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ABSTRACT

Summary: This paper presents a method for the assess-
ment of expression cluster validity.

Availability: Executable programs are available on
request from the author.

Contact: Francisco.Azuaje @cs.tcd.ie
Supplementary information:
Francisco.Azuaje/Cval.html

http://www.cs.tcd.ie/

Clustering is a useful approach to analyzing genome
expression data. It aims to partition samples or genes
into groups characterized by similar expression patterns.
A number of clustering algorithms have been proposed
(such as hierarchical clustering and neural networks), but
fewer solutions to systematically evaluate the quality of
the clusters obtained have been presented.

Once a clustering process is performed researchers may
deal with some of the following questions: Is this a
relevant partition? Should we analyze these clusters? Is
there a better partition? The framework presented here
aims to help researchers address these questions.

It has been shown that determining the ‘right’ number
of clusters in experimental data is a complex and time-
consuming process. An effective strategy may be to first
decide a good estimate of the correct number of clusters.
Our system predicts the optimal number of expression
clusters, which may represent the best results to consider
for interpretation purposes.

This system implements the Dunn’s validity index,
which has been suggested as an effective estimator for
different types of clustering applications (Bezdek and Pal,
1998). This index is based on the idea of identifying
sets of clusters that are compact and well separated. For
any partition U < X: X;U---X; U--- X, where X;
represents the ith cluster of such partition, the Dunn’s
validation index, V, is defined as:
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8(X;, X ;) defines the distance between clusters X;
and X; (intercluster distance); A(Xy) represents the

intracluster distance of cluster Xy, and c¢ is the number
of clusters defined by the partition U. The main goal of
this measure is to maximize intercluster distances whilst
minimizing intracluster distances. Thus large values of V
correspond to good clusters. Therefore, the number of
clusters that maximizes V is taken as the optimal number
of clusters, c.

Eighteen validity indexes based on the Dunn’s measure
were compared. These indexes consist of different combi-
nations of intercluster and intracluster distance techniques
found in the literature. Six intercluster distances, §;, 1 <
i < 6; and 3 intracluster distances, A;, 1 < j < 3 were
implemented. Thus for example, Vi3, represents a validity
index based on an intercluster distance, §;, and an intra-
cluster distance Aj3. The mathematical definitions of these
intercluster and intracluster distances are included in the
supplementary information section.

By way of example, this validation process is tested
on expression data from a study on the molecular classi-
fication of leukemias (Golub et al., 1998). Clustering is
performed using the GeneCluster tool, which implements
a Self-Organizing Map (SOM) algorithm. A second set
of experiments performed on B-cell lymphoma data is
described in the supplementary section. The data ana-
lyzed consisted of 38 bone marrow samples: 27 Acute
Lymphoblastic Leukemia (ALL) and 11 Acute Myeloid
Leukemia (AML), whose original descriptions and exper-
imental protocols can be found on the MIT Whitehead
Institute web site.

Figure la shows the values of the 18 validity indexes
and the average index at each number of clusters, ¢, for
¢ = 2 to 6. The shaded entries correspond to the optimal
values of the indexes. Sixteen of the indexes indicated the
correct value ¢ = 2 while the remaining favour ¢ = 3
and 4. Moreover V|3 equally supported 2, 4 and 6 clusters.
Figure 1b describes the clusters obtained using the optimal
value ¢ = 2. However, the best value for ¢ might be
debatable. One might also consider ¢ = 4 as a correct
choice since these clusters capture relevant information
for the discovery of the ALL subclasses, B-cell and T-
cell, as shown in Figure lc. The average index predicts

= 2 as the first choice and ¢ = 4 as the second best
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(a)
Validity c=2 c=3 c=4 c=5 c=6
index
Vi 0.18 0.25 0.20 0.19 0.19
Vo 1.21 0.69 0.58 0.49 0.47
Vi 0.68 0.37 0.39 0.32 0.33
Vi 0.55 0.22 0.27 0.21 0.23
Vs, 0.61 0.32 0.33 0.27 0.28
Vel 0.93 0.52 0.53 0.42 0.40
Vis 0.62 0.56 0.63 0.59 0.61
Vo 427 2.20 1.87 1.56 1.49
Vi 2.40 1.18 1.24 1.03 1.06
Vi 1.95 0.70 0.85 0.66 0.73
Vsy 2.15 1.01 1.07 0.86 0.90
Ver 3.26 1.66 1.69 1.36 1.28
Vis 0.23 0.20 0.23 0.22 0.23
Vos 1.55 0.80 0.69 0.57 0.55
Vi 0.87 0.43 0.46 0.37 0.39
Vis 0.71 0.26 0.31 0.24 0.27
Vss 0.78 0.32 0.39 0.31 0.33
Ves 1.18 0.61 0.63 0.50 0.47
Average 1.34 0.68 0.69 0.57 0.57
(c)
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Fig. 1. (a) Validity indexes for expression clusters originating from leukemia patients. The entries represent the Dunn’s values using 3 types
of intracluster measures and 6 types of intercluster measures. Shaded entries represent the optimal number of clusters, ¢, predicted by each
index. (b) Schematic representation of the 2-cluster configuration obtained by applying a SOM, which is able to differentiate ALL subjects
from AML subjects. (c) Schematic representation of a 4-cluster configuration, which allows to distinguish two subtypes of ALL subjects.

solution. The indexes using 81, which is an intercluster
distance for single linkage, estimates the most debatable
choices. Further experiments on expression data suggest
that intercluster separation may play a more meaningful
role in expression cluster validation than intracluster
distance.

It seems that there is no universal validity paradigm to
predict consistent results across different data and clus-
tering techniques. However, one robust approach to deal
with this problem may be to implement several validation
indexes, perform a voting strategy or calculate the average
prediction value as illustrated here. This study indicates
that the application of a cluster validity framework may

support both the generation and evaluation of biologically
relevant results. Finally, this framework should be tested
on different clustering algorithms and problems in order
to assess its potential as a tool for the selection and com-
parison of clustering models.
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