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ABSTRACT

SUBSPACE CONSTRAINT CLUSTERING FOR SEMI- SUPERVISED
SPARSE DATA

SADEQ, Saleem Ismael
M.Sc. Thesis in Electronics and Computer Eng.
Supervisor: Prof. Dr. Golge OGUCU YETKIN
July 2019
71 pages

The advancement in computational processes has brought about high-dimensional
data. Processing and analyzing this type of data requires special attention as several
persistent problems are often faced. Data clustering/grouping has been widely used in
data mining and machine learning applications, as it provides an idea on the underlying
knowledge presented by the datasets. k-means is commonly used in normal clustering
applications due to its simplicity and effectiveness; yet, it usually fails with high-
dimensional datasets. This is mainly caused by the curse of dimensionality and
possible noise within the dataset. Dimensionality reduction can be applied to alleviate
this problem on both space and subspace levels. Nevertheless, subspace
dimensionality reduction has attracted more attention in recent studies due to its
robustness and high performance. Thus, in this research, it has been decided to
investigate soft subspace clustering for sparse data. Four algorithms have been chosen,
based on their mechanism orientation, to compare their performance with k-means in
clustering hard-to-cluster datasets. MATLAB 2018b was used to develop a Graphical
User Interface (GUI) for running all clustering processes and producing both
numerical and visual results. It has been found that the performance of k-means can be
dramatically improved through incorporating soft subspace computing, and
particularly, ReliefF algorithm, in this study, could improve the performance to more

than 50% in some cases.

Keywords: Clustering, dimensionality reduction, k-means, soft-subspace constraint,
sparse data



OZET

UZAY ALTI KISITLI KUMELEME IiCIN YARI DENETIMLI SEYREK
VERILER

SADEQ, Saleem Ismael
Yiiksek Lisans Tezi, Elektronik ve Bilgisayar Miih. Boliimii
Tez Yoneticisi:: Prof. Dr. Gélge OGUCU YETKIN
Temmuz 2019, 71 sayfa

Kompiitasyonel siireclerde kaydedilen ilerleme yiiksek boyutlu verileri meydana
getirmistir. Bu tiir verilerin iglenmesi ve analiz edilmesi ise 1srarla tekrarlanan birgok
problemle sik¢a karsilasildigindan 6zel dikkat gerektirir. Veri kiimeleme/gruplama,
veri kiimeleri tarafindan sunulan temel bilgiler hakkinda bir fikir verdiginden, veri
madenciligi ve makine 6grenimi uygulamalarinda yaygin olarak kullanilmaktadir. k-
ortalama (k-means) algoritmasi, basitligi ve etkinligi nedeniyle normal kiimeleme
uygulamalarinda yaygin olarak kullanilir; ancak, genellikle yiiksek boyutlu veri
kiimelerinde basarisiz olur. Buna temel olarak veri setindeki “curse of dimensionality”
yani boyutla birlikte gelen problemler ve de olas1 giiriiltii neden olur. Bu problemi
gidermek icin, hem uzay hem de alt uzay seviyelerinde, boyut azaltma/indirgeme
uygulanabilir. Bununla birlikte, alt uzay boyut azaltma, son zamanlardaki
caligmalarda, saglamliglr ve yiiksek performansi nedeniyle dikkatleri lizerine daha
fazla c¢ekmistir. Bu nedenle, bu arastirmada, seyrek veriler i¢cin esnek alt uzay
kiimelemesinin incelenmesine karar verilmistir. Mekanizma yonelimlerine bagh
olarak, kiumelenmesi zor olan veri kumelerinin kimelenmelerini k-ortalama
performansi ile karsilagtirmak igin dort algoritma secilmistir. Tim kiimeleme
islemlerini ¢alistirmak ve hem sayisal hem de gorsel sonuglar liretmek i¢in bir Grafik
Kullanict  Arabirimi(GUI), MATLAB2018b kullanilarak gelistirildi. k-ortalama
performansinin bilhassa ReliefF algoritmasi olmak lizere esnek alt uzay hesaplama
dahil edilerek 6nemli Olclide yiikseltilebilecegi ve bu calismamizda ise bazi

durumlarda performansi %50'den daha fazla artirabildigi bulunmustur.

Anahtar Kelimeler: Kiimeleme, boyut azaltma/indirgeme, k-means/k-ortalama,

esnek alt uzay kisitlamasi, seyrek veri
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CHAPTER 1

INTRODUCTION

1.1 General

The rapid development of information systems and their applications has expanded
both the amount of data produced and needed. Recently, massive amounts of data are
being used in many applications ranging from scientific to leisure uses. This type of
data is usually required by complex systems, which have rapidly increased both the
amount of the required data and the complexity of its analysis. Any acquired data in
its raw format is generally neither efficient nor compatible with the operational process
of modern systems. The main reason for such implication is both time and accuracy of
the targeted outcomes. Raw acquired data, in most circumstances, undergoes a series
of preparation, filtering, classification and clustering processes prior to the final
analysis. Such processes assist in both mining the right data as well as producing
efficient outcomes. In many applications, data can be represented by a matrix that
provides both data samples and the intrinsic attributes of these samples [1]. This data
presentation can be extremely complicated due to the high dimensionality [2]. In data
analysis, dimensionality poses a serious limitation to both time and storage capability,
which hinder the efficiency of the outcomes [3].

Contemporary trends in data analysis such as machine learning have emerged as a
response to obstinate needs for analysis accuracy and efficiency. Labeling data
samples and discovering distinguished patterns within them have been applied since a
very long time ago [4]. Human beings, for various applications, practiced the initial
attempts manually. However, the tremendous amount of data and the essential
complexity dictates the use of a machine for this kind of purpose. Recently, with the
advances in machine learning and data mining techniques, classifying data patterns
and clustering similar data have become possible even without prior knowledge of data
labels. This is usually done by retrieving the common underlying knowledge that
generally regarded unsupervised learning process [5]. In data clustering application,

1



datasets are partitioned into groups referred to by clusters. These clusters are
essentially composed based on the similarity of data objects; meaning that similar
objects are gathered in one group. The idea of clustering similar objects requires a
mechanism for measuring the similarity/dissimilarity of data objects to decide whether
they belong to a specific class or to another one. In addition, in some cases, such as
sparse data, which is recognized by its essential intermittent recording fashion (the
existence of gaps in data samples) [6], prior to applying any measuring process, the
main concern is guided towards space or subspace reduction to alleviate the caused
problem [7]. It is possible to come across with, in data mining and machine learning
applications, data samples, which are both sparse and high-dimensional. In this case,
the sparsity occurs due to the intermittent acquisition process, such as in many sensor-
collected data, while the dimensionality is composed by the existence of many features
describing the data samples [8]. Both characteristics, sparsity, and high-
dimensionality, impose restrictions on both process and analyzing data samples.
Sparsity imposes the lack of data objects that deteriorates the efficiency of analysis
algorithms, which becomes worse when high-dimensionality is a matter of concern
[9]. Dimensionality reduction can be achieved through the deployment of dimensions
themselves as knowledge in the clustering process. Clustering is generally classified
as an unsupervised learning method; however, when dimensions or features are used
for gaining some insight on dimensionality reduction, the process becomes semi-
supervised in its essence [10]. This semi-supervised mechanism has recently been
applied to clustering of high-dimensional or sparse data to produce better outcomes.

Features deployment can generally be categorized into two main branches: feature
extraction and selection. The idea of feature extraction is based on retrieving some
features from the dimensions themselves to reduce the dimensionality and perform the
clustering process in a more efficient way. On the other hand, it is possible to measure
the relevance of feature or a set of features to achieve the required reduction, and in
this case, the mechanism is called feature selection. Both methods require some sort
of knowledge to obtain satisfying outcomes. In reality, it is nearly impossible to
manually label large datasets. Instead, analysts use both labeled and unlabeled datasets
in the processing, which refers back to the same idea of semi-supervised learning
essence [11]. As stated earlier, features can be used for dimensionality reduction.
However, when deploying feature extraction or feature selection directly to high-

dimensional data, the mechanism may stumble in the dimensionality curse, as there
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are too many dimensions irrelevant but close in values. Recently, the concept of
subspace clustering has been proposed as a response to the sparse data clustering
problem [12]. The main idea here is to avoid the focus from considering the entire
space, due to the high-dimensionality, and apply the clustering concept on subspace-
based. In this case, the clustering procedure is achieved by clustering in subspace
instead of the whole space; this obviously is a way much easier and more efficient than
considering the entire dense dimension. It is possible using subspace clustering to
assign a specific weight for each dimension in the cluster, which refers to the degree
of importance of the dimension and based on this, similar dimensions can be clustered
together [13, 14].

In subspace clustering application, it is possible to maximize the performance of an
algorithm by minimizing its objective function. The objective function here refers to
the possible error during the updating process of dimensional weights assignment,
which continues until convergence [15]. This research area is considered an up-to-date

field and requires more investigation from different perspectives.
1.2 Research Problem

The application of the common clustering algorithm to sparse data can be both
cumbersome and inefficient, especially if the considered data samples are high-
dimensional. The essence of missing data objects due to sparsity deteriorate the
performance of the algorithms and increase the required processing time [9].
Deploying feature selection can be used as a solution for alleviating the high-
dimensionality problem. However, when both sparsity and high-dimensionality are a
matter of concern, the outcomes are far from acceptable. In such cases, clustering data
in the whole space with scattered high-dimensional data objects poses a real challenge.
The challenge is composed by the curse of dimensionality, the big space with little

data objects and applicability of the classical available methods [12].
1.3 Research objectives

The main objective of this research is to improve the clustering performance using the
concept of subspace clustering of semi-supervised sparse data based on the knowledge
available in the data feature. This objective is divided into the following sub-

objectives:



1. To review and investigate the high-dimensional and sparse data clustering
literature and narrow-down the possible applicable algorithms.

2. Toinvestigate and select soft subspace clustering algorithms, which can be used
for subspace constraint clustering.

3. To implement a MATLAB code for the selected algorithms and test their
performances using real dataset.

4. To benchmark the outcomes produced from the selected algorithms with the

performance of k-means and prove their applicability.
1.4 Research methodology

The research is mainly applied using four different algorithms applicable to
subspace clustering process or claimed to be applicable to it. These algorithms are
listed below:

= Classical k-means.

= Constraint Feature Selection (CFS).
= Infinite Feature Selection (IFS).

= ReliefF Selection.

= Unsupervised Discriminative Feature Selection (UDFS).

These algorithms are used for reducing the subspace dimensionality with some
datasets that are hard to cluster. The used datasets are retrieved from the UCI Machine

Learning Repository and are properly cited in Chapter 4.

The used development simulation environment is MATLAB 2018b, which is
installed on an Asus Notebook, Intel(R) Core (TM) i7, 64-bit CPU @ 3.4 GHz and 16
GB RAM. The developed code is presented in a Graphical User Interface (GUI) format
for convenience use and further modification. All developed and quoted codes have
been properly appended in Appendix A.

1.5 Thesis organizations

The thesis is composed of five chapters, which are organized as follows:
» Introduction: Has presented the introductory part of the research where the
general required concepts are briefly presented and explained. In addition, the



formulation of the research idea, motivation, main problems, objectives, and
methodology have also been given in this chapter.

Background: This chapter addresses the concept of clustering in a relatively
deep sense. It also provides a description of the clustering problem in sparse
datasets and possible ways for overcoming this kind of problem. In addition,
the chapter categorizes subspace dimensionality reduction and presented
possible available solutions.

Literature Review: This chapter review the most relevant works have been
investigated in the field of soft subspace clustering. It also addresses different
mathematical models presented in these studies along with their optimization
way. Further, the chapter addresses combining some feature selection methods
for improving subspace reduction ability.

Methodology: This chapter presented the materials and methods used in this
research. The datasets used in the research are addressed within this chapter as
well as the used simulation software, and the way of development. Moreover,
it elaborates the steps of the deployed algorithms and presents their brief
mathematical concept.

Results and Discussion: This chapter presented the obtained results from the
selected algorithms, and addresses their results in the way it justifies why they
are produced and the possible reasons for their failure if any.

Conclusion and Future Work: This chapter provides the concluded remarks
from this research. It also addresses possible ways from improvement and

directions for future research in the same field.



CHAPTER 2

LITERATURE REVIEW

2.1 Background

The main goal of clustering applications is to divide and group a dataset into subsets
(clusters) based on some similar characteristics. These characteristics are usually
obtained from the attributes of the dataset itself. In data mining and machine learning
methods, clustering is generally regarded as unsupervised, meaning that the attributes
of the dataset cannot exactly provide a solid relationship to conduct the clustering
process, rather than the inherited structure of the dataset is investigated to achieve the
possible grouping [16]. Although, this is usually the case, deploying an observation or
a characteristic in the dataset for the clustering process have been adopted in a number

of machine learning studies [17].

