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Abstract

Card sorting is a user-centered technique that is immensely effective for designing
the information architecture and the navigation structure of a website or a soft-
ware application. In the card sorting experiment, the test subjects are asked to
classify the cards having semantically close meaning into the same groups. The
data collected from the card sorting is further analyzed to find out how frequently
the cards are assigned into the same categories. There exist several cluster anal-
ysis algorithms that automate the analysis process to reduce its complexity and
the required time.

The k-means algorithm is able to quickly and efficiently find the homogeneous
clusters from the given data. Researchers have modified the standard k-means
algorithm to overcome its limitations, so that the better clustering results can
be obtained. This thesis deals with the application of the standard k-means al-
gorithm and its modified versions on the card sorting data for the evaluation of
the homogeneous clusters. In this thesis, three k-means versions are implemented
by developing a software prototype. The user of the prototype can compare the
clustering results produced by each k-means version, and can recommend which
version produces good quality clusters and can be conveniently integrated in other
existing card sorting evaluation tools.
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1 Introduction

In today’s time, the use of the desktop and the web-based applications is increas-
ing rapidly in personal and professional areas of life. It is a crucial task for the
information architectures to organize a huge amount of data in a simple and clear
manner, so that it is understandable to most of the users of the website. In ad-
dition to that, the design of a website should be attractive with rich graphics
so that the users would intend to visit the website frequently. The aim of the
human-computer interaction is that the users should ultimately get satisfied with
the time that they spend for using the computer application [ZRB+02]. A website
of an organization or a business company largely reflects its image, gives its first
impression to the user and determines his attitude towards that company [SJ00].

Most of the users often visit the websites in order to find the information of the
products, institutions, etc. according to their needs. While some users just look
up the website without having any particular aim of finding any data. It may
happen that the user of a website may not find the desired information because
of its large content and poor navigation structure. For example, if a prospective
student wants to find the information of the curriculum of a study program on a
particular university website, it should be designed in such a way that he should
find the curriculum in less efforts and time, otherwise he will be irritated. This
will result into a bad user experience for that website. In another case, some users
may abandon a particular website because of its bad or ugly design.

Schenkman et al. in [SJ00] assert that the data organized in a collative and se-
mantic manner are the prime factors for determining the user’s first impression of
the web pages. Hence, it is necessary to consider the navigation structure as well
as the aesthetics (attractive design) while designing the information architecture
of a website.

Humans organize their information into the groups having semantically close
meanings. With the help of the hierarchies created in the information structures,
they are able to categorize the data of a particular domain. The main purpose
of an information architecture is to design coherent, meaningful taxonomies of
the information, so that the users find it convenient to search the data that they
are looking for [Bus09]. To achieve this goal, architects make use of the usability
techniques to organize the information. They can ask the experts to design the
information structures in such a way that the taxonomies built by the experts are
easy to understand. However, the mental models of the experts can be different
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from those of the end users’, who are actually going to use the taxonomy. Thus, it
makes sense to employ a user-centered design approach for designing the knowl-
edge architectures. By involving the end users in the architecture design process,
the mental models of the different users can be determined, and this can help the
experts to perceive how the end users would think about particular taxonomies
and relationships among different data items.

Card sorting is an empirical technique, which is widely used for developing the
information architectures of the websites. Employing the card sorting method
helps the application designers to get a closer idea about how the intended users
would classify the information for a website, how would they think about a topic
and label the menus or sub-menus [ZA02]. The card sorting experiment consists
of the test subjects (users), who are asked to sort the cards having semantically
close meaning into the same groups (categories). The cards represent the menu
items of a website, while the categories represent the upper menu names in which
the similar cards are sorted.

The results of a card sorting experiment is the sorting of all the cards into the
categories at minimum by one test subject because some test subjects may not
perform the sorting of all the cards that are provided to them. The data obtained
from the experiment is evaluated to determine the optimal categories sorted by
the majority of the test subjects. The traditional card sorting evaluation process
involves the physical cards to be sorted. The participants of the experiment are
asked to perform the sorting in groups or individually in a room. This process
can be time-consuming and error-prone when there are large number of cards and
participants [ZRB+02].

To overcome these difficulties, researchers have developed computerized tools
to automate the card sorting experiment and to evaluate the experiment data.
These tools implement various cluster analysis algorithms for detecting the clus-
ters among the given dataset. The k-means algorithm [Llo82] is such a cluster
analysis algorithm that is implemented in this thesis. The k-means is used to
visually detect the homogeneous clusters from the dataset in the d -dimensional
space.

The basic version of the k-means algorithm described in [Llo82] finds k number
of optimal clusters from the given dataset, where k represents the number of cen-
troids, and they are initially placed at random positions in the dataset. This basic
version has some limitations such as it may not produce the optimal clusters each
time, and the final positions of the centroids may vary depending on their initial
placements. To eliminate the limitations of the basic k-means version, researchers
have introduced several improved k-means versions in today’s time, which over-
come the limitations of the basic version. The improved versions are termed as
the modern k-means algorithms, where the researchers refine the initial condition
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1.1 Motivation

of placing the centroids in an intelligent manner. The modern k-means versions
are able to produce better quality clusters with more optimal positions of the final
centroids.

So far the k-means algorithm has not yet been implemented for evaluating the
card sorting data. This thesis mainly focuses on the application of the different
k-means versions for the evaluation of the card sorting data by creating a new
application prototype. This prototype tool implements different k-means algo-
rithms. The result of each algorithm from the prototype tool can be tested and
compared in terms of their performance and the quality of the clusters that they
produce. The k-means version that gives better results can be used to integrate
into the other existing card sorting evaluation tools.

1.1 Motivation

One of the main goals of the usability techniques is to match the end users’ men-
tal models about the information structure of a particular website with the model
proposed by the experts that design that website [ZRB+02]. Card sorting is such
a technique that is used in designing the navigation structure of the websites, so
that the most of the users would feel comfortable about searching their desired
content, and ultimately they would satisfy with their search. The card sorting
experiment data is analyzed to detect the homogeneous data categories, which
later become the menu structures of the websites. The thesis deals with the card
sorting analysis process, and these analysis results can be used to develop the
information architecture of the website.

The analysis process of the experiment data can be error-prone and tedious,
when there are large number of cards and the test subjects. To overcome these
difficulties, researchers have developed computerized tools that evaluate the card
sorting data effectively in less amount of time. This thesis work will contribute
to the card sorting evaluation process by developing a computerized tool that au-
tomates the analysis process, thus reducing the efforts and time required for the
analysis.

The card sorting evaluation tools implement different data clustering algorithms
that find the homogeneous data clusters from the input dataset. As we have
already discussed, the k-means algorithm has not yet been implemented for the
card sorting evaluation process. With this implementation, the users will have
additional options to analyze the card sorting data using different versions of the
k-means. In the new tool developed during the thesis work, the users of the tool
can compare the clustering results produced by each k-means version, they can
test the performance of the clusters and can suggest which of the k-means versions
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1.2 Objective

is more suitable for its integration in the other existing card sorting evaluating
tools.

1.2 Objective

The card sorting data is evaluated by the application of the cluster analysis meth-
ods. These methods consist of various types of clustering algorithms that perform
the clustering process and discover the optimal clusters from the dataset. The
k-means algorithm [Llo82] is one of such algorithms that perform the clustering
by placing the centroids initially at the random positions among the data objects.

The primary objective of the thesis is to evaluate the card sorting data by the
application of the basic and the modern k-means algorithm versions on it, and
to compare their results. The k-means algorithm finds the k number of clusters
from the data, where k is the number of initial centroids placed in the data at
random positions. The basic k-means version proposed by Lloyd in [Llo82] has
a limitation in the initial step of placing the centroids among the data objects.
The final placement of the centroids depends on their initial placements. Hence,
the final output of the resulted clusters may not be the same as we execute the
k-means every time with the random initial centroids. In addition, we may get
empty clusters in the output without having any data objects.

In order to overcome these problems, researchers have improved the basic ver-
sion by modifying the initial condition that places the initial centroids in a cunning
way, so that the algorithm produces optimal clusters in every execution as the final
output. The application prototype developed during the thesis work implements
the basic as well as the modern k-means versions [BF98, JD88]. The thesis reviews
the concepts of the k-means and its modern versions in detail in the chapter 3.

The card sorting data as input for the application of the k-means is taken from
the Casolysis 2.0 tool [WM15]. The input data is actually the resulted values
of a clustering algorithm called multidimensional scaling (MDS) that is imple-
mented in the Casolysis 2.0. MDS is a statistical and visual method that detects
the homogeneous clusters of the data values in the d -dimensional space from the
given dataset [Szw14, Gig06]. In the MDS algorithm, the cards represent the data
points, and the distances between the data points correspond to their approximate
distances from the proximity matrix, also called as distance matrix. Detailed de-
scription of the MDS algorithm is given in the chapter 2. The coordinates of the
MDS data points, and the corresponding card names are exported into a CSV
file. This file is then loaded as an input data file into the application prototype.
Different k-means versions are applied on this data and the resulting clusters are
analyzed.
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1.3 Structure of the thesis

The subsequent goal of the thesis is to decide which k-means version can be
used for the implementation into the other existing card sorting evaluation tools.
The user of the prototype can test each k-means algorithm and compare them on
the basis of their performance and the quality of the clusters that they produce.
As per their clustering solutions, the user can suggest which version is easy or
difficult to be integrated into the other existing card sorting evaluation tools, and
which limitations can arise for their integration.

1.3 Structure of the thesis

The details of each chapter are described as follows.

• Chapter 1 introduces the concepts of the card sorting and its types. The
problem statement, the motivation behind it, and the detailed objectives are
stated in this chapter.

• Chapter 2 elaborates the card sorting experiment and the evaluation pro-
cess of the card sorting data in detail. The detailed description of the cluster
analysis types such as the hierarchical cluster analysis and the partitional
cluster analysis, and the description of the MDS algorithm is given in this
chapter.

• Chapter 3 describes the standard k-means algorithm, and its modern vari-
ants in detail. The background of the Lloyd’s k-means is also described in
this chapter.

• Chapter 4 provides the implementation details of the application prototype
that is developed during the thesis work. The architectural details and
the description of the technologies used for the tool development are also
provided.

• Chapter 5 gives the evaluation results of the prototype and provides the
description of the input datasets used for this tool.

• Chapter 6 provides the summary of the thesis work. The interesting ideas
for the future work are pointed out in this chapter.
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2 Fundamentals

In the first chapter we have seen the introduction to the card sorting, evaluation
process of the card sorting data, and the importance of the card sorting in de-
signing the information architecture of an application. This chapter provides an
insight into the card sorting experiment in detail. The clustering methods used
for the evaluation purposes such as hierarchical and non-hierarchical (partitional)
clustering are thoroughly discussed. The chapter also points out some already
existing card sorting experiment and analysis tools.

2.1 Card sorting

As defined by Spencer in [Spe17, Spe09], “Card sorting is a great, reliable, in-
expensive method for finding patterns in how users would expect to find content
or functionality”. Therefore, card sorting can be seen as an efficient way to dis-
cover the organization of the information from the most of the intended users’
viewpoint. Card sorting methodology was initially used by psychologists to study
the people’s perception about how they would group the data into the meaning-
ful categories [WW08]. As stated by Kelly in his ‘Personal Construct Theory’
[Kel55], “there is enough commonality to let us understand each other, but there
are also enough differences to make us individual”. This technique has wide areas
of applications in the fields such as information architecture, cognitive psychol-
ogy, cognitive anthropology, decision and judgment process, etc. to discover how
people generally classify and categorize the given information [HJVD+02, CHR08].

This thesis deals with its application in designing and evaluating the informa-
tion architecture of a website or a software application, building logical menus
and navigation structures. With the help of this technique, the usability of the
application becomes simple, and we can increase the findability of a particular
system [Spe17]. Depending upon the experimental setup, there are mainly two
types of card sorting, open card sorting and closed card sorting. These types
are discussed in detail in the sub-section 2.1.3. An example of a card sorting is
shown in the Figure 2.1.
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2.1 Card sorting

Figure 2.1: Card sorting experiment

2.1.1 Experimental setup

We will now see how the card sorting experiment is carried out in detail. This
experiment basically involves the consideration of the following aspects - the con-
tent to be classified, number of cards, and the selection of the participants. The
content can consist of concrete or abstract business concepts, and existing data
that is normally used on the websites. It should be relevant for the representa-
tion on the website. If possible, the future content can also be included for the
representation on the cards. This will reduce the work of adding the new con-
tent in the future times. The content should not be too much assorted so that
the participants should be able to categorize it naturally. Also, the participants
should be familiar with the content, and they should have a good background of
the concepts to be sorted.

The experiment can be carried out in a group or with the individual partic-
ipants. As the sorting process is repeated multiple times, the number of par-
ticipants should be between seven to ten, when performed individually. When
performed in groups, usually five groups with three participants in each group, a
total of fifteen participants yields optimal results as stated by Spencer in [Spe17].
This number varies depending on the size and the complexity of the application.
The advantage of the group card sorting is that the participants can have a good
interaction with each other, they can share their opinions, and they are able to
sort a large number of cards. The results obtained through the group card sorting
are richer than those obtained from the individual participants [Spe17, ZA02].
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2.1 Card sorting

The cards are prepared by labelling them with the content and an index num-
ber, which is also called as a card number. The card number makes the tracing of
the cards easier during the analysis phase. The labels should be short and easy, so
that the participants are able to easily read and understand them. In addition to
the labels, the descriptions about the concept and a picture can also be provided
on the back of the card. The number of cards usually should range from 30 to 100
in order to get better groupings [Spe17, Spe09]. Less than 30 cards usually give
poor groupings.

