance learning platform automatically records log file data, which is the number of clicks 
or minutes spent by students on a specific task. Such individual log files provide objective information 
about the use of learning strategies that go beyond self-reporting, which may be susceptible to 
memory distortion or social desire [13]. 

Logfile data analysis in e-learning using data mining is a crucial research field in the context of 
modern education. The main goal is to identify patterns and insights that can help improve the 
student learning experience and the efficiency of managing the platform. Data mining can be used 
to identify trends in learning behaviours, such as the most active times, the types of content that are 
most in demand, and interaction patterns between students. The results of the analysis of logfile 
data can assist educational institutions and instructors in taking relevant actions to improve the 
effectiveness of e-learning and improve student learning outcomes. Most e-learning systems store 
data about teaching and learning actions in log files, which provide us with detailed information 
about learner behaviour [14]. Log data, or log files, is a collection or list of various actions that have 
been performed by a user [15]. 

Analysing student behaviour using logfiles in e-learning is very important because it has a major 
impact on learning effectiveness and progress, because log files record the sequence of user actions 
when learning online [16]. E-learning platforms not only provide various teaching materials and 
learning resources but also help students in independent learning [17]. With the help of logfile data, 
the study can identify areas that need improvement in curriculum design, teaching methods, or 
interactions between instructors and students. One of the techniques used in the analysis of logfile 
data is cluster analysis using the K-Means and K-Medoids algorithms. The researchers investigated 
features such as resource usage, frequency of actions, average latency, login frequency, number of 
module accesses, login time, login regularity, total learning time, and learning interval regularity [17-
19]. One of the techniques used in log data analysis is cluster analysis. Cluster analysis is the process 
of grouping data into groups whose members have similar characteristics [20]. 

Most previous studies have focused on the use of clustering algorithms or individual log data 
analysis, but not much has discussed direct comparisons between various clustering algorithms in 
the context of e-learning. In addition, many studies have only looked at one method of determining 
the number of clusters, so there is no comprehensive approach to determine the most effective 
algorithms and methods. This study offers an in-depth comparative analysis between two clustering 
algorithms (K-Means and K-Medoids), which has not been widely discussed in the context of e-
learning. The use of two methods for determining the optimal number of clusters, namely the 
Silhouette Coefficient and Elbow Method, provides a more accurate and reliable approach. 

This study aims to identify the most effective clustering algorithm in grouping students based on 
their behaviour and achievements in an e-learning environment. By using these two methods, it is 
hoped that the best clustering algorithm results can be determined. In addition, the results of this 
study can be widely applied in the context of online education, with the potential to provide real 
benefits in improving the effectiveness of digital learning, as well as provide valuable insights to 
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optimize the learning experience in an e-learning environment with the best clustering algorithms. 
This allows educational institutions and teachers to develop more effective strategies in ensuring 
student learning success within the platform. 
 
1.1 Logfile  

 
Log data or log files are collections or lists of various actions that have been carried out by users 

[21]. The data recorded in the Moodle data log can include activity data, assignment timestamps, and 
ranking or final grades (grade) [22]. For more details, please refer to Table 1. 
 
Table 1 
Approach used for logfile-based learning evaluation 

Studies Evaluation approach 
categories 

Evaluation approach sub 
category 

Techniques/ description of 
techniques used 

Labarthe et al., Modelling Engagement 
patterns 

Cluster analysis 

Shi & Cristea Modelling Engagement 
patterns 

Cluster analysis 

Deng et al., Modelling Engagement 
patterns 

Cluster analysis 

Sun et al., Modelling Structural equations 
modelling 

Partial least squares 

Anutariya Modelling Machine learning models Cluster analysis 
Maniriho & 
Effendi 

Modelling Machine learning models Cluster analysis 

Kadoic & Oreski Modelling Machine learning models Cluster analysis 
 
Logfiles have a very important role in the context of learning theory, especially in the online 

learning era. Logfiles record student activities and interactions with learning materials in detail. This 
allows for a deep understanding of how students learn, what their learning styles are like, how often 
they participate in discussions, and how they process information. This research is an important 
foundation for understanding how logfile analysis can be used to personalize learning [23,24]. A deep 
understanding of student learning patterns, which can be gained through logfile analysis, helps in 
designing responsive curricula. Data Mining in analysing data is very important to understand how to 
extract valuable information from logfiles. This includes techniques such as clustering, classification, 
and pattern recognition that can be used to identify student learning patterns and trends in logfile 
data. Data mining has a crucial role in analysing e-learning logfiles, one of which is using clustering 
algorithms [25]. 
 