The concept of clustering is widely applicable to almost any dataset which data
samples can be classified into groups. However, in some cases, high-dimensionality
of datasets makes it inefficient, due to the accuracy and time, to produce the expected
clustering outcomes. Essentially, a dot or a vector in a multidimensional plane can
represent data samples in a dataset. The distances between these vectors determine the
dimensionality from one side and the applicability of the clustering process form the
other side [18]. As stated in Chapter 1, the recent developments in technology and its
applications have made datasets more complex in many aspects, especially in number
samples and dimensionality, which is directly related to the attributes describing the
dataset. In this regard, it is important to mention that one of the reflections or impacts
of high-dimensionality of data is commonly recognized as data sparsity. The main
issue to be tackled in the case of high-dimensionality or data sparsity is maintaining
clustering performance in terms of both processing time and accuracy. In addition, one
of the common problems with high-dimensional sparse data is generated due to the

meaningless interpretation of distance measures, which is of distance measures



difference due to the nearly equal distances in high-dimensional data.

Traditionally, in order for clustering algorithms to work properly, they need to include
all dimensions of the samples of the dataset. This is done to obtain the needed
knowledge for the unsupervised learning process. Nevertheless, when considering
high-dimensional datasets, it is likely that many of the available dimensions are either
repetitive or irrelevant to the analysis. In addition, considering all available dimensions
may hinder the outcomes and may smear some possible clusters due to the generated
noise [20]. Therefore, researchers have investigated this specific problem to come up
with some considerable solutions. One of the deployed solutions, partially successful,
is feature selection, which enhances the outcomes of the clustering process,
considering data sparsity. The main idea of feature selection is eliminating the
redundant and/or irrelevant dimensions. Even though feature selection relatively
succeeds in many applications, the main drawback is the hidden or overlapped clusters
in the datasets. As an improvement proposal for such a drawback is the localizing the

clustering procedure by deploying the subspace clustering mechanism [21, 22].
2.2 Sparse data

In many data acquisition applications, such as sensor-collected, the presence of data
samples or objects relies on many factors. Among the relevant factors to this work is
the amount and characteristics of the acquired data. Here, it is possible to have a data
collection pattern with a lot of zeros as a sensor output. This missing can be caused by
justified or unjustified reasons [9]; yet, the consequence of having zeros in data
collection is the formation of data sparsity. This scenario is commonly realized by the
deployment of various reading sensors or actuators to collect data from the same
source based on different circumstances [23]. In this case, the presence of zeros in the
data collection is an essential part of the data itself and can not be neglected.
Nevertheless, the complication created the plethora of zeros is the composition of rare
data points (sparse) with an actual value other than zero [24]. Unlike dense data, which
is characterized by plenty of different recording for the same situation, for instance,
the traffic movement on a busy road, over a certain period, sparse data is characterized
by the existence of rare points with actual readings other than zero [25]. In modern
applications, data is collected from many sources with excessively large amounts and

high-dimension, as these dimensions are at extreme importance for recognition
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purpose. Thus, with a large number of data points which have a number of dimensions,
the sparsity problem becomes a real problem for data analysis due to both computation
and sparsity complications [26]. This problem is less serious in supervised learning
algorithms as the outcomes depend directly on the data points themselves where the
principal component plays a major role in such cases [27]. However, in unsupervised
learning algorithms, such as the classical clustering k-means, the validation of the
results can not be directly achieved, and the expectation of erroneous outcomes is quite
high [25].

2.2.1 Sparse data problem in machine learning

In machine learning applications, the performance of most algorithms, especially
classification and clustering, dictates the presence of actual data with values other than
zero [9]. This problem becomes more obvious when unsupervised algorithms are
considered, as the accurate prediction tends to fail due to the data pattern [28].
Therefore, some complementing techniques have been proposed to handle the sparsity
issue as a preprocessing stage, such as imputation or deletion [9]. In imputation, the
mean value of all presented values is calculated and then used for replacing all zeros
in the dataset. In this case, the presence of zero is compensated by the mean to
overcome the sparsity issue. However, this may work well for datasets with small
amount of entries [29]. Otherwise, imputation tends to fail when a large amount of
entries is considered, especially when the large deviation is expected to occur based
on the available data points’ values [9]. On the other hand, the deletion method applies
the total elimination of zeros from the dataset, which potentially removes a real
recorded observation from the dataset and creates a false impression in the obtained

analysis results [9], [26].

The sparsity problem can be also tackled by some algorithms as a part of their internal
mechanism. There are native algorithms that can efficiently handle the presence of
zeros in a dataset, depending on the type of application, without the need of a
preprocessing or external compensation. Some of the common examples for such
algorithms are decision tree algorithms. However, usually, these algorithms are not

opted for clustering applications [26].

In clustering applications, the sparsity is generally tackled by distance matrices, where

the improvement is made leveraging the dissimilarity and based on it decide the best
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match for the data point. Some of the proposed algorithms have already incorporated
the Jaccard Index and Pearson Similarity Coefficient to cope with the sparsity problem
[9]. Jaccard Index is used due to its ability to measure the occurrence of the data points
other their absence, which is suitable for sparse data applications [30]. Both standard
deviation and covariance are applied in Pearson similarity coefficient to estimate the
likelihood of cluster matching. These two statistical factors largely assist in coping

with the sparsity data clustering problem [31].

2.3 Subspace and sparse data

The challenge of having sparse data with high-dimensionality is a common obstacle in
modern data mining and machine learning applications. Obviously, this kind of
challenge is very serious as it deteriorates the performance of unsupervised clustering
process, which hinders the ultimate analysis. Thus, this issue dictates some sort of
preprocessing or improved clustering mechanism. Among the proposed methods is
subspace clustering, which refers to deploying a number of subspaces in sparse data
rather than considering the whole space at once [32]. As it can be understood for the
name, subspace clustering deploys a different subset of dimensions to cluster objects
similar to each other in that specific subset. However, the task is not as straightforward
and easy as it may sound; determining subspaces in sparse data and the objects
belonging to these subspaces pose a challenge in machine learning applications [33].
Arguably, subspace clustering for high-dimensional data is the most effective way
developed so far. Achieving such a clustering requires sub-dividing space into a set of
subspaces to reduce the dimensionality of data and then obtain the union of these
subspaces for the final clustering process, as shown in Figure 2.1 [34]. Somehow
similar to the traditional clustering methods, the membership objects of a union of
subspace clustering is found via the similarities with other objects, but considering
only subspace instead of the whole space. Unlike in traditional clustering, in subspace
clustering, the overlapping of subspace classes is allowed. Nevertheless, determining
these subspaces themselves is the main challenge in subspace clustering. For this
reason, as it will be discussed in Chapter 3, it is commonly stated that subspace
clustering requires search and evaluation methods. Doing so is generally categorized
into two main groups: hard subspace and soft subspace clustering. Nonetheless, some
researchers categorize all subspace clustering into four broad categories: algebraic,

clustering-based, iterative, spectral, and statistical [35].
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It is important to mention that subspace clustering is categorized in a hierarchal way
based on subspace search methods as well as cluster evaluation methods, as seen in
Figure 2.2. It is possible to deploy any applicable subspaces search method that
discovers all possible subspace for clustering purpose. However, the main problem
encounters this kind of scenario is the feasibility of the outcomes as subsets search by
itself is a cumbersome and challenging task. Thus, the level of the complexity of the
algorithm is determined based on the sophistication of the used search method, which
in turns expands the hierarchal view to a number of levels. Additionally, the

features evaluated for clustering must be considered on a subspace level, or in a more
precise term locally measured, which also allows the expansion of the hierarchal

categorization [34].

[ah [L21]

Figure 2.1 (a) Exact clustering, (b) subspace clustering in terms of unions [34]
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Figure 2.2 Subspace clustering hierarchy
2.3.1 Hard Subspace Clustering

In this method of subspace clustering, it is aimed at discovering the precise subspaces,
which cover all possible clusters. Essentially, this category is sub-divided into two
broad searching categories, namely bottom-up and top-down [35]. The following
subsections are not exhaustively reviewing all methods, as there are a lot, mostly
similar, under the same category. However, the presented methods generally cover the

main used ideas.

2.3.1.1 Bottom-up Methods
Bottom-up is one of the hard clustering approaches that represent the second hierarchy
level of the categorization. Generally, conducting subspace search using bottom-up
composes some essential steps, which are represented by:
= Intervals Generation and Identification: This is the initial step where the whole
space is divided into a number of intervals. These intervals are then used for

determining the local density level for each of them.
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= Two-Dimensional Cells Identification: Once intervals and their densities have
been determined, dense cells are determined within these intervals based on only
two-dimensional (2D) at first.
= Three-Dimensional Cells Identification: Once intervals, their densities, and
dense cells in 2D have been determined, the interaction between these dense cells
and dense intervals are used for identifying dense cells within these intervals but
on different dimensional base, starting from three-dimensional ending by k-
dimensional, where k represents the number of dimensions.
= Merging Adjacent Dense Cells: This is the concluding step where subspaces
with the same dimensions are used to merge all adjacent dense cells, which
ultimately form the required clusters.
These steps are not exactly straightforward and merging dense cells may lead to the
creation of two or more clusters that are supposed to be one cluster. In addition,
applying this method usually ends up with overlapped clusters. Thus, acquiring useful
knowledge from these clusters is dependent on varies factors such as the choice of the
grid size as well as the controlling parameters of the deployed density threshold. The
main process in the bottom-up subspace clustering method is generating intervals to
ultimately produce the dimensional subspace or grid. For achieving this task, two main
methods are followed, namely CLIQUE and ENCLUS. These two methods deploy a
fixed-size grid to divide each space into intervals [36]. Moreover, it is possible to
deploy an adaptive grid determined by data-driven scenarios, which sets the exact
intervals within a subspace. These adaptive approaches include Cell-Based Clustering
(CBF), CLTREE, DOC, and MAFIA. While both CBF and MAFIA use histograms
for analyzing the cells within the subspaces, the strategy followed by CLTree is based
on a decision tree for finding the optimal cutpoints, and DOC deploys a random search
process guided by the maximum interval and minimum instances number per cluster

[37]. The following points describe each approach in bottom-up strategy:

A. CLIQUE: The name CLIQUE is coming after the use of (CLustering In QUESt)
initially presented by Agrawal et al. in 1998 [38]. This algorithm is considered one of
the oldest subspace clustering approaches. As a static grid bottom-up approach,
CLIQUE performs subspace clustering by identifying cells densities and then merging
the neighbor cells in local clusters. Initially, the dense subspaces are identified and

dense intervals within these subspaces are sorted. The dense areas, apart from the
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dataset, are defined as coverage; this coverage is then used for determining which
subspaces to keep, the ones with greatest densities, and the rest of subspace are
trimmed. CLIQUE identifies dense cells or grid units regarding their adjacency within
the kept subspaces, deploying a depth-first search scenario. Another scenario is used,
usually, greedy growth, to form clusters by merging these cells together. The
mechanism of cluster creation is initiated at the randomly selected dense cell and then
greedily growing to form a maximal region. This process is applied to each dimension,
and the union of merged cells keeps progressing until it covers the whole cluster.
During the course of this action, it is inevitable to generate redundant regions. These
regions are repeatedly removed where the redundant regions with the smallest areas
are eliminated until no further elimination is possible. To form the final clustering
form, CLIQUE uses Disjunctive Normal Form (DNF) to define the hyper-rectangular
clusters. Using CLIQUE, the clustering process may generate disjoint or overlapped
clusters where more than one cluster can share the same instances. Nevertheless,
tuning the input parameters is essentially impractical for a specific dataset. In addition,

trimming subspace may lead to the loss of effective clusters [39].

B. ENCLUS: This algorithm is considered a variant of CLIQUE algorithm. The main
difference between CLIQUE and ENCLUS is that ENCLUS deploys entropy for
speculating the density, where the name came from (ENtropy CLUStering). The
general intuition made in the case of ENCLUS is that subspaces with clusters typically
have lower entropy than those with no clusters. By measuring the entropy of both
coverage and density, ENCLUS identifies possible high coverage and density. The
main idea is that the entropy decreases by the increase of both coverage and density.
In addition, the correlation is deployed by ENCLUS as a measure of clusterability. The
correlation is measured by interest, which is calculated as the difference of entropies
for the sum of a set of dimensions and multi-dimensional distribution. In this case, the
larger the difference value, the higher the correlation will be. Essentially, the main
methodology followed by CLIQUE for mining dense subspace is also used by
ENCLUS, which agrees in outlined steps of the bottom-up approach. However,
trimming the insignificant intervals is achieved by deploying some of the entropy
properties, namely the downward and upward closures to identify the subspaces with
minimal correlation. The mechanism followed by ENCLUS here is measuring interest

gain, which allows determining subspaces with entropy value above a certain
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threshold, [, and interest gain. This procedure resembles the determination of
coverage in CLIQUE, and the exact same scenario can be used for the rest of the
clustering procedure or any other possible mechanism can be applied. ENCLUS is
similar to CLIQUE in the sense that both require setting up the grid size, as it is static,
and this size affects the performance of both algorithms. Almost the same running time
of both algorithms can be observed for the same datasets. In addition, subspace
scalability issues appear with both CLIQUE and ENCLUS, yet the use of entropy helps
in reducing the total irrelevant clusters but fail in improving the loss of some

meaningful clusters [40].