For conducting the experiment, the participants are given the instructions about
the procedure in the beginning. The experimenter can motivate the participants
by telling them that they will be contributing to the designing of a website or a
computer application, and they do not require any previous preparation for the
experiment. The cards are shuffled before the participants start sorting. After-
wards, they are asked to sort the cards that they think are semantically similar
into one of the categories. For the closed card sorting type, the category names
are already given. For the open card sorting, the participants are asked to give
the names to the piles that they will be creating. If they think about the new card
concepts during the experiment, additional blank cards and pens are provided to
them for creating the new cards. After the sorting is done, the stack of the cards
is re-shuffled for the new participants. When all the participants perform the ex-
periment, the experimenter collects all the records from each test subject to carry
out the further analysis.

The card sorting data that is collected from the experiment is analyzed either
manually by detecting how frequent the patterns are formed from the sorting, or
with the help of a computerized tool. For analyzing the categories manually, the
sorted cards can be placed on a table or stuck on a whiteboard. If the data is
large in number, it can be entered into a spreadsheet, and then the frequency of
the repeatedly occurring groups can be detected. The communication among the
test subjects is also considered during the evaluation phase, which may provide
additional intuitive clues that may not be seen in the records.

The analysis of the raw data can be tedious and time-consuming, if the number
of participants and the cards is large. Some of the cards from the piles may not
be recorded by the experimenter. Hence, it makes sense to automate the analysis
process for the large data by using a computerized tool. The tool implements
various clustering algorithms that discover the clusters from the experiment data.
With the help of the tool, the analysis process can be speed up, and the workload
of evaluating the large data can be lightened. We are going to discuss the cluster
analysis methods and the tools in this chapter.
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2.1 Card sorting

2.1.2 Computerized card sorting

The traditional methods of the card sorting experiment involving physical cards
can be cumbersome to carry out and can take longer time. They need more space
if there are large number of cards and participants. To overcome these difficul-
ties, researchers have developed desktop and web-based application tools. By
using computerized tools, a large number of test subjects can take part in the
experiment and they can sort the cards in less amount of time. Harper et al. in
[HJVD+02] argue that the computerized card sorting may take more time in the
early usage of the experiment until the users become familiar with the tool, but
the computerized tools produce overall the same results as those produced by the
manual card sorting. OptimalSort [Wor17], WebCat [Lab17], WeCaSo [Vdo11]
are some of the desktop and web-based tools available today for performing the
card sorting experiment. These tools provide the functionality of naming the
categories, tracking the card numbers and manipulating the sorting, which finds
convenient to the users [ZRB+02]. The two examples of the card sorting tools are
described as follows.

• WeCaSo: Web-based Card Sort (WeCaSo) is a web application for con-
ducting a web-based card sorting experiment. It is created by Vdovkin in
his bachelor’s thesis [Vdo11] in the University of Paderborn. WeCaSo can
be used for both the open and the closed card sorting experiments. For
the open card sorting experiment, it is possible to give the category names
before starting the experiment. Figure 2.2 shows the WeCaSo during the
closed card sorting experiment. As shown in the figure, the yellow cards
can be dragged into a particular grey category sections. The experiment is
finished when all the cards are moved into the categories. This tool stores
the experiment data into a CSV file. This file is used for the further analy-
sis purposes. Barbula in his bachelor’s thesis [Bar11] modified the WeCaSo
application by providing a flexible option to insert a single card into the
multiple categories. This type of card sorting is called Multiple Insert Card
Sorting.

• Casolysis 2.0: The Casolysis 2.0 tool [WM15] is a card sorting data analy-
sis tool developed by Mexin and Wawilow from the Department of Human-
Computer Interaction. The tool implements various clustering algorithms
such as hierarchical clustering algorithm (Single Link, Average Link and
Complete Link), Section Label Analysis (SLA), Density-Based Spatial Clus-
tering of Applications with Noise (DBSCAN) and multi-dimensional Scaling
(MDS). The results of the hierarchical clustering algorithms can be visual-
ized in a two-dimensional structure called dendrogram.
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2.1 Card sorting

Figure 2.2: WeCaSo [Szw14, Bar11]

The MDS algorithm represents the cards as the data points in the two-
dimensional space, where the user can visualize the clusters of the data
points. The MDS algorithm is the starting point for the implementation of
the k-means algorithm in this thesis work.

Casolysis 2.0 also provides options to visualize the loaded card sorting data
in the form of a Heatmap and a Distance Matrix. In addition, there is a
Preview option which shows the clusters formed by the different algorithms,
and the user can modify the clusters manually if he is not satisfied with the
clustering results. Figure 2.3 shows the user interface of the Casolysis 2.0
with the imported card sorting data.

2.1.3 Types of card sorting

The types of the card sorting are primarily differentiated on the basis of the nam-
ing of the categories. The two primary types are described as follows.

• Open card sorting: In the open card sorting type, the test subjects are
given the cards with the predefined menu item names on them, but not the
category names. Instead, they are told to give the meaningful names to the
categories after they have sorted the cards. As the test subjects have the free-
dom of naming the categories as per their individual criteria, there can be a
large number of categories formed in this type of sorting. This can make the
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2.1 Card sorting

Figure 2.3: Casolysis 2.0 [WM15]

evaluation process complex and we may not get a clear idea about the final
categories. Open card sorting is used to create the information architecture
for the new websites and applications, and to get the new ideas for creat-
ing the taxonomies. Open card sorting can be carried out before the closed
card sorting to get the suggestions for naming the categories [Spe17, Dou13].

• Closed card sorting: In this type of sorting, the test subjects are given
the predefined category names in advance. They are asked to sort the cards
into the given categories considering their semantic closeness. The names
of the categories can be taken from the results of the open card sorting.
The closed card sorting is used while redesigning the existing information
architecture of a website, or to add the new information to it. This type is
also used to verify the results of an open card sorting experiment [Spe17].

Wood and Wood in [WW08] recommend that the open card sort should be per-
formed first, so that the data is thoroughly analyzed before performing the closed
card sort. If we directly begin with the closed card sort, there is a possibility to
obtain low quality clusters.

There exist other card sorting types such as semi-closed card sorting, guided
card sorting, multiple insert card sorting, reverse card sorting, which are differed
based on the naming of the categories, assignment of the cards into the categories,
and the criteria used for the card assignment [Szw14]. Interested readers can refer
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[Szw14] for learning more about the card sorting types.

In the next sections we will discuss the cluster analysis methods that are used
to evaluate the card sorting experiment data in order to find the optimal cate-
gories. The description of the two types of the cluster analysis methods, namely
hierarchical and non-hierarchical (partitional) cluster analysis is also provided in
detail.

2.2 Cluster analysis

A cluster is defined as a group of objects having homogeneous (similar) properties.
Whereas cluster analysis or clustering is a process of classifying or grouping the
data objects into the meaningful subsets (clusters), with respect to a certain cri-
terion [JD88]. The data classification techniques briefly organize a huge amount
of data into a small number of groups, which are called clusters. As the groups
represent the similarity in the data patterns, they are used in identifying and ex-
tracting the required information with less efforts [ELLS11].

The data objects belonging to one cluster are similar to each other based on
some criterion. There exist various criteria for forming the clusters of the data
objects, and different classifications of the same data are possible with the appli-
cation of the different criteria. Hence, it is important to determine the criterion
and its measurement before performing the cluster analysis process [JD88].

In the context of card sorting, the cards are considered data objects and the
clusters are the groups of the cards which are semantically close to each other
than those in the other groups. The criterion is based upon the understanding
of the meaning of the cards by the test subjects. Cluster analysis methods are
applied to the card sorting data to discover the clusters that assist in defining the
information structure for a computer application.

The advantages of the automated analysis techniques over the manual clustering
are that a clustering algorithm can be applied to a large amount of data with the
same criterion for finding the clusters as in the manual clustering. Different data
analysts may find different clusters in the same data according to their own crite-
ria, hence we may not get the expected clustering results every time. In addition,
the clustering algorithm performs faster even for the large datasets as compared
to the manual analysis. Clustering algorithms are reliable and consistent, thus
a cluster analyst’s time for discovering the patterns is saved, and he can use his
time in interpreting the results of the clustering algorithms in a better way [JD88].

The types of the clustering techniques are described in brief in the next sub-
section.
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2.2.1 Types of cluster analysis

There are different types of cluster analysis techniques in which the clustering
algorithms are differentiated in the basic clustering that they perform. These
techniques are classified mainly into two types, hierarchical clustering and par-
titional clustering (non-hierarchical clustering) [JD88]. For this thesis work, we
are implementing the k-means algorithm, which falls under the partitional cluster
analysis type. The classification of the cluster analysis methods is given as follows.

• Exclusive and non-exclusive classification: In an exclusive classifica-
tion type, each object is partitioned only into one cluster. On the other
hand, in the non-exclusive type, one object may belong to more than one
cluster. Non-exclusive type is also called as overlapping classification. An
example of an exclusive clustering is the classification of the persons by their
age. Here, one person can only be classified into the group having the same
age persons. The k-means clustering that we are going to perform in this
thesis is an exclusive type of clustering.

If we want to classify some movies based on their genres, then it can happen
that one movie can have more than one genres, such as drama, comedy, etc.
This type of classification falls into the non-exclusive classification, as the
same movie falls into more than one group of genres.

• Intrinsic and extrinsic classification: In the intrinsic classification, the
cluster names or labels are not provided in advance. Intrinsic classification
uses the proximity indices from the proximity matrix to determine how two
objects are closer to each other. The category names determined during
the classification process are later matched with the predefined names. This
type of classification is also called unsupervised clustering.

The extrinsic classification uses the predefined category names as well as
the proximity matrix for the clustering process. For example, if we have
to group the patients in a hospital based on various types of diseases that
they have, the intrinsic classification would only consider the proximity ma-
trix to classify the patients, and then the results will be checked with the
predefined diseases categories. On the other hand, the extrinsic classifica-
tion would consider both the predefined category labels and the proximity
indices while clustering the patients, and would classify them only in the
given categories.

• Fuzzy and non-fuzzy classification: Fuzzy clustering allows a data ob-
ject to belong to all the clusters in the data set, depending on a degree
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value. This method assigns a weight value between the interval [0, 1] to the
data objects, and depending on this weight value, the object belongs to a
particular cluster with some degree value.

While in the non-fuzzy type of clustering, a data object does not belong to
every cluster. It can have a value either one or zero. That means, if a data
object belongs to a particular cluster, its value is one, otherwise zero.

• Hierarchical and partitional (non-hierarchical) classification: Hier-
archical clustering consists of a nested sequence of partitions of the dataset.
In this type, the data is partitioned in the successive steps. In each step,
the data objects are combined to form a cluster, or a cluster is divided into
the finer clusters. The detailed description of the sub-types of the hierarchi-
cal clustering are explained in the section 2.2.3. The hierarchical partitions
are formed by the operations on the data that is taken from the proximity
matrix.

While in the partitional clustering, the clusters are formed by dividing the
dataset into a single partition. The dataset needed for performing the parti-
tional clustering should be in the form of a pattern matrix [ELLS11, JD88].

In the next sub-section we will see the standard input formats of the raw data
that are used for the cluster analysis.

2.2.2 Data representation

For the application of the clustering algorithms, the input data should fulfil the
requirements of the algorithms, such as the data types, scale, proximity measure-
ments, etc. If the appropriate measures of these factors are not established before
starting the cluster analysis, then the analysis results are not correctly interpreted.
The two standard formats of the data that are used as input are the pattern ma-
trix and the proximity matrix [JD88]. These formats are described as follows.

• Pattern Matrix: A pattern matrix consists of a set of n data objects where
each object has d attributes (measurements) that describe the object. The
representation of the objects in the form of attributes is termed as patterns
in the d -dimensional space [JD88]. Each pattern is defined in a row and the
attributes are defined in columns. Thus, we can view the pattern matrix in
the form of a n*d matrix. For example, in the context of the thesis work, the
input data needed for applying the k-means algorithm is taken in the form of
a pattern matrix, where each object is a card. Each card has two attributes,
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Card x coordinate y coordinate
Open days and campus tours 1.98279 4.29603
Student support 1 1.10776
Accommodation 3.18249 2.10067
Money matters 4.11122 1.09256
Postgraduates 4.90539 1.87554
Part time courses 4.76046 4.37355

Table 2.1: Pattern Matrix of MDS results on the card sorting data

its x and y coordinates that define its position in the two-dimensional chart.
Here, a pattern represents a set of x and y coordinate values for the card.

For visualizing the pattern matrix, n patterns are plotted as points in a
d -dimensional space, where d represent the number of attributes. The ap-
plication of a clustering algorithm on the matrix data detects the clusters of
the patterns which satisfy the given criterion. The criterion which we will
use during the k-means analysis is the Euclidean distance criterion. The
Euclidean distance between the two points is a straight line distance be-
tween them, i.e., it is equal to the length of a line segment connecting them
[Wik17a].

Table 2.1 is an example of a pattern matrix which shows a subset of the
result of the multidimensional scaling (MDS) algorithm applied on the card
sorting data. The cards are represented as points in the two-dimensional
space with their x and y coordinate values.

• Proximity Matrix: A proximity matrix provides the information about
the index value of the proximity or the closeness between a pair of objects.
The proximity value is calculated with the help of a pattern matrix using
Minkowski metric distances such as Euclidean distance. This value can be a
similarity or dissimilarity value between the pair of objects. The proximity
matrix has a symmetric structure, which means that the values of the prox-
imity between a pair of objects remain the same, irrespective of the order in
which they are placed in the matrix [JD88]. The objects or elements placed
on the left side of the diagonal of the matrix are the same as the elements
placed on the right side of it. The diagonal values in the proximity matrix
are zero, as the elements will have the same proximity values with them-
selves.

The proximity matrix is called a similarity matrix, if the larger index values

15



2.2 Cluster analysis

Berlin Frankfurt Hamburg Cologne Munich
Berlin 0 548 289 576 586
Frankfurt 548 0 493 195 392
Hamburg 289 493 0 427 776
Cologne 576 195 427 0 577
Munich 586 392 776 577 0

Table 2.2: Proximity matrix with the road distances among five cities in Germany

between the object pairs show more similarity between those two objects.
Similarly, in a dissimilarity matrix, the larger values between the object
pairs show that the objects are more distant or dissimilar from each other.
Table 2.2 shows a proximity matrix with the dissimilar values in kilometers
of the road distances among the five German cities. In this example, the
distance between Frankfurt and Hamburg remains the same as the distance
between Hamburg and Frankfurt.

