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Summary

Objectives

The main objective of the research is an application of the clustering and cluster validity
methods to estimate the number of clusters in cancer tumor datasets. A weighed voting
technique is going to be used to improve the prediction of the number of clusters based on
different data mining techniques. These tools may be used for the identification of new
tumour classes using DNA microarray datasets. This estimation approach may perform a
useful tool to support biological and biomedical knowledge discovery.

Methods

Three clustering and two validations algorithms were applied to two cancer tumour datasets.
Recent studies confirm that there is no universal pattern recognition and clustering model to
predict molecular profiles across different datasets. Thus, it is useful not to rely on one single
clustering or validation method, but to apply a variety of approaches. Therefore, combination
of these methods may be successfully used for the estimation of the number of clusters.

Results

The methods implemented in this research may contribute to the validation of clustering
results and the estimation of the number of clusters. The results show that this estimation
approach may represent an effective tool to support biomedical knowledge discovery and
healthcare applications.

Conclusion

The methods implemented in this research may be successfully used for the estimation of the
number of clusters. The methods implemented in this research may contribute to the
validation of clustering results and the estimation of the number of clusters. These tools may
be used for the identification of new tumour classes using gene expression profiles.
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Introduction

DNA microarray technology is increasingly being applied in biological and biomedical
research to address a number of critical problems including the classification of tissue
samples, e.g. cancer tumours. Recent advances allow the monitoring of the expression levels
of thousands of genes simultaneously under multiple experimental conditions [1]. This
technology is having a significant impact on genomic and post-genomic studies. Disease
diagnosis, drug discovery and toxicological research benefit from the of microarray
technology. A principal step in the analysis of gene expression data is the detection of
samples or gene groups with similar expression patterns. The accurate classification of
tumours is essential for a successful diagnosis and treatment of cancer. One of the problems
associated with cancer tumour classification is the identification of new classes using gene
expression profiles. There are two key aspects in this problem: 1) estimation of the number of
clusters in the dataset; and 2) classification of unknown tumour samples based on these
clusters [2].

A variety of cluster algorithms have been applied to the analysis of DNA microarray data
[3,4]. Moreover, a number of solutions to systematically evaluate the quality of the clusters
have been presented [5,6,7]. The estimation of the number of clusters in a dataset is a
fundamental problem in unsupervised learning. The applications of several validation
techniques such as the Silhouette method (8], Dunn’s based index [9,10] and Davies-Bouldin
index [11] have been previously studied [5,7,12].

Methods

This section introduces the DNA microarray data and the data mining methods under
consideration. Three clustering methods: K-Means, Hierarchical (complete linkage) and
Kohonen Self-organising Maps [13,14], and two validation methods: the C-index [15] and the
Goodman-Kruskal index [16] were applied. The data studied in this paper consisted of two
expression datasets originating from recently published microarray studies [17,18].

Microarray data

The central nervous system (CNS) dataset [17] comprise 42 tumour samples (10
medulloblastomas, 5 CNS atypical teratoid/rhabdoid tumours, 5 renal and extrarenal
rhabdoid, 8 supratentorial primitive neuroectodermal tumours, 10 non-embryonal brain
tumours and 4 normal human cerebellas) described by the expression levels of 50 genes with
suspected roles in these types of cancer. These data were obtained from a study published by
Pomeroy and co-workers [17]. They demonstrated that medulloblastomas are molecularly
distinct from other brain tumours.

The leukaemia data include 38 samples (27 acute lymphoblastic leukaemia, ALL, and 11
acute myeloid leukaemia, AML) described by the expression levels of 50 informative genes,
which are correlated with the AML and ALL cancer types. These data were obtained from a
study published by Golub and co-workers [18]. They presented a model to distinguish two
sub-classes of ALL samples, known as B-cell ALL and T-cell ALL.

The original data and experimental methods for both datasets are available at
http://www.genome.wi.mit.edu/MPR.



Cluster validation methods

In this paper cluster validation is performed using two algorithms: the C-index [15] and
the Goodman-Kruskal index [16]. These methods have been chosen to support the
investigation of cluster validation techniques for genome expression data classification. For
more information on the implementation and analysis of other validation algorithms the
reader is referred to our previous studies [5,7,12].

C-index

For any partition U <> X: X; u... X; U... X,, where X; represents the i™ cluster of such
partition, the C-index [15], C, is defined as:

S—=S.n
Smax P min
where S, S, Smax are calculated as follows. Assume that p is the number of all pairs of
samples for which both samples are located in the same cluster. Then S is the sum of distances
between samples in those p pairs. Let P be a number of all possible pairs of samples in the
dataset. Ordering those P pairs by distances we can select p pairs with smallest and p pairs
with largest distances between samples. The sum of the p smallest distances is equal to S,,,,
whilst the sum of the p largest is equal to S,,,,. From this formula it follows that the nominator
will be small if pairs of samples with small distances are in the same cluster. Thus, small
values of C correspond to good clusters. The number of clusters that minimize C-index is
taken as the optimal number of clusters, .

co : )

Goodman-Kruskal index

For a given dataset, X; (j = 1,..., k, where k is the number of samples, j, in the dataset), this
method assigns all possible quadruples [16]. Let d be the distance between any two samples
(a and b, or ¢ and d) in X;. A quadruple is called concordant if one of the following two
conditions is true:

d(a,b) < d(c,d) (2)
a and b are in the same cluster and ¢ and d are in different clusters.
d(a,b) > d(c,d) (3)

a and b are in different clusters and ¢ and d are in the same cluster.
By contrast, a quadruple is called disconcordant if one of following two conditions is
true:

d(a,b) < d(c,d) “4)
a and b are in different clusters and ¢ and d are in the same cluster.
d(a,b) > d(c,d) (5)

a and b are in the same cluster and ¢ and d are in different clusters.