1.2 Clustering Algorithms 

 
Clustering is the process of partitioning a set of data objects into subsets called clusters. Objects 

in a cluster have similar characteristics to each other and are different from other clusters. 
Partitioning is not done manually but with a clustering algorithm. The clustering algorithm divides 
the population or data points with the same characteristics into several small groups for grouping. 
And so, on that the cluster will form like a tree, where there is a clear hierarchy between objects, 
from the most similar to the least similar [17,18]. For more details, please refer to Figure 1. 
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Fig. 1. Clustering stages 

 
1.3 K-Means Clustering 

 
K-means clustering is a non-hierarchical cluster analysis method that attempts to partition 

existing objects into one or more clusters or groups of objects based on their characteristics, so that 
objects that have the same characteristics are grouped in the same cluster and objects that have the 
same characteristics. different groups are grouped into other clusters. The K-Means Clustering 
method attempts to group existing data into several groups (Figure 2), where the data in one group 
has the same characteristics as each other and has different characteristics from the data in other 
groups. 
 

 
Fig. 2. Cluster Visualization 

 
In other words, the K-Means Clustering method aims to minimize the objective function set in the 

clustering process by minimizing variations between data in one cluster and maximizing variations 
with data in other clusters. It also aims to find groups in the data, with the number groups 
represented by variable K. Variable K itself is the number of desired clusters. Divide data into groups. 
This algorithm accepts input in the form of data without class labels. This is different from supervised 
learning which receives input in the form of vectors (x1, y1), (x2, y2), ..., (xi, yi), where xi is data from 
training data and yi is the class label for xi. 
 

             (1) 
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where: 
dij = distance between data i to data j 
xik = i-th testing data 
xjk = i-th training data 
 
Updating a centroid point can be done with Eq. (2): 

 

             (2) 
 
where: 
μk = centroid point of the K-th cluster 
Nk = the number of data in the K-th cluster 
xq = qth data in the Kth cluster 

 
1.4 K-Medoids 

 
K-Medoids Clustering, also known as Partitioning Around Medoids (PAM), is a variant of the K-

Means method. This is based on the use of medoids instead of observing the mean belonging to each 
cluster, with the aim of reducing the sensitivity of the resulting partition with respect to the extreme 
values present in the dataset [19]. The first step taken is to determine the most representative point 
(medoid) in the data group by calculating the distance within a cluster from all combinations of 
medoids so that the distance between points in a group is small, while the distance between points 
between groups is large [20]. K-Medoids are objects that represent their reference points, not taking 
a value as the mean of an object in each group. The algorithm will take parameters from input k, with 
the number of groups that will be separated between one part of n objects [21]. The steps of the K-
Medoids algorithm are as follows: 

 
i. Initiate a cluster centre (number of clusters) 

ii. Allocate each data (object) to the closest cluster using the Euclidian Distance equation as 
in Eq. (1): 

iii. Select objects randomly in each cluster as candidates for the new medoid. 
iv. Then compute the distance to each object in each cluster with a new candidate field. 
v. Next, compute the total deviation (S) by computing the new total distance value with the 

old total distance value. When S<0, then swap objects with cluster data to form a new set 
of k objects as medoids. 

vi. Then repeat the steps 3 to 5 until there is no change in the field so that the clusters and 
members of each cluster are obtained. 