C. Cell-based Clustering: This method is known in its abbreviated form by CBF. The
key development idea of CBF is based on combating scalability issues that deteriorate
other bottom-up approaches, such as CLIQUE and ENCLUS. The increment of cells
resulting from dimensionality increase is solved in CBF by deploying an algorithm
that continuously inspecting a dimension’s maximum and minimum values in order to
create the optimal partitioning. In addition, scalability is partially addressed by CBF,
considering a large number of instances in a dataset. The problem here is tackled by
the deployment of an improved data structure, filtering-based index, for storing cells,
which allows faster access. Notwithstanding, CBF suffers from its sensitivity to
section threshold, which determines the frequency of intervals in the same dimension,
and to cell threshold which identifies the data points; minimal density in an interval.
Mostly, all other advantages provided by bottom-up approaches are available with
CBF, yet there is a slight deterioration in the clustering performance with CBF

compared to other methods, however, the processing time is generally faster [41].

D. CLTree: Similar to CBF, CLTree deploys a different methodology for identifying
the most suitable subspaces in a dataset. However, unlike CBF, CLTree uses a special
decision tree for achieving this task. For dividing each subspace and determining the
dense regions within intervals, CLTree deploys an algorithm based on decision trees.
Being a bottom-up approach, CLTree follows the same steps mentioned earlier in
achieving the clustering process, that is, dividing the subspace into intervals,
individually evaluating each interval, identifying intervals with dense areas, and
deploying the dense ones for the rest of the clustering process. In CLTree, The
boundaries of intervals are used for splitting the deployed decision tree; the decision

here is made based on the density, which is measured by some sort of gain criteria. It
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is important to mention that CLTree requires two main parameters as inputs, which
are minimum cells number in a region that makes it insignificant and can be trimmed,
and the minimum density relatively compared between adjacent regions. This
procedure is done prior to merging adjacent regions to create a cluster. Discarding
insignificant regions from the decision tree is a crucial step and it dramatically affects
the produced results if not considered carefully. The way CLTree clusters a dataset
follows finding clusters in the form hyper-rectangular areas within subspaces. The
used decision tree may become complex in terms of time where it may reach to a
quadratic function. However, scaling the algorithm linearly in terms of both dataset

instances number and the obtained intervals is possible [42].

E. Density-based Optimal Clustering (DOC): DOC projective clustering is
considered a hybrid approach, which combines both bottom-up and top-down
approaches. Essentially, DOC considers a projective cluster, and it defines an optimal
projective cluster in a mathematical way for this purpose. The projective cluster in
DOC is established by determining a strong clustering tendency of a subset of
instances C towards a subset of intervals D. In DOC, this is formed as a pair (C, D),
and in order to create the aimed clustering process, DOC must identify the optimal
pairs (C, D). Here, identifying the optimal pairs is done by generating a small subset
S, by any valid means, for example, random sampling. Instances in both C and S are
compared and the absolute result of their difference should be less than or equal of the
fixed-length, w, which is a fixed subspace length provided by the user. This procedure
is repetitively done, and both C and S are continuously obtained, using random
sampling or any alternative method, until the optimal result is achieved. The minimum
number of instances which can create a class, «, is also needed for the operational
process of DOC. The minimum allowed density for a cluster is then determined by
both parameters a and w. It is also suggested that a trade-off should be made between
the number of intervals and subspaces. For this specific purpose ano,ther parameter is
used, which is usually referred to by . This balancing process is at extreme
importance for DOC, as the time complexity grows exponentially with respect to the

intervals number and linearly with the cells number [34].

F. MAFIA: Like ENCLUS, MAFIA is another variant of CLIQUE. However, unlike
CLIQUE, MAFIA improves the performance of the outcomes by deploying an
adaptive grid size. This grid size is obtained from the data distribution of a given
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dataset. The general steps used by bottom-up methods are also used by MAFIA where
initially the whole space is divided into a set of subspaces. The minimum required
number of intervals in MAFIA is determined by deploying a histogram. The same idea
used in CLIQUE of merging adjacent dense cells into larger regions, which form a
cluster, later on, is also used in MAFIA. Nevertheless, space partitioning is done based
on data distribution in this case, which forms the adaptive nature of the algorithm and
allows more accurate results to be produced. MAFIA requires thresholds for both area
density and adjacency merging. These thresholds will allow merging adjacent regions
within a specified threshold value; these merged regions form the clusters later on. It
IS important to mention that MAFIA is sensitive to these threshold values. In the usual
operational process, MAFIA deploys a default grid as seed, where the adaptive grid is
then formed based on it. Like CLIQUE and ENCLUS, MAFIA can operate based on
different input scenarios, such as large datasets, different sizes, and shapes of
subspaces, and it can also produce overlapping clusters as well. However, unlike

CLIQUE and ENCLUS, MAFIA outperforms these two algorithms in terms of time
complexity, yet, it is crucial to mention that the time complexity of MAFIA also
exponentially grows when the number of intervals increases [44].

2.3.1.2 Top-Down Subspace Methods

Top-down methods for subspace clustering are considered iterative methods, meaning
that they initiate their procedure by outlining an approximate view of the clusters that
cover the whole space. These clusters initially start with equally weighted subspaces.
Later, every subspace will be given a certain weight in a relationship with each cluster.
The clustering process keeps updating the assigned weights by iteration, as it is an
iterative approach. One of the disadvantages of top-down approaches is the expensive
time complexity of the iterations, which has been improved by integrating some
sampling techniques into the methods. Unlike bottom-up approaches, top-down
approaches create clusters that accept dataset samples in only one class. Both
subspaces size, as well as the total number of clusters, is considered as critical
parameters for all top-down approaches. It is possible to deploy the sample size as a
parameter, which enhances the quality of the output, in top-down approaches, if the
used technique is based on sampling [45]. Similar to bottom-up approaches, top-down
has a number of commonly used algorithms, which are FINDIT, ORCLUS,
PROCLUS, and o-Clusters.
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A. FINDIT: This algorithm refers to Fast and Intelligent Subspace Clustering
Algorithm using Dimension Voting [46]. FINDIT is a top-down approach that deploys
the essence of voting in its operation. The concept here relies on a certain distance
measure referred to by Feature-Oriented Distance (FOD). FINDIT identifies instances
that agree on features with a specified threshold value, €. In high-dimensional data,
instances may get a close match with several features but not all of them. The initial
step in FINDIT is achieved by choosing two small sets, randomly created, to be
clusters’ medoids; this stage is called the sampling stage. In the next stage, FINDIT
uses the generated medoids for calculating FOD to determine the correlation, which
allows the creation of clusters. The threshold is then iteratively increased until the
final clustering shape comes to a stable state. This stage is called clthe uster-forming
stage. Finally, FINDIT allocates the dataset instances to the formed mediods
considering all identified subspaces. Generally, two main parameters are used by
FINDIT, namely the minimum permissible instances number per cluster, and the
minimum permissible distance between any two clusters. One of the main
disadvantages of FINDIT is the iterative nature of finding the optimal, which increases
the time complexity of the algorithm. It is possible in many applications which use
FINDIT to find a proper sampling technique integrated with the algorithm to improve

its usability and running time quality [47].

B. ORCLUS: This algorithm uses the correlations contained or generated as an inter-
attribute in a given dataset. Initially, ORCLUS outlines clusters arbitrary then it assigns
cells to the closest cluster in an iterative way; this stage is referred to as clustering
assignment. The next stage followed by ORCLUS is achieved by identifying
subspaces associated with the generated clusters. This is mathematically obtained by
choosing the eigenvectors with the smallest eigenvalues after calculating the
covariance matrix for each cluster. This produces some clusters that are close to each
other and can be merged together. The mathematical computation of ORCLUS creates
a high complexity, which makes the algorithm deploy some sort of sampling scenario
to enhance the performance. Nevertheless, possible missing small clusters are

inevitable in this case [48].

C. PROCLUS: PROjected CLUStering (PROCLUS) algorithm was the oldest top-
down approach. PROCLUS uses similar principles of those deployed by ORCLUS.
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The main idea of dataset sampling, setting up a number of mediods, and then iteratively
improving the clustering process is also applied in PROCLUS. A suitable greedy
algorithm is used for choosing a number of possible mediods. These mediods should
be relatively not close to each other. During this stage, PROCLUS makes sure that, at
least, one class is representing each cluster. Generally, this phase is referred to by
clustering initialization. One the initialization step has been concluded, PROCLUS
deploys a number of randomly selected mediods, k, and iterate over the reduced dataset
to evaluate whether the clustering process is improved or not. a specific parameter is
used to maintain the quality of the clustering process, namely the average subspace
dimensionality, |. Each medoid has to associate k | features. Identifying the targeted
subspaces for each medoid is followed by assigning data points to these medoids; this
is done using Manhattan segmental distance. The process is concluded by eliminating
any medoid with a minimal number of data points. This stage is referred to by the
iteration phase. The final stage in PROCLUS is achieved by refining the created
clusters where the assignment of data points may be shuffled to come up with better
quality clusters. This stage is called the refinement phase. PROCLUS requires working
with equally divided subspaces and with the present average number of features.
Overlapping in PROCLUS is a case to consider, as each set of data points are
ultimately associated with one cluster. The running time of PROCLUS is usually little
faster than CLIQUE and its variant ENCLUS considering large datasets. Similar to
iterative approaches, PROCLUS is sensitive to the input parameters, which affect the
quality of the clustering process. In addition, medoids elimination may completely

discard some useful clusters in the process [49].

D. o-Clusters: This algorithm deploys the coherence between instances subset and
attributes subset. The idea is based on calculating this coherence and using it as a
distance measure for clustering purpose. The relationship the can be observed with
coherent data samples is used for generating a proper cluster, as it is possible to
discover instance based on their coherence. It is possible to use any valid coherence
measure; however, some researchers have used PearsonR for such purpose [50]. Using
o-clusters, cluster seeds are initially created, then the algorithm attempts iteratively to
improve these clusters using a random shuffling technique, which tries different data
samples and attributes to get a better clustering quality. This process stops when the

iterative process produces no further improvements. Two main parameters are needed
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for the operational process of 3-clusters algorithms, namely the size of the cluster and
the total number of considered clusters. It is important to mention that the time
complexity of o-clusters depends on these two parameters. In addition, while
implementing the 3-clusters method, it is recommended to maintain pre-knowledge or
some sort of speculation of cluster size, as it makes difference with large datasets.
Unlike other top-down approaches, o-clusters deploys the coherence as a measure,
which makes it a potential method for a number of applications, especially in the field
of medicine [51].

Despite the diversity of clustering approaches, stumbling with unsatisfied clustering
outcomes is a common problem, especially when very dense or sparse datasets are
considered. Nowadays, with many different sophisticated systems being in use, the
complexity of mined datasets has become generally very high; thus, avoiding the use
of dimensional data makes current systems very impractical. Meaning that any
enhancement solution should consider the use of high dimensional datasets, as they
are the commonly produced output in many modern systems. In this regard, the
advancement in computerized processes has enabled the deployment of soft methods
that relatively have a lower implementation cost as well a more efficient clustering
outcome. Mainly, for this reason, researchers have put forward different soft clustering
enhancement methods, especially in the past two decades. Soft subspace clustering is
one of the recent trends deployed as a solution for the persistent high dimensionality
problem. The method itself may use different algorithms aiming at reducing the
dimensionality and achieving the desired outcomes.

2.4 Related Works

Dimensionally high datasets are treated in special ways when clustering is a matter of
interest. When traditional clustering methods, such as k-means, do not produce the
expected clustering outcomes due to data sparsity, a number of different methods can
be applied to improve the performance in this case. As stated in the previous chapter,
BACKGROUND chapter, it is possible to reduce the dimensionality using different
methods, where the choice is applicable based on the type of datasets as well as the
aimed performance, in terms of quality and time complexity. Nevertheless, reviewing
each and every dimensionality reduction method would require hundreds if not

thousands of pages. Thus, the reviewed literature in this thesis is restricted to soft
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subspace clustering, as it is used in the experimental for improving k-means outcomes.

Prior to the year 2000, almost all subspace clustering approaches appeared in the
literature were represented by hard subspace clustering methods [18][19]. This is true
except for very few attempts, one of which is the work of DeSarbo et al. in 1984 [54].
In their work, the author came up with the aid of what is called SYNthesized
CLUStering (SYNCLUS). In SYNCLUS, the classical k-means was modified by
integrating dimensional weight. The algorithm initializes its process by obtaining k
clusters, using the classical k-means, using a set of starting weights. Next, the
algorithm deploys an optimization function, given in Equation (2.1), to produce the

updated weights (optimal values).
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where,

CZ is the sum of squares, or the mean-squared error in a basic sense,

df;f} is the weighted squared dissimilarity for the objects j and ;” in the ith dimension.

d;; Is a positive quantity used as a controlling parameter calculated for the objects j

and;’ in the ith dimension.