For performing the hierarchical cluster analysis, the data in the form of
a proximity matrix is taken as input. The conceptual details about the
hierarchical clustering and its types are explained in the next sub-section.

2.2.3 Hierarchical cluster analysis

Hierarchical cluster analysis is the process of classifying the data into a nested se-
ries of partitions. In this type of clustering, each partition that is formed is nested
into its subsequent partition. Thus, the hierarchical clustering does not partition
the entire data into the clusters in a single step, but the process is carried out in
a sequence of steps. The clustering solution that we obtain from the hierarchical
clustering is in the form of hierarchies of data [JD88, ELLS11]. Hierarchical clus-
tering methods have applications in biological sciences, psychology, sociology, etc.
where the classification of the data in the form of hierarchies is required.

The input data for the hierarchical clustering is taken from the data represen-
tation matrix known as proximity matrix. In the proximity matrix, the distance
between each pair of objects is specified in the form of proximity values. The
description of the proximity matrix is stated in the sub-section 2.2.2. Based on
the proximity distances, the data is partitioned into the hierarchical clusters. For
n data objects, we may get the cluster solutions such that there can be one clus-
ter containing all the data objects or n clusters, each consisting of a single data
object. Hierarchical cluster analysis is further divided into the two sub-types,
namely, agglomerative cluster analysis and divisive cluster analysis.
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In the agglomerative clustering type, each data object is considered a single
cluster in the beginning. In the next step, the proximity (distance) values be-
tween the clusters are checked from the proximity matrix. The clusters which
have minimum distances to each other are merged together to form a new cluster
in the second nested partition. In the successive steps, we get larger clusters in
the sequence of the nested partitions. The process can be carried further until we
get a single big cluster containing all the data objects at the end if we do not stop
the merging of the clusters. This type of clustering is also known as bottom-up
approach.

The process of clustering is reversed in the divisive clustering. Divisive cluster-
ing is also called a top-down approach, where we have all the data objects in one
cluster in the beginning. In the next steps, the cluster is divided further into the
smaller clusters, until we get one object per cluster.

As Stahl et al. mention in [ELLS11], the agglomerative clustering type is widely
used in practice when the hierarchical clustering approach is considered. For get-
ting the optimal clustering results, the user should stop the clustering if the se-
mantic meaning of the clusters would get lost when the next clustering steps are
performed.

For example, for the evaluation of the card sorting experiment data, the hier-
archical clustering is mostly used. In card sorting, the cards are considered as
objects, and the similarity (proximity) value between the two cards is based upon
how often two cards are placed into the same category. The details of the card
sorting experiment are stated in the section 2.1.

The results of the hierarchical clustering algorithm are visualized with a two-
dimensional tree structure called as dendrogram. In dendrogram, we can detect
the merging or the divisions of the clusters that are obtained at each step of the
clustering algorithm.

Figure 2.4 shows the dendrogram of the results of the hierarchical clustering
algorithm applied on the card sorting data that corresponds to the homepage of
the University of Reading website. As we can see, the vertical axis represents the
menu names as data objects, and the horizontal axis represents the distances at
which the clusters are merged together. The algorithm applied on the data is the
sub-type of the hierarchical clustering algorithm, called average link algorithm,
which we will discuss shortly.

There exist various methods in the hierarchical clustering for calculating the
distances between the two clusters. These methods use different ways to calculate
the distance between the objects or groups of objects. Hence, each method may
produce different clusters on the same data. The widely used methods are Single
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Figure 2.4: Dendrogram showing the hierarchical clustering results (Analysis done
using the cluster analysis tool: Casolysis 2.0 [WM15, SHMW15]

Linkage, Complete Linkage and Average Linkage [JD88, Szw14]. Figure 2.5 illus-
trates the three types of methods. They are described as follows.

• Single linkage: In the single linkage method, a pair of objects between the
two clusters having minimum distance are combined to form a new cluster.
Here, the pairs must contain one object from each cluster. In the next step,
another object or a group of objects which have minimum distance to the
newly formed cluster are combined. The process can be continued until all
the objects are combined to form one big cluster. This method is also called
the nearest neighbor method which produces loosely related clusters [Szw14].

• Complete linkage: Complete linkage method is also known as the furthest
neighbour method. In this clustering type, the maximum distance between a
pair of objects from the two clusters is considered. Such pairs with maximum
distances are merged to form a new cluster. In the successive steps, objects
having maximum distances between the clusters are joined and this process
can be carried further until one big cluster containing all the objects is
formed. This method produces tightly related groups.

• Average linkage: The clustering process in this method begins the same
manner as the above two. This method differs in calculating the distances
between the pairs of objects. The average linkage method takes the average
of the distances between each pair of objects between the two clusters.
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Figure 2.5: Hierarchical clustering Types: Single Linkage (MIN), Complete Link-
age (MAX) and Average Linkage (Group Average) [Rie17]

2.2.4 Partitional (non-hierarchical) cluster analysis

Partitional (non-hierarchical) cluster analysis produces the data classification hav-
ing non-overlapping data clusters with a single partition, instead of the nested
sequence of partitions that are formed in the hierarchical clustering. Each cluster
formed in the partitional clustering consists of at least one data object, and each
data object belongs to only one cluster. As the name suggests, the clusters formed
in this type of classification do not have hierarchical relationships amongst them
[DB17]. Jain et al. in [JD88] mention non-hierarchical clustering as partitional
clustering. We will refer from now on to this type of clustering as partitional
clustering. The main objective of the partitional clustering is to optimize the cri-
terion function using an iterative algorithm [Ltd17]. The number of clusters to be
formed is predetermined by the user.

The definition of the partitional clustering method can be stated as follows.
“In the given dataset of n objects in the d-dimensional space, a partition of the
objects into k non-overlapping groups (clusters) is obtained such that the objects
in one cluster are more similar to each other than the objects in the other clus-
ters” [JD88, Pod17]. The value k is initially specified by the user. The partitional
clustering has applications in the data compression and representation of the huge
datasets, and in the engineering applications where a single partition is required.
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For calculating the partitions according to a particular criterion, the partitional
cluster analysis takes the input data in the form of a pattern matrix, whereas
the hierarchical clustering requires the data in the form of a proximity matrix
(distance matrix). As mentioned before in the thesis, the k-means clustering algo-
rithms that we are going to implement are classified into the partitional clustering
type.

The criterion that we are going to use for obtaining the k-means clusters is
known as square-error distance criteria. The distance between each pair of the
data points is also called squared euclidean distance. We will have a detailed look
at the selection of this criterion later in this sub-section.

The partitional clustering methods create only a single partition throughout
the entire dataset. These methods also require less computational resources to
execute, and they have less computational complexity than the hierarchical clus-
tering methods. Hence, the partitional clustering algorithms are being preferred
for the data analysis purposes nowadays [DB17, Sch04].

The partitional clustering methods along with the k-means algorithm can effec-
tively partition a huge set of the data objects. For interpreting the results when
the data is in a large amount, the dendrograms are found to be impractical be-
cause it is not feasible to show each data object by a leaf node on the dendrogram
[JD88, Sch04]. Dendrograms are generally used for visualizing a small number of
data objects. Therefore, the results of the partitional clustering are visualized in
a d -dimensional space with the orthogonal axes. Partitional cluster analysis has
thus an advantage as it provides an option to visualize and organize multidimen-
sional data, which the user will not be able to detect manually [JD88].

Figure 2.6 shows an example of the partitional clustering. The data points
which are similar to each other are grouped into one cluster, with each cluster
having a centroid that is placed at the center of the cluster. Also, we can detect
in the figure that the points in one cluster are more similar to each other than the
points in the other clusters.

The methods for the partitional clustering are divided mainly into the three cat-
egories that are based on the criterion that they use. These types are described
as follows [DB17].

• Single-pass method: The single pass methods scan the input data objects
only once, and the final clustering results are dependent upon the order in
which the input data is read. The data which is already read is not taken
into account for the next steps.

The algorithm is executed as follows. The object that is read first becomes
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Figure 2.6: A partitional clustering example [O’R17]

the leader (cluster representative) for the first cluster. The next object is
matched with all the existing leaders based on the given matching criterion.
After the assignment of an object to a particular cluster, the leader for that
cluster is recalculated. If any object does not fulfil the criterion, then it
becomes the leader of a new cluster [Wik17j].

• Relocation method: In the relocation methods, the number of clusters
are specified in advance. Initially the centroids which are equal to the num-
ber of clusters are randomly positioned in the dataset. The data objects
are initially assigned to the clusters with the criterion such as a squared
error distance (Euclidean distance). In the further steps, the objects are
repeatedly reassigned to the new clusters which will reduce the value of
the criterion function. Thus, the process of relocating the objects into the
different clusters is continued until the convergence step is reached, where
the value of the criterion is minimum and does not change anymore. The
k-means algorithm is an example of the relocation clustering.

By using the relocation technique, we can determine the clusters for a large
dataset. However, the issue with this type of clustering is that the final
solution may not be the optimal solution, and the output gets converged to
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the local minimum. Hence, we have to run the algorithm several times with
different initial positions of the centroids, and then we can determine the
global minimum (optimal solution) [DB17, JD88].

• Nearest neighbour method: In this method, the two data objects are
assigned to the same cluster, if a particular cluster is nearer to both of
them. Also, if the objects are assigned to the same neighbor, then they are
considered to have similar properties.

The number of the nearest neighbours and the criterion for determining the
degree of closeness amongst the data objects sharing the neighbours is spec-
ified in advance by the user.

Criterion selection

A selection of a relevant criterion for performing the cluster analysis is an impor-
tant step in the partitional cluster analysis. With the application of the different
criteria for the similarity, we may obtain different clustering solutions for the
same data [Rai17]. The partitional cluster analysis using a chosen criterion can
be carried out as follows. For the given dataset, all the possible partitions for
the criterion is evaluated. Then, the partition that optimizes the given criterion
function is selected as the optimal partition, and the k clusters (the value k is
predefined) that are formed by the optimal partition are considered the optimal
clusters [JD88].

The different criteria that determine the similar clusters for the given data
objects can be given as high-density criteria, nearest neighbor criteria, graph con-
nectivity, square-error criteria, etc. For example, using the high-density criteria,
the data objects that form the high-density population will be classified into one
cluster.

The two types of criteria that arise for the partitional cluster analysis are global
criterion and local criterion. The global criteria always yield the optimal clusters
(best solution) each time the clustering is performed on the given dataset. On
the other hand, the local criteria produce the clusters that are dependent on the
initial selections of the partitions, i.e., on the local structure of the data objects.
The resulted clusters obtained by using the local criteria may change each time
the cluster analysis is performed on the same data.

Jain et al. in [JD88] argue that it is not always feasible to formulate a crite-
rion for every dataset. The first problem arises as the data structure of the given
dataset can be complex and can vary with every dataset. The second problem in
evaluating the criterion is that the data objects can be partitioned in enormous
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ways, and the application of one criterion for all the partitions can become a com-
plex task.

To overcome the second problem of the evaluation of the criterion for a large
number of partitions, an iterative approach is used that reduces the value of the
criterion function. In this approach, the criterion function is evaluated only for a
small number of reasonable partitions. In the beginning of the process, an initial
partition is selected and the data objects are assigned to the respective clusters.
In the successive iterations, the data objects are relocated from one cluster to
another cluster, so that the value of the criterion function is more optimized.
The iterations are continued until the positions of the data objects in the clus-
ters do not change. Thus, the value of the criterion function is minimized, and
we end up obtaining the final solution. This step is also called as convergence step.

The algorithms that use the iterative approach have a drawback that they of-
ten get converged to a local minimum, which may not be the optimal solution.
The structure of the final clusters changes as we change the initial partitions in
the dataset. Hence, researchers have developed several modified algorithms that
select the initial partitions in an intelligent manner, so that we get better quality
clusters every time the algorithm is executed.

In the context of the k-means clustering algorithm, there exist various improved
k-means versions in today’s time, in which the initial condition of positioning the
centroids is refined such that we obtain better quality clusters as compared to the
basic k-means algorithm. The detailed description of the basic k-means algorithm
and its modern versions is given in the next chapter.

The criterion obtains optimal clusters if the requirements of the criterion are
fulfilled by the data objects. The most of the cluster analysis techniques use the
square-error criterion for clustering the data. The k-means algorithm is one of
them which also uses this clustering criterion. The detailed description of the
square-error distance criterion is provided as follows.

Square-error criterion (Euclidean distance criterion)

The square-error criterion takes the continuous-valued input data for performing
the partitional cluster analysis in the d -dimensional space. The primary aim of
this criterion is to partition the data into the clusters such that the square-error
for each cluster is minimum. The square-error distance is also known as Euclidean
distance.

Jain et al. gives the definition of the square-error in [JD88] as follows. Let
n be the number of data objects that are to be partitioned into K number of
clusters. The set of clusters can be described as {C1, C2, . . . , CK}, where a cluster
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Ck contains nk data objects. Also, each data object belongs to exactly one cluster.
This condition can be stated in the equation 2.1 as

K∑
k=1

nk = n (2.1)

The average or the mean value of the data objects in a cluster can be given as

m(k) =

(
1

nk

) nk∑
i=1

xi
(k) (2.2)

The m(k) is also called the centroid of cluster Ck.

In the equation 2.2, the ith data object of the cluster Ck is represented as xi
(k).

For a cluster Ck, the square-error is calculated as the sum of the square of the
Euclidean distances between each data object in Ck and its centroid m(k). The
square-error is given by the equation 2.3

e2k =

nk∑
i=1

(xi
(k) −m(k))(xi

(k) −m(k)) (2.3)

The square-error is also known as within-cluster variation, and represents the
error value for a single cluster Ck.