 

          (3) 
 
where : 
d(x,y) = distance between the ith data and the jth data 
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xi = value of the first attribute of the ith data 
yi = value of the first attribute of the jth data 
n = number of attributes used 
1.5 Elbow Method 
 
The elbow method is to choose a k value that is small and still has a low within value. This method 

and analysis are used to select the optimal number of clusters or groups. Below is the elbow 
algorithm for determining the number of groups formed [31]. Namely based on the sum of square 
error (SSE). 
 

                                                                                                                 (4) 
 

1.6 Davies Bouldin Index 
 
The Davies Bouldin Index (DBI) was introduced by David L. Davies and Donald W. Bouldin in 1979 

as a metric for evaluating the results of clustering algorithms. Evaluation using the Davies Bouldin 
Index has an internal cluster evaluation scheme, where whether the cluster results are good or not 
is seen from the quantity and closeness between them. cluster result data. This measurement with 
the Davies-Bouldin Index maximizes the inter-cluster distance between clusters Ci and Cj and at the 
same time tries to minimize the distance between points in a cluster. If the inter-cluster distance is 
maximal, it means that the similarities in characteristics between each cluster are small so that the 
differences between clusters are more clearly visible. If the intra-cluster distance is minimal, it means 
that each object in the cluster has a high level of similarity in characteristics. The formula for 
calculating the Davies-Bouldin Index (BDI) with Eq. (5): 
 

 
With 
𝑅𝑖 = max 𝑅𝑖j                                                                                                                                                     (5) 

 
and 

                                                                                                                                           (6) 
 
Where: 
Ci: cluster I and Ci is the centroid of cluster i. 
 

2. Methodology  
 
This research uses a quantitative approach to look at the picture of log data and see the grouping 

patterns of training participants based on training activities. The data used in this research comes 
from data from training participants (user participants) and data logs for the course "Algorithms and 
Programming" which was held on 11 September - 10 October 2022. The number of participants who 
took this course was 124 participants apart from the instructors and course admins who were 
obtained from the user participants table in the LMS. The data log obtained from the LMS contains 
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19027 rows and 9 columns. In this research, e-learning experiences are tried to be presented as 
interaction patterns. For this purpose, LMS log data is used. The above dataset includes user activity 
in an e-learning system. The following is a description of the dataset, see Table 2: 

 
Table 2  
Description of the Dataset 
Timestamp User_ID Activity_Type Module_ID 
09:00:00 ALP002 Login  
09:05:00 ALP 003 View_Module Module_1 
09:15:00 ALP 004 Submit_Assignment Assignment_1 
09:30:00 ALP 005 Forum_Discussion Discussion_1 
10:00:00 ALP 006 Login  
10:10:00 ALP 007 View_Module Module_1 
10:30:00 ALP 008 View_Module Module_2 
10:45:00 ALP 009 View_Module Module_2 
14:10:00 ALP 010 View_Module Module_1 
14:30:00 ALP 011 View_Video Video_1 
14:45:00 ALP 012 View_Module Module_2 
15:00:00 ALP 013 Submit_Assignment Assignment_2 
12:00:00 ALP 014 Submit_Assignment Assignment_1 
12:30:00 ALP 015 Forum_Discussion Discussion_2 
…. …. …. …. 

 
i. Timestamp: This column records the time when the activity occurred, including the date 

and time. 
ii. User_ID: This is a unique identification for each user in the e-learning system. This dataset 

includes 50 different User_IDs. 
iii. Activity_Type: This column indicates the type of activity performed by the user. Activities 

can be "Login" (enter the system), "View_Module" (view learning modules), 
"Submit_Assignment" (send assignments), "Forum_Discussion" (participate in forum 
discussions), and "View_Video" (watch learning videos). 

iv. Module_ID: This is a unique identification for each learning module, assignment, 
discussion, or video. These modules are part of the learning experience in the e-learning 
system. 

 
This dataset records various types of user interactions in e-learning systems, from logging into 

the system to participating in discussions, watching videos, and submitting assignments. This data 
can be used to analyse student learning patterns, evaluate user performance, and derive insights to 
improve the learning experience in e-learning platforms. 

