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Abstract

Cancer has become a major adversary to human health and the development
and enhancement of techniques for use in its diagnosis and treatment have
quickly become a focus of worldwide research. In recent years, Fourier
transform infrared (FTIR) spectroscopy has been increasingly applied to the
study of biomedical conditions and is becoming a powerful tool for
determining the biochemical composition within a biological system. In order
to analyse the FTIR spectroscopic data from tissue samples, multivariate
clustering techniques have often been used to separate sets of unlabelled
infrared spectral data into different clusters based on their characteristics. The
purpose of clustering is to group the spectral data such that the data in the
same cluster are as similar as possible and data within different clusters are as
dissimilar as possible. Hence, different types of cells can be separated within
biological tissue. Among existing clustering techniques, it has been shown
that fuzzy clustering techniques such as fuzzy c-means can have clear
advantages over crisp and probabilistic clustering methods, and have been
widely used in medical diagnosis and pattern recognition. In this Chapter, we
summarise the fuzzy clustering techniques which we have developed and
successfully applied to the identification of cancer cells using FTIR
spectroscopy in a selection of tissue samples which have kindly been
provided by Derby General Hospital and Gloucestershire Royal Hospital,
England, UK.
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1 Introduction

As a major human health concern, cancer has become a focus for worldwide research.
In Britain, more than one in three people will be diagnosed with cancer during their
lifetime and one in four will die from the disease. The provision of more accurate
diagnostic techniques might allow various cancers to be identified at an earlier stage and,
hence, allow for earlier application of treatment. Histological evaluation of human tissue
is the conventional way for clinicians to diagnose disease. It is relatively unchanged and
remains the ‘gold standard’ since its introduction over 140 years ago. This process
requires a clinician to remove and examine tissue from suspicious lesions within the
patient’s body and, subsequently through chemical preparation, to allow thin sections of
the tissue to be cut. The addition of contrast inducing dyes allows a trained observer to
identify morphological staining patterns within tissue and cells that are characteristic of
the onset of disease. Nevertheless, some significant problems remain in traditional
histology due to the subjective processes involved. These include missed lesions,
perforation of samples and unsatisfactory levels of inter- and intra-observer discrepancy.
This lack of a reliable tool for disease diagnosis has lead to a considerable amount of
interest investigating the application of a spectroscopic approach [1,2].

In recent years, Fourier transform infrared (FTIR) spectroscopy has been increasingly
applied to the study of biomedical conditions, as it can permit the chemical
characterisation of microscopic areas in a tissue sample [3-6]. There are two types of
FTIR detection: FTIR mapping and FTIR imaging. In mapping, the infrared (IR)
spectrum of the samples is collected a point at a time and many separate collections must
be made to examine different areas of the tissue sample. However, in the latest imaging,
the IR spectrum of the samples is acquired over a wide area in a single collection.
Moreover, the imaging technique allows the collection of images in faster time with
higher resolution. In comparison with conventional histology, FTIR spectroscopy has
several advantages [7]:

1) It has the potential for fully automatic measurement and analysis.

2) It is very sensitive; very small samples are adequate.

3) It is potentially much quicker and cheaper for large scale screening procedures.

4) It has the potential to detect changes in cellular composition prior to such changes
being detectable by other means.

In order to analyse the FTIR spectroscopic data from tissue samples, various
techniques have been used previously: point spectroscopy, greyscale functional group
mapping, digital staining [8]; and multivariate analysis methods, for instance principal
component analysis [9]. Apart from these, multivariate clustering techniques have often
been used to separate sets of unlabelled infrared spectral data into different clusters based
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on their characteristics (this is an unsupervised process). By examining the underlying
structure of a set of spectra data, clustering (also called unsupervised classification) can be
performed such that spectra within the same cluster are as similar as possible, and spectra
in different clusters are as dissimilar as possible. In this way, different types of cells may
be separated within biological tissue. There are many clustering techniques that have
been applied in FTIR spectroscopic analysis. These include hierarchical clustering [10-
13], k-means (KM) clustering [10,14] and fuzzy c-means (FCM) clustering [9,10,13,14].
Studies have shown that, of the various clustering techniques, fuzzy clustering such as
FCM can show clear advantages over crisp and probabilistic clustering methods [15]. In
this Chapter, we review our new techniques in fuzzy clustering, including a simulated
annealing based technique [7,16] to classify cancerous cells using FTIR spectroscopy.
The aim of this ongoing work is to investigate whether infrared spectroscopy can be used
as a diagnostic probe to identify early stages of cancer.

The rest of this Chapter has the following structure. In Section 2, three clustering
algorithms (hierarchical, KM and FCM) often used in FTIR spectroscopic analysis are
described. In Section 3, we describe the concept of cluster validity indices as a measure to
evaluate the quality of clustering, and introduce the Xie-Beni cluster validity index. In the
standard FCM clustering algorithm, the number of clusters has to be specified in advance.
Obviously, this is not suitable if the technique is to be transferred into clinical practice.
The clustering algorithm developed in Section 4 combines the simulated annealing and
fuzzy c-means algorithms to achieve the automatic detection of the number of clusters
(different types of tissue). Due to the complexity of the tissue sample, clustering can
occasionally generate an excessive number of clusters. To counteract this problem, we
propose an automatic cluster merging method in Section 5. Finally, we draw conclusions
about the suitability of FTIR analysis for clustering in biological systems.

2 Clustering Techniques

Three unsupervised clustering algorithms that are frequently used in FTIR spectroscopy
analysis are hierarchical clustering, k-means and fuzzy c-means. In this Section, these
three clustering techniques are described in detail. Corresponding experiments were
conducted in order to compare their performance.

