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Abstract - The paper presents a comparison of k-means
and HAC clustering. Here is determined the applicability
of these methods of clustering in the analysis of user
behavior patterns. Also, in this paper, differences between
them were observed.

1. INTRODUCTION

The World Wide Web (WWW) is a vast resource of
multiple types of information in varied formats. Need for
discovering and analysis of new behavior patterns of the
users has increased since the expansion of the web.
Analysis of users’ patterns of behavior can be used for
new model designing that can be of high importance for
understanding of users’ behavior in virtual environment.

According to [1], clustering can be used for determination
of users’ patterns of behavior in e-learning and in e-
commerce domain as well. They propose in that paper
new algorithm based on sequence alignment to measure
similarities between web sessions where sessions are
chronologically ordered sequences of page accesses. Data
mining techniques are applied on log files for the purpose
of  obtaining recommendations for efficiency
improvement within electronic courses [2]. That paper [2]
proposes a platform dependant framework for recording,
processing and analyzing data from Learning
Management Systems (LMS).

Data mining presents analysis of observational data sets
with the purpose for detection of undetected links and
data summing in a sophisticated manner, understandable
and useful for data owner [3]. The relations that are
obtained by the data mining process are defined as models
or patterns. K-means [4] is one of the simplest
unsupervised learning algorithms that solve the well
known clustering problem. The procedure follows simple
and easy way to classify a given data set through a certain
number of clusters (assume k clusters) fixed a priori. The
main idea is to define k centroids, one for each cluster.
Hierarchical clustering algorithms are either top-down or
bottom-up. Bottom-up algorithms treat each document as
a singleton cluster at the outset and then successively
merge (or agglomerate) pairs of clusters until all clusters
have been merged into a single cluster that contains all
documents. Bottom-up hierarchical clustering is therefore
called hierarchical agglomerative clustering or HAC. [5]

2. PURPOSE OF THE STUDY

Learning management system (LMS) is a software
application for the administration, documentation,
tracking, and reporting of training programs, classroom
and online events, e-learning programs, and training

content [6]. However, LMS doesn’t allow detail
monitoring of the users’ activities nor the evaluation of
the course contents’ structure and its efficiency in the
teaching process. In order to consider the complete
teaching process that includes the usage of electronic
courses within a specific LMS, a thorough analysis is a
must. Bearing that in mind and other techniques that are
used in electronic courses evaluation, a comparison of
two clustering types has been conducted. The comparison
was conducted in order to determine differences in the
application of the mentioned techniques during the
detection of users" patterns of behavior.

Tasks of the study:
e Data pre-processing: clean and prepare the Web
server log file
e Application of k-means and HAC-clustering on
pre-processed data
e Analysis of obtained results and evaluation of
users’ patterns of behavior

Purpose of the study:
e Determination of possibilities of the k-means
and HAC clustering application in the analysis of
users’ behavior patterns and their comparison

3. METHODS

Clustering that is applied on log files, is also used for
analysis of users’ behavior patterns.

3.1 Participants

Data is collected on a sample that consists of 1789
bachelor and masters students at Technical Faculty in
Cacak, Serbia. These students are users of Moodle
learning management system. System with courses is
available for overview at the address [7].

3.2 Tool

A tool that is used for application of clustering is called
Tanagra 1.4 [8]. This tool provides a vast number of
analysis possibilities in the data mining research domain.
Module that relates to clustering is used for the needs of
this specific research.

3.3 Procedure
Before the beginning of clustering process, pre-processing

on log files has to be conducted. Raw log files contain
data that has to be normalized. After pre-processing, log



files contain data that is staggered
columns: year, month, day, hour,
activity, and course.
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Figure 1. The illustration of log file after pre-processing

After the data importation, entry and target parameters are
being determined, and their choice is defined by the
selection of a specific clustering method.
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Figure 2: the selection of an entry and target parameters

After the selection of an entry and target parameters, a
clustering method is being chosen. In this, specific study,
the comparation of a k-means and HAC clustering
method. The selection of the above mentioned clustering
types is given in the Figure 3.
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Figure 3: Illustration of clustering types within Tanagra
program

After the selection of clustering type, a selected clustering
type is being conducted by selecting the option Execute.
Apart from that, Group Characterization is also done in
order to present differences between groups.