Thus, the square-error value for the entire dataset containing K clusters can be
expressed as

E2
K =

K∑
k=1

e2k (2.4)

Figure 2.7 shows the example of the application of a square-error criterion on
the two clusters. The cluster centroid is represented as m and the data objects
are represented as xi, where i is the ith data object.

In the next section, the concepts of the multidimensional scaling (MDS) algo-
rithm are elaborated. In this thesis work we are going to use the resulted clustering
solution data of the card sorting experiment from the MDS algorithm, and we will
provide it as the input for performing the k-means cluster analysis on it.

2.3 Multidimensional scaling

Multidimensional scaling (MDS) is a statistical process which consists of different
methods and algorithms that take the data objects in the form of a proximity ma-
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Figure 2.7: An example showing the distances used for the calculation of the
square-error distances [JD88]

trix as input and embeds them into a Euclidean space [JD88, Szw14]. The MDS
represents a configuration of the data objects such that the approximate amount
of similarity or dissimilarity values between the object pairs can be interpreted
and observed visually.

The objects from the proximity matrix are represented as the points in the d -
dimensional metric space and each point has x and y coordinate values. In this
thesis work, we are considering the input data that is taken from a dissimilarity
(distance) matrix. The distances between the point pairs in the metric space cor-
respond to their respective dissimilarity values in the proximity matrix. Thus, an
object pair from the proximity matrix having a larger dissimilarity value will be
represented in a metric space by the two points with a larger distance between
them.

Young in [You17] mention that apart from the normal human perception of the
similarity, the MDS can also display the data having objective similarity, such as
the time required to travel between the two cities, or the data can also be the
index value calculated from the multivariate data. MDS has applications in wide
analysis areas such as cluster analysis, factor analysis, principal component anal-
ysis, etc.

MDS is termed as an ordination technique which transfers the objects from an
ordinal scale to a ratio scale, so that the similarity amongst the objects can be
visualized in a Euclidean space [JD88]. For visualizing and interpreting the data
objects in a better way, a two-dimensional metric space (scatterplot) is often used
[Wik17h]. However, it is important to note that the MDS algorithm is able to
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show a dataset containing n objects in a space up to (n-1 )-dimensions.

The objective of the MDS algorithm is that the distances between the points
should be closely retained as their corresponding dissimilarity values in the prox-
imity matrix. However, there arises differences in the distances between the object
pairs plotted in the metric space and their corresponding distance values from the
proximity matrix. The difference value is called stress, and it determines the
goodness or the quality of the points configuration in the metric space. This
stress value is described by the equation 2.5.

There exist different types of the MDS algorithms depending on the type of
an input matrix they use. They are mainly classified into three types such as
classical MDS, metric MDS and non-metric MDS [BSL+08, SJDoS17]. The two
types, namely, metric and non-metric MDS are explained as follows.

• Metric MDS: The metric MDS version takes the data in the form of a
dissimilarity matrix, and displays the results in a d -dimensional coordinate
space, optimizing the loss function called stress. This loss function is a
generalized form of the function that is used in the classical MDS version.

Consider the proximity matrix as described in the table 2.1, which shows the
distances between the five German cities. Let D = [dij] be this proximity
matrix. Let p be the number of dimensions of the metric space. The distance
dij is the distance between the ith and jth city in the matrix, and d′ij is the
corresponding distance between the object pairs in the metric space, which
can be defined as

d′ij =

√√√√ p∑
k=1

(xik − xjk)2

The definition of the stress value that is used in the metric MDS can be
given as [Wik17h, Pre14]

Stress(x1,x2,...,xN ) =


∑
i,j

(dij − d′ij)2∑
i,j

d2ij


1
2

(2.5)

where dij is the distance between the object pairs from the dissimilarity ma-
trix, and d′ij is the resulted MDS distance for the object pairs in the metric
space.

To determine the goodness of the MDS results, the stress values that inter-
pret the MDS result qualities are shown in the table 2.3. The metric MDS
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2.3 Multidimensional scaling

Stress Goodness Value
0.20 Poor
0.10 Fair
0.05 Good
0.02 Excellent
0.00 Perfect

Table 2.3: MDS Stress Value [Kru64, Szw14]

algorithm that is used for calculating the coordinates in the metric space is
described in Algorithm 1 [Wik17h, Pre14].

Algorithm 1 Metric MDS

1: Calculate A from D such that A = −1

2
d2ij.

2: Calculate B from the value of A such that B = aij − ai•− a•j + a••, where ai•
is the average value of all aij with respect to all j.

3: Determine the largest eigenvalues of B, λ1 > λ2 > · · · > λp and respective
eigenvectors L = (L1, L2, . . . , Lp). After normalization, we get L′iLi = λi.

4: The object coordinates are obtained as the row values of L.

Consider an example, where we apply the metric MDS algorithm on the
proximity matrix from the table 2.2, and the resulting MDS chart that we
obtained is shown in the figure 2.8. The MDS chart shows the corresponding
distances of the cities from each other with the respective locations, and
tries to show the distances as similar as possible to the distances from the
dissimilarity matrix.

• Non-metric MDS: The non-metric MDS considers the ranks (transfor-
mation values) of the distances, rather than the actual distances from the
distance matrix. The non-metric MDS calculates the monotonic relation-
ship between the distances from the distance matrix. Thus, the relationship
between the dissimilarity values from the matrix is transformed, keeping
the order between them preserved. The algorithm for the non-metric MDS
[Wik17h] is stated in Algorithm 2.

In addition to the metric and non-metric types, researchers have proposed dif-
ferent MDS versions that minimize the error function. Agarwal et al. in [APV10]
propose a universal MDS framework that is based on an iterative method. The
point in the target space is iteratively moved until the convergence step is achieved.

The MDS algorithm also finds applications in modeling the variations in the
user profiling. The groups of the users resulted through the user profiling help
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2.3 Multidimensional scaling

Figure 2.8: MDS Coordinates [Wik17i]

Algorithm 2 Non-metric MDS

1: Find the random configuration of points by sampling the data from the normal
distribution.

2: Calculate the distances between the points.
3: Find the optimal monotonic transformation of the proximities (distance val-

ues), to obtain the scaled data f(x).
4: Minimize the stress value between the optimally scaled data and distances by

finding a new configuration of points.
5: Compare the stress value to the chosen criterion. If the stress is minimum,

then exit the algorithm else return to the step 2.

in selecting them for the usability tests, field studies, etc. Karapanos in [KM07]
developed such a method for performing the user profiling using this technique.

In the context with the card sorting experiment, the MDS provides a way to
visually detect how the test subjects have assigned the cards into the same cate-
gories. The objective of the thesis work is to apply different k-means algorithms
on the MDS results and to verify if we get the similar clustering results by the
application of the different k-means versions.

In the next chapter, the concepts of the k-means algorithm and its modern
versions are explained in detail.
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3 The k-means algorithm and its
modern versions

This chapter thoroughly illustrates the concepts of the k-means cluster analysis
techniques. In this thesis, the basic k-means version, also known as Lloyd’s algo-
rithm, along with its modified versions are implemented. These modified versions
are also referred as the modern k-means versions. The modern versions improve
the clustering results, yielding the clusters with better quality.

3.1 Background

The standard version of the k-means algorithm was proposed in 1957 by Lloyd
[Llo82] in the field of signal processing for the pulse-code modulation technique
(PCM), and it was later published in 1982. The name ‘k-means ’ was first intro-
duced in 1967 by James MacQueen in his k-means version [M+67]. Apart from the
Lloyd’s and McQueen’s versions, some researchers use Forgy’s algorithm [For65]
as the standard algorithm for the k-means implementation.

The k-means concept is used in different domains for the cluster analysis pur-
poses as it is simple to implement and produces effective clustering results in less
amount of time. In addition, the k-means algorithm is able to detect the dissimilar
data values in the dataset, also called Outliers.

The PCM technique is used to map a large input set of the analog signal val-
ues into their corresponding digital values, i.e., the method is used to digitally
represent the analog signals. This process is called vector quantization, where a
large set of sampled analog values are divided into a small (countable) number of
groups. Each of the resulted groups contains similar values, which are closer to
each other. Also, each group is represented by an average of all the values of the
group, termed as centroid of that group [Wik17d, Wik17e].

Apart from the areas of the signal processing and vector quantization, the k-
means finds its applications in the diverse fields such as data compression, image
processing, market segmentation, computer graphics, etc. The k-means algorithm
is widely used nowadays for the cluster analysis purposes in the field of data min-
ing. In the context with this thesis work, we will use it for analyzing the clusters
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3.2 Lloyd’s algorithm

of the cards, which are sorted by the test subjects in the card sorting experiment.
The input data is taken from the multi-dimensional scaling (MDS) algorithm,
which is explained in the section 2.3 in the previous chapter.

There exist different versions of the k-means algorithm in today’s time, which
are known as the modern k-means. In the modern k-means versions, researchers
apply different heuristics to refine the initial condition of partitioning the data,
producing efficient results. A detailed description about the modern k-means al-
gorithms is presented in the section 3.3 of this chapter. In this thesis work, the
Lloyd’s algorithm is used as the standard (basic) algorithm for the application
on the card sorting data. The concept of the Lloyd’s algorithm is stated in the
following section.

3.2 Lloyd’s algorithm

The Lloyd’s algorithm [Llo82] is basically used for finding the groups of evenly
spaced set of points and their partitions in the Euclidean space in the uniform-
sized cells, called Voronoi cells [Wik17f]. For each of the cells, the algorithm
iteratively finds the new centroids, and re-partitions the cells until the positions
of the centroids are not changed, i.e., they are at the closest distance to each point
within that cell (cluster).

The use of the Voronoi diagrams in recalculating the new clusters is helpful be-
cause the input values for the Lloyd’s algorithm consist of a continuous geometric
region, while the input for the standard k-means that is used in today’s time may
also be the discrete set of points. Thus, the k-means can use nearest centroid for
each point in the discrete dataset as well [Wik17g].

The problem description of the Lloyd’s algorithm in the context with the signal
processing is explained in brief as follows. In the PCM technique, the input in the
form of a continuous analog signal is sampled to a continuous-valued discrete time
signal. Lloyd’s algorithm partitions the range of the values into a finite number of
subsets (groups), and sends the information about which sample is grouped into
which subset to the receiver. For the receiver end, there are in-built fixed values of
the voltages, called as quanta. When the receiver obtains the information about
the input value and its corresponding subset, the receiver assigns the quantum
value for that subset as an approximate value for the sample, and generates the
discrete signal based on the quantum values.

The difference between the original sample value and the output value is termed
as noise signal, whereas the average squared value of the noise signal is called noise
power. Thus, the problem statement of the Lloyd’s algorithm can be stated as,
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3.2 Lloyd’s algorithm

“for the input of the number of quanta and statistical properties of the analog sig-
nal, find the subsets and quanta such that they best minimize the noise power”.

The simplified version of the problem statement for the Lloyd’s algorithm [Wik17c]
is stated as follows.

Problem description

For a given dataset of n data objects (x1, x2, x3, . . . , xn), where each object being
a d-dimensional real vector, the goal of the k-means algorithm is to partition the
dataset into k (≤ n) sets (clusters) S = {S1, S2, . . . , Sk}, such that the within-
cluster sum of squares (WCSS), also called cluster-variance is minimum. Thus,
the function to be optimized is given as

J =
k∑

i=1

∑
xjεSi

‖xj − µi‖2

where xj are the data objects and µi is the centroid of the cluster Si. The func-
tion is based upon the criterion that is used to assign the points to a particular
cluster, and it is called square-error distance criterion, which is discussed in the
sub-section 2.2.4 of the previous chapter. The WCSS value ‖xj − µi‖2 is equivalent
to the squared Euclidean distance between the cluster centroid and the points of
the respective cluster. Figure 3.1 shows the demonstration of the execution steps
of the Lloyd’s algorithm. The algorithm assigns each data point to the clus-
ter whose centroid has the minimum squared Euclidean distance from that point.
The steps for the Lloyd’s k-means are explained in Algorithm 3 [Wik17b, Wik17c].

Algorithm 3 Lloyd’s Algorithm

Input: a set of data objects (x1, x2, . . . , xn), k centroids (m1, . . . ,mk)
1: Initialization Step: Position initial k means (centroids) m1,m2,m3, ...mk

randomly in the given dataset.
2: Assignment Step: Assign each data object to a cluster, such that the Eu-

clidean distance between the data object and the centroid of that cluster is
minimum.

S
(t)
i = {xj : ‖xj −m(t)

i ‖2 ≤ ‖xj −m
(t)
i∗ ‖2 for all i∗ = 1, . . . , k}

here, each xj is assigned to only one S(t), although more than one assign-
ment is possible.

3: Update Step: Calculate the centroids for the new clusters as:

m
(t+1)
i =

1

|S(t)
i |

∑
xjεS

(t)
i

xj

Repeat the steps 2 and 3 until there are no changes in the cluster assignments.
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3.2 Lloyd’s algorithm

Figure 3.1: A satndard k-means algorithm example [Wik17c]. Step (a): The col-
ored circles are the k randomly chosen initial centroids in the database
(here, k = 3). Step (b): Initial k clusters are created by assigning ev-
ery data point to the nearest centroid. Step (c): The new centroid for
each of the clusters is calculated, which will be the new center for each
cluster. Step (d): The initialization step (b) and update step (c) are
repeated, until there is no change in the cluster assignment, and thus
the convergence is achieved.

The final step in which the cluster assignments do not change anymore is called
the convergence step, where the WCSS value is minimum. The complexity of
the Lloyd’s k-means is O(nkdi), where n is the number of data points in the
d-dimensional space, k is the number of initial centroids and i is the number of
iterations performed during execution.

Arguments for selecting the Lloyd’s algorithm as a standard algorithm

For the implementation in the tool, the Lloyd’s algorithm is selected as a stan-
dard k-means algorithm because it satisfies the requirements very well. The input
data is taken from the MDS chart, where the position of the points is calculated
according to the Euclidean distance criterion function. In the Lloyd’s algorithm,
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3.3 Modern k-means versions

the distances among the quanta in the voltage region are also calculated using the
Euclidean distance criterion.