2.1 Hierarchical Clustering

Hierarchical clustering is a way to group the data in a nested series of partitions [17]. It is
a ‘hard’ clustering method where each datum can only belong to one cluster. Once a
datum is assigned to a certain cluster, the assignment is fixed for the remainder of the
process. The output of hierarchical clustering is a cluster tree, known as a dendrogram. It
shows the similarity level between all the patterns. Figure 1 shows an example of a
dendrogram in which the numbers at the bottom symbolise different data in the dataset.



4 Advances in Fuzzy Clustering and its Applications
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Figure 1. Hierarchical clustering dendrogram

Based on the algorithm structure and operation, hierarchical clustering can be further
categorised into agglomerative and divisive algorithms [17,18]. Agglomerative methods
initially consider each datum as an individual cluster and then repeatedly merge the two
closest clusters (which are measured based on the corresponding linkage method) to form
a new cluster, until all the clusters are merged into one. Therefore, in an agglomerative
approach, the dendrogram is generated in a bottom-up procedure. Divisive methods start
by considering that all data exists in one cluster and, based on the similarity within the
data, the cluster is split into two groups, such that data in the same group have the highest
similarity and data in the different groups have the most dissimilarity. This process
continues until each cluster only contains single datum. Hence, the divisive approach
follows a top-down procedure. These two approaches are illustrated in Figure 1.

As part of an agglomerative algorithm there are many different linkage methods which
provide a measure of the similarity of clusters based on the data within a cluster [19]. The
main linkage methods include single link, complete link and minimum-variant algorithms
(Ward’s algorithm) [17,18]. Other linkages are derivatives of these three main methods.
In the single link algorithm, the distance between two clusters is measured by the two
closest data within the different clusters. By contrast, in the complete link algorithm, the
distance between two clusters is measured by the two furthest data within the different
clusters. The minimum-variant algorithm is distinct from the other two methods because
it uses a variance analysis approach to measure the distance between two clusters. In
general, this method attempts to minimise the sum of squares of any two hypothetical
clusters which can be generated at each step. This is based on the Euclidean distance
between all centroids [20]. Ward’s algorithm was adopted in most of the previous
applications of FTIR analysis with hierarchical clustering. In some studies (such as [10]),
it produced better clustering results.
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2.2 K-Means

K-Means (KM) clustering is a non-hierarchical clustering algorithm. It is also a ‘hard’
clustering method because the membership value of each datum to its cluster centre is
either zero or one, corresponding to whether it belongs to that cluster or not. The
procedure for the KM clustering algorithm can be described as follows.

Firstly let X = {x,x,,...x,} represent a vector of real numbers, where 7 is the number

of data. V = {v,,v,,...v.} is the corresponding set of centres, where ¢ is the number of

clusters. The aim of the K-means algorithm is to minimize the squared-error objective
function J (V):

T =33 x, v, I 1)

=l j=1
where || x, —v, || is the Euclidean distance between x;; and v;. ¢, is the number of data

in cluster i . The i” centre v, can be calculated as follows:

v, ==Y x; i=1...c 2)

The algorithm then proceeds as follows:

1) Randomly select c cluster centres.

2) Calculate the distance between all of the data and each centre.

3) Assign each datum to a cluster based on the minimum distance.

4) Recalculate the centre positions using Equation (2).

5) Recalculate the distance between each datum and each centre.

6) Ifno data were reassigned then stop, otherwise repeat from step (3).

Further details of KM clustering can be found, for example, in [21].

2.3 Fuzzy C-Means

FCM clustering is a fuzzy version of KM (hence, it is sometimes also called fuzzy k-
means). It was proposed by Bezdek in 1981 [22]. One of differences between FCM and
KM is that FCM contains an additional parameter — the ‘fuzzifier’ m (1 < m < ).
However, as with the KM algorithm, FCM needs the number of clusters to be specified as
an input parameter to the algorithm. In addition, both may suffer premature convergence
to local optima [17].

The objective of the FCM algorithm is also to minimize the squared error objective
function J (U, V):
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C

JWU, V)= ZZ(IUU)’” H X 7V, ||2 3

=l j=1
where most of the variables are as above, U = (4;),,., is a fuzzy partition matrix, and

H;; s the membership degree of datum x; to the cluster centre v, . Parameter m is called

the ‘fuzziness index’ or ‘fuzzifier’; it is used to control the fuzziness of each datum
membership, m [J(1,00). There is no theoretical basis for the optimal selection of m, and
a value of m = 2.0 is often chosen [22]. We carried out a brief investigation to examine
the effect of varying m in this domain. It was found that as m increased around a value of
2.0, the clustering centres moved slightly, but the cluster assignments were not changed.
However, as m — oo, both the fuzzy objective function J and the Xie-Beni validity index
Vxg (see Section 3) continuously decrease (— 0), and the cluster assignments became
unstable and further from the results of clinical analysis. Consequently, we fixed the
value of m as 2.0 for all further experiments reported here.

The FCM algorithm is an iterative process to minimise Equation (3) while updating
the cluster centres v, and the memberships (£, by:

N
> ()" x,
v, = SH—.0j=1,..,¢ “
2 ()"
i=1
1
Hy =g 2 ®

where d; =|| x, —v, |, i=1..n and j=1...c.

A suitable termination criterion can be that the difference between the updated and the
previous U is less than a predefined minimum threshold or that the objective function
is below a certain tolerance value. Furthermore, the maximum number of iteration
cycles can also be a termination criterion. In our experiments we used a minimum
threshold of 10”7 and a maximum number of iterations of 100.
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2.4 Application to FTIR Spectroscopy Clustering

Initially, we applied these three clustering techniques to FTIR spectral data sets
obtained from previous clinical work provided by Chalmers et al [23] in order to compare
their performance. Seven sets of FTIR data, containing tumour (abnormal), stroma
(connective tissue), early keratinisation and necrotic specimens, were taken from three
oral cancer patients. Parallel sections were cut and stained conventionally to help identify
particular regions of interest. After acquisition of the FTIR spectra, the tissue sections
were also stained and examined through cytology. Some of the material in the following
Section has previously appeared in [13,14].