A good partition is one with many concordant and few disconcordant quadruples. Let N,
and N, denote the number of concordant and disconcordant quadruples, respectively. Then
the Goodman-Kruskal index, GK, is defined as:

x-N.—Na, (6)
N.+N,

Large values of GK are associated with a good partition. Thus, the number of clusters that

maximize the GK index is taken as the optimal number of clusters, 7.



Results

Three clustering algorithms were implemented to produce different partitions consisting
of 2 to 10 clusters. Then, the validity indices were computed for each of the partitioning
results. The Euclidean metric was used for all cases to calculate the distances between the
samples.

Tables 1 and 2 depict the C-indices and Goodman-Kruskal indices for each number of
clusters, n, for n = 2 to n = 10, using the CNS dataset for three clustering algorithms: K-
Means, Hierarchical (complete linkage) and Self-organising Maps.

The bold entries correspond to the optimal partitions predicted by each validation method.
For the CNS expression dataset, n = 4 is suggested as the best partition. The CNS dataset
includes the classes: medulloblastoma, CNS rhabdoid (with brain and renal subclasses),
PNET, malignant glioma and normal human cerebella. Table 3 depicts the clustering results
for the best predicted partition for CNS data.

An examination of this partition confirms that normal human cerebella (Nc) is
distinguished from other types of cancer in the dataset. Subclasses (brain and renal) of CNS
rhabdoid (Rh) tend to locate in the same cluster, as well as medulloblastoma (MD) samples,
which are mostly placed in the same cluster. PNET and malignant glioma (MG) are difficult
to distinguish in this partition.

Tables 4 and 5 show the C-indices and Goodman-Kruskal indices for each number of
clusters, n, for n = 2 to n = 10, using the leukaemia dataset for three clustering algorithms.

An examination of these leukaemia data results suggests that the most appropriate
partition includes two clusters (for K-Means and SOM clustering) and three clusters (for
Hierarchical clustering). Table 6 depicts the clustering results for the partition predicted as
optimal for leukaemia data. It is shown that, for each of the considered indices, the correct
number of clusters corresponds to an optimal index value.

This validation approach may also consist of the implementation of an aggregation
method based on a weighed voting strategy, which is implemented in [5,12]. This voting
strategy may also be applied to fuse the results originating from different clustering and
validation methods. In this study, after computing all validity indices for all obtained
clustering techniques, the average weighed vote for each partition has been calculated. Table
7 represents the implementation of the average weighed vote strategy for the leukaemia data.
This table was obtained from Tables 4 and 5 by replacing the index values by weighed votes,
whose values range from 1 to 9 [5,12]. Thus, the average weighed vote for each cluster
partition has been calculated, and n = 2 is suggested as the optimal partition.

Discussion

Clustering has become a fundamental data mining approach to analysing DNA microarray
data [3,4]. It can support the identification of existing primary relationships among a set of
variables such as biological conditions or perturbations. Clustering may represent a basic tool
not only for the classification of known categories, but also for the discovery of relevant
classes. The description and interpretation of its outcomes may also allow the detection of
associations between samples or variables, the generation of rules for decision-making
support and the evaluation of experimental models [5]. In the genome expression domain it
has provided the basis for novel clinical diagnostic and prognostic studies [19], and other
applications using different model organisms [20].



Cluster validity indices represent important tools to support unsupervised data mining.
They are particularly useful in applications in which the definition of the number of clusters in
the dataset is required beforehand.

In this paper three clustering algorithms (K-Means, Hierarchical and Self-organising
Maps) and two validation indices (C-index and Goodman-Kruskal) were applied to two
cancer tumour datasets (CNS and leukaemia). Recent studies confirm that there is no universal
pattern recognition and clustering model to predict molecular profiles across different datasets
[5]. A number of clustering [4,13] and validation methods [5,7,12] have been previously
studied. Each of these methods has their advantages and limitations. For example, it has been
shown that the Silhouette method [8] is suitable for estimating only the first choice or best
partition. Nevertheless, this method has been successfully used in combination with other
validation techniques (Dunn’s and Davies-Bouldin indices) for predicting different optimal
clustering partitions [S]. Goodman-Kruskal index is expected to be robust against outliers
because quadruples of patterns are used for its computation. However, its drawback is a high
computational complexity in comparison, for example, with the C-index. On the other hand,
K-Means clustering is dependent on the initial seed cases and a disadvantage of the
Hierarchical clustering is that the identification of categories and associations is left to the
user. Furthermore, if a wrong assignment is made early in the process of hierarchal clustering,
it cannot be corrected. Thus, it is useful not to rely on one single clustering or validation
method, but to apply a variety of approaches. Therefore, combination of these methods may
be successfully used for the estimation of the number of clusters. It has been shown that these
methods may support the prediction of the optimal partition [5,7]. A weighed voting
technique [5,12] was used to improve the prediction of the number of clusters based on
different data mining techniques. Current and future work includes the comparison,
combination and estimation of results obtained from different clustering algorithms, and the
analysis of more complex datasets.