In addition, the Lloyd’s algorithm allows the user to randomly position the
initial centroids in the dataset. The input coordinate values of the MDS points
are in a continuous range in nature. The Lloyd’s algorithm also takes the input
dataset in a continuous geometric space. Thus, the continuous values requirement
is satisfied by the Lloyd’s algorithm. As this algorithm is more commonly used in
today’s time for the k-means clustering, it is a good choice for considering it as a
standard version for this thesis work.

Limitations of the Lloyd’s algorithm

There are some drawbacks regarding the selection of the parameter values while
implementing the Lloyd’s algorithm. For example, the final step in which the
cluster assignments do not change anymore has the minimum WCSS value. The
algorithm converges to a local minimum, which may not be the optimal solution.
Thus, the Lloyd’s algorithm does not ensure to produce optimal results in every
execution.

Another drawback is that the input value k should be determined beforehand
for the given dataset because if k is not suitable (smaller or bigger than the appro-
priate value), then we may obtain poor clustering results. In addition, the local
optimal results may be far from the expected clustering solution.

To overcome the limitations posed by the Lloyd’s algorithm, researchers have
applied several heuristics to modify the initial step of positioning the centroids in
the dataset. These modified k-means versions are described in detail in the next
section.

3.3 Modern k-means versions

As mentioned in the previous section, the Lloyd’s algorithm suffers from some
drawbacks that may produce unwanted clustering results. As the initial centroids
are placed in a random manner, we get varied clustering solutions every time the
basic k-means is executed. Hence, researchers have applied several heuristics to
modify the basic k-means, such that the initial positions of the centroids in the
dataset are determined in a cunning or intelligent manner before the algorithm
starts its execution.

Ostrovsky et al. in [ORSS06], Slonim et al. in [SAC13] and Hamerly in [HD15]
have presented the new optimizations to improve the run-time of the basic Lloyd’s
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3.3 Modern k-means versions

algorithm. The authors have considered different aspects such as the number of di-
mensions of the dataset, the number of clusters, and the structure of the data while
introducing the new heuristics. The authors analyze these parameters thoroughly
to determine which parameter promises the better quality clustering results.

This modified initial step is able to produce efficient clustering solutions in ev-
ery execution, as the final cluster centroids are largely dependent on the initial
placement. In this thesis two modified k-means are implemented, namely, the re-
finement algorithm by Bradley and Fayyad [BF98] and the Jain k-means algorithm
by Jain and Dubes [JD88]. The concepts of these two algorithms are elaborated
in the next sub-sections as follows.

3.3.1 Bradley k-means (The Refinement algorithm)

Bradley and Fayyad in [BF98] present an algorithm that efficiently makes the
refinement of the initial cluster centers. The authors argue that the refinement
method improves the starting condition of the k-means and produces better clus-
tering results.

The refinement method can be applied on a dataset consisting of continuous or
discrete data values. As the algorithm is scalable and can be applied in several
domains, it can be combined with the other k-means versions for clustering a large
set of data. This method assumes that the data objects have hidden, unobserved
properties which help in determining their cluster membership.

The approach aims to find the modes (also called as maxima or bumps) of the
dense areas of the data points, and the positioning of the centroids at each mode
(bumps) of the dense area. These bumps are the representatives of the optimal
clusters when the convergence is achieved. In order to estimate the bumps in the
dataset, the density value of the dense data points is evaluated.

As the determination of the density value is complex in the high-dimensional
dataset, the authors have proposed a method that efficiently determines the bumps
in the given d-dimensional dataset. Afterwards, the initial centroids are placed on
these bumps. According to the authors, these initial positions of the centroids are
the better estimates of the initial centroids while executing the standard k-means
clustering on the whole dataset.

The refinement of the initial points is actually done by subsampling the whole
dataset multiple times. In the subsampling procedure, the dataset is divided into
several subsamples, and the standard k-means is applied on each subsample. The
clustering solutions obtained in each subsample contribute in yielding better ini-
tial centroids. There is a possibility that some unwanted solutions, also known as
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3.3 Modern k-means versions

noise may be obtained in the samples of the small size.

To reduce the noisy centroid positions, the smoothing procedure is applied,
where the standard k-means is again applied on the clustering solutions obtained
in each subsample. Thus, if we have J subsamples and K number of clusters, we
get K∗J initial centroids across the whole dataset. And this number is reduced
to K centroids, which are the optimal initial centroid positions that we get after
executing the k-means on the whole dataset.

As we get the refined (optimal) initial centroids, the standard k-means applied
with the refined initial centroids is capable of producing optimal clustering solu-
tions. The refinement algorithm steps are described in Algorithm 4 [BF98].

These steps are elaborated as follows. For a given dataset, J initial random
subsamples Si are selected, where i = 1, . . . , J . The standard k-means is applied
on each subsample, and the clustering solutions CMi for all the subsamples are
obtained, where i = 1, . . . , J . The corresponding clustering solution CM is again
clustered with the standard k-means, which produces the solution FMi.

From the set FMi, the data points having minimum distortion are chosen as
the optimal initial centroids for the whole dataset. With these initial centroids,
the standard k-means is finally applied on the whole data, which is guaranteed to
produce optimal clusters.

As a result, before the final convergence is achieved, the standard k-means iter-
ates fewer times because of the good evaluation of the centroids. Thus, the authors
assert that it is less likely that the refinement algorithm achieves bad clustering
solution. The mechanism of the refinement procedure is explained in the Figure
3.2.

The computational complexity of the refinement algorithm is |D|∗ Iter(D),
where D is the dataset, and Iter(D) is the number of iterations needed to ex-
ecute the algorithm.

The space requirement for the refinement algorithm is less because only a small
subsample from the whole dataset is required to be stored in the main memory.
Also, in the second phase of the clustering, only the clustering solutions from the
J subsamples are stored in the main memory. Therefore, the refinement algorithm
is scalable to the large databases.
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Algorithm 4 Bradley Algorithm

Input: Dataset, K (number of clusters), J (number of subsamples)
1: CM = φ
2: for i = 1, ...., j do
3: Consider Si be a random subsample in the Dataset
4: CMi = KMeans(Si, K)
5: CM = CM ∪ CMi

6: FSM = φ
7: for i = 1, ...., j do
8: Let FMi = KMeans(CMi,CM, K)
9: Let FMS = FMS ∪ FMi

10: FM =Argmin
FMi

{Distortion(FMi,CM)}
11: return FM

3.3.2 Jain k-means (Average k-means)

Jain and Dubes in [JD88] provide a differentiation between a clustering algorithm
and a clustering method. A clustering method consists of a strategy of classifying
the data objects into the clusters by using a clustering function such as a square-
error function. Whereas a clustering algorithm is a program that implements the
strategy that may contain several heuristics.

This is a general algorithm proposed by the authors in which the user can select
their own parameters for the algorithm depending on the heuristics that they use
and the structure of the dataset. The quality of the clustering output is largely
dependent on the way the user selects the parameters. The steps for the average
k-means version are given in the Algorithm 5.

The algorithm that is implemented in this thesis work is described as follows.
The main idea is to execute the Lloyd’s standard algorithm multiple times. Be-
cause the different random initial positions of the centroids produce different clus-
tering solutions, we can check what clustering solutions are more likely the stable
solutions by executing the standard k-means multiple times. If we get the same
clustering solutions many times, we are sure that the frequently occurring solution
can be the optimal solution.

After recording the clustering solutions in every k-means execution, the average
value of the resulted clustering solutions (convergence step) is taken as the final
clustering solution. The authors argue that this modification step of taking the
average of the cluster centroids has an advantage that the final clusters are closer
to the global minimum.

Jain recommends the criterion function to be used as a Euclidean distance
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Figure 3.2: Refinement Procedure of the Initial Points [BF98]

function because it is the most commonly used criterion in the partitional cluster
analysis. The reassignment of the data objects to the clusters in one iteration is
termed as one k-means pass or cycle. The k-means pass helps in optimizing the
value of the clustering function in every iteration.

The complexity of the algorithm is O(ndKT ). Here, n is the number of data
objects, d is the number of features, K is the number of clusters into which the
data is to be partitioned, and T is the number of iterations performed to achieve
the convergence.

Algorithm 5 Jain Algorithm

1: Select an initial partition with K random clusters.
Repeat the steps 2 till 5 until the clustering solution that is closer to the

optimal solution is achieved.
2: Assign each data point to its nearest cluster centroid, and make a new parti-

tion.
3: Compute the new centroids of the generated clusters.
4: Repeat steps 2 and 3 until the criterion function has an optimum value.
5: Adjust the number of clusters by merging and splitting the formed clusters,

and removing the outliers.
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3.4 Overview of other modern k-means versions

In this section, the concepts of some of the modern k-means versions are explained
in brief. The researchers have proposed various modified k-means versions, such as
[ECS11, LVV03, KA04]. The results produced by the different modified k-means
are different that are dependent on the heuristics used to initialize the centroids.
Some versions are reliable and often produce the desired results, while some of the
algorithms are not efficient enough to produce the expected clustering solutions.
Some of the modern versions are described as follows.

• MacQueen presented the k-means algorithm [M+67] in 1967, which is also
considered the standard and the fast method for clustering. MacQueen’s al-
gorithm is one of the simple k-means versions that is implemented in various
domains. The algorithm asks the user to randomly select k cluster centers.
The data points are assigned to their nearest centers, forming the initial
clusters. Afterwards, the data points are assigned to those clusters, where
the increment in the cluster variance is at minimum.

These two steps can be iterated to obtain the better results, although it
is not originally provided in the algorithm [Wik17b]. The iterations are
continued until the convergence is achieved, i.e., there are no more cluster
reassignments possible.

• Khan and Ahmed in [KA04] present a method called Cluster Center Ini-
tialization Algorithm (CCIA) to compute the initial cluster centroids. Ac-
cording to the authors, the clusters calculated by the algorithm happen to
be closer to the desired clustering solution. The CCIA method is applied
only on the continuous dataset. The algorithm takes two observations into
account. The first is that some of the data points show similarity to each
other, and hence they always get classified into the same clusters, indepen-
dent of the choice of the initial centroids. These similar data points help in
estimating the initial cluster centroids. Second observation is that the calcu-
lation of the individual attributes also assists in finding the initial centroids.

In addition, the authors propose a method to calculate the density of the
data points, called as density-based multi scale data condensation method.
This method combines the similar clusters formed in the dataset and merge
them together. The clusters thus formed are used as initial clusters and the
standard k-means is applied on the dataset, which produces consistent and
effective results.
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• Likas et al. in [LVV03] present a heuristic termed as global k-means that
incrementally adds one centroid at a time to the clustering solution in a
dynamic manner. The search technique is deterministic, in which the stan-
dard k-means algorithm is executed N times, where N is the number of data
objects in the dataset.

Suppose the given dataset has N data objects, such that X = {x1, . . . , xN}
and it should be classified into M clusters. The algorithm starts with the
aim to find one centroid k = 1 for the whole dataset X. Then, the prob-
lem for k = 2 is to be solved. For this step, one centroid obtained in the
previous problem k = 1 is always taken as the first initial centroid. To find
the second initial centroid, the standard k-means is executed N times, and
the optimal position for the second centroid at execution n is determined at
data point xn, where (n = 1, . . . , N). After executing the k-means N times,
the optimal solution is considered the solution for the problem where k = 2.

In general, the solution for the problem k = M is obtained in the following
way. First, the solutions for all the intermediate problems k = 1, 2, . . . ,M−1
are determined. These solutions are always taken as the initial solutions, and
the solution for the M th centroid is determined by executing the standard
k-means N times.

The global k-means has an advantage that it is independent of the initializa-
tion step of positioning the centroids. Also, the method is deterministic in
nature, and the parameters can be adjusted according to the user require-
ments.

• Singh et al. in the [SYR13] implements the k-means algorithm using three
distance functions, namely, the Euclidean distance, the Manhattan distance
and the Minkowski distances, and compare the results in terms of their per-
formance and the quality of the resulted clusters.

The authors conclude that the results obtained with the basic (standard)
k-means which uses the Euclidean distance function are better compared to
the k-means implemented using the Manhattan distance. The distortion in
the k-means results using the Manhattan distance is more as compared to
the basic k-means with the Euclidean distances, and the clusters with the
minimum distortion are considered as the better quality clusters. Hence, the
k-means results with the Manhattan distance are not optimal.

The Minkowski distance is a generalized form of the distance metric func-
tion, which can be transformed into the Euclidean or the Manhattan distance
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with the change of parameters in the distance formula. The k-means results
of the Minkowski distance are equivalent to the results with the Euclidean
distances, but in terms of performance it is not good as it converges slowly
as compared to the basic k-means. Thus, in terms of performance and clus-
ter quality the k-means using the Euclidean distance prevails the other two
metrics.

• In [PLL99], Pena et al. use an empirical approach and compare four exist-
ing k-means clustering methods, namely, MacQueen [M+67], Forgy [For65],
Kaufman [KR09], and the random method (Lloyd’s k-means) to inspect the
performance, robustness and the execution speed of the k-means algorithm
with the randomly selected initial centroids. The authors found that the
random method and the Kaufman k-means are more effective and robust in
producing the clustering results than the other two.

In terms of speed, the Kaufman k-means has more execution speed to achieve
the convergence than the rest of the algorithms, and thus it satisfies the
given requirements. The authors also recommend the random method and
the Bradley k-means [BF98] for the implementation because it often shows
a better performance in the machine learning field.

• An algorithm presented by Erisoglu et al. in [ECS11] introduce a new
method that calculates the initial cluster centers before the application of
the standard k-means on the dataset. For the implementation of this algo-
rithm, the two variables are selected based upon the cluster variation and
the relation between the cluster and the data points. The cluster member-
ship of the data points is decided upon the initial centroids in the dataset
and the selected two variables. Then, the dataset is normalized and the
proposed algorithm is applied on the normalized dataset with the predeter-
mined initial clusters and their centroids.