Data on training participants (user participation) consisting of 116 participants contains attributes 
regarding name, email, agency, education and gender. This participant data will later be subjected to 
descriptive analysis to see a picture of the training participants in the "Algorithms and Programming" 
course as a whole and based on the characteristics of educational level and institution of origin. In 
addition, correlation analysis was carried out between variables to see the relationship between the 
activities carried out by participants on the course. Correlation analysis in this research is not 
connected as a basic assumption in using k-means clustering because log data is data on a series of 
LMS user activities and each activity is always connected to other activities. 

The event log data used contains 15402 rows and 4 columns. The log data used in this research is 
focused on the activities of course participants so that admin or teacher activities are not included in 



Journal of Advanced Research in Applied Sciences and Engineering Technology 
Volume 53, Issue 1 (2025) 1-15 

8 
 

the data log lines. Next, from the existing data, a data preprocessing process is carried out with the 
following steps:  

i. Eliminate Admin and Teacher activities  
ii. Eliminate logs containing CLI  

iii. Perform conversions for the time attribute  
iv. Eliminate duplicate logs.  

 
The available data logs are then carried out in the preprocessing stage using the help of 

RapidMiner. This stage includes the process of mutation, aggregation and data transformation to 
produce derivative data with the attributes in Table 3 as follows: 

  
Table 3  
Description of Log Data Attributes from Moodle After Data 
Preprocessing 

Attribute Description 
Username Student name 
Assignments Number of assignment submissions 
Forum Number of question-and-answer forums created 
URLs Number of links visited 
CourseViews The number of activities seen/read by students 

 
3. Results  

 
Before entering data mining analysis using the k-means clustering method, an exploratory 

analysis of the data is first carried out in the form of descriptive statistics. The results of the analysis 
through descriptive statistics discuss summary statistics of actions carried out by course participants, 
distribution of actions based on agency characteristics, distribution of actions based on educational 
level characteristics, and summary statistics based on type of activity. Actions are actions carried out 
by users in the LMS or you could say the number of clicks made by course participants on course 
activities in the LMS. See Table 4. 

 
Table 4 
Action Log Statistics  

Size Mark 
Number of Learned Participants 107 
Number of Action Logs 95461 
Average participant action log 892 

 
Furthermore, the results of descriptive statistics on participant data and log data generated from 

107 students in the Programming Algorithms with Tableau course are produced in Table 3 to Table 
5. In Table 3 for the time period September 11 – October 10, 2022.or for 1 month has 
occurred95461activities carried out by 107 course participants. The average action taken per course 
participant was 31,820 actions with a size of distribution calculated through a standard deviation (SD) 
of 39. See Table 5 and Table 6. 
 

Table 5 
Action Log by Class 
Class The number of students Number of Action logs Average action log 
A 32 29958 936 
B 38 33683 886 
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C 35 31820 909 
 

Table 6 
Action Log by Type 
Type of action log Number of action logs Average 
Assignment 2186 20.4 
Forum 16609 155.2 
ViewVideo 58248 544.4 
ViewCourse 20604 192.6 

 
Based on the summary of activity statistics in the Algorithms and Programming course data log in 

Table 5, the frequency of actions can be seen based on the type of activity Assignment, Forum, View 
Video, and View Course. On average (mean) as seen in Table 5, the most frequently visited action is 
visiting courses (View Video) with an average of 544.4, followed by opening modules/activities in the 
course (View Course) with an average of 192.6, followed by forums (Forum) with an average of 155, 
and assignments 20.4. 

Apart from Exploratory Data Analysis (EDA) which is presented through statistical summaries in 
tabular form in Table 3 to Table 5, EDA is also presented through images of the Pearson correlation 
(r) between types of activity which can be seen in Figure 1. Based on Figure 1, the Pearson correlation 
(r) Between all actions, each activity is classified as strong. The largest correlation value between 
activities is the correlation between Visit and CourseViews, which is 0.98, and the smallest correlation 
is the correlation between Quizes and Forum Created, which is 0.25. Based on the Pearson 
correlation significance test, these course activity variables are all significant for further use in 
clustering analysis using the k-means clustering method. See Table 7. 