SYNCLUS keeps iterating until €* is minimized as much as possible, which means
the algorithm has reached its optimal performance, and no further change in the
clustering process is possible for a given dataset. SYNCLUS was tested and compared
to both hierarchal clustering analysis and k-means by the developers. Generally, for
the deployed dataset, SYNCLUS outperformed the two other algorithms [54].
Nevertheless, the time complexity of SYNCLUS is relatively high; thus, it cannot be

used for complex datasets with a large number of samples.

De Soete, using hierarchal clustering, had also proposed soft subspace clustering. The
main idea presented by the author is the deployment of a hierarchal structure for
dimensional weight assignment [55]. The main issue with such studies is usually the

time complexity of the algorithm, which tends to grow exponentially for large datasets.
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The idea of De Soete was later extended by Makarenov and Legendre in [56] to
produce an enhanced k-means application suitable for sparse datasets. The authors
deployed a weight vector, which was assigned to its corresponding dissimilarities of
two data points. Using these weights, an iterative procedure was applied to optimize
the cost function and reach the optimal clustering performance. This can be
represented in Equation 2.2 [56].

HW) = 2k, (Z%, d /i) (22)
where,

dij is the distance between two data points represented by the (ith, jth) pair,

Kis the total number of clusters nk is the number of data points in the kth cluster.The
authors had also used the numerical data presented in [55] for their analysis. The
authors could show good results compared to the ones obtained in [55]; however, the
algorithm deployed very complicated optimization procedure that made its time
complexity very high and processing time very slows. This implies that the algorithm
in its developed state cannot be used for large datasets. It is important to mention that
the work of Makarenov and Legendre was one of the earliest after the year 2000. This
work was followed by the work of Modha and Spangler [57], which also deployed a
method for automated weighting for the classical k-means clustering. Initially,
classical k-means is applied to determine the weights for each feature, then weight
assignment optimization is achieved using Fisher’s ratio, Q. This ratio has mainly to
do with the average distortion of within-cluster and between-cluster. The main
problem with this application is deciding the initial set of weights, or the weight vector,
which will be improved later. Since the initial step is randomly generated and there is
no guarantee that an optimal set can be chosen, the iterative process can extend in its

running time and make the processing time considerably slow.

The next following years have witnessed a new trend in terms of dimensionality
reduction, where soft subspace methods have emerged as a competitor to the classical
techniques hard subspace reduction technique. The work of Domeniconi et al.
presented an improvement for the classical k-means by incorporating a locally adaptive

clustering mechanism or LAC in short. In their method, the authors presented a way
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for assigning dimensionality weight to produce subspace reduction. The idea is based
on the fact that the formed clusters should be relevant to data points as well as some
metrics for weighted distance. When there is a dataset, G, has a space with N
dimensionality, a weighted cluster, C, can be defined as a data points, D, subset, which
has weights in a vector format given as w = (wz, W, ...., Wn). Now, associating each
cluster to its own weighted vector provides a good idea on how data points in this
subset are correlated to the cluster. This is measured by relative average distance and
can be iteratively updated. The partitioning of data points, Y, with respect to the
weighted clusters produces a set of k clusters where their centers are represented by c;,
where j=1, ..., k. based on this, the partitioning of G to set follows Equation 2.3 [52].

G, = {Y|\/( N owi(y - Cﬁ)Z) < \/(Z?Ll wy (Vi — )V 1L # j} (2.3)

The most important in for LAC to work is to minimize the error generated within this

partitioning process, which is given in Equation 2.4 [52].
E= Yk Y5 w;xexp™ii (2.4)

According to Equation (3.4), both centers and weights will be optimum if the error, E,
is minimized. The authors designed their developed LAC on these bases and
empirically obtained influence parameter, h, to minimize the error effect. Thus, they

developed the dimensional weight applied in this work as given in Equation 2.5 [52].

Wi = L (2.5)

Ji Z{\’:l\/ﬁ

Using these equations, the authors deployed four different datasets, three of which are
simulated, and one real dataset, to test the developed LAC algorithm. The results
obtained from these datasets were compared by the performance of PROCLUS,
classical k-means, and DOC. Generally, the performance of LAC outweighed all
considered algorithms in terms of error rate, except for the real dataset case, where

PROCLUS recorded a slightly better performance.

This work and relevant literature had stimulated other researchers to investigate
clustering in the same direction. Within a short time next to the development of LAC,
Friedman, and Meulman, in 2004, proposed and developed COSA, which is based on

22



improving the classical k-means clustering to suite sparse or high-dimensional datasets
[53]. COSA relies on the local assignment of weights, which represents a soft subspace
reduction methodology. To elaborate on this process, Friedman and Meulman
published an extensive work elaborating the operational mechanism of COSA. In
principle, there is an objective function, resembles the objective function of LAC but
with a different scenario, that should be optimized to produce the desired clustering

quality. This formula is given in Equation 2.6.
1
Jeosa = 2oy {\/_N Yieknnc) Dij[w;] + A X R—1 Wi log(wki)} (2.6)
where

Djj is the measure of dissimilarity, or distance, for a pair (i, j) that represents a

data point,
knn(i) is the set of nearest objects to i obtained from Dj;,

w is the assigned dimensional weight, which changes based on ith feature and

Ith cluster,
A 1s the incentive strength controlling parameter, which is a positive quantity.

According to Friedman and Meulman, minimizing Equation (2.6) requires a number
of steps. Initially, a weighted distance matrix is built to represent data points. Next, the
nearest neighbors are found based on the obtained distance matrix to achieve a
hierarchal clustering process. This process then takes place on an iterative basis until
no further change can be achieved in the clustering. The authors generated their own
simulated datasets and tested COSA algorithm using these datasets along with some
real datasets. Essentially, the performance produced by COSA was superior back then;

however, the main problem with the algorithm is time complexity.

Huang et al. presented an automated k-means clustering algorithm for dimensionality
reduction. Their work used relatively the same principles of initially deploying the
classical k-means then iteratively updating the clustering process based on an
optimization formula. Essentially, the proposed improvement here is called W-k-
means referring to weighted k-means, and it was achieved based on minimizing the

objective function, which is given in Equation 2.7 [58]:
Jwin = Lieq Xl D) pi,leﬁ d(xi,j’ Zl,j) (2.7)
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where,

d is the dissimilarity measure calculated between data point i and the medoid

of the cluster | for the jth variable,

pi, IS a positive integer variable represents the location of data point i with

respect to cluster |,
wy is the jth feature weight and £ is the weight controlling parameter.

Equation (2.7) is used for improving the classical k-means clustering process by
iteratively the given objective function. The authors applied their W-k-means
algorithm using synthesized datasets and obtained improved outcomes compared to

the classical k-means using the same datasets.

Most of the previously presented attempts to stumble with time complexity issues due
to the multiple loops and excessive iterations. Jing et al. proposed an entropy-based
weighting k-means, which is considered computationally less complex than previous
soft subspace reduction in clustering. The authors extended the objective function of
k-means, such as the one given in Equation (2.7), to include the entropy of dimensional
weight, which provides an idea about the density of the subspace. This objective

function is presented in Equation 2.8 [19].
k n m 2 m
Jewkm = 2 [Zj=1 Y ipwyd(z — %) +y It wijlog sz] (2.8)
where,

d, p, x, and w previously defined,

y IS a controlling parameter that manages the incentive strength for the

clustering process with respect to the ithe increment of dimensions.

The second part of Equation (2.8) represents the effect of the included entropy on the
objective function. The objective function provided in Equation (2.8) has to be
minimized in order for the clustering process to be optimized. Generally, the running
time of this algorithm is approximately O(hmnk) where h is the number of needed
clustering iterations. This means the running time of the algorithm grows linearly with
respect to the number iterations, data points, dimensions, and clusters. The

performance of the algorithm outweighed number of other algorithms such as COSA,
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LAC, PROCLUS, SCAD1 and the classical k-means using the same dataset [19].

Gan and Wu presented a subspace clustering based on Zangwill’s convergence
theorem and they called it Fuzzy Subspace Clustering (FSC). FSC is a recursive
algorithm, which randomly initiates a set of clusters with centers, k, and then uses these
k points to initialize the fuzzy subspace, Z. The weighted values, W, are then found
using Z and given data points using dissimilarity measure. Finally, the partition U can
be found from the determined values of Z and W. FSC deploys an objective function

in the form given in Equation 2.9 [59].

Jesc = € Xy Doy wih + X5 Xy w Tioy wi, (in — Zjh)z (2.9)
where,

&is a small positive number,

o Is a positive integer number assigned as a fuzzy index,

FSC updates the weights based on Equation 2.10.

1

wy = (2.10)
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The general time complexity of the objective function here has a linear approximation
with respect to the number of iterations and set clusters. This makes the approach

computationally expensive if the dataset is very large.

Deng et al. proposed Enhanced Soft Subspace Clustering (ESSC) based on
incorporating between-cluster separation and between-class information into the
objective functions of existing methods, such as k-means or any modified soft
subspace clustering objective function. The authors proposed incorporating the said
details into entropy-based methods, such as the one reported in [10]. Thus, the
objective function for their own work shall be a modified version that includes two

extra parts, as given in Equation 2.11 [60].

C N D 2 C D
— m l
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where,

25



C is the number of clusters,
D is the number of features,
N is the number of data samples,

U is the fuzzy partition matrix, which is represented by [ui}-] e’

V is the centroids matrix, which is represented by [v,, ..., v.],

W is the weights matrix, which is represented by [w, ..., w.],

y is the entropy influence controlling parameter, y = 0,

7 is the weighting between-cluster separation controlling parameter, n = 0.

The weights in this method are updated according to Equation 2.12.

i 2.12
Wi = E£’=1 exp(—agf') ( . )
where,
2
e = X uft (e — i) — n 20 ulf (Wi — vor)? (2.13)

The enhanced version of entropy-based weighted subspace clustering initially sets the
values of control parameters, then it randomly initiates centroids matrix and then
begins calculating the weighting dimensional. For next iterations, the weights will be
updated by the formula given in 2.12. There must be a certain iteration threshold for
terminating the process. The authors provided an extensive set of parameters values
tested for classification purpose. They also deployed synthetic dataset and compared
the performance of their algorithm with different soft and hard subspace clustering
algorithms. In addition, different datasets extracted from UCI were deployed for
benchmarking purpose. In most cases, their algorithm outweighed the performance of

other relevant algorithms [60].

Boongoen et al. proposed a filtering approach for soft subspace clustering for sparse
datasets. Their idea is based on reducing the computation complexity and lowering the
running time of the clustering operation. In addition, this filtering technique can be
extended to a number of clustering techniques, other than the classical k-means. This

algorithm deploys data reliability measure to initiate the clustering process. This is
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done by generating a dimensionality-degree matrix. The presented reliability-based k-
means (R-KM) uses the same classical k-means objective function, but it integrates
with it the association matrix to update the weights. Initially, a set of medoids, Z, is
randomly chosen, then the weights, W, are estimated based on Equation 2.14 [61].

a
— yd
Li ASf

wyj (2.14)

where,
a. is number of the nearest neighbors,

AS 7 is the association or similarity matrix of data point dimension,
For the next iterations, W calculates the set of clusters, C, as provided in Equation 2.15.

MAfj-
Wij = 5d a
S 3, MAf,

(2.15)

where,

M AF; is the measure of the associativity of the jth dimension that has a

minimum sharing characteristic for all C; members.

This algorithm showed varying results with respect to the performance. Some of the
algorithms outweighed its performance in some dataset, while it performed better
compared to a number of other algorithms. The authors suggested that the algorithm
can be dramatically improved by tuning some of the parameters as well as

incorporating some sampling technique [61].

De Amorim and Mirkin [62] presented another improvement for the modification
made for k-means in the work of Huang et al. [58]. The authors suggested a method
for combating the effect of noise on the performance of the clustering procedure. For
this specific reason, Minkowski metric was incorporated in dissimilarity calculation to
improve the updating step of dimensional weights. The objective function suggested
by De Amorim and Mirkin includes Minkowski metric instead of the effect of weights
only. Thus, Equation (2.7) was modified in their work to suit the applied metric; the

produced objective function is given

in Equation 2.16.
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The weights are updated also by incorporating Minkowiski metric formula to account
for the new weights, as provided in Equation 2.17.

1
M Yig-1)
M [Dyvp/Dupl

where,

B
Dy = T XLy pulxij — 215]

The author had extensively tested the version of their algorithm and compared it with
a number of other algorithms. In all presented cases in their work, the algorithm

provided superior performance.

