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Gene expression data analysis has become an important topic in bioinformatics due
to its wide application in the biomedical industry. Effective analysis of gene expression
data is an essential part of various data mining methods, especially the clustering tech-
niques. Various kinds of clustering methods have been proposed, yet they do not satisfy
for the requirements of high efficiency, high quality and automation in the mining of
gene expression data. In this paper, we propose an efficient and automatic clustering ap-
proach that is suitable for gene expression analysis. The proposed approach primarily
employs similarity-matrix based clustering techniques, complemented by new heuristics
for reducing the computation cost. In particular, a novel validation technique is incorpo-
rated for evaluating the quality of the discovered gene expression patterns. Because it in-
cludes empirical evaluation of different gene expression datum, the proposed approach is
able perform better than other methods in terms of efficiency, clustering quality and
automation.
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1. INTRODUCTION

In recent years, the DNA microarray [8, 19] has become an important and widely
used technology since it enables the possibility of examining the expressions of thou-
sands of genes simultaneously in a single experiment. An important research issue un-
derlying microarray applications is the analysis and interpretation of the gene expression
data obtained via microarray experiments [21]. The gene expression patterns obtained by
analyzing microarray data can be used for a variety of inference tasks, such as the meas-
urement of a gene’s involvement in a particular cellular event or process [21], predict
regulatory elements [6], etc.

A key step in the analysis of gene expression data is the detection of gene groups
that manifest similar expression patterns. The main algorithmic problem here is to cluster
multi-conditions gene expression patterns. Basically, a cluster algorithm partitions enti-
ties into groups based on the given features of the entities, so that the clusters are homo-
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geneous and well separated [7]. More specifically, the aim is to identify sets of genes that
behave similarly across the conditions. A variety of clustering methods have been pro-
posed for the mining of gene expression data [2, 4, 5, 9, 22, 24].

Although a number of clustering methods have been studied in the literature, they
are not satisfactory in terms of: 1) automation, 2) quality, and 3) efficiency. With regard
to automation, most clustering algorithms request users to input some parameters needed
to conduct the clustering task. For example, k-means [15] requires the user to input the
number of clusters k to be generated. However, in real applications, it is often difficult
for, say, a biologist to manually determine the correct parameters for the clustering task.
Hence, an automated clustering method is required. As for quality, an accurate and effi-
cient validation method for evaluating the quality of clustering results is lacking. Conse-
quently, it is difficult to provide the user with information regarding how good each clus-
tering result is. As for efficiency, the existing clustering algorithms may not perform well
when the optimal or near-optimal clustering result is required from the global point of
view.

In this paper, we propose an integrated approach to identifying and validating clus-
ters in multivariate datasets and apply it to the mining of multi-conditions gene expres-
sion data. This approach incorporates the density-based clustering method along with
validation techniques to achieve automation and accuracy in clustering. Furthermore, an
iterative computing process is adopted to reduce the amount of computation required for
clustering so as to meet the requirement of efficiency. Through experiments conducted
on real gene expression data, the proposed approach is shown to deliver higher efficiency,
clustering quality and automation than other methods can.

The rest of the paper is organized as follows: In section 2, some related studies are
introduced. Our approach is described in section 3. Experiments conducted to evaluate
the performance of the proposed method are presented in section 4. Conclusions and fu-
ture works are given in section 5.

2. RELATED WORK

In recent years, a number of clustering methods have been proposed, and they can
be classified into several different types [14]: partitioning-based methods (e.g., k-means
[15], k-medoids [14], PAM [14], and CLARA [14]), hierarchical methods (e.g., UPGMA
[15], BIRCH [27], CURE [12], and ROCK [13]), density-based methods (e.g., CAST [5],
DBSCAN [10], OPTICS [3], WaveCluster [20]), grid-based methods (e.g., CLIQUE [1],
STING [25], WaveCluster [20]), model-based methods (e.g., SOM [16] and COBWEB
[11]), etc. Among them, several methods have been applied to cluster gene expression
datasets, such asin [2, 4, 5, 9, 22, 24].

The k-means algorithm partitions the dataset into k groups, based primarily on the
distance between data items, where k is a parameter specified by the user. Hierarchical
clustering methods have been applied extensively and shown to be valuable for analyzing
gene expression patterns. For example, hierarchical clustering can be used to separate
tumor from normal tissues and to differentiate between tumor types based on the gene
expression patterns in each tissue. SOM (Self-Organizing Map) was developed as an
artificial neural network algorithm to achieve better speech recognition and was used by
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Tamayo [22] et al. CAST (Cluster Affinity Search Technique) takes as input a parameter
called the affinity threshold t, where 0 < t < 1, and tries to guarantee that the average
similarity in each generated cluster is higher than the threshold 7. The main advantage of
CAST is that it can detect outliers more effectively.

Although a number of clustering algorithms have been proposed, they may not find
the best clustering result efficiently and automatically based on the given dataset. An
important problem involved here is how to validate the clustering result. Jain and Dubes
[15] divided the cluster validation procedure into two main parts: external and internal
criterion analysis. External criterion analysis validates a clustering result by comparing it
to a given “standard,” which is another partition of the data objects. There are many sta-
tistical measures that assess the agreement between an external criterion and a clustering
result. For example, Milligan et al. [17, 18] evaluated the performance of different clus-
tering algorithms and different statistical measures of agreement for both synthetic and
real data. The problem of external criterion analysis is that reliable external criteria are
rarely available when gene expression data are analyzed. In contrast, internal criterion
analysis uses information within the given data set to represent the goodness of fit be-
tween the input dataset and the clustering result. For example, compactness and isolation
of clusters are possible measures of goodness of fit. A measure called the Figure of Merit
(FOM) was used by Yeung et al. [26] to evaluate the quality of clustering performed on a
number of real datasets.

The main drawback of the existing clustering methods when applied for gene ex-
pression pattern analysis is that they can not meet the requirements of automation, high
quality and high efficiency simultaneously during the analysis process. In the following,
we describe a new approach to gene expression analysis that integrates clustering and
validation techniques such that automation, high quality and high efficiency are achieved
simultaneously.

3. OUR APPROACH

In this section, we first define the problem. Then we describe our approach in detail,
including the principles behind it and the computation reduction method.

3.1 Problem Definition

The problem of multivariate gene expression clustering can be described briefly as
follows. Given a set of genes with unique identifiers, a vector E; = {E;;, Ep, ..., Ei,} 1s
associated with each gene i, where Ej; is a piece of numerical data that represents the re-
sponse of gene i under condition j (or say, variant j). The goal of gene expression clus-
tering is to group together genes with similar expressions over all the conditions. That is,
genes with similar corresponding vectors should be classified into the same cluster.

3.2 Proposed Method

The main steps in the proposed approach are as follows. Given a piece of gene ex-
pression data, the first step in our approach is to calculate a similarity matrix S in which
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the entry Sj; represents the similarity of the expression patterns for genes i and j. Al-
though a number of alternative measures could be used to calculate the similarity be-
tween gene expressions, we use Pearson’s correlation coefficients [15] here due to its
wide application range. Note that a similarity matrix needs to be computed and generated
only once for a given gene expression dataset. This much reduces the computation over-
head incurred by some clustering algorithms that calculate the similarities dynamically.

In the second step, a density-and-affinity based algorithm is applied as the base
clustering algorithm. Along with a specified input parameter, the base clustering algo-
rithm utilizes the similarity matrix