Authors apply the proposed algorithm on the different datasets with the
different dimensions for determining the efficiency of the algorithm. They
conclude that the proposed algorithm produces better clustering results with
all the clusters containing some data points in them. Also, the resulted clus-
ters contain the homogeneous data objects.

The description of the prototype design and its implementation is elaborated
in the next chapter.
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This chapter provides a detailed description about the technical concepts that are
used in the design and the implementation of the prototype, k-MeansEvaluator.
It points out the architectural details related to the tool, such as the concept of the
design pattern that is used during the development. The chapter also describes
the technologies used for the implementation, the details regarding the user inter-
face (UI) and the working of the prototype.

The user can refer this prototype to decide which of the implemented k-means
versions works efficiently and can be used further in the card sorting experiment
tools.

4.1 System architecture

This section elaborates the details of the architecture which is used in designing
the k-MeansEvaluator. The architecture uses the popular design pattern, Model-
View-Controller (MVC). The tool consists of three separate and interconnected
components, namely model, view and controller.

The advantage of the MVC pattern is that the separation of the components
will help in maintaining the application design whenever the changes are required
to be made in the design structure. In addition, the same code (of the compo-
nents) can be reused in other applications conveniently that may be working on
the different data.

Another benefit of the MVC pattern is that the application developers can si-
multaneously work on various components of the application at the same time.
While working in parallel development in MVC, there is no need to have knowl-
edge about the other components. Thus, the other components of the application
do not get affected or blocked during the development process.

Figure 4.1 shows the components of the MVC architecture pattern and the com-
munication amongst them. The description about the prototype components such
as the data model, the controller class, view, and the interaction amongst them is
given as follows.
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Figure 4.1: Model-view-controller Architecture [chr17]

View

The view is responsible for rendering the data from the model and presenting it
to the user. The view creates a graphical user interface (GUI), on which the user
can analyze the data, and can interact with the GUI to perform various actions
such as clicking a button, dragging a GUI object with the mouse-click, etc. The
contents of the view are altered when the corresponding model data is updated.

In addition, it is also possible to render the model data into multiple views. For
example, the data that can be represented in a tabular form can also be visualized
in the form of a bar chart [Ora17c]. The detailed description of the UI of the
prototype is provided in the later part of this chapter. The key features regarding
the view part of the k-MeansEvaluator are described as follows.

• The presentation components are written in the XML-based mark-up lan-
guage called FXML, while the application logic is written in the Java code.
The FXML code for the user interface (UI) is separated from the back-end
application logic. This way, the view remains decoupled from the model
component.
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• The k-MeansEvaluator UI is based according to the standard JavaFX UI def-
inition. It consists of mainly a stage and a scene components. The JavaFX
Stage is the highest-level class in the JavaFX UI container. Whereas the
Scene class is the container for all the UI control objects.

Figure 4.2: An example of JavaFX UI container [Ora17a]

• The view contains the Main class, which is an extension of the
javafx.application.Application class. The Main class has the main

method in it, which calls the Application.launch() method as an entry
point for the k-MeansEvaluator. The main method is defined as follows.

public static void main(String[] args) {

Application.launch(args);

}

• The UI is designed in an eclipse-integrated tool called JavaFX Scene Builder,
where one does not need to explicitly write the FXML code. The FXML
code is automatically generated in the eclipse Integrated Development En-
vironment (IDE) by the Scene Builder as we design the UI components, and
the developer can write additional business logic in the IDE together with
the FXML code.

• The major required UI controls such as the scatter chart, the file chooser
and the text fields are provided by the JavaFX framework for developing a
fully-functional application. The scales for the x and y coordinate values
in the scatter chart of the k-MeansEvaluator are automatically generated
depending on the ranges of the input data values.
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• The input data (the MDS results in the CSV format) can be loaded in
the prototype by clicking the ‘Load MDS data’ button, and then opening
the relevant MDS data file from the computer. The other input parameter,
the number of clusters to be formed, can be entered by the user as per his
requirement.

• The scatter chart constitutes a major view component of the
k-MeansEvaluator. The changes made in the model data are reflected in the
scatter chart. Here, the clusters formed in the convergence step of each algo-
rithm are updated in the scatter chart as calculated by the k-MeansEvaluator
model.

• The user performs a specific GUI action on the view, for example, the appli-
cation of the Bradley k-means version after loading the card sorting data in
the scatter chart. The view calls the methods that are relevant to the view
action in the MainController class. Then, the controller class accesses the
model, and the calculations in the data model are performed accordingly.
The updated data values from the model are notified back to the view by
the MainController class of the k-MeansEvaluator.

Controller

The controller component is responsible for converting the user’s actions per-
formed on the GUI into the actions that the model component undertakes. For
example, the selection of the menu items with the mouse-clicks, HTTP GET or
POST requests to be performed, etc. are some of the user actions performed on the
GUI. The controller part converts these interactions into the commands for the
model, so that the model can perform the corresponding updates on the data.

Also, the controller sends the commands to the relevant view component so that
the view can present the updated model data to the user. Thus, the controller
component transfers the commands to either model or view so that they can per-
form the respective actions.

In the context with the k-MeansEvaluator, the controller is represented by the
MainContoller class. When the user will perform a GUI action such as clicking a
button ‘Load MDS data’, the corresponding method in this class is called, which
contains the relevant event class ActionEvent as a parameter.

Then, the MainController class reads the MDS data from the file, sends it to
the relevant model data, and the data in the model gets updated. The model
Point class will be updated when the user wants to load the MDS data. The
model will notify the controller class regarding the changes, and the controller in
turn will notify the view regarding the changes to be made in the presentation of
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the data.

This controller class contains the objects of the model class, for example, the
instance of the Point class. These objects are responsible for accessing the data
properties from the model. In addition, in order to connect to the UI controls
from the view, the controller class contains the annotations @FXML that allow the
members of the controller class to access the UI controls, such as the scatter chart,
label, etc.

Model

The model component represents the application’s behavior according to the prob-
lem definition. The model performs the actions that are independent of the view
of the tool, and it is responsible for the representation and management of the
data. The primary role of the model is storing the data received from the CSV
file. The business rules and logic that permit the access and the manipulation of
the data, also reside in the model component. Thus, the model plays a central
part in the architecture for the application behavior.

The model receives the commands from the controller class to perform the as-
sociated updates on the data, and the updated data is notified to the view via the
controller for the presentation to the user. The model component in the context
with the k-MeansEvaluator is described as follows.

• The Point class stores the MDS data points with their x and y coordi-
nate values, and the Euclidian distance between them. This class is also
responsible for generating the random initial centroids in the dataset.

• The Cluster class stores the clusters formed from the points, and the re-
spective centroids of those clusters. Each cluster is denoted by a cluster
id. The cluster model performs the operations such as clearing the cluster
points for the new iteration, setting the new centroids for the clusters, and
storing the new points in the cluster.

• The KMeans class performs the Lloyd’s standard k-means algorithm on the
input MDS data points which are stored in the form of the point and the
cluster models. It returns the resulted series as the final output for the
Lloyd’s k-means. It is the basis for performing the Jain k-means and Bradley
k-means, where the modifications are made in the basic clustering procedure.
The MainController class sends the resulted series to the scatter chart of
the view to display it to the user.

• In addition to the KMeans class, the KMeansRefine class performs the similar
operation on the card sorting data as compared to the KMeans, with the
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only difference that it returns the List object of the cluster points and the
centroids to the MainController class.

The description of the working of the k-MeansEvaluator as a JavaFX prototype
is provided in the section 4.4. In the next section we will see the details about the
JavaFX technology and the reasoning for selecting the JavaFX framework for the
tool development.

4.2 Description of the technologies used

This section describes the technologies used for implementing the
k-MeansEvaluator prototype. The tool can run on the systems which have the Java
Runtime Environment (JRE) installed in it and that supports JavaFX libraries.
In addition, the advantages of the JavaFX framework that led to selecting the
JavaFX for the implementation are also stated in this section.

4.2.1 JavaFX framework

JavaFX is a software framework consisting of a set of media and rich graphics
packages that allow software developers to develop the desktop and the rich in-
ternet applications on the wide range of platforms. JavaFX was developed with
the intention to replace Java Swing, which is a popular GUI library for Java. But
in today’s time Swing as well JavaFX are both popularly used frameworks by the
developers.

The JavaFX libraries come as an integrated part of the JRE and the Java De-
velopment Kit (JDK). The JavaFX applications that are compiled on the JDK
version 7 or later are also compatible on most of the system platforms. The
JavaFX libraries are written as a Java API (Application Programming Interface).
Hence, a JavaFX application can refer different Java APIs during the application
development. For example, it can refer the standard Java API in order to access
the local system’s capabilities. Figure 4.3 describes the architecture of the com-
ponents of the JavaFX framework.

The interface of a JavaFX application can be customized using the Cascading
Style Sheets (CSS), that can implement different styles to customize the look of
the application as desired. Also, with the feature called WebView, it is possible
now to integrate the HTML web pages in the application using WebKitHTML fea-
ture in the JavaFX. The application with the WebView is able to use the different
Java APIs and can run JavaScript from the WebView. In addition, different web
features such as Web Sockets, HTML5 properties, Web Fonts, printing features
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Figure 4.3: JavaFX Components Architecture [Ora17e]

are supported with the WebView component [Ora17d].

The application code of the prototype is written in the Eclipse Neon (Eclipse
Version 4.6), which is an open source Integrated Development Environment (IDE)
[Fou17a]. Eclipse is a widely used IDE for the Java development. The Eclipse IDE
consists of a base Workspace, where the source code and the other resources files
are placed together, and different extensible plug-ins can be installed as needed
for the project application.

As per our requirement, the JavaFX plug-in is additionally installed in the
Eclipse, which is called e(fx)clipse [Fou17b, Fou17c]. It contains components such
as JavaFX Tooling and Runtime for Eclipse, the Open Services Gateway initia-
tive (OSGi), and FXML. OSGi describes the open source standards for the system
and service platform for the Java programming language. FXML is a XML-based
markup language, in which the presentation code for the UI components of the
prototype is written [Ora17b].

Additionally, a separate tool called JavaFX Scene Builder provided by Oracle
is installed for designing the UI of the application. Using the Scene Builder, one
can save time in writing the FXML code for the UI design, as the Scene Builder
automatically creates the FXML code for the UI in the Eclipse IDE [Ora17d].

4.2.2 Advantages of the JavaFX framework

The advanced media features and the inclusion of all the major UI controls with
high graphics that enable the developers to build a fully featured application are
the first choices that led to the selection of the JavaFX framework for the devel-
opment of the prototype. The advantages for selecting the JavaFX framework are
given as follows.
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• Built-in chart component: The major requirement of the
k-MeansEvaluator is to display the k-means clustering result as the clus-
ters of the data points in the two-dimensional chart. The JavaFX SDK
provides a two-axis chart called the scatter chart that is available in its
javafx.scene.chart package. The scatter chart displays the data as a set
of points having the x and y coordinate values. From this package the scatter
chart is created by instantiating the ScatterChart class.

• Management of the chart data: In addition, the scatter chart in the
k-meansEvaluator is able to show different series of points at the same time.
This feature is helpful to show the clusters of the data points and a set of
centroids as a separate series of the data. Also, the series can be added or
removed from the chart. For improving the visualizations, various visual
effects such as different point symbols for the points from different clusters
and the same symbols for the points belonging to one cluster can be added
to the chart.

• Self-contained deployment model: The JavaFX application packages
are the installable packages and can be installed and launched as the native
software applications for the corresponding operating systems. This makes
the k-MeansEvaluator easier to be installed on all the major operating sys-
tems.

• Hardware-accelerated graphics: The graphics provided by the JavaFX
renders quick control display which is based on the system supported graph-
ics or the graphics processing unit (GPU). The graphics of the JavaFX work
through a graphics rendering pipeline called Prism. The JavaFX also con-
sists of high performance media pipeline, which provides a low-latency and
a stable multimedia framework.

• MVC support: The k-MeansEvaluator data model and the view as a scat-
ter chart should be kept loosely coupled so that the logic for additional algo-
rithms or additional functionalities can be added to the prototype. JavaFX
supports the MVC concepts, making the components loosely coupled.

4.3 Requirements analysis

A well-designed user interface and a clear navigation structure of an application
are the important aspects for the overall user satisfaction. To achieve these goals,
the functional and the quality requirements of the tool are analyzed in advance,
so that the application developers can design the tool in less amount of time, and
they can have a clear idea about the functionalities of each component of the
tool. The requirements for the tool are described by the use case diagram, which
provides a clear outline of the tasks to be performed by the system along with the
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user interaction.

Figure 4.4 shows the use case diagram of the k-MeansEvaluator, which describes
the behavioral features of the tool, such as a set of actions (functionalities) that
the tool performs along with its user interaction. Each user action in the diagram
produces an observable result to the user of the k-MeansEvaluator. The descrip-
tion of the use cases (user actions) which reflect the functional behavior of the
tool is stated as follows.

• Load MDS data: The user action Load MDS data imports the CSV data
into the k-MeansEvaluator in order to perform the k-means cluster analysis
on the card sorting input data. This action is mandatory as it provides the
input card sorting data for all three k-means versions in the tool.

• Set number of clusters: This user action is indented to set the desired
number of clusters k on the imported card sorting data into the tool. Like
Load MDS data, this action is also mandatory for computing any of the
k-means versions from the k-MeansEvaluator.

• Execute Lloyd’s k-means: The action Execute Lloyd’s k-means allows
the user of the tool to compute the Lloyd’s algorithm on the loaded card
sorting data into the tool. With the number of clusters to be provided as
input k, this k-means version produces k clusters as a result on the scatter
chart. This algorithm does not require any other input parameter apart
from the value k and the card sorting data. The detailed description of the
Lloyd’s algorithm is given in the section 3.2 of the chapter 3.

• Execute Bradley k-means: This action is responsible for computing the
Bradley k-means on the loaded card sorting data. This algorithm requires
one additional input parameter, i.e., the number of subsamples to be entered
in the tool. Bradley k-means is the modified version of the Lloyd’s algorithm
and applies its clustering technique on the card sorting data. The Bradley
method is described in the sub-section 3.3.1 of chapter 3.