Chitsaz and Jahromi had also proposed an idea for alleviating the effect of clustering
noise [63]. The authors proposed the use of fuzzy-based subspace clustering process
that incorporates a noise detection stage. Essentially, their study addressed clustering

outliers’ problem, which is a serious issue in sparse or high-dimensional data. In
addition, they also considered the quality of clustering interpretation within their
development. Accordingly, the authors modified the objective function of the classical

k-means as provided in Equation 2.18.

c 2
Jrssc-np = Xi=1 Z?’ﬂ uzl Z£=1 Wik(xjk - Vik) + Z?Izl 52(1 -

N u) " Ay X, DR wy Inwy, (2.18)

In this method, the weights are updated using the same scenario of Equation (2.12).
However, one more step is used for minimizing this objective function, which is the
updated centroids, as given in Equation 2.19.

_ T ulfx

Vi, =
o

(2.19)

The authors deployed different datasets, synthetic and real to benchmark their
algorithm. The algorithm, in most case, showed a better performance compared to
some soft subspace clustering algorithms such as entropy-based, LAC, FSC, FCM,
and NC.
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A very useful survey on soft subspace clustering algorithms is provided in the work of
Deng et al. [64]. The authors addressed a lot of classification aspects in their study.
They also categorized the methods based on their orientation, performance, flexibility,
etc. Most of the works within the past decade or so lay within enhancing available
method an attempting to overcome some of the drawbacks of the developed ideas.
However, some research attempts incorporated new research methodologies such as
particle swarm, which replaced the Minkowski metric, as given in Equation (2.16), by
the nature of particle swarms’ behavior [65]. More recently, the concept of semi-
supervised subspace clustering algorithms has emerged as a promising tool for
improving clustering behavior. Such methods deploy some selection methodology in
order to benefit from data attributes in reducing the density of sparse data. This process
creates a sort of semi-supervised learning scheme, which can be incorporated with

available algorithms to enhance the overall quality of the process [66].

In the most recent studies, authors have generally proposed incorporating a
different/number of stages to improve the outcomes of the soft subspace clustering of
sparse data; the works of Xu et al. [67] and Yang et al. [68] represent a good example
for this methodology. Xu et al. proposed integrating Enhanced Soft Subspace
Clustering (ESSC) and Sparse Learning (SL) to tackle any interpretability issues
caused by lengthy rules required for sparse datasets. The proposed deploys ESSC to
establish the antecedents and sparse subspaces needed for fuzzy rules. To minimize
the number of fuzzy rules parameters, the authors used SL as an optimization
maneuver. The authors used 10 different medical datasets to test the applicability of
the proposed method. It was found that in most cases their method performed slightly
better than other ESSC methods, which implies the possibility of further investigation
and usability [67]. In a similar way, Yang et al. applied a three-stage framework for
solving the dimensionality problem within certain subspaces. In their work, a specific
matrix, affinity matrix, was initially extracted from datasets using some representation
techniques, composing the first stage. In the second stage, the graph-based
transformation and optimization process was applied to the affinity matrix to reduce
erroneous clustering results. Finally, spectral clustering was performed on the refined
affinity matrix after the second stage to establish a set of subspaces. The authors had
tested their method on both synthetic and real datasets, mostly image-based samples
and prove the enhancement in a general sense [68].
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Bang et al. proposed a clustering algorithm called PUMA that deploys multi-attribute
weights for solving both high-dimensionality and inaccurate attributes’ weighting
problems. The authors proposed that the attribute subspaces are created initially by
measuring the co-occurrence probability of each attribute within all dimensions. Once
these subspaces are constructed, the algorithm composes the sub-clustering process
with respect to the constructed subspaces based on a parallel process considering each
computing node. Finally, the composed sub-clusters have to be iteratively merged
using a hierarchical clustering method, which measures various scale clusters to do
this process. In this work, both synthetic and real datasets were used for testing the
performance of the algorithm. The authors used a 24-node Hadoop cluster, which they
implemented for algorithm testing purpose. According to the produced outcomes,
PUMA performed much better than relevant algorithms for the same deployed dataset
[69].

2.5 Used Algorithms

In this study, five different algorithms have been used for clustering purpose. The first
one is classical k-means clustering method, which is not listed along with other
algorithms, as it is commonly used. The rest of the algorithms are used for providing

the semi-supervised nature for the clustering process.
2.5.1 Classical k-Means

k-means is a very popular clustering algorithm used in machine learning applications.
The algorithm is based on vector quantization to divide the data objects d into a certain
number of clusters C. To categorize d in their relevant class c, k-means the cluster ¢
with the nearest mean to d. In this research, the base-case where both subspace and
dimensionality reduction are set to null is realized by the classical k-means. Comparing
the outcomes of other algorithms, which deploy both subspace and dimensionality
reductions will provide means for the final judgment. The classical k-means applied in

this research follows the algorithm given in Table 2.1 [81].
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Table 2.1 Classical k-means algorithm

Input: k a number set for clusters
D a lifting ratio set

Output K clusters
1 Begin
2 Randomly select k objects from D to compose the

inital cluster centroids
3 do
4 create K clusters by assigning each object to the closest centroid

using the mean value of the objects in each cluster

5 update the cluster means
6 until no change
7 End

2.5.2 Infinite Feature Selection

Incorporating unsupervised soft subspace clustering procedure by feature selection
algorithm can also be done using Infinite Feature Selection (IFS) algorithm. This
algorithm was proposed by Roffo et al. [77]. Essentially, the algorithm seems suitable
for this research’s application as it focuses on the main dense features within the

dataset. The algorithm is provided in Table 2.2.

Table 2.2 IFS algorithm

Input: F={f®, __ ™)
[
Output $ energy scores, for each feature
1 Begin
2 fori = 1to N do begin
3 forj=1to N do begin
4 o;; = max(std(f @), std(f 1))
5 cij = 1— |Spearman(f®, f1) |
6 A(l,j) = aoi; + (1 — a)cy;
7 End
8 end
7 =%
10 S=U-r4A)"1-1
11 §=Se

12 return %
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22 End

2.5.3 Constraint Feature Selection

Constraint Feature Selection (CFS) algorithm is a training-based feature selection
algorithm that can be used for semi-supervised sparse data reduction, especially
combined with some soft subspace reduction technique [78]. The algorithm is given
in Table 2.3.

Table 2.3 CFS algorithm

Input: S(Fy, ..., Fy, €)
6
Output Shest
1 Dbegin
2 fori = 1to N do begin
3 calculate SU; . for F;
4 if (SU; . = 6)
5 append F; to Sj;s
6 end
7 order Sj;; in descending SU; . value
8 F, = getFirstElement(S;;)
9 do begin
10 F, = getNextElement(Sjs, Fy)
11 if(F, <> NULL)
12 Do begin
13 g =F
14 if (SUpq = SUqc)
15 remove F, from Sy;,
16 F, = getNextElement(S;s, F; )
17 else F, = getNextElement(S;;s, Fp)
18 end until (F; = NULL)
19 F, = getNextElement(S;s, F, )

20 end until (Fq = NULL)
21 Sbest = Sl’ist
22 end

2.5.4 ReliefF Selection Algorithm

ReliefF algorithm was developed by Kononenko [79] as a robust algorithm for

overcoming a number of issues such as noisy data presence. In this research, the
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speculation has been made that ReliefF may assist in improving the quality of
clustering outliers and noise effect reduction. The algorithm is not very complicated
and presents updates itself based on dimensional density, especially in sparse datasets.

The generic concept of ReliefF is presented as an algorithm in Table 2.4.

Table 2.4 ReliefF algorithm

Input: for all instances x; initiate
AC
Output W quality attributes vector
Begin
WJ[A] =0.0
fori = 1to N do begin
randomly pick an instance x;
find nearest neighbors of y;, k
forj=1toM do begin
if C; <> class(x;)
find k nearest M;(C;)

0O Ul WN

9 end

10 fori=1toN

11 g X_, diff (A4, x;, ¥:)

NK

P(0) YK, diff (A, x;, M;(C))
T = P(class(xi))] NK

C#class(x;)

22 End

2.5.5 Unsupervised Discriminative Feature Selection

The fifth and last deployed algorithm in this study is unsupervised Discriminative
Feature Selection (UDFS) which is proposed by Yang et al. [80]. This
algorithm can be used for semi-supervised clustering process. The algorithm is
claimed to be powerful in its performance, especially in high-dimensional data,
which requires a higher computation cost with many of the available

algorithms. The adopted algorithm used for UDFS is given in Table 2.5.

Table 2.5 UDFS algorithm

Input: Training set x;

Ly
Output optimized weights vector W
1 begin

3 fori=1to N dobegin
4 B = (XIXT + )"
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5 M; = SiHyy1BiHyq1ST
End

M :X<zn:Mi>XT

i=1
8 sett= 0and initialize D, € R**¢ as an identity matrix
9 do
11 Pt ES M + yDt

N O

12 W, = [pq, ..., pc] Where p, ..., p. are the eigenvectors of P,
corresponding to the first csmallest eigenvalues
13 Update the diagonal matrix D;,; as
1 1
|[2||th”2 |
Depr=| ¢ " ‘

. . i |
[ 2IIWtdIIzJ

14 t=t+1
22 until convergence
23 Sort each feature f;|L; according to ||w¢||,in descending order

and select the top — ranked ones.
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CHAPTER 3

METHODOLOGY

3.1 Datasets and Simulation Environment
3.1.1 Datasets

Four different datasets have been used in this study. The datasets are extracted from
the UCI Machine Learning Repository. The selection of the datasets is made in a way
that they should be somehow sparse and difficult to achieve the clustering process
using them. In fact, the selected datasets are not commonly used for clustering
applications; rather, they have often been deployed in classification applications. In
this case, it would be easy to evaluate the outcomes based on real datasets, which are

hard to cluster. The summary of the used datasets is provided in Table 3.1.
3.1.1.1 Fertility Dataset

This dataset was donated to the UCI Machine Learning Repository in 2013 by Gil and
Girela. The dataset is considered multivariate with 100 instances from 100 volunteers
provided human semen for sample analysis according to WHO 2010 criteria. These
100 instances are characterized by 10 attributes or features. The considered features

are as follow [70]:

Season: where the analysis took place along the four season of the year and different
weights were assigned for each season (Winter = -1; Spring = -0.33; Summer = 0.33;
Fall = 1).

Age: the age was recorded at the time of analysis and it was within the range 18 through

36. The weighted values assigned to these attributes are (0, 1).
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Childish Diseases: the availability of some of the early age diseases were considered
while taking the samples, such as chickenpox, measles, mumps, polio, etc. This feature
was characterized by either available (yes = 0) or not available (no = 1). Accident or
Serious Trauma: this feature refers to the availability of any traumatic or serious
accidents the volunteer have had. The availability is characterized by (yes = 0) and the
unavailability is characterized by (no = 1).

Surgical Intervention: this feature also refers to the availability of any surgical
intervention history. The availability is characterized by (yes = 0) and the

unavailability is characterized by (no = 1).

High Fever in the Last Year: this feature refers to the time of high fever incidents
within the year precedes sample acquisition time if any. There are three different
options characterizing this feature, namely less than three months (-1), more than three
months (0), and no (1).

Frequency of Alcohol Consumption: this feature is assigned five different options
ranging from (0, 1) as follows: 1) several times a day, 2) every day, 3) several times a

week, 4) once a week, and 5) hardly ever or never.

Smoking Habit: this feature is characterized by three options: never = -1, occasional
=0, and daily = 1.

Number of Hours Spent Sitting per Day: this feature characterizes the number of
hours spent sitting per day (in 16 hours) and the assigned weight to ranges from 0 to
1.

Output: this feature provides the diagnostic nature of the volunteer by either normal
(N) or altered (O).
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3.1.1.2 Immunotherapy Dataset

This dataset was donated to the UCI Machine Learning Repository by Khozeimeh and
Layegh in 2018. The dataset is related to the treatment of wart in 90 patients by
immunotherapy. The dataset is considered univariate and it’s composed of 8 features.

These features are as follows [71, 72]:

Response to Treatment: this feature describes the state of the patient in terms of
his/her response to treatment using the applied immunotherapy method. The assigned

values are Yes = 0 and No = 1.

Gender: this feature provides the gender of the patient which is characterized by Male
= 0 and Female = 1. All samples are composed of 41 Men and 49 Women.

Age: this feature provides the age range of patients; the range within this dataset is

from 15 through 56 years.

Time Elapsed before Treatment: this feature refers to the time preceding the
application of immunotherapy to the addressed patients in months. The options here

range from 0 through 12.

Number of Warts: this feature provides the total available warts on the body of the

patient, and it ranges from 1 through 19.

Types of Wart: this feature describes the types of available warts. There are three

types for the whole sample: 1-Common, 2-Plantar, and 3-Both.

Surface Area of the Warts: this feature provides the total surface area of available
warts in the whole body of every patient in mm?2. This feature weight ranges from 6

mm? through 900 mm?,

Induration Diameter or Initial Test: this feature provides the diameter, in mm, of
the induration of the wart at the beginning of the treatment using the immunotherapy.