Figure 2 (a) shows a 4x magnification visual image from one of Hematoxylin and
Eosin stained oral tissue sections. There are two types of cells (stroma and tumour) in this
section, clearly identifiable by their light and dark coloured stains respectively. Figure 2
(b) shows a 32x magnified visual image from a portion of a parallel, unstained section; the
superimposed dashed white line separates the visually different morphologies. Five single
point spectra were recorded from each of the three distinct regions. The locations of these
are marked by “+” on Figure 2 (b) and numbered as 1-5 for the upper tumour region, 6-10
for the central stroma layer, and 11-15 for the lower tumour region. The fifteen FTIR
transmission spectra from these positions are recorded as dataset 1, and the corresponding
FTIR spectra are shown in Figure 3.

Figure 2: Tissue sample from Dataset 1; (a) 4x stained picture; (b) 32x unstained picture.
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Figure 3: FITR spectra from Dataset 1.

A Nicolet 730 FTIR spectrometer (Nicolet Instrument, Inc., Madison, USA) was used
to collect the spectral data. In previous work multivariate analyses, hierarchical clustering
and principal component analysis (PCA) had been applied in order to facilitate
discrimination between different spectral characteristics.  Firstly some basic pre-
processing such as water vapour removal, baseline correction and normalisation had been
applied. Then further pre-processing treatments were also performed empirically on the
FTIR spectral data, for instance mean-centering, variance scaling and use of first-
derivative spectra. Both the multivariate data analysis and pre-processing of the spectra
were undertaken using Infometrix Pirouette® (Infometrix, Inc., Woodinville, WA, USA)
software. The spectral range in this study was limited to a 900-1800cm™ interval. The
results from multivariate analysis and cytology showed that accurate clustering could only
be achieved by manually applying pre-processing techniques that varied according to the
particular sample characteristics and clustering algorithms.

In our experiments, we applied the three previously mentioned clustering techniques
to these seven spectral datasets obtained through conventional cytology [23], but without
any extra pre-processing (i.e. only basic pre-processing). For hierarchical clustering, the
three different types of linkage methods mentioned previously, namely ‘single’,
‘complete’ and ‘Ward’ were utilised. Due to the KM and FCM algorithms being sensitive
to the initial (random) state, we ran each method 10 times. Table 1 shows the numbers of
different types of tissue identified clinically (column ‘Clinical study’) and as obtained by
the three clustering techniques. As mentioned previously, clustering is an unsupervised
process and the results of the clustering simply group the data into two or more unlabelled
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categories. In the results presented below, the clusters were mapped to the actual known
classifications in such a way as to minimise the number of disagreements from the clinical
labelling in each case.

Table 1: Number of the different tissue types identified clinically and as obtained by the
clustering techniques.

Datasets . .. Hierarchical clustering
names Tissue types Clinical study Single Complete Ward KM |FCM
Tumour 10 10 10 10 10 10
Dataset 1
arase Stroma 5 5 5 5 5 5
Tumour 10 17 9 9 9 9
Dataset 2
atase Stroma 8 1 9 9 9 9
Tumour 8 4 8 7 31614] 4
Dataset 3
atase Stroma 3 7 3 1 [8s]7[ 7
Tumour 12 19 12 12 J11{19]13]19]11
Dataset 4 Stroma 7 5 7 7 81516158
Early keratinisation 12 7 12 12 J12{ 7112} 7|12
Tumour 18 29 18 18 14 |17] 14
Dataset 5 Stroma 12 1 12 12 | 16 [13] 16
Dataset 6 Tumour 10 10 10 10 10 10
Stroma 5 5 5 5 5 5
Tumour 21 28 17 15 17 18
Dataset 7 Stroma 14 13 18 20 18 16
Necrotic 7 1 7 7 7 8

In Table 1 it can be seen that, in most of datasets, the number of data belonging to the
various categories do not exactly match the results from clinical analysis. This is because
some of the data that should be classified in the tumour cluster has been misclassified into
the stroma cluster and vice versa. For example, in data set 2, using the hierarchical
clustering single linkage method, the number of data considered as tumour is 17, while 1
is considered as stroma. We regard the extra data from these clustering techniques as the
number of disagreements of classification in comparison to clinical analysis. The results
of such comparison are shown in Table 2.
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Table 2: Comparison results based on the number of disagreements between clinical
study and clustering results.

Datasets . Hierarchical clustering
names Tissue types Single Complete Ward kM \rem
Tumour 0 0 0 0 0
Dataset 1
Stroma 0 0 0 0 0
Tumour 7 0 0 0 0
Dataset 2
atase Stroma 0 1 1 1 1
Tumour 0 0 0 0]0]0] O
Dataset 3
Stroma 4 5 3 51214 4
Tumour 7 3 3 31713131|7
Dataset 4 Stroma 5 3 3 415121415
Early keratinisation 0 0 0 ]10[0]0]0]0
Tumour 12 0 0 0 |0l O
Dataset
ataset 5 Stroma ] 0 0o [ 4 [1| 4
Tumour 0 0 0 0 0
Dataset 6
Stroma 0 0 0 0 0
Tumour 7 0 0 0 0
Dataset 7 Stroma 0 4 6 4 2
Necrotic 1 0 0 0 1

After running each clustering technique 10 times, it can be seen that the KM and FCM
algorithms obtained more than one clustering result in some datasets. This is because
different initialisation may lead to different partitions for both of these algorithms. It can
be seen from Tables 1 and 2 that KM exhibits more variation (in 3 out of 7 datasets) than
FCM (in 1 out of 7 datasets). The corresponding frequency of the differing clustering
partitions obtained (out of 10 runs) is shown in Table 3.