 
Table 7 
Pearson Correlation Analysis of Participants' Activities 

Attribute Assignment Forum View Course View Video 
Assignment 1 -0.008 0.015 0.161 
Forum -0.008 1 0.792 0.017 
View Course 0.015 0.792 1 0.211 
View Video 0.061 0.017 0.211 1 

 
Data mining analysis using k-means clustering begins with determining the optimal number of 

clusters using 3 methods for determining the number of clusters (k). Figure 3 shows that the optimal 
number of clusters to be formed is 3 clusters so that later using the K-Means clustering method 3 
clusters of participants in the Algorithms and Programming course will be formed based on the type 
of action activity they carry out [30-32]. The Elbow method in this research was carried out 6 times. 
Testing the K value starts from K= 2 to K= 6, and produces an optimal number of clusters of 3 clusters. 
See Figure 3. 
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Fig. 3. Optimal Number of Clusters using the Elbow Method 
In more detail, a comparison of the Elbow Score values from the clustering results using the 

method specified in Table 8 is shown. 
 

Table 8 
Comparison of the Elbow Score Values 

Number of Clusters Elbow scores 
K-Means K-Medoid 

2 23,657,782 43,362,682 
3 13,330,175 29,439,604 
4 7,297,903 11,974,617 
5 4,725,393 8,387,948 
6 3,966,381 7,773,968 

 

 

 

 
Fig. 4. K-Medoids  Fig. 5. K-Means 

 
The parameters used to measure the performance of the K-Means and K-Medoids algorithms are 

done by calculating avg._within_centroid_distance and davies_bouldin. avg._within_centroid_ 
distance is the average cluster distance calculated from the average distance between the centroid 
and all cluster samples. Meanwhile, Davies_bouldin is an algorithm that produces clusters with low 
intra-cluster distance (high level of intra-cluster similarity) and high inter-cluster distance (low level 
of inter-cluster similarity) which will have a low Davies-Bouldin index [29]. The clustering algorithm 
that produces clusters with the smallest Davies-Bouldin index is considered the best algorithm based 
on the criteria [33,34]. The results of measuring the performance of the K-Means cluster algorithm 
in grouping student learning activity data in Padi e-learning log files using the operator cluster 
performance distance can be seen in Table 8. 

From the cluster results in Figure 6, K-Medoids shows that there are 13 members of the activity 
cluster or student logs in cluster 1 or 11.21%, cluster 2 has 99 members or 85.34%, and cluster 3 has 
4 or 3.448%. Meanwhile, in the K-Means algorithm, there are differences in the number of each 
cluster, namely Cluster 1 is 98 or 84.48%. Cluster 2 was 14 or 12.07%, and finally Cluster 3 or 4 or 
3,448%. 
 

Table 9 
Davies Bouldin Index (DBI) 
 K-Means K-Medoid 
Davies Bouldin Index 0.424 1,358 
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Table 10 
Centroid distance values 

 K-Means K-Medoid 
centroid distance 21168.534 15314.791 

 
From the comparison of DBI values, it can be seen that the smallest DBI value is in cluster 3 using 

the K-Means algorithm, namely 0.424, this shows the performance of the best clustering algorithm 
chosen. The number of elements for each group resulting from the clustering process with 3 clusters 
using the K-Means algorithm can be seen in Figure 6. 
 

 

 

 
Fig. 6. Number of members of each cluster 

 
Based on the results of the data mining process, it shows that the elements in the groups formed 

are separated into each group, thus there are no group elements that fall into two groups. A cluster 
can be declared convergent if there is no movement or change in elements from one cluster to 
another [28]. This proves that the elements resulting from clustering can represent each cluster. 