• Set number of sub-samples: The value of the number of subsamples is
required by the Bradley k-means version in order to compute the standard
k-means (Lloyd’s algorithm) on each subsample. The whole input data is
divided into the number of subsets, where the number is provided with Set
number of sub-samples user action. Greater number of subsamples yield
more optimal clusters in the dataset.

• Execute Jain k-means: The action Execute Jain k-means enables the
user to execute the Jain k-means version on the card sorting data. The
description of the Jain algorithm is given in the sub-section 3.3.2 in chapter
3. The additional parameter required for this algorithm is the number of
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executions to be performed. Basically, the Jain k-means is the modified
version of the Lloyd’s k-means.

• Set number of executions: The user action Set number of executions
sets the number of times the standard k-means is executed. This step is
the part of the execution of the Jain k-means. The average value of the
overall clustering results is calculated which produces the output for the
Jain k-means.

Figure 4.4: Use Case Diagram for the k-MeansEvaluator

4.4 k-MeansEvaluator GUI

In this section, the functionalities of the GUI components of the k-MeansEvaluator
prototype are explained in detail. The role of the individual GUI component
and the interconnection among the components is also explained. The user of
the prototype can refer to this section for understanding the working of the
k-MeansEvaluator.
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Figure 4.5 shows the workflow of the k-MeansEvaluator from the starting point
of the application. First, the user loads the card sorting data file in the CSV
format, and enters the number of clusters to be obtained. Then, he can perform
the computation of any of the three k-means versions on the loaded card sorting
data in the tool.

Figure 4.5: The k-MeansEvaluator flow diagram
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The initial graphical user interface of the k-MeansEvaluator is shown in the
figure 4.6. The menu section of the k-MeansEvaluator appears as four boxes with
their names written above them. The menu consists of ‘Input’ section for provid-
ing the input parameters, and three other sections ‘Algorithm 1’, ‘Algorithm 2’
and ‘Algorithm 3’ for executing the Lloyd’s k-means, Bradley k-means and Jain
k-means algorithm versions respectively.

Before executing any of the algorithms, firstly the input parameters are needed
to be loaded in the ‘Input’ section of the tool. The options to provide the input
parameters such as the raw card sorting data from the MDS algorithm in the
form of a CSV file and the initial number of clusters are presented at the top left
part of the tool, with the name ‘Input’. The number of clusters should be entered
in the textbox next to the label ‘No. of clusters:’. These input parameters are
commonly required by all three k-means versions.

Figure 4.6: Initial graphical user interface of the k-MeansEvaluator

The next menu section ‘Algorithm 1’ is dedicated for executing the Lloyd’s al-
gorithm. The Lloyd’s algorithm is the basic k-means version, and it does not
require additional input parameters. Therefore, there is only a single button
‘Lloyd’s k-means’ for executing it after the input parameters are loaded into the
tool.

The ‘Algorithm 2’ menu is for the Bradley k-means, which requires an additional
parameter of entering the number of subsamples. This number can be entered in
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the textbox next to the label ‘Number of subsamples:’, and then the execution of
the algorithm is performed by clicking the button ‘Bradley k-means’. Similarly,
the ‘Algorithm 3’ menu section is for executing the Jain k-means version, where
the ‘Number of executions:’ is entered as an additional parameter.

The user selects the relevant CSV file containing the card sorting data by click-
ing the ‘Load MDS data’ button. This MDS file consists of the name of the cards
and their x and y coordinate values from the MDS chart. After loading the MDS
data into the k-MeansEvaluator, it gets displayed in the scatter chart component
as the data points, with some data points appearing as data point clouds. The
position of the points in the chart is the same as their positions in the MDS chart
from the Casolysis 2.0 tool.

Figure 4.7 shows the positions of the cards on the scatter chart after the MDS
data is loaded from the CSV file. A tooltip displays the information about the
card name and its position details (x and y coordinates) when the user hovers the
mouse pointer over the data points in the scatter chart. The position of the points
in the chart is the same as their positions in the MDS chart.

Figure 4.7: Displaying MDS data in the k-MeansEvaluator

A scatter chart is a two-dimensional, two-axis chart, which is the primary user
interface component of the k-MeansEvaluator tool. It displays the final k-means al-
gorithm result which is the convergence step achieved by the k-means version. The
result constitutes the clusters of the data points, where each cluster is represented
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by the data points having similar symbols. Also, the scatter chart component
displays the results of all three k-means versions. The procedure for computing
the three k-means algorithms is given as follows.

Computation of the Lloyd’s k-means

The first algorithm to be executed is the Lloyd’s k-means, which does not require
additional input parameters apart from the number of clusters and the card sort-
ing data from an external CSV file. Figure 4.8 shows the convergence (final) step
of the execution of the Lloyd’s k-means with the number of clusters k = 3. The
input data of the card sorting experiment is taken for designing the homepage of
the University of Reading, England website, which is a partner university of the
University of Paderborn.

The clustering result produced by the Lloyd’s k-means can be seen in the scatter
chart of the k-MeansEvaluator in the figure 4.8. The clusters are distinguished
from each other by the symbols of the points belonging to each cluster. The data
points belonging to one cluster are represented by the similar symbols than the
data points in the other clusters. Also, the final centroids of the clusters are
represented by the distinct symbols so that they can be easily detected.

Figure 4.8: Lloyd’s k-means convergence step

54



4.4 k-MeansEvaluator GUI

Computation of the Bradley k-means

Figure 4.9 shows the clustering results produced by the Bradley k-means version
on the card sorting data. The input data used for the Bradley k-means is the
same as the data used for the Lloyd’s k-means.

For executing the Bradley k-means version, the value of the number of clusters
to be produced is entered as k = 3. In addition, the user must enter one more
input as the number of subsamples in the ‘Algorithm 2’ menu section. This input
is entered as no. of subsamples = 5 as shown in the figure 4.9.

Figure 4.9: Bradley k-means convergence step

Computation of the Jain k-means

Figure 4.10 shows the clusters as the results of the Jain k-means version. Jain
k-means simply runs the standard k-means version (Lloyd’s k-means) multiple
times, and takes the average of the clustering results produced in every execution.
One limitation that arose while implementing the Jain k-means is that it can take
the maximum number of initial clusters upto three (k = 3).

To compute the results of the Jain k-means, the user should enter an additional
parameter value as the number of executions in the ‘Algorithm 3’ menu section.
As shown in the figure 4.10, the value is entered as no. of executions = 4. And
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the value of the number of clusters to be produced, is given as k = 3.

Figure 4.10: Jain k-means convergence step

In the next chapter, the testing of the three k-means versions on the different
input datasets is performed, and the results are evaluated to determine the effi-
ciency of each algorithm.
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In this chapter the evaluation of the clustering results of the three k-means versions
is carried out to determine which of the algorithms is more efficient to produce
the good quality clusters. The description of the analysis process will help to
understand the usage of the tool. The chapter also explains which of the k-means
algorithms can be recommended for its integration into other existing card sorting
evaluation tools.

In the first section of this chapter, the description of the structure of the
datasets, and how they can be taken from the external source is provided. The
subsequent section discusses the results of the three k-means versions on the ex-
ample datasets. The chapter finally concludes with the evaluation results stating
which of the k-means versions are efficient and can be integrated into other card
sorting evaluation tools.

5.1 Structure of the input dataset

This section describes the organization structure of the two datasets that are
taken as the input data for the evaluation. There are two example datasets that
are considered as the input data for performing the k-means cluster analysis.

The first dataset contains the set of cards that correspond to the menu structure
for the homepage of the University of Reading. The card sorting experiment for
this dataset is of type closed card sorting experiment, and it includes 24 cards
that are to be sorted by 51 test subjects. Another dataset consists of cards (in
German) that represent the menu items for a notepad application. This dataset
consist of total 23 cards which are to be sorted into the categories which form the
upper menu names in the menu section of the notepad application.

The input dataset for the k-means evaluation is generated from the multi-
dimensional scaling (MDS) algorithm, which is implemented in the Casolysis 2.0
tool [WM15]. This data consists of a set of cards that are represented as the data
points in the two-dimensional MDS chart.

The MDS part in the Casolysis 2.0 provides an option of exporting the data
points from the chart into a CSV file. This CSV file consists of a list of card
names, and their position details (x and y coordinate values). The file is saved
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and it is further used for loading into the k-MeansEvaluator tool for the k-means
clustering. The list of cards that corresponds to the menu structure of the home-
page of the University of Reading is given as follows.

1. A hub for enterprise

2. Accommodation

3. Business news and events

4. Find a member of staff

5. International students

6. Investment in academic posts

7. Join our research debate

8. Key people

9. Local community & visitors

10. Money matters

11. Open days and campus tours

12. Overview and history

13. Part time courses

14. Postgraduate research degrees

15. Postgraduates

16. Request a prospectus

17. Research and Development

18. Research highlights and news

19. Search our job vacancies

20. Short videos about the University

21. Student support

22. Undergraduates

23. Visit us or Contact us

24. Your people - placements to CPD

This raw data in the form of a set of cards is first loaded into the Casolysis 2.0
tool. Then, the MDS section is opened, where the user can see the cards in the
form of data points in a two-dimensional chart. Figure 5.1 shows the MDS chart
from the Casolysis 2.0 tool.

The MDS part in the Casolysis 2.0 has an option to export this chart data into
a CSV file. The user may decide whether he wants to directly export the data
into the CSV file without executing MDS, or he wants to first execute MDS on
the dataset before exporting the results into the CSV file. An example of an
exported CSV file containing the card names that represent the menu items on
the homepage of the University of Reading website, and their x and y values is
given in the figure 5.2.

As shown in the figure 5.2, the exported file contains the card names along with
their positions from the MDS chart. Now the user can use this file as input data
to load into the k-MeansEvaluator to perform the k-means clustering on it.

This example dataset of the homepage of the University of Reading website is
one of the datasets that we use for the k-means cluster analysis. Another dataset
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Figure 5.1: MDS representation of the cards in Casolysis 2.0

for creating the menu structure of the notepad application forms the similar data
structure as compared to the example shown in the figure 5.2. In the next section
the evaluation results of these two datasets after executing the three k-means ver-
sions are elaborated.

5.2 Evaluation results

This section provides the details of the k-means clustering analysis on the two
datasets as described in the previous section. Each of the two datasets is opened
in the MDS algorithm and its CSV file is further exported for its usage in the
k-MeansEvaluator.

The analysis gives the conclusion about which of the three k-means performs
effective and which version is more efficient to produce good quality results. The
description of the analysis of each of the datasets is given as follows.

5.2.1 Dataset 1 - University of Reading homepage

As described in the previous section, the cards in this dataset correspond to the
menu structure of the homepage of the University of Reading. The card sorting
experiment for the creation of this homepage is a closed card sorting type, in
which the category names for the menu groups are predefined.

The task of the experiment is to match the resulted clusters to the appropriate
category names. These categories are given as follows [Szw14].
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Figure 5.2: Example of an exported MDS data file

1. Life at Reading

2. Research at Reading

3. Study at Reading

4. Working with Business

5. Things to do now

6. About us

From the k-means clustering results, we can determine how close the resulted
k-means clusters are to the predefined categories. The k-means clustering is per-
formed considering the following parameters.

1. After loading the data into the k-MeansEvaluator, the number of clusters to
be formed is selected as k = 3 for all the three k-means versions.

2. The Lloyd’s k-means is executed without entering any additional input pa-
rameter values.
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3. The Bradley k-means requires the additional parameter value of number of
subsamples to be entered. This value is entered as n = 5.

4. For the Jain k-means, the number of executions is entered as no. of execu-
tions = 4.

The evaluation results (convergence step) of the three k-means versions are dis-
played in the table 5.1. The graphical visualizations of the same results from the
table 5.1 are shown in the figures 4.8, 4.9 and 4.10 in the chapter 4 for the Lloyd’s,
Bradley and Jain k-means results respectively.

Analysis of results

After thoroughly inspecting the clustering results, following conclusions for the
k-means versions can be drawn.

1. From the results in the table 5.1, we can observe that all the k-means versions
have produced non-empty clusters.

2. By visualizing the results from the figures 4.8, 4.9 and 4.10, we can determine
that the centroids in the convergence steps are well placed at the central
position of each cluster, except in some cases of the Jain k-means, where the
centroids try to get close to each other.

3. In addition, the resulted clusters have not produced any outliers, which are
the data points that are placed far away from other points within the same
cluster.

4. As shown in the table 5.1, ‘Cluster 1’ produced by the Lloyd’s k-means
contains the cards which are closer for the placement in the ‘About Us’
category, apart from some additional cards which do not fit into that cate-
gory. In ‘Cluster 3’ of the same algorithm, some cards which are good match
for the category ‘Research at Reading’ are sorted, such as Research high-
lights, Research and development, etc. ‘Cluster 2’ contains a mixture of the
cards from the various categories, which does not provide a clear indication
for the closeness of the cards to a certain category.