The weight of the feature here ranges from 5 through 70 mms.
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3.1.1.3 Cryotherapy Dataset

This dataset was donated to the UCI Machine Learning Repository by Khozeimeh and
Layegh in 2018. The dataset is related to the treatment of wart in 90 patients by
cryotherapy. The dataset is considered univariate and it’s composed of 7 features; these
are same as those of immunotherapy ones except for the last feature “Induration

Diameter or Initial Test”, which is omitted for cryotherapy’s case [72, 73].
3.1.1.4 Wholesale Dataset

This dataset was donated to the UCI Machine Learning Repository by Cardoso in
2014. The dataset is related to the annual spending in Monetary Units (MU) for some
clients of a wholesale distributor. The dataset is multivariate with integer attributes

characteristics. The total number of features is 8, which are given as following [74]:
Fresh: this feature states the annual spending on fresh products by MU.

Milk: this feature states the annual spending on milk products by MU.

Grocery: this feature states the annual spending on grocery products by MU.
Frozen: this feature states the annual spending on frozen products by MU.

Detergents and Paper: this feature states the annual spending on detergents and paper

products by MU.

Channel: this feature describes the used channel by the client. The feature is

characterized by Horeca (Hotel/Restaurant/Cafe) or Retail channel, which is nominal.

Region: this feature provides information on the regional customers, which is also

nominal and considers Lisnon, Oporto or Other regions.
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Table 0.1 Summary of the used datasets

No. | Name Instances | Features | Features Field
# # Type

1 Fertility 100 10 Real Health
Science

2 Immunotherapy 90 8 Numeric Health
Science

3 Cryotherapy 90 7 Numeric Health
Science

4 Wholesale 440 8 Integer Business

3.1.2 Simulation Environment and Tool

The deployed simulation environment is Asus Notebook, Intel(R) Core (TM) i7, 64-
bit CPU @ 3.4 GHz and 16 GB RAM. The used simulation software is MATLAB

2018b, where all codes are developed and written using it.
3.1.3 Evaluation Procedure and Metrics

In this work, the term clusterability refers to the ability of the deployed algorithm to
properly cluster the dataset. This procedure is rather relative and it has different
evaluation metrics, depending on the application being used. In order to come with a
percentage outcome of the performance, the purity has been deployed as a metric for
the produced clusters. This metric provides a measure for the external clustering
quality (clusterability), which evaluates the internal clustering essence. Purity can be
best described as a metric for inspecting to what extent every cluster is containing a
unique class of data [75]. Assuming that the deployed algorithm is clustering the data
objects into a number of clusters M with the total number of data objects D, where
each formed m € M and each data object d € D, and at the same time these data objects

d € C (some data classes), the purity P can be calculated as [75]:
P = = Vmem maxceclm N c| (3.1)

Basically, the purity here is normalized and maximally can go up to 1.0, and it has

been deployed as a floored percentage to a convenient comparison.
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3.1.4 Experimental Setup

The used algorithms were all coded in MATLAB and a GUI was created for the
convenient loading. A simple preprocessing procedure was applied prior to clustering
the datasets by any algorithm. The aim of the preprocessing to alleviate any data
deviation by normalizing the numeric data points. Let a data point or object d is
available in the dataset, a map p is set to establish the normalization process, in the
range [0, 1], as follows [76]:

d= #‘“ﬁ(m (3.2)
No further preprocessing was applied in order to ensure the clarity of the judgment of
the deployed algorithms’ performance. In addition, time complexity, algorithm speed,
etc. were not quoted as metrics for the evaluation process, as the main purpose is not
getting involved with detailed algorithms’ analysis, rather, the judgment based on a

numerical performance outcome satisfies the needed objective.
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CHAPTER 4

RESULTS AND DISCUSSION

The presented algorithms have been implemented in MATLAB 2018b, and a useful
Graphical User Interface (GUI) incorporated both the output clustering view, datasets
loading and the performance of each algorithm. The developed GUI is shown in Figure
4.1. The designed GUI is very adaptable can accommodate any number of datasets. In
addition, it possible to incorporate more algorithms by rearranging the components of
the GUI. The datasets have been transformed into matrices and loaded to the same
MATLAB folder, where all codes reside. The selection of datasets is very
straightforward, where there is a list of all available datasets, and the user can choose
any of them by clicking on it to activate the choice. The results are represented by the
clusterability in a floored percentage displayed by analog gauges for each algorithm.
In addition, a view of each algorithm’s clustering processing is shown in 2-D plots for
each case. Counters for the number of data points in each main clusters have been
assigned for each algorithm. Finally, a summary for dataset details is given at the

center top of the GUI.
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Figure 4.1 Main view of the developed GUI

The obtained results from the fertility dataset are shown in Figure 4.2. It is clear from
the results that the ReliefF algorithm outperforms all other algorithms where its
clustering ability (measured by purity as given in Chapter 3) reaches 64%. Compared
to all algorithms, k-means has the lowest performs, which proves that, in many cases,
the classical k-means is an inadequate clustering tool when the dimensionality of a

matter of concern.

The same procedure has been applied to the Immunotherapy dataset and the obtained
results are shown in Figure 4.3. Interestingly, the performances of all algorithms,
except UDFS, are 44%. This is mainly due to the essence of the data samples’
distribution within the dataset.

Analyzing the third dataset, Cryotherapy dataset produces the best performance by
ReliefF, where the clustering ability reaches 76%. In addition, IFS produces a
considerable result, in this case, 69%, compared to other algorithms. While the
performance of the k-means algorithm remains below 50%, as in the previous datasets.

The detailed results are shown in Figure 4.4.
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Figure 4.2 Clustering results of the fertility dataset
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Figure 4.3 Clustering results of the Immunotherapy dataset
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Figure 4.4 Clustering results of the Cryotherapy dataset

The last used dataset, Wholesale dataset, is considered one of the hardest due to the
distribution of data samples as well as the number of data points. The best clustering
performance is achieved by the CFS algorithm, which is 55%, and a very close
performance has been achieved by the ReliefF algorithm, which is 53%. Although
these results are not considered high in terms of clustering studies. However, using
such datasets, this performance is considered a very good improvement for k-means.
This is obviously clear from the obtained results by classical k-means, which is 3% or
in other sense, approaching zero. To summarize all produced results, Table 4.1
provides the analysis details for the used datasets and clustering algorithms. The best

performance is highlighted by the bold font for the recognition purpose.
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Figure 4.5 Clustering results of the Wholesale dataset

Table 4.1 Summary of algorithms’ performances using selected datasets

Algorithm | k-means CFS IFS ReliefF UDFS
Dataset
Fertility 34 50 59 64 52
Immunotherapy | 44 44 44 44 29
Cryotherapy 49 59 69 76 53
Wholesale 3 55 3 53 32
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CHAPTER 5

CONCLUSION AND FUTURE WORK

This study has presented an investigation of subspace clustering for sparse data, where
classical clustering methods are neither convenient nor efficient. The issue of using
classical clustering methods, such as k-means, has been demonstrated in both
theoretical and practical ways. Even though there are two main methods for improving
classical clustering methods’ performance in high-dimensional data clustering, it was
decided to proceed with soft subspace clustering, as it is one of the promising
mechanisms, which have been extensively investigated. Among the many methods
applied in soft subspace reduction, four different algorithms where chosen based on
their mechanism orientation to be incorporated to k-means for improving its
performance. A developed GUI, using MATLAB 2018b, was used to evaluate the
performance of the selected algorithms. The evaluation was based on real four datasets,
which are uneasy to cluster, retrieved from the UCI Machine Learning Repository.
Generally, the algorithms could perform better than k-means in all cases, except for
one case due to the nature of the dataset, which proves that it is possible to improve
the performance of the classical clustering using soft subspace dimensionality

reduction, even for unusual datasets.

The tested algorithms have also shown that, in most cases, ReliefF algorithm could
achieve the best outcomes, even though it was not close to optimal. The main issue
with not achieving high results is the nature of the dataset, as the main aim was not
guided towards producing an optimal solution; rather, it was aimed at enhancing the
performance of k-means by incorporating these algorithms. Essentially, this aim has
been achieved, and generally, above 50% improvement of the performance of k-means

has been recorded.
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One of the main limitations of this study is the lack of extensive testing results for
different datasets, especially for clustering purpose. In fact, this can be a direction for
a future study where the deployed algorithms can be tested using different synthesized
and real datasets suitable for clustering purpose. In addition, the selection of algorithms
can also be changed or more algorithms can be added for further classification purpose.
It is also possible, for future studies, to deploy different levels of soft subspace
dimensionality reduction techniques and investigate both the performance and running
time. Moreover, recent trends in machine learning, such as deep-learning, swarming

behavior as well as kernels can be deployed for exploring better clustering results.
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APPENDEX

classdef gui < matlab.apps.AppBase

% app components properties
properties (Access = public)

al matlab.ui.control.UIAxes
a2 matlab.ui.control.UIAxes
a3 matlab.ui.control.UIAxes
a4 matlab.ui.control.UIAxes
ab matlab.ui.control.UIAxes
1bl21 matlab.ui.control.Label
1bl22 matlab.ui.control.Label
1b131 matlab.ui.control.Label
1b132 matlab.ui.control.Label
1bl41 matlab.ui.control.Label
1bl42 matlab.ui.control.Label
1bl51 matlab.ui.control.Label
1b152 matlab.ui.control.Label
UIFigure matlab.ui.Figure
StartButton matlab.ui.control.Button
kmeansLabel matlab.ui.control.Label
gl matlab.ui.control.Gauge
CFSLabel matlab.ui.control.Label
g2 matlab.ui.control.Gauge
IFSLabel matlab.ui.control.Label
g3 matlab.ui.control.Gauge
ReliefFLabel matlab.ui.control.Label
g4 matlab.ui.control.Gauge
UDFSLabel matlab.ui.control.Label
gb matlab.ui.control.Gauge
11 matlab.ui.control.Label
12 matlab.ui.control.Label
13 matlab.ui.control.Label
14 matlab.ui.control.Label
15 matlab.ui.control.Label
aaaa matlab.ui.control.Label
11 3 matlab.ui.control.Label
11 4 matlab.ui.control.Label
ul matlab.ui.control.Label
u2 matlab.ui.control.Label
u3 matlab.ui.control.Label
11 8 matlab.ui.control.Label
11 9 matlab.ui.control.Label
11 10 matlab.ui.control.L
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11 11 matlab.ui.control.
11 12 matlab.ui.
11 13 matlab.ui.
11 14 matlab.ui.
11 15 matlab.ui.
11 16 matlab.ui.
11 17 matlab.ui.
1blll matlab.ui.
1bl1l2 matlab.ui.

DataSetsListBoxLabel matlab.ui.
DataSetsListBox matlab.ui.

end

properties (Access = public)

Yr

v2;
v3;
vé;

Description

deger;

end

methods

(Access = public)

function main (app)

al="Fertility';

Label

control.
control.
control.
control.
control.
control.
control.
control.

control.
control.

al=convertCharsToStrings (al) ;

a2="'Immunotherapy';

a2=convertCharsToStrings (a2);

a3='Cryotherapy';

a3=convertCharsToStrings (a3) ;

ad="'Wholesale';

ad=convertCharsToStrings (ad) ;

$dizi=rand (100, 2);

Label
Label
Label
Label
Label
Label
Label
Label

Label
ListBox

plot (app.al,dizi(:,1:1),dizi(:,2:2),"'*g");

app.y=load('veri vl.mat');
app.y2=load('veri v2.mat'")
app.y3=load('veri v3.mat'");
app.y4=load('veri v4.mat")

f=app.deger;

if size(f,1)==

a=al;

else
a=convertCharsToStrings (f) ;
end

X=app.y.veri vl;

X2=app.y2.veri v2;
X3=app.y3.veri v3;
X4=app.yd.veri v4;
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if a==al
app.ul.Text=cellstr (sprintf ('100"));
app.u2.Text=cellstr (sprintf ('88"));
app.u3.Text=cellstr (sprintf ('12"));
veri=[X(:,6:8) X(:,10:11)1;
[dogru, cl, c2]=kmeans (veri, 400);
app.gl.Value=dogru;
app.ll.Text=cellstr (sprintf (' %.f

app.l1blll.Text=cellstr (sprintf (' %d

app.lbll2.Text=cellstr (sprintf (' %d
",size(cl,1)));

ax = app.al;
s = surf(ax,cl(:,2:4));
zoom(ax, 'on'")

cfsgelen=cfs(X(:,1:9));

veri=[X(:,cfsgelen(7) :cfsgelen (7))
X(:,cfsgelen(8) :cfsgelen(8)) X(:,cfsgelen(9):cfsgelen(9))
X(:,10:11)];

[dogru, cl,c2]=kmeans (veri, 400) ;

app.g2.Value=dogru;

app.l2.Text=cellstr (sprintf (' %.f

app.1bl21.Text=cellstr (sprintf (' %d

app.lbl22.Text=cellstr (sprintf (' %d
"ysize(cz2,1)));

ax = app.a2;
s = surf(ax,cl(:,1:3));
zoom(ax, 'on'")