Table 3 Clustering variations for KM and FCM within three datasets

Datasets names KM FCM
Dataset 3 2/10 3/10 5/10 -
Dataset 4 3/10 3/10 4/10 | 9/10 | 1/10

Dataset 5 5/10 5/10 -
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Table 4: Average number of disagreements obtained in the three classification methods.

Hierarchical clustering
KM FCM
Single | Complete Ward
Average Number of | 4, 16 16 188 | 19.5
Disagreements

In order to further investigate the performance of the different clustering methods, the
average number of disagreements for all datasets was calculated, as shown in Table 4. It
can be seen that the hierarchical clustering single linkage method has the worst
performance, while the complete linkage and Ward methods perform best overall.
However, hierarchical clustering techniques are computationally expensive (proportional
to n’, where n is the number of spectral data) and so are not suitable for very large
datasets. KM and FCM have fairly good performance and, for both, the computational
effort is approximately linear with n. Hence, compared with hierarchical clustering, these
techniques will be far less time-consuming on large datasets [10]. Moreover, although
KM has a slightly better performance than FCM (slightly fewer disagreements, on
average), it can be seen from Table 3 that KM exhibits far more variation in its results
than FCM. Hence, the overall conclusion was that FCM is the most suitable clustering
method in this context.

3 Cluster Validity

Clustering validity is a concept to evaluate how good clustering results are. There are
many cluster validity indices that have been proposed in the literature for evaluating fuzzy
and other clustering techniques. Indices which only use the membership values such as
the partition coefficient and partition entropy [24] have the advantage of being easy to
compute, but are only useful for a small number of well-separated clusters. Furthermore,
they also lack direct connection to the geometrical properties of the data. In order to
overcome these problems, Xie and Beni defined a validity index which measures both
compactness and separation of clusters [25]. In our study, we selected the Xie-Beni (Vyz)
cluster validity index to measure the clustering quality as it has been frequently used in
recent research [26] and has also been shown to be able to detect the correct number of
clusters in several experiments [27]. Some of the material in the following Section has
previously appeared in [7,16].
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3.1 Xie-Beni Validity Index

The Xie-Beni validity index, Vp, can be considered as a combination of two parts.
The first part is to estimate the compactness of data in the same cluster and the second part
is to evaluate the separation of data in different clusters. Let 7irepresent the compactness
and s be the separation of the clusters. The Xie-Beni validity index can be expressed as:

VXB =— (6)
S
ZZruyz || X, TV, ||2
where =112 W)

n
and s=(d )’ . d is the minimum distance between cluster centres, given by

min

d i, =min, [ v, —v, ||. From these expressions, it can be seen that smaller values of 72

m
indicate the clusters are more compact, while larger values of s indicate the clusters are
well separated. As a result, a smaller value of Vyz means that the clusters have greater
separation from each other and the data are more compact within each cluster.

3.2 Application in FTIR Spectral Clustering Analysis

As mentioned in Section 2.3, for the FCM algorithm, the number of clusters has to be
specified a priori, which is obviously not suitable for real-world applications. However,
with the use of cluster validity indices, it is possible to discover the ‘optimal’ number of
clusters within a given dataset [28]. This can be achieved by evaluating all of the possible
clusters with the validity index; the optimal number of clusters can be determined by
selecting the minimum value (or maximum, depending on the validity index used) of the
index. The procedure of this can be described by a FCM Based Selection Algorithm
(FBSA) [15,28,29].

This algorithm is based on the standard FCM clustering method whereby c,,;, and ¢,
represent the minimal and maximal number of clusters that the dataset may contain. The
best data structure (C) is returned, based on the optimal cluster validity index value. It can
be described in the following steps:

1) Set Cpin and ¢,
2) For ¢= ¢pin t0 Coax
2.1) Initialise the cluster centres.

2.2) Apply the standard FCM algorithm and obtain the new centre and new fuzzy
partition matrix.
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2.3) After FCM reaches its stop criteria, calculate the cluster validity (e.g. Vyp).

3) Return the best data structure (C), which corresponds to the optimal cluster
validity value (e.g. minimal Vyg).

4 Simulated Annealing Fuzzy Clustering Algorithm

There have been many clustering methods that have been developed in an attempt to
automatically determine the optimal number of clusters. Recently, Bandyopadhyay
proposed a Variable string length Fuzzy Clustering using Simulated Annealing (VFC-SA)
algorithm [30]. The proposed model was based on a simulated annealing algorithm
whereby the cluster validity index measure was used as the energy function. This has the
advantage that, by using simulated annealing, the algorithm can escape local optima and,
therefore, may be able to find globally optimal solutions. The Xie-Beni index (Vyz) was
used as the cluster validity index to evaluate the quality of the solutions. Hence this VFC-
SA algorithm can generally avoid the limitations which exist in the standard FCM
algorithm. However when we implemented this proposed algorithm, it was found that
sub-optimal solutions could be obtained in certain circumstances. In order to overcome
this limitation, we extended the original VFC-SA algorithm to produce the Simulated
Annealing Fuzzy Clustering (SAFC) algorithm. In this Section, we will describe the
original VFC-SA and the extended SAFC algorithm in detail. Most of the material in this
Section has appeared previously in [7,16].

4.1 VFC-SA Algorithm

In this algorithm, all of the cluster centres were encoded using a variable length string
to which simulated annealing was applied. At a given temperature, the new state (string
encoding) was accepted with a probability: 1/(1+exp(—(E, —E.)/T)), where E, and E.

represents the new energy and current energy respectively. T'is the current temperature.