Conclusion

The methods implemented in this research may be successfully used for the estimation of
the number of clusters. The methods implemented in this research may contribute to the
validation of clustering results and the estimation of the number of clusters. These tools may
be used for the identification of new tumour classes using gene expression profiles. The
results show that this estimation approach may represent an effective tool to support
biomedical knowledge discovery and healthcare applications.
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Table 1. C-indices for expression clusters originating from the CNS data. Bold entries
highlight the optimal number of clusters, n, predicted by this method.

Clustering K-Means Hierarchical SoOM
n=2 0.249 0.132 0.334
n=3 0.04 0.016 0.21
n=4 0.036 0.014 0.135
n=>5 0.082 0.086 0.157
n=6 0.075 0.052 0.151
n="17 0.082 0.044 0.139
n=38 0.084 0.031 0.141
n=9 0.047 0.028 0.145
n=10 0.054 0.028 0.143




Table 2. Goodman-Kruskal indices for expression clusters originating from the CNS data.
Bold entries highlight the optimal number of clusters, n, predicted by this method.

Clustering K-Means Hierarchical SoOM
n=2 0.543 0.781 0.325
n=3 0.901 0.968 0.512
n=4 0.908 0.971 0.679
n=>5 0.788 0.777 0.622
n=6 0.806 0.852 0.632
n="17 0.787 0.889 0.65
n=3§ 0.782 0.927 0.66
n=9 0.885 0.935 0.632
n=10 0.87 0.938 0.634




Table 3. Clustering for CNS data. Partition predicted as the optimal choice in Tables 1 and 2.

Cluster K-Means Hierarchical SOM
1 OMD, 10 Rh, 8 | 9 MD, 10 Rh, 8 PNET, | 1 MD, 10Rh, 4
PNET, 1 MG 5 MG PNET, 1 MG
2 9 MG 5MG 9MD, 1
PNET
3 1 MD 1 MD 3 PNET, 9
MG
4 4 Nc 4 Nc 4 Nc

MD - medulloblastoma; Rh - CNS atypical teratoid/rhabdoid tumours; PNET — primitive
neuroectodermal tumours; MG - malignant glioma; Nc - normal human cerebella.



Table 4. C-indices for expression clusters originating from leukaemia data. Bold entries
highlight the optimal number of clusters, n, predicted by this method

Clustering K-Means Hierarchical SOoM
n=2 0.042 0.038 0.113
n=3 0.05 0.023 0.165
n=4 0.094 0.096 0.149
n=>5 0.044 0.09 0.233
n=6 0.064 0.058 0.173
n="17 0.056 0.054 0.195
n=3§ 0.054 0.049 0.158
n=9 0.051 0.047 0.186
n=10 0.048 0.042 0.183
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Table 5. Goodman-Kruskal indices for expression clusters originating from leukaemia data.
Bold entries highlight the optimal number of clusters, n, predicted by this method

Clustering K-Means Hierarchical SoOM
n=2 0.932 0.942 0.762
n=3 0.886 0.96 0.587
n=4 0.76 0.727 0.594
n=>5 0.884 0.743 0.355
n=6 0.812 0.825 0.491
n="17 0.827 0.836 0.419
n=3§ 0.832 0.85 0.525
n=9 0.843 0.856 0.436
n=10 0.851 0.861 0.45
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Table 6. Clustering for leukaemia data. Partition predicted as the optimal choice in Tables 4
and 5.

Cluster K-Means Hierarchical SoM
1 1 AML, 27 27 ALL, 2 AML 25 ALL
ALL
2 10 AML 4 AML 11 AML,
2ALL
3 - 5 AML -

AML - acute myeloid leukaemia; ALL - acute lymphoblastic leukaemia
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Table 7. Predicting the correct number of clusters for leukaemia data by aggregation of clustering and
validation methods. Bold entries highlight the optimal number of clusters, n, predicted by the

methods.

Clustering Validation n=2 | n=3 | n=4 | n=5 | n=6 | n=7 | n=8 | n=9 | n=10

K-Means C-index 9 6 1 8 2 3 4 5 7
GK index 9 8 1 7 2 3 4 5 6

Hierarchical | C-index 8 9 1 2 3 4 5 6 7
GK index 8 9 1 2 3 4 5 6 7

SoM C-index 9 6 8 1 5 2 7 3 4
GK index 9 7 8 1 5 2 6 3 4

Average 87 |75 |33 |35 (33 |30 |52 |47 |58
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