IIcfsgelen=11lcfs(X(:,1:9));

veri=[X(:,IIcfsgelen(l):IIcfsgelen(l))
X(:,IIcfsgelen(2) :IIcfsgelen(2))
X(:,IIcfsgelen(3):IIcfsgelen(3)) X(:,10:11)1];

[dogru, cl,c2]=kmeans (veri, 400);

app.g3.Value=dogru;

app.l3.Text=cellstr (sprintf (' %.f

app.lbl31l.Text=cellstr (sprintf (' %d

app.lbl32.Text=cellstr (sprintf (' %d
"ysize(cl,1)));

ax = app.a3;
s = surf(ax,cl(:,1:3));

zoom(ax, 'on')
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gelenreliefF=reliefF(X(:,1:9),X(:,10:10),3);

veri=[X(:,gelenreliefF (1) :gelenreliefF (1))
X(:,gelenreliefF (2) :gelenreliefF (2))
X(:,gelenreliefF (3) :gelenreliefF (3)) X(:,10:11)1];

%% ',dogru));
",size(c2,1)));

'ysize(cl,1)));

[dogru, cl,c2]=kmeans (veri, 400) ;
app.g4.Value=dogru;
app.l4.Text=cellstr(sprintf (' %.f

app.lbl4l.Text=cellstr (sprintf (' %d
app.lbl42.Text=cellstr (sprintf (' %d
ax = app.a4;

s = surf(ax,cl(:,1:3));

zoom(ax, 'on')

udfsgelen=UDFS (X (:,1:9),2);
veri=[X(:,udfsgelen (7) :udfsgelen (7))

X (:,udfsgelen (8) :udfsgelen(8))
X (:,udfsgelen(9) :udfsgelen(9)) X(:,10:11)1];

%%',dogru)) ;
'ysize(c2,1)));

'ysize(cl,1)));

[dogru,cl,c2]=kmeans (veri, 400) ;
app.g5.Value=dogru;
app.l15.Text=cellstr(sprintf (' %.f

app.lbl51.Text=cellstr (sprintf (' %d
app.lbl52.Text=cellstr (sprintf (' %d
ax = app.ab;

s = surf(ax,cl(:,1:3));
zoom(ax, 'on')

elseif a==a?2

%%',dogru)) ;

',ysize(c2,1)));

app.ul.Text=cellstr (sprintf ('90"));
app.u2.Text=cellstr (sprintf ('71"));
app.u3.Text=cellstr (sprintf ('19"));

veri=[X2(:,5:7) X2(:,8:9)1;

[dogru, cl,c2]=kmeans (veri, 20);
app.gl.Value=dogru*100/size (veri,1);
app.ll.Text=cellstr (sprintf (' %.f

app.lblll.Text=cellstr (sprintf (' %d
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'ysize(cl,1)));

app.lbll2.Text=cellstr (sprintf (' %d

ax = app.al;
s = surf(ax,cl(:,2:4));
zoom(ax, 'on'")

cfsgelen=cfs (X2 (:,1:7));
veri=[X2 (:,cfsgelen(5) :cfsgelen(5))

X2 (:,cfsgelen(6) :cfsgelen(6))
X2 (:,cfsgelen(7) :cfsgelen(7)) X2(:,8:9)];

$%',dogru) ) ;
'ysize(c2,1)));

',ysize(cl,1)));

[dogru, cl,c2]=kmeans (veri, 20) ;
app.g2.Value=dogru*100/size (veri, 1);
app.l2.Text=cellstr (sprintf (' %.f

app.lbl21.Text=cellstr (sprintf (' %d

app.1bl22.Text=cellstr (sprintf (' %d

ax = app.az2;

s = surf(ax,cl(:,1:3));

zoom(ax, 'on')
ITIcfsgelen=11cfs(X2(:,1:7));
veri=[X2(:,IIcfsgelen(l) :IIcfsgelen(l))

X2 (:,IIcfsgelen(2):IIcfsgelen(2))
X2 (:,IIcfsgelen(3):IIcfsgelen(3)) X2(:,8:9)1;

%%',dogru)) ;
'ysize(cl,1)));

',size(c2,1)));

[dogru, cl,c2]=kmeans (veri, 20);
app.g3.Value=dogru*100/size (veri, 1) ;
app.l3.Text=cellstr (sprintf (' %.f

app.lbl31l.Text=cellstr (sprintf (' %d
app.lbl32.Text=cellstr (sprintf (' %d
ax = app.a3;

s = surf(ax,cl(:,1:3));
zoom(ax, 'on'")

gelenreliefF=reliefF(X2(:,1:7),X2(:,8:8),3);

veri=[X2 (:,gelenreliefF (1) :gelenreliefF (1))
X2 (:,gelenreliefF (2) :gelenreliefF (2))
X2 (:,gelenreliefF (3) :gelenreliefF (3)) X2(:,8:9)1;

%%',dogru)) ;

[dogru, cl,c2]=kmeans (veri, 20);
app.gd.vValue=dogru*100/size (veri, 1) ;
app.ld.Text=cellstr (sprintf (' %.f

60



app.lbl4l.Text=cellstr (sprintf (' %d
',size(cl,1)));

app.lbl42.Text=cellstr (sprintf (' %d
'ysize(c2,1)));

ax = app.a4;
s = surf(ax,cl(:,1:3));
zoom(ax, 'on')

udfsgelen=UDFS(X2(:,1:7),2);

veri=[X2 (:,udfsgelen (5) :udfsgelen(5))
X2 (:,udfsgelen (6) :udfsgelen(6))
X2 (:,udfsgelen(7) :udfsgelen (7)) X2(:,8:9)1;

[dogru, cl,c2]=kmeans (veri, 20);

app.gb.Value=dogru*100/size (veri, 1) ;

app.l15.Text=cellstr (sprintf (' %.f
$%',dogru)) ;

app.lbl5l.Text=cellstr (sprintf (' %d
',size(cl,1)));

app.lbl52.Text=cellstr (sprintf (' %d
',size(c2,1)));

ax = app.ab;
s = surf(ax,cl(:,1:3));
zoom(ax, 'on')

elselif a==a3

app.ul.Text=cellstr (sprintf ('90"));
app.u2.Text=cellstr (sprintf ('52"));
app.u3.Text=cellstr (sprintf ('38"));

veri=[X3(:,1:3) X3(:,7:8)1;

[dogru, cl,c2]=kmeans (veri, 20);

app.gl.Value=dogru*100/size (veri,1);

app.ll.Text=cellstr (sprintf (' %.f
%%',dogru)) ;

app.lblll.Text=cellstr (sprintf (' %d
"ysize(c2,1)));

app.lbll2.Text=cellstr (sprintf (' %d
',size(cl,1)));

ax = app.al;
s = surf(ax,cl(:,1:3));
zoom (ax, 'on')

cfsgelen=cfs (X3 (:,1:6));
veri=[X3(:,cfsgelen(4) :cfsgelen (4))
X3 (:,cfsgelen(5) :cfsgelen (b))
X3 (:,cfsgelen(6) :cfsgelen(6)) X3(:,7:8)];
[dogru, cl,c2]=kmeans (veri, 20);

61



app.g2.Value=dogru*100/size (veri, 1) ;

[e]

app.l2.Text=cellstr (sprintf (' %.f

app.lbl21.Text=cellstr (sprintf (' %d
',size(cl,1)));

app.1lbl22.Text=cellstr (sprintf (' %d
'ysize(c2,1)));

ax = app.a2;
s = surf(ax,cl(:,1:3));
zoom (ax, 'on'")

IIcfsgelen=11cfs(X3(:,1:6));

veri=[X3(:,IIcfsgelen(l) :IIcfsgelen(l))
X3(:,IIcfsgelen(2):IIcfsgelen(2))
X3(:,IIcfsgelen(3):IIcfsgelen(3)) X3(:,7:8)1;

[dogru, cl, c2]=kmeans (veri, 20);

app.g3.Value=dogru*100/size (veri, 1) ;

app.l3.Text=cellstr (sprintf (' %.f
$%',dogru) ) ;

app.1bl31l.Text=cellstr (sprintf (' %d
'ysize(c2,1)));

app.1bl32.Text=cellstr (sprintf (' %d
',size(cl,1)));

ax = app.a3;
s = surf(ax,cl(:,1:3));
zoom(ax, 'on'")

gelenreliefF=reliefF(X3(:,1:6),X2(:,7:7),3);

veri=[X3(:,gelenreliefF (1) :gelenreliefF (1))

X3 (:,gelenreliefF (2) :gelenreliefF (2))

X3 (:,gelenreliefF (3) :gelenreliefF (3)) X3(:,7:8)];
[dogru, cl,c2]=kmeans (veri, 20);
app.g4.Value=dogru*100/size (veri, 1) ;
app.ld.Text=cellstr (sprintf (' %.f

%%',dogru)) ;
app.lbl4dl.Text=cellstr (sprintf (' %d

'ysize(cl,1)));
app.1bl42.Text=cellstr (sprintf (' %d

'ysize(c2,1)));

ax = app.a4;
s = surf(ax,cl(:,1:3));

zoom (ax, 'on')

udfsgelen=UDFS(X3(:,1:6),2);
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veri=[X3 (:,udfsgelen (4) :udfsgelen(4))
X3 (:,udfsgelen(b) :udfsgelen (5))
X3 (:,udfsgelen (6) :udfsgelen(6)) X3(:,7:8)1;

[dogru, cl,c2]=kmeans (veri, 20);

app.g5.Value=dogru*100/size (veri, 1) ;

app.l5.Text=cellstr (sprintf (' %.f
$%',dogru)) ;

app.l1bl51.Text=cellstr (sprintf (' %d
',size(cl,1)));

app.1bl52.Text=cellstr (sprintf (' %d
',size(c2,1)));

ax = app.ab;
s = surf(ax,cl(:,1:3));
zoom(ax, 'on')

elseif a==a4
app.ul.Text=cellstr (sprintf ('440"'));
app.u2.Text=cellstr (sprintf ('298"'));
app.uld.Text=cellstr (sprintf ('142"));

cfsgelen=cfs (X4 (:,1:7));
veri=[X4 (:,cfsgelen(l) :cfsgelen(l))

X4 (:,cfsgelen(2) :cfsgelen(2))

X4 (:,cfsgelen(3) :cfsgelen(3)) X4(:,8:9)];
[dogru,cl,c2]=kmeans (veri, 500) ;
app.gl.Value=dogru*100/size (veri, 1) ;
app.ll.Text=cellstr(sprintf (' %.f

%%',dogru*100/size (veri,1)));
app.lblll.Text=cellstr (sprintf (' %d

',size(c2,1)));
app.lbll2.Text=cellstr (sprintf (' %d

',size(cl,1)));

ax = app.al;
s = surf(ax,cl(:,1:3));
zoom(ax, 'on')

cfsgelen=cfs(X4(:,1:7));
veri=[X4 (:,cfsgelen(5) :cfsgelen (5))
X4 (:,cfsgelen(6) :cfsgelen(6))
X4 (:,cfsgelen(7) :cfsgelen(7)) X4(:,8:9)];
size(veri, 1)
[dogru, cl,c2]=kmeans (veri, 400);
app.g2.Value=dogru*100/size (veri, 1) ;
app.l2.Text=cellstr (sprintf (' %.f
%%',dogru*100/size (veri,1)));
app.l1lbl21.Text=cellstr (sprintf (' %d
"ysize(c2,1)));
app.lbl22.Text=cellstr (sprintf (' %d
",size(cl,1)));
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ax = app.az2;
s = surf(ax,cl(:,1:3));
zoom(ax, 'on'")

ITcfsgelen=1lcfs (X4 (:,1:7));
veri=[X4(:,IIcfsgelen(l) :IIcfsgelen(l))

X4 (:,IIcfsgelen(2):IIcfsgelen(2))

X4 (:,IIcfsgelen(3):IIcfsgelen(3)) X4(:,8:9)1;
[dogru, cl,c2]=kmeans (veri, 400) ;
app.g3.Value=dogru*100/size (veri, 1);
app.l13.Text=cellstr (sprintf (' %.f

%%',dogru*100/size (veri,1)));
app.lbl3l.Text=cellstr (sprintf (' %d

',size(cl,1)));
app.lbl32.Text=cellstr (sprintf (' %d

'ysize(c2,1)));

ax = app.as3;
s = surf(ax,cl(:,1:3));
zoom(ax, 'on')

gelenreliefF=reliefF(X3(:,1:7),X2(:,8:8),3);

veri=[X4 (:,gelenreliefF (1) :gelenreliefF (1))

X4 (:,gelenreliefF (2) :gelenreliefF (2))

X4 (:,gelenreliefF (3) :gelenreliefF(3)) X4(:,8:9)];
[dogru, cl,c2]=kmeans (veri, 400) ;
app.g4.Value=dogru*100/size (veri, 1) ;
app.ld.Text=cellstr (sprintf (' %.f