The Vyp index was used to evaluate the solution quality. The initial state of the VFC-
SA was generated by randomly choosing ¢ points from the data sets where ¢ is a integer

within the range [c,; ,C The values c,;,, =2 and c_,, =n (where n is the

min ° max] .

number of data points) were used, following the suggestion proposed by Bezkek in [24].
The initial temperature 7" was set to a high temperature 7. A neighbour of the solution
was produced by making a random alteration to the string describing the cluster centres
(as described below) and then the energy of the new solution was calculated. The new
solution was kept if it satisfied the simulated annealing acceptance requirement. This
process was repeated for a certain number of iterations, k, at the given temperature. A
cooling rate, 7, where 0 <7 <1, decreased the current temperature by 7' = 7. This was
repeated until 7 reached the termination criteria temperature 7

min >

at which point the



14 Advances in Fuzzy Clustering and its Applications

current solution was returned. The whole VFC-SA algorithm process is summarised in
the following steps:

max ? min’c’k’r .
2) Initialised the string by randomly choosing ¢ data points from the data set to be

cluster centres.
3) Compute the corresponding membership values using Equation (5).

4) Calculate the initial energy E_ using Vyz index from Equation (6).

1) Set parameters7__,T

5) Set the current temperature 7’ =7 .
6)while 7'>T,_

6.1)For i =1to k
6.1.1) Alter a current centre in the string.
6.1.2) Compute the corresponding membership values using Equation (5).
6.1.3) Compute the corresponding centres with the Equation (4).

6.1.4) Calculate the new energy E from the new string.
6.1.5) If E, <E_or E, > E_with accept probability > a random number
between [0, 1], accept the new string and set it as current string.
6.1.6) Else, reject it.
6.2) End for
63) T =rT.
7) End while.
8) Return the current string as the final solution.

The process of altering a current cluster centre (step 6.1.1) comprised three functions.
They are: perturbing an existing centre (Perturb Centre), splitting an existing centre (Split
Centre) and deleting an existing centre (Delete Centre). At each iteration, one of the three
functions was randomly chosen. When splitting or deleting a centre, the sizes of clusters

were used to select which cluster to affect. The size, Cj , of a cluster, j, can be expressed

by:

’Cj ’: Zﬂlj > DJ = 1,...C (8)
i=1

where c is the number of clusters.

The three functions are described below.

a) Perturb Centre
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A random centre in the string is selected. This centre position is then modified
through addition of the change rate cr[d]=r[pr 3[d], where v is the current chosen
centre andd =1,..., N, where N is the number of dimensions. 7 is a random number
between [-1, 1] and pr is the perturbation rate which was set through initial
experimentation as 0.007 as this gave the best trade-off between the quality of the
solutions produced and time taken to achieve them. Perturb Centre can then be expressed
as v [d]=v [d]+cr[d], wherev d] and v, [d] represent the current and

new centre respectively.
b) Split Centre

The centre of the biggest cluster is chosen by using Equation (8). This centre is then
replaced by two new centres which are created by the following procedure. The point
with the highest membership value less than 0.5 to the selected centre is identified as the
reference point w. Then the distance between this reference point and the current chosen
centre is calculated using: dist[d]=|v,,,..[d]-w[d]|. Finally, the two new centres are

then obtained by v  [d]=v d]*dist[d].

new[ current currem[ new[

current [

c) Delete Centre

The smallest cluster is identified and its centre deleted from the string encoding.

4.2 SAFC Algorithm

When we implemented the original VFC-SA algorithm on a wider set of test cases
than originally used by Bandyopadhyay [30], it was found to suffer from several
difficulties. In order to overcome these difficulties, four extensions to the algorithm were
developed. In this Section, the focus is placed on the extensions to VFC-SA in order to
describe the proposed SAFC algorithm.

The first extension is in the initialisation of the string. Instead of the original
initialisation in which random data points were chosen as initial cluster centres, the FCM

clustering algorithm was applied using the random integer ¢ L[c ] as the number

min ? cmax
of clusters. The cluster centres obtained from the FCM clustering are then utilised as the
initial cluster centres for SAFC.

The second extension is in Perturb Centre. The method of choosing a centre in the
VFC-SA algorithm is to randomly select a centre from the current string. However, this
means that even a ‘good’ centre can be altered. In contrast, if the weakest (smallest)
centre is chosen, the situation in which an already good (large) centre is destabilized is
avoided. Ultimately, this can lead to a quicker and more productive search as
improvements to the poorer regions of a solution can be concentrated upon.
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The third extension is in Split Centre. If the boundary between the biggest cluster and
the other clusters is not obvious (not very marked), then a suitable approach is to choose a
reference point with a membership degree that is less than but close to 0.5. That is to say
there are some data points whose membership degree to the chosen centre is close to 0.5.
There is another situation that can also occur in the process of splitting centre; the biggest
cluster is separate and distinct from the other clusters. For example, let there be two
clusters in a set of data points which are separated, with a clear boundary between them. v,
and v, are the corresponding cluster centres at a specific time in the search as shown in
Figure 4 (shown in two-dimensions). The biggest cluster is chosen, say v;. Then a data
point whose membership degree is closest to but less than 0.5 can only be chosen from the
data points that belong to v, (where the data points have membership degrees to v, less
than 0.5). So, for example, the data point w, (which is closest to v;) is chosen as the
reference data point. The new centres will then move to v, and v,.,». Obviously these
centres are far from the ideal solution. Although the new centres are likely to be changed
by the Perturb Centre function afterwards, it will inevitably take a longer time to ‘repair’
the solutions. In the modified approach, two new centres are created within the biggest
cluster. The same dataset as in Figure 4 is used to illustrate this process. A data point is
chosen, wy, for which the membership value is closest to the mean of all the membership
values above 0.5. Then two new centres Vyew1 and vyey, are created according the distance
between v; and wy. This is shown in Figure 5. Obviously the new centres are better than
the ones in Figure 4 and therefore better solutions are likely to be found in the same time
(number of iterations).

The fourth extension is in the final step of the algorithm (return the current solution as
the final solution). In the SAFC algorithm, the best centre positions (with the best Vyg
index value) that have been encountered are stored throughout the search. At the end of
the search, rather than returning the current solution, the best solution seen throughout the
whole duration of the search is returned.