Learner engagement in an e-learning platform is difficult to define. Some view it as the time the 
learner devotes to the course material [32], there are also those who argue that students spend time 
watching video lectures, answering quizzes, submitting assignments, and participating in forum 
discussions [33]. This arises especially because such involvement has four components: cognitive, 
behavioural, emotional (affective), and social [17]. The second school of thought argues that MOOC 
learning would be a passive activity if it only required tracking learner activity via clicks [8,9]. 

As shown in Table 5, the frequency of action can be seen based on the type of activity Assignment, 
Forum, ViewVideo, and ViewCourse. On average (mean) as seen in Table 5, the most frequently 
visited action is visiting courses (View Video) with an average of 544.4, followed by opening 
modules/activities in the course (View Course) with an average of 192.6, followed by forums (Forum) 
with an average of 155, and assignments 20.4. The participants' engagement patterns are not 
attached to their personality traits but only reflect a person's behaviour in the learning experience 
on the e-learning platform. This is then reinforced by the correlation results shown in Table 7 that 
there is a significant correlation between the action logs. 

Research on logfile data clustering in e-learning has become an increasingly important research 
subject in the context of digital learning. cluster analysis method with data in the form of log files as 
done by [29-32]. And to find out the best algorithm for grouping student log files, the researchers 
looked for the best among the K-Means and K-Medoids algorithms which are shown in Table 5 to 
Table 8. 

From the results of experiments using the elbow method 6 times, and resulting in the optimal 
number of clusters being 3 clusters, the K-Means elbow value was 13,330,175 and K-Medoids 
29,439,604 It can be seen that the smallest DBI value is in cluster 3 using the K-Means algorithm, 
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namely 0.424, this shows the performance of the best clustering algorithm chosen. The number of 
elements for each group resulting from the clustering process with 3 clusters using the K-Means 
algorithm is in accordance with the results [34,35]. The results of this research show that the K-Means 
algorithm is better than K-Medoids based on figures from DBI, so K-Means is suitable for clustering 
student activities in e-learning platforms based on log files. Since log files record a series of user 
actions during online learning, using log files to analyse learning behaviour in e-learning is very 
important because it has a significant impact on learning effectiveness and progress [36]. E-learning 
platforms not only provide various teaching materials and learning resources but also help students 
in independent learning [33]. 

This study proves that data mining can be used to identify trends in learning behaviour, such as 
the most active time of day, the most popular types of content, and interaction patterns between 
students. The results of log file data analysis can help educational institutions and teachers take 
relevant steps to increase the effectiveness of e-learning and improve student learning outcomes. 
Most e-learning systems store data about teaching and learning activities in log files, which provide 
detailed information about learner behaviour [18]. Log data or log files are a collection or list of 
different actions carried out by users [20]. 
 
4. Conclusions 

 
Based on data mining analysis using the k-means and K-Medoids clustering method on the data 

log of the Programming Algorithms course, there were 124 participants in the Programming 
Algorithms course. The total number of action logs over a period of one month was 95,461, with an 
average of 892 action logs per participant. The division of action logs by class (A, B, and C) shows 
variations in the number and average of action logs per class: 

 
i. Activity types such as Assignment, Forum, View Video, and View Course have different 

average frequencies, with View Video being the most frequently visited activity. 
ii. Pearson correlations between activity types showed a strong relationship between 

activities, with the highest correlation between Visit and CourseViews. 
iii. The optimal number of clusters based on the elbow and k-medoids methods is 3 clusters. 
iv. Cluster 3 in K-Means has the best performance with the smallest DBI value (0.424) and 

the smallest centroid distance (21,168.534). 
v. The distribution of cluster members shows that Cluster 1 has the largest number of 

members (84.48%). 
 
The clustering results can be used to provide more appropriate adjustments or recommendations 

according to the cluster characteristics of course participants. Thus, this analysis provides useful 
insights in understanding the behaviour patterns of course participants and can be used to improve 
the learning experience by providing recommendations that are more focused on the needs of each 
group of participants and also the performance of the best clustering algorithm in this grouping is K-
means because it has the smallest DBI value (0.424). 
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