%%',dogru*100/size (veri,1)));
app.lbldl.Text=cellstr (sprintf (' %d

"ysize(c2,1)));
app.lbl42.Text=cellstr (sprintf (' %d

"ysize(cl,1)));

ax = app.aé;
s = surf(ax,cl(:,1:3));
zoom (ax, 'on')

udfsgelen=UDFS (X4 (:,1:7),2);
veri=[X4 (:,udfsgelen (5) :udfsgelen(5))
X4 (:,udfsgelen (6) :udfsgelen(6))
X4 (:,udfsgelen(7) :udfsgelen(7)) X4(:,8:9)];
[dogru, cl,c2]=kmeans (veri, 400);
app.g5.Value=dogru*100/size (veri, 1) ;
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app.l5.Text=cellstr (sprintf (' %.f
$%',dogru*100/size (veri, 1)));
app.lbl51.Text=cellstr (sprintf (' %d

'ysize(cl,1)));
app.1bl52.Text=cellstr (sprintf (' %d
'ysize(c2,1)));
ax = app.ab;
s = surf(ax,cl(:,1:3));
zoom (ax, 'on'")
end
end
end

methods (Access = private)
% Code that executes after component creation
function startupFcn (app)

end

% Button pushed function: StartButton

function StartButtonPushed (app, event)
main (app) ;

end

% Value changed function: DataSetsListBox

function DataSetsListBoxValueChanged (app, event)
value = app.DataSetsListBox.Value;
app.deger=value;

end
end
% App initialization and construction
methods (Access = private)

% Create UIFigure and components
function createComponents (app)
% Create UIFigure
app.UIlFigure = uifigure;
app.UIFigure.Position = [225 150 730 475];
app.UIFigure.Name = 'UI Figure';
% Create StartButton
app.StartButton = uibutton (app.UIFigure,
'push');
app.StartButton.ButtonPushedFcn =
createCallbackFcn (app, @StartButtonPushed, true);
app.StartButton.Position = [592 417 125 47];
app.StartButton.Text = 'Start';
% Create kmeansLabel
app.kmeansLabel = uilabel (app.UIFigure) ;
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'center';

'center';

22];

app.kmeanslLabel.HorizontalAlignment =

app.kmeansLabel.VerticalAlignment = 'top';
app.kmeansLabel.Position = [60 112 52 22];
app.kmeanslLabel.Text = {'k-means'; ''};

)

% Create gl

app.gl = uigauge (app.UIFigure, 'circular');
app.gl.Position = [44 149 84 84];

% Create CFSLabel

app.CFSLabel = uilabel (app.UIFigure);

app.CFSLabel.HorizontalAlignment = 'center';
app.CFSLabel.VerticalAlignment = 'top';
app.CFSLabel.Position = [220 115 29 15];
app.CFSLabel.Text = 'CEFS';

[

% Create g2

app.g2 = uigauge (app.UIFigure, 'circular');
app.g2.Position = [192 145 84 84];

% Create IFSLabel

app.IlFSLabel = uilabel (app.UIFigure) ;

app.IFSLabel.HorizontalAlignment = 'center';
app.IFSLabel.VerticalAlignment = 'top';
app.IFSLabel.Position = [361 108 35 22];
app.IFSLabel.Text = '"IFS';

o)

% Create g3

app.g3 = uigauge (app.UIFigure, 'circular');
app.g3.Position = [336 145 84 84];

% Create ReliefFLabel

app.ReliefFLabel = uilabel (app.UIFigure) ;
app.ReliefFLabel .HorizontalAlignment =

app.ReliefFLabel.VerticalAlignment = 'top';
app.ReliefFLabel.Position = [500.5 112 44
app.ReliefFLabel.Text = 'ReliefF';

% Create g4

app.g4 = uigauge (app.UIFigure, 'circular');
app.g4.Position = [480 149 84 84];

% Create UDFSLabel

app.UDFSLabel = uilabel (app.UIFigure);

app.UDFSLabel .HorizontalAlignment = 'center';
app.UDFSLabel.VerticalAlignment = 'top';
app.UDFSLabel.Position = [648 119 38 15];
app.UDFSLabel .Text = 'UDFS';

Q

% Create gb

app.g5 = uigauge (app.UIFigure, 'circular');
app.gb5.Position = [625 149 84 84];

% Create 11

app.ll = uilabel (app.UIFigure) ;

app.ll.VerticalAlignment = 'top';
app.ll.Position = [63 98 80 15];
app.ll.Text = '--=";
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Cluster:';

Cluster:';

[

% Create
app.l12 =

app.l2.VerticalAlignment =
app.l2.Position =

12

uilabel (app.UIlFigure) ;
ltopl;
[223 98 86 15];

app°l2.TeXt = '___l;

)

s Create
app.13 =

app.l3.VerticalAlignment =
app.l3.Position =

13

uilabel (app.UIFigure) ;
ltopl;
[363 98 78 15];

app~l3.TeXt = '___l;
% Create 14
app.l4 = uilabel (app.UIFigure) ;

app.l4.VerticalAlignment =
app.l4.Position =

ltopl;
[506 98 79 15];

app.l4.Text = '--=-";

% Create 15

app.1l5 = uilabel (app.UIFigure) ;
app.l5.VerticalAlignment = 'top';
app.l5.Position = [652 98 79 15];
app.l15.Text = "'--=-";

% Create aaaa

app.aaaa = uilabel (app.UIFigure) ;
app.aaaa.VerticalAlignment = 'top';
app.aaaa.Position = [373 433 62 15];
app.aaaa.Text = 'Total Data:';

5 Create 11 3

app.ll 3 = uilabel (app.UIFigure) ;
app.ll 3.VerticalAlignment = 'top';
app.ll 3.Position = [285 402 157 22];
app.ll 3.Text = 'Data Count in First
% Create 11 4

app.1ll 4 = uilabel (app.UIFigure) ;
app.ll 4.VerticalAlignment = 'top';
app.ll 4.Position = [271 377 172 22];
app.ll 4.Text = 'Data Count in Second
% Create ul

app.ul = uilabel (app.UIFigure) ;

app.ul.VerticalAlignment =
app.ul.Position =

"top';
[441 433 62 15];

app.ul.Text = '--';
% Create u2
app.u2 = uilabel (app.UIFigure) ;

app.u2.VerticalAlignment =
app.u2.Position =

ltopl;
[442 409 62 15];

app.u2.Text = '--";
% Create u3
app.u3 = uilabel (app.UIFigure) ;

app.u3.VerticalAlignment =
app.u3.Position =

ltopl;
(442 384 62 15];
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app.u3.Text = '--";

% Create 11 8

app.ll 8 = uilabel (app.UIFigure) ;
app.ll 8.VerticalAlignment = 'top';
app.ll 8.Position = [22 57 80 15];
app.ll 8.Text = 'First Cluster:';

% Create 11 9

app.ll 9 = uilabel (app.UIFigure) ;
app.ll 9.VerticalAlignment = 'top';
app.ll 9.Position = [8 36 92 15];
app.1ll 9.Text = 'Second Cluster:';

5 Create 11 10

app.ll 10 = uilabel (app.UIFigure);
app.ll 10.VerticalAlignment = 'top';
app.ll 10.Position = [170 57 80 15];
app.1l1l 10.Text = 'First Cluster:';

% Create 11 11

app.ll 11 = uilabel (app.UIFigure) ;
app.ll 11l.VerticalAlignment = 'top';
app.ll 11.Position = [156 36 92 15];
app.ll 11.Text = 'Second Cluster:';
% Create 11 12

app.ll 12 = uilabel (app.UIFigure);
app.ll 12.VerticalAlignment = 'top';
app.ll 12.Position = [316 57 80 15];
app.1l1l 12.Text = 'First Cluster:';

% Create 11 13

app.1ll 13 = uilabel (app.UIFigure);
app.ll 13.VerticalAlignment = 'top';
app.ll 13.Position = [302 36 92 15];
app.ll 13.Text = 'Second Cluster:';
% Create 11 14

app.ll 14 = uilabel (app.UIFigure) ;
app.ll 14.VerticalAlignment = 'top';
app.ll 14.Position = [452 57 80 15];
app.l1l 14.Text = 'First Cluster:';

% Create 11 15

app.ll 15 = uilabel (app.UIFigure) ;
app.ll 15.VerticalAlignment = 'top';
app.ll 15.Position = [438 36 92 15];
app.ll 15.Text = 'Second Cluster:';
5 Create 11 16

app.ll 16 = uilabel (app.UIFigure);
app.ll 16.VerticalAlignment = 'top';
app.ll 16.Position = [597 57 80 15];
app.ll 16.Text = 'First Cluster:';

% Create 11 17

app.ll 17 = uilabel (app.UIFigure);
app.ll 17.VerticalAlignment = 'top';
app.ll 17.Position = [583 36 92 15];
app.1l1 17.Text = 'Second Cluster:';
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% Create 1blll
app.1blll = uilabel (app.UIFigure) ;

app.lblll.VerticalAlignment = 'top';
app.lblll.Position = [95 57 50 15];
app.lblll.Text = "'--";

% Create 1bll2
app.1lbll2 = uilabel (app.UIFigure) ;

app.lbll2.VerticalAlignment = 'top';
app.lbll2.Position = [97 36 50 15];
app.lbll2.Text = "'--";

% Create 1bl21
app.1lbl21 = uilabel (app.UIFigure) ;

app.lbl2l.VerticalAlignment = 'top';
app.lbl21.Position = [243 57 50 15];
app.1lbl21.Text = "'—-=-";

% Create 1bl22
app.1lbl22 = uilabel (app.UIFigure) ;

app.1bl22.VerticalAlignment = 'top';
app.1bl22.Position = [245 36 50 15];
app.1lbl22.Text = "'-=-";

% Create 1bl131
app.1bl31 = uilabel (app.UIlFigure) ;

app.1lbl3l.VerticalAlignment = 'top';
app.l1bl31.Position = [387 57 50 15];
app.lbl31l.Text = "-=";

% Create 1bl32
app.1bl132 = uilabel (app.UIlFigure) ;

app.1bl32.VerticalAlignment = 'top';
app.1lbl32.Position = [389 36 50 15];
app.lbl32.Text = "'--";

% Create 1bl41l
app.l1lbl4l = uilabel (app.UIFigure) ;

app.lbl4l.VerticalAlignment = 'top';
app.lbl4l.Position = [523 57 50 15];
app.lbldl.Text = "'--";

% Create 1bl4d2
app.1lbl42 = uilabel (app.UIFigure) ;

app.l1bl42.VerticalAlignment = 'top';
app.1lbl42.Position = [525 36 50 15];
app.1lbl42.Text = "'--";

% Create 1blb51
app.lbl51 = uilabel (app.UIFigure) ;

app.lbl51.VerticalAlignment = 'top';
app.lbl51.Position = [667 57 50 15];
app.lbl51.Text = '--"';

% Create 1bl52
app.lbl52 = uilabel (app.UIFigure);

app.1bl52.VerticalAlignment = 'top';
app.lbl52.Position = [669 36 50 15];
app.lbl52.Text = "'--";

[

% Create al
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app.al = uiaxes (app.UIFigure);
title(app.al, 'KMeans')

app.al.Position = [12 248 133 118];
% Create a2

app.a2 = uiaxes(app.UIFigure);
title(app.a2, 'CFS'")

app.a2.Position = [156 248 133 118];
% Create a3

app.a3 = uiaxes (app.UIFigure);

title(app.a3, 'IFS'")
app.a3.Position = [302 248 133 118];
% Create a4
app.ad4 = uiaxes(app.UIFigure);
title (app.a4, 'ReliefF'")
app.ad4.Position = [448 248 133 118];
% Create ab
app.ab5 = uiaxes (app.UIFigure);
title (app.ab, 'UDFS'")
app.ab.Position = [584 248 133 118];
% Create DataSetsListBoxLabel
app.DataSetsListBoxLabel =
uilabel (app.UIFigure) ;

app.DataSetsListBoxLabel.HorizontalAlignment

= 'right';

app.DataSetsListBoxLabel.VerticalAlignment =
’top".

app.DataSetsListBoxLabel.Position = [27 441
58 15];

app.DataSetsListBoxLabel.Text = 'Data Sets';

% Create DataSetsListBox
app.DataSetsListBox =
uilistbox (app.UIFigure) ;
app.DataSetsListBox.Items = {'Fertility',
'Immunotherapy', 'Cryotherapy', 'Wholesale'};
app.DataSetsListBox.ValueChangedFcn =
createCallbackFcn (app, @DataSetsListBoxValueChanged,
true);
app.DataSetsListBox.Position = [100 384 144
747 ;
app.DataSetsListBox.Value = 'Fertility';
end
end
methods (Access = public)
% Construct app
function app = gui
% Create and configure components
createComponents (app)
% Register the app with App Designer
registerApp (app, app.UIFigure)

% Execute the startup function
runStartupFcn (app, @startupFcn)
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if nargout ==
clear app
end
end

Qo

o

s Code that executes before app deletion
function delete (app)
% Delete UIFigure when app is deleted
delete (app.UIFigure)
end
end
end
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