Aside from these four extensions, we also ensure that the number of clusters always
remains within the range [¢ Therefore when splitting a centre, if the number of

min * Cmax ] :

clusters has reached ¢ then the operation is disallowed. Similarly, deleting a centre is

max

not allowed if the number of clusters in the current solution is ¢, .

Vnew2
()

Ce: " Vhewl ..YZ .

My, =0.15, 14, =0.85
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Figure 4. An illustration of Split Centre from the original algorithm with distinct
clusters (where , and 4, represent the membership degree of w to the

centres v; and v, respectively)

W . C e
Wit Vhew2? * -

i Y2 Vhewl V2

Figure 5. The new Split Centre applied to the same data set as Figure 4, above,
(where w; is now the data point that is closest to the mean value of the
membership degree above 0.5)

4.3 Application to FTIR Spectroscopy Clustering

In order to compare the relative performance of the FCM, VFC-SA and SAFC
algorithms, the following experiments were conducted. The same seven oral cancer
datasets were used in this study. The number of different types of cell in each tissue
section from clinical analysis was considered as the number of clusters to be referenced.
This number was also used as the number of clusters for the FCM algorithm. The Vyg
index was utilised throughout to evaluate the quality of the classification for the three

algorithms. The parameters for VFC-SA and SAFC are: 7, =107, k =40and r =0.9.
T was set as 3 in all cases. That is because the maximum temperature has a direct

impact on how much worse a solution can be accepted at the beginning. If the 7, value

is set too high, this may result in the earlier stages of the search being less productive
because simulated annealing will accept almost all of the solutions and, therefore, will
behave like random search. It was empirically determined that when the initial
temperature was 3, the percentage of worse solutions that were accepted was around 60%.
In 1996, Rayward-Smith et al discussed starting temperatures for simulated annealing
search procedures and concluded that a starting temperature that results in 60% of worse
solutions being accepted yields a good balance between the usefulness of the initial search
and overall search time (i.e. high enough to allow some worse solutions, but low enough
to avoid conducting a random walk through the search space and wasting search time)
[31]. Therefore, the initial temperature was chosen based on this observation.

Solutions for the seven FTIR data sets were generated by using the FCM, VFC-SA
and SAFC algorithms. Ten runs of each method were performed on each data set. As
mentioned at the beginning of this Section, the number of clusters was predetermined for
FCM through clinical analysis. The outputs of FCM (centres and membership degrees)
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were then used to compute the corresponding Vyz index value. VFC-SA and SAFC
automatically found the number of clusters by choosing the solution with the smallest Vyg
index value. Table 5 shows the average Vyz index values obtained after 10 runs of each
algorithm (best average is shown in bold).

Table 5 Average of the Vyz index values obtained when using the FCM, VFC-SA and

SAFC algorithms.
Dataset Average Vyg Index Value
FCM VFC-SA SAFC
1 0.048036 0.047837 0.047729
2 0.078896 0.078880 0.078076
3 0.291699 0.282852 0.077935
4 0.416011 0.046125 0.046108
5 0.295937 0.251705 0.212153
6 0.071460 0.070533 0.070512
7 0.140328 0.149508 0.135858

In Table 5, it can be seen that in all of these seven data sets, the average Vy; values of
the solutions found by SAFC are smaller than both VFC-SA and FCM. This means that
the clusters obtained by SAFC have, on average, better Vy; index values than the other two
approaches. Put another way, it may also indicate that SAFC is able to escape sub-
optimal solutions better than the other two methods.

In the data sets 1, 2, 4 and 6, the average of Vy; index values in SAFC is only slightly
smaller than that obtained using VFC-SA. Nevertheless, when a Mann-Whitney test [32]
was conducted on the results of these two algorithms, the ¥y index for SAFC was found
to be statistically significantly lower (with p<0.01) than that for VFC-SA for all data sets.

The number of clusters obtained by VFC-SA and SAFC for each dataset is presented
in Table 6. The numbers in parentheses indicate the number of runs for which that
particular cluster number was returned. For example on dataset 5, the VFC-SA algorithm
found 2 clusters in 5 runs and 3 clusters in the other 5 runs. The number of clusters
identified by clinical analysis is also shown for comparative purposes.
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Table 6. Comparison of the number of clusters obtained by clinical analysis, VFC-SA and
the SAFC methods.

Dataset Number of Clusters obtained

Clinical VFC-SA SAFC
! 2 2(10) 2(10)
2 2 2(10) 2(10)
3 2 2(10) 3(10)
4 3 2(10) 2(10)
5 2 2(5), 3(5) 3(10)
6 2 2(10) 2(10)
! 3 309). 4(1) 3(10)

In Table 6, it can be observed that in data sets 3, 4, 5 and 7, either one or both of VFC-
SA and SAFC obtain solutions with a differing number of clusters than provided by
clinical analysis. In fact, with data sets 5 and 7, VFC-SA produced a variable number of
clusters within the 10 runs. Returning to the Vy, index values of Table 5, it was found that
all the average Vy; index values obtained by SAFC are better.

It can be observed that the average Vy; index obtained by SAFC is much smaller than
that of FCM for data sets 3 and 4. These two data sets are also the data sets in which
SAFC obtained a different number of clusters to clinical analysis. In data set 3, the
average Vyp index value for SAFC is also much smaller than for VFC-SA. This is because
the number of clusters obtained from these two algorithms is different (see Table 6).
Obviously a different number of clusters lead to a different cluster structure, and so there
can be a big difference in the validity index. In data sets 5 and 7, the differences of Vs
index values are noticeable, though not as big as data sets 3 and 4.