5. The Bradley k-means produces one of the clusters described in ‘Cluster 1’,
which contains the majority of the cards that are closer to the category
Study at Reading, such as Undergraduates, Postgraduates. ‘Cluster 2’
consists of the cards which are closer to the category About Us. Inter-
estingly, ‘Cluster 3’ shows a strong closeness to the category Research at
Reading. One more conclusion was derived from the Bradley k-means anal-
ysis that as we increase the number of subsamples value, we tend to get more
optimal clusters in the convergence step.
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Lloyd’s k-means Bradley k-means Jain k-means

• Cluster 1
1. Open days and campus
tours 1. Student support 1. Open days and campus

tours
2. Accommodation 2. Money matters 2. Accommodation
3. Request a prospectus 3. Undergraduates 3. Request a prospectus
4. Find a member of staff 4. Postgraduates 4. Find a member of staff
5. Visit us or Contact us 5. International students 5. Visit us or Contact us
6. Short videos about
the University 6. Part time courses 6. Short videos about

the University
7. Overview and history 7. A hub for enterprise 7. Overview and history
8. Key people 8. Your people &

placements to CPD 8. Key people
9. Local community
visitors 9. Business news and events 9. Local community

visitors
10. Search our job vacancies

• Cluster 2
1. Money matters 1. Open days and campus tours 1. Student support
2. Join our research debate 2. Accommodation 2. Money matters
3. Investment in academic posts 3. Request a prospectus 3. Undergraduates
4. A hub for enterprise 4. Find a member

of staff 4. Postgraduates
5. Business news and
events 5. Visit us or Contact us 5. International students

6. Short videos about the University 6. Part time courses
7. Overview and history 7. Your people &

placements to CPD
8. Key people
9. Local community & visitors

• Cluster 3
1. Student support 1.Research highlights

and news 1. Research highlights
and news

2. Research highlights
and news 2. Join our research

debate 2. Join our research debate
3. Postgraduate research degrees 3. Investment in academic posts 3. Investment in academic posts
4. Undergraduates 4. Postgraduate research degrees 4. Postgraduate research degrees
5. Postgraduates

5. Research and development 5. A hub for enterprise
6. International students

6. Research and development
7. Part time courses

7. Business news and events
8. Research and development

8. Search our job vacancies
9. Your people & placements to CPD

10. Search our job vacancies

Table 5.1: The k-means evaluation on the dataset 1 - University of Reading home-
page
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5.2 Evaluation results

6. The clusters computed by the Jain k-means have the cards from almost all
the categories, except for the ‘Cluster 2’, which has cards that are suitable for
the category Study at Reading. During the analysis of the Jain k-means
result, one observation was found that as the user increases the parameter
value of the number of k-means executions, the centroids in the convergence
step tend to get closer to each other at the center of the k-means chart. This
can be one of the disadvantage of the Jain k-means.

We can conclude from the cluster analysis of this dataset that both the Bradley
k-means and the Lloyd’s k-means are found to be efficient for producing good
quality clusters. Bradley k-means can be considered as more reliable than the
Lloyd’s k-means in terms of producing more accepted clustering solution. Also,
these both versions are easy to implement in the other existing card sorting anal-
ysis tools, because they do not require more additional parameters.

On the other hand, the Jain k-means produces clusters which vary in every exe-
cution. As the Jain k-means version may produce dodgy results, it is less reliable
as compared to the other two algorithms.

Overall, the Bradley k-means outperforms the Lloyd’s and the Jain k-means
algorithms and thus it is considered as the most efficient and reliable among the
three versions.

5.2.2 Dataset 2 - Menu structure for a notepad application

The second dataset comprises the cards for building the menu items of the notepad
application. The menu names on the cards are written in German. The k-means
versions are applied on this dataset with the following parameter values.

1. The number of clusters to be formed is selected as k = 4 for the Lloyd’s
k-means and Bradley k-means. For the Jain k-means, the value of k is taken
as k = 3.

2. The Lloyd’s k-means does not require any additional input parameters val-
ues.

3. The Bradley k-means requires an additional parameter value of number of
subsamples to be entered. This value is entered as n = 4.

4. For the Jain k-means, the number of executions is entered as number of
executions = 7.

The k-means clusters that are formed after the execution of each of the algo-
rithms is shown in the table 5.2. The graphical visualizations of the final cluster
output is shown in the figures 5.3 and 5.4.
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5.2 Evaluation results

Lloyd’s k-means Bradley k-means Jain k-means

• Cluster 1
1. Neu 1. Rueckgaengig 1. Neu
2. Oeffnen 2. Ausschneiden 2. Oeffnen
3. Speichern 3. Einfuegen 3. Speichern
4. Speichern unter 4. Kopieren 4. Speichern unter
5. Seite einrichten 5. Loeschen 5. Seite einrichten
6. Drucken 6. Suchen 6. Drucken
7. Beenden 7. Weitersuchen 7. Beenden

8. Ersetzen 8. Schriftart
9. Gehe zu 9. Hilfethemen
10. Alles markieren 10. Info
11. Uhrzeit Datum einfügen

• Cluster 2
1. Zeilenumbruch 1. Schriftart 1. Rueckgaengig
2. Statusleiste 2. Hilfethemen 2. Ausschneiden

3. Info 3. Einfuegen
4. Kopieren
5. Loeschen
6. Ersetzen
7. Alles markieren

• Cluster 3
1. Schriftart 1. Neu 1. Suchen
2. Hilfethemen 2. Oeffnen 2. Weitersuchen
3. Info 3. Speichern 3. Gehe zu

4. Speichern unter 4. Uhrzeit Datum einfügen
5. Seite einrichten 5. Zeilenumbruch
6. Drucken 6. Statusleiste
7. Beenden

• Cluster 4
1. Rueckgaengig 1. Zeilenumbruch
2. Ausschneiden 2. Statusleiste
3. Einfuegen
4. Kopieren
5. Loeschen
6. Suchen
7. Weitersuchen
8. Ersetzen
9. Gehe zu
10. Alles markieren
11. Uhrzeit Datum einfügen

Table 5.2: The k-means evaluation on the dataset 2 - Menu structure for a notepad
application
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5.2 Evaluation results

(a) Lloyd’s k-means (b) Bradley k-means

Figure 5.3: Lloyd’s and Bradley k-means producing similar clusters

Figure 5.4: The Jain k-means convergence step on the dataset 2

Analysis of results

A brief description of the comparison of these resulted clusters is given as follows.

1. The cluster analysis of the dataset 2 shows that there exists a similarity
in the results as compared to the results produced by the dataset 1 in the
previous sub-section.

2. The clustering results that we obtain in the convergence step illustrate that
all the k-means versions have produced non-empty clusters, i.e., no cluster
exists without a single data point, which is a similar result as compared to
the results of the dataset 1 in the sub-section 5.2.1.

3. The centroids of the clusters computed by the k-means versions are well
placed at the central positions, except for the Jain k-means version in which
the positions of the centroids are closer to each other at the center of the
k-means chart.

4. The Lloyd’s k-means and the Bradley k-means have produced exactly the
same clusters, which is an impressive result of this analysis.
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5.3 Summary of the evaluation results

5. In addition, ‘Cluster 1’ of the Lloyd’s and ‘Cluster 3’ of the Bradley k-
means containing cards such as Neu, Oeffen, Speichern, etc. are suitable for
assigning to the category ‘Datei’ (‘File’ in English) menu.

6. Similarly, ‘Cluster 1’ of the Bradley and ‘Cluster 4’ of Lloyd’s have cards
which can be classified under the category ‘Bearbeiten’ (‘Edit’ in English)
of the notepad application.

7. The Jain k-means version have produced the clusters which contain mixed
cards from the different categories.

The above analysis derives the conclusion that both the Bradley and the Lloyd’s
k-means have produced remarkable clusters, which are closer to the predefined cat-
egory names.

Also, the results computed by the Lloyd’s and the Bradley k-means are exactly
the same, i.e., each of the algorithms has produced the clusters having the same
group of cards. Only the order in which the clusters appear in the table 5.2 for
the Lloyd’s and the Bradley is different.

As shown in the figure 5.4, the centroid positions of the Jain k-means clusters
tend to get closer to the center of the k-means chart, and the positions also change
in every execution.

We can infer from the analysis that both the Lloyd’s and Bradley versions are
capable of producing good quality clusters. After executing both versions on the
dataset 2, it was found that Bradley k-means is more efficient and it produces
effective results more often than the Lloyd’s k-means.

5.3 Summary of the evaluation results

The evaluation studies included the application of the three k-means versions on
the different sets of data. This analysis concludes that the standard k-means algo-
rithm and its modified versions were able to generate the clusters that can identify
the homogenous data amongst the given dataset.

Considering the initial preparation of the input dataset and its import in the
k-MeansEvaluator, we can infer that the k-MeansEvaluator can display the data
points in its two-dimensional chart with the distances amongst the points in the
same proportion with their distances in the MDS chart in the Casolysis 2.0. Thus,
the user of the prototype is able to comprehend the loaded card sorting data in
the k-MeansEvaluator conveniently before applying the k-means algorithms on it.
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5.3 Summary of the evaluation results

The application of the Lloyd’s algorithm on the dataset shows that it is able to
compute good quality clusters, but its result is not consistent in every execution.
Lloyd’s algorithm sometimes produces empty clusters, and the clustering results
may differ in every execution. The Lloyd’s k-means can be effective, but it is
less reliable as compared to the Bradley k-means. Considering its integration in
the other card sorting evaluation tools, it can be conveniently integrated in other
existing analysis tools as it does not require additional input parameters except
the number of initial clusters k.

The Bradley k-means is capable of producing effective and consistent clusters
in most of the executions, as compared to the Lloyd’s k-means. The Bradley al-
gorithm has also produced empty clusters, but this frequency is less as compared
to the other k-means versions. The only additional parameter required by the
Bradley is the number of subsamples n. Thus, the integration of this algorithm
in other card sorting evaluation tools such as Casolysis 2.0 can be effortless and
straight forward.

The Jain k-means has sometimes produced undesirable clusters. As this algo-
rithm is based on the Lloyd’s k-means, the output of the Jain k-means is dependent
on the results of the Lloyd’s execution.

Overall, the Lloyd’s and the Bradley k-means are more suitable k-means
versions for their integration in other card sorting evaluation tools, such as Casol-
ysis 2.0, and the Bradley k-means being more efficient and reliable in producing
desirable and optimal clusters amongst the three k-means versions.

In the next chapter, we will discuss the conclusions that are drawn from the
extensive research done in the cluster analysis area, particularly in the field of the
k-means analysis. Some ideas for the future goals relevant to the k-means cluster
analysis are also discussed.
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6 Concluding ramarks

This chapter provides a brief summary of the comprehensive research carried out
to analyze the application of the different k-means clustering techniques on the
card sorting data. Also, some notions for the future work regarding the additional
cluster analysis methods that can be performed on the card sorting data, and
the different ways to make the extensions in the k-MeansEvaluator prototype are
presented in this chapter.

6.1 Summary

The motivation behind this thesis work was to apply different k-means clustering
techniques on the card sorting data, in order to verify the k-means clustering re-
sults with the results produced by the other cluster analysis techniques, such as
multi-dimensional scaling (MDS).

The verification of the clustering results was aimed to find out whether the stan-
dard k-means and its modified versions produce the similar clusters as produced
by the MDS algorithm, and to check which of the implemented k-means ver-
sions have computed similar clusters. The subsequent aim was to find out which
k-means version can be integrated into other existing card sorting evaluators tools.

During the implementation work, total three k-means versions have been imple-
mented in the k-MeansEvaluator prototype, which are capable of applying their
own clustering strategies on the card sorting data. The testing on the clustering
results was carried out to examine the efficiency and the reliability of the k-means
versions. The detailed and the user-friendly graphical user interface of the k-
MeansEvaluator makes the user easy and quick to analyze the resulted clusters.

The results obtained from the k-MeansEvaluator show that the standard k-
means as well as its modified versions have the ability to produce better qual-
ity clusters, and among the implemented k-means versions, the Lloyd’s and the
Bradley version are easy to be integrated in other existing card sorting evaluators
such as Casolysis 2.0. This prototype implementation adds up more ways to the
existing techniques that evaluate the card sorting data.
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6.2 Future Work

6.2 Future Work

During the thorough research carried out in the partitional clustering field, new
interesting ideas have been emerged. These ideas provide a broad scope for the
future work associated to the problem domain of the thesis. Their description is
given in this section as follows.

Application of the other modified k-means versions

The literature survey in this thesis has explored the vast research in the field of the
k-means clustering, and has provided a number of modified k-means algorithms
that can be applied on the card sorting data to compute the homogeneous clusters.
These modified versions have been described in the chapter 3 of this thesis.

Application of the non-hierarchical clustering methods

The k-means clustering study also led to explore another type of cluster analysis
technique, i.e., the partitional (non-hierarchical) cluster analysis. This type con-
tains various partitional clustering algorithms apart from the k-means clustering.
These algorithms are based on the criteria such as density or mode estimation,
graph connectivity, near-neighbour relationships, etc. Fuzzy clustering is also one
of the partitional clustering types in which one object may belong to more than
one cluster [JD88].

Interestingly, it would be a good idea to determine whether these partitional
clustering algorithms can also be applied on the card sorting data, like the k-means
technique, with the input data from the MDS chart as a starting point. These
algorithms can open a new scope for the card sorting analysis. The concepts re-
lated to the partitional clustering are elaborated in the chapter 2 of this thesis.

Graphical enhancements

The k-MeansEvaluator displays the clustering results in the two-dimensional scat-
ter chart, with the different symbols to distinguish the cluster data points and their
centroids. In future, the graphics of the prototype can be enhanced for the better
and quick understanding of the clusters visually. For example, the cluster visual-
izations can be displayed in the three-dimensional charts. The three-dimensional
view of the data points and their connections with the centroids in one cluster can
be quickly and clearly grasped by the user of the tool.

In addition, creating animations to differentiate the visualization of the clusters
is also one of the interesting future work. For example, with the mouse click or
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6.2 Future Work

mouse hover actions, the user of the tool can play the animation that will change
the size or the color of the particular cluster. This will make the detection of the
clusters fast with the interesting visualizations.

Interactive placements of the initial centroids

The k-MeansEvaluator prototype takes the initial centroids in random manner for
executing each of the k-means version that is implemented in it. This method of
execution has a limitation that the final clustering results vary depending upon
the initial placements of the centroids. This limitation can be tackled by provid-
ing an interactive option for the placement of the initial centroids in the k-means
chart. This option will allow the user of the tool to place the initial centroids in
the chart as per his desires.

For example, after observing the loaded input data points in the
k-MeansEvaluator, if the user finds out that the certain initial positions of the
centroids can give effective clustering outputs, then he can place the initial cen-
troids at those positions. This process can be performed by mouse clicking on a
certain area of the k-means chart that will place a new graphical data point in
that area. This option will make the cluster analysis process more interactive.
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