4. RESULTS

4.1 Results that are obtained with the application of k-
means clustering

K-Means parameters

Clusters 4
Max Iteration 10
Trials B

Distance normalization variance

Average computation McQueen

Seed random generator Standard

Figure 4: Illustration of k-means clustering parameters

Within this figure data about parameters of k-means
clustering are given. These data include cluster number,
maximal number of iterations, distance normalization,
average computation and seed random generator. Cluster
number is 4, maximal number of iteration is 10, and
number of attempts is 5.

Cluster size and WSS

Clusters 4
Cluster Description Size WSS
cluster n®1 c_kmeans_1 4570 99,5483

cluster n°2 c_kmeans_2 8170 140.5143

cluster n®3 c_kmeans_3 16646  4.9063
36090 730.1378

Figure 5: Cluster size and WSS
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Figure 5 presents cluster size as well as the vector of
length which contains the within sum of squares foe each
cluster. According to figure 5, the smallest cluster is
cluster 1, and the biggest one is cluster 4.

Cluster centroids

Attribute Cluster n®1 Cluster n®2 Cluster n®3 Cluster n®4

Course 12377462 34362913  1.0568M

- Flgur_e 6: Tlustration of cluster centroids

6:3.835827

The illustration of cluster centroids in relation to attribute
course is presented in Figure 6.
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Figure 7: Illustration of results that are obtained with k-means clustering

Results that are obtained with the application of k-means
clustering are given in the Figure 7. Description of the
following months is given. Those months are February,
March, April, May and October. For each month the
percentage amount is given for the present instance, and
the standard deviation for a class that is continuous
attribute.

4.2 Results obtained with the application of HAC
clustering

Clustering results

Clusters 4
Cluster Description Size
clustern®1  c_hac_1 33126
clustern®2 c_hac_2 223
clustern*3 «c¢_hac_3 2134
clustern®4 c_hac_4 29993

Figure 8: Initial results of HAC clustering

Figure 8 presents application of clusters and their sizes.
According to Figure 8, the smallest cluster is cluster 2,
and the biggest is cluster 1.

Cluster centroids

Attribute Cluster n®1 Cluster n®2 Cluster n®3 Cluster n®4
38.959518
Figure 9: Illustration of cluster centroids

Course 5h.896861 4h.244142 41.981429

Figure 9 presents cluster centroids in relation to attribute
course.

Figure 10 presents HAC dendrogram that is obtained with
the application of HAC clustering on baseline data. Set of
embedded clusters is organized with the help of a tree.
Based on figure and data that are obtained in a program
Tanagra, clusters that resemble the most are the ones that
relate to months 3 and 5, following (3, 5) and 2, then, (3,
5,2) and 10, and at the very end ( 3, 5, 2, 10) and 4.
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Figure 10: Illustration of dendrogram obtained by the HAC clustering method

5. DISCUSSION

Having in mind figures given in the Chapter Results, one
can conclude following things. Based on these results we
can conclude that K means and HAC clustering can be
used to analyse wuser behaviour patterns. These
conclusions relate to the determination of differences
between k-means and HAC clustering in the analysis of
users” patterns of behaviour.

As it can be seen, in figure 4 and 8, the number of clusters
is the same. The only difference is that in the method of
k-means clustering the number has to be stated, whilst in
HAC clustering, it isn’t recommendable to give any
assumptions about the number of clusters.

According to figures 6 and 9, centroids that are different
for k-means and HAC clustering are defined for the same
attribute. That is the thing that indicates different



algorithm for centroids choosing in these two clustering
methods. In both of these methods determination of
centroids is conducted with the assistance of repeat/until
loop. However, HAC clustering in being updated by the
resemblance matrix and k-means clustering is being
recomputed for centroid for each cluster in every step.
There is one more difference between these two clustering
types, and it relates to dendrogram formatting.
Dendrogram formatting can be done in HAC clustering
and it is presented in Figure 10. Graphic illustration that is
given in Figure 10, enables better perception of clusters
that are organised with the assistance of a tree. Unlike
dendrogram within HAC clustering, data about clusters
are presented in figure 7 in a form of a table.

Both of the mentioned methods are found to be very
useful in the users’ profile analysis, where log filer
records are grouped in clusters. When analysing users’
profiles it is essential to choose clustering method
according to specific research demands, a way of results
obtention and selection of the number of clusters. The
following study relates to the analysis of the other
clustering types in the analysis of users’ behaviour
patterns.
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