In order to examine the results further, the data has been plotted using the first and
second principal components in two dimensions. These have been extracted using the
principal component analysis (PCA) technique [33,34]. The data has been plotted in this
way because, although the FTIR spectra are limited to within 900cm™ —1800cm™, there
are still 901 absorbance values corresponding to each wave-number for each datum. The
first and second principal components are the components that have the most variance in
the original data. Therefore, although the data is multidimensional, the principal
components can be plotted to give an approximate visualisation of the solutions that have
been achieved. Figures 6 (a)-(d) show the results for data sets 3, 4, 5 and 7 respectively
using SAFC (the data in each cluster is depicted using different markers and each cluster
centre is presented by a star). The first and second principal components in data sets 3, 4,
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5 and 7 contain 89.76, 93.57, 79.28 and 82.64 percent of the variances in the original data,
respectively.
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Figure 6. SAFC cluster results for data sets (a) 3; (b) 4; (c) 5; and (d) 7.

There are three possible explanations for the differences between the clustering results
and clinical analysis. Firstly, the clinical analysis may not be correct — this could
potentially be caused by the different types of cells in the tissue sample not being noticed
by the clinical observers or the cells within each sample could have been mixed with
others. Secondly, it could be that although a smaller Vy; index value was obtained,
indicating a ‘better’ solution in technical terms, the Vy; index is not accurately capturing
the real validity of the clusters. Put another way, although the SAFC finds the better
solution in terms of Vy index, this is not actually the best set of clusters in practice. A
third possibility is that the FTIR spectroscopic data has not extracted the required
information necessary in order to permit a correct determination of cluster numbers — i.e.
there is a methodological problem with the technique itself. None of these explanations of
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the difference between SAFC and VFC-SA algorithms detracts from the fact that SAFC
produces better solutions in that it consistently finds better (statistically lower) values of
the objective function (Vy index).

5 Automatic Cluster Merging Method

In Section 4, it can be seen that SAFC algorithm performed well on the seven datasets.
However, these are relatively small and, as the size of the dataset increases, SAFC will
become time-consuming. For this reason, when large datasets are analysed, an FCM
Based Selection Algorithm (FBSA — see Section 3.2) can be used to find the optimal
number of clusters. In our studies, it has been found that both SAFC and FBSA
occasionally identified an excessive number of clusters. This was partly due to the FCM
algorithm and partly due to the cluster validity index, where all distances between data
points and cluster centres are calculated using the Euclidean distance. This means that
when the shapes of the clusters were significantly different from spherical, the clustering
and validity measures were not effective. In addition, the complexity and range of
different cell types (e.g. healthy, pre-cancerous and mature cancer) may also result in an
excessive clusters being identified. Nevertheless, at this stage of study, we only focus on
grouping the cells with the same clinical diagnosis into one cluster, so that the main types
of the tissue can be explored through further clinical analysis. In order to achieve this, it
is required to combine the most similar clusters together, such as within the suspected pre-
cancerous and mature cancer cell types. Although they represent different stages of
cancer, they may exhibit certain properties that make them similar to one another. This
information may be contained in the existing infrared spectra. Most of material in this
Section has previously appeared in [29].

A new method is proposed that will enable similar separated clusters, produced via the
FBSA, to be merged together into one cluster. In order to achieve this, we again used the
Vg index as the measure of cluster quality.

A set of infrared spectra from one tissue section were clustered and the best data
structure obtained with the corresponding minimal value of cluster validity (Vyz). As
mentioned above, the FCM algorithm can occasionally identify an excessive number of
clusters in comparison with clinical analysis. Based on this problem, a method that can
find and merge two similar clusters has been developed. In the rest of this Section, the
following questions will be answered: “Given a set of ¢ clusters, which two clusters are
the most similar?”” and “How should they be merged?” (specifically, how to calculate the
new cluster centre).

In this study, two large lymph node cancer datasets were used. There are 821
absorbance values corresponding to each wave-number for each datum in the given
infrared spectral datasets. In order to reduce the number of variables in the clustering
analysis, we initially identified the first 10 principal components (PCs) that were extracted
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using PCA. Within these first 10 PCs, the majority of the variance (approximately 99%)
is represented from the original data. The first 2 PCs incorporate around 80% of the
variance in the original data. Thus by plotting the original data in these two PC
dimensions, the approximate data distribution can be visualised.

5.1 Finding the Two Most Similar Clusters

Previously, many algorithms have been proposed for merging clusters, for instance
[20, 35]. The different approaches can generally be divided into two groups. The first
group are those that select the clusters which are ‘closest’ to each other [20], and the
second those that choose the ‘worst’ two clusters (judging by some cluster validity
function) [35]. However, neither of these is suitable for solving the problem described in
this research, illustrated in Figure 7.

A set of infrared spectral data were plotted in first and second PCs after applying the
FCM based model selection algorithm. Four clusters (C1, C2, C3, and C4) were formed as
shown in Figure 7. In clinical analysis, C1 and C3 are all cancer cells although they were
taken from different areas of the tissue section that may contain different stages of cancer.
C2 and C4 are normal nodal and reticulum cells respectively. Obviously then, the two
similar clusters that need to be merged together are C1 and C3. Referring to the two types
of techniques that merge clusters, the closest two clusters in the data set are C1 and C2
(see the distances between each cluster centre). Normally, a good cluster is defined by the
data points within the cluster being tightly condensed around the centre (compactness). In
the sample data set, clusters C1 and C2 are more compact than the other two, so the worst
two clusters are C3 and C4. So, neither technique chooses the desired two clusters, C1
and C3.

In order to tackle this problem, we examined the original infrared spectra rather than
searching for a relationship using the data structure in the PCA plot. Plotting the mean
spectra from the separate clusters allowed the major differences between them to be more
clearly visualized. The similarity between clusters was more obvious at the wavelength
where the biggest difference between any two mean spectra was located. Based on this
observation, the proposed method to find two similar clusters was:

1) Obtain the clustering results from the FCM based model selection algorithm.
2) Calculate the mean spectra 4 for each cluster,

— 1 &

A =—> 4, (=l.0) )

Ni j:I

where N is the number of data points in the cluster i, 4; is the absorbance of the
spectrum for each data point j in cluster i, and c is the number of clusters. The size of

4, 1s p, the number of wave-numbers in each spectrum (each mean spectrum is a
vector of p elements).
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3) Compute the vector of pair-wise squared differences D;; between all mean spectra,
D, =(4,-4,)" (i=l..c, j=I..c) (10)

4) Find the largest single element, d,,,, within the set of vectors D.

5) Determine the wave-number corresponding to the maximal element d,,,,.

6) At the wave-number identified in step (5), find the two mean spectra with minimal
difference. The clusters corresponding to these spectra are merged.

e Centre
° Data point

v

2" Principal Component

1% Principal Component

Figure 7 A set of clusters obtained from an infrared data set, plotted against the first
and second principal components.

The mean spectra for the four clusters are displayed in Figure 8. We calculated the set
of differences, D, between each pair of mean spectra using Equation (10). The largest
difference d,,, exists between C1 and C4 as shown in Figure 9. The wave-number that
corresponds to d,,. is 2924 cm™. Examining the four absorbance values at this wave-
number we can clearly see that the two closest spectra are those belonging to clusters C1
and C3. Hence these are the two clusters selected to be merged.
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Figure 8: Example of mean infrared spectra obtained from different clusters.
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Figure 9: Enlarged region of Figure 8

5.2 Automatic Cluster Merging

After finding the two most similar clusters, the next stage is to merge them together.
Firstly, all the data points within each of the clusters are assigned to their centre with a
membership (u) of one. Note that the two chosen clusters outlined above (C1 and C3) are
now considered as one cluster. Data points within a particular cluster are assigned a
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membership value of zero to other cluster centres. The following was used to calculate
the centres [22]:

2 Hy%,

v, =L LOi=L..,c an

J n

2Hy

i=1

where c is the number of clusters and # is the number of data points.

5.3 Application in FTIR Spectroscopic Clustering Analysis

In these experiments, we initially analysed two lymph node tissue sections named
LNIIS and LNII7. The FBSA algorithm was firstly used to generate initial clusters with
good data structure. These clusters were then further combined using the new cluster
merging method. Due to the fact that different initialization states may lead to different
clustering results, we ran the FBSA algorithm 10 times on both datasets. The results were
fairly stable, and are shown in Figures 10-11.

Figures 10(a) and 11(a) show the initial clustering results obtained from the FBSA
algorithm for LNII5 and LNII7, respectively, while Figures 10(b) and 11(b) show the
clusters obtained after merging. The results clearly show that the separate cancer clusters
have now been correctly merged using the new approach. In order to verify the cluster
merging algorithm, the method was further applied to the oral cancer data sets described
earlier, in which the SAFC clustering algorithm had obtained 3 clusters, rather than the 2
found by histological analysis. The corresponding results are shown in Figures 12 and 13.
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Figure. 10: (a) LNIIS5 clustering results obtained from the FBSA algorithm. (b) LNII5
merged clusters results.
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Figure. 11: (a) LNII7clutering results obtain from FBSA algorithm. (b) LNII7 merged
clusters results.
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Figure. 12: (a) Dataset 3 clustering results obtain from SAFC algorithm. (b) Dataset 3
merged clusters results.
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Figure. 13: (a) Dataset 5 clustering results obtain from SAFC algorithm. (b) Dataset 5
merged clusters results.

Altogether then, the proposed method was applied to four separate infrared spectral
datasets (for which previous approaches could not obtain the correct number of clusters).
For each dataset, the proposed method identified clusters that best matched clinical
analysis. It should be noted that after merging clusters, there were still some misclassified
data points (approximately 3-4 for LNII7 and 1-2 for the remaining datasets). However,
overall the clustering accuracy was significantly improved.

6 Conclusion

In this Chapter, we have summarised our recent work on the analysis of non pre-
processed FTIR spectra data utilising fuzzy clustering techniques. Three frequently used
methods in FTIR clustering analysis, namely hierarchical clustering, k-means and fuzzy c-
means clustering were described in Section 2. Each of the clustering techniques was
applied to seven datasets containing FTIR spectra taken from oral cancer cells and the
clustering results were compared. It can be seen from the results that the hierarchical
complete linkage and Ward methods obtained the lowest number of disagreements in
comparison with clinical analysis. However, in practice, these are computationally
expensive when large datasets are analysed. K-means generated good results, but the
variation in clustering results obtained from multiple runs implies that it may not be
generally suitable in this context. In comparison to k-means and hierarchical clustering,
fuzzy c-means provided reasonable performance, did not yield much variation in results
and is not time-consuming in analysing large datasets. It also obtained fairly stable results
throughout our experimentation.
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In Section 3, one of the most frequently used cluster validity indices, the Xie-Beni
index, was introduced. As was discussed, for fuzzy c-means it is important to pre-specify
the number of clusters in advance. However, with the help of such a cluster validity
index, it is possible to find the ‘optimal’ number of clusters in the given datasets without it
being defined before the algorithm is executed. We have termed this method the “fuzzy c-
means based selection algorithm”. To achieve a similar purpose, the proposed simulated
annealing fuzzy clustering combined both simulated annealing and fuzzy c-means
techniques in order to automatically detect the optimal number of clusters from the
datasets. Due, perhaps, to the complexity of biochemical systems, both techniques can
occasionally obtain an excessive number of clusters compared to clinical diagnosis. In
order to attempt to solve this problem, a newly developed cluster merging method was
introduced. Experiments showed that this method can find the two clusters with the most
similar biochemical characteristics and then merge them together. This merging
technique resulted in much improved agreement with clinical analysis. In the future, we
are trying to collect a wider source of sample data for which the number of classifications
is known, from a number of clinical domains, such as cervical cancer smear test screening.
Establishing the techniques necessary to develop clinically useful diagnosis tools based on
the automated interpretation of FTIR spectra across a range of medical domains is the
ultimate goal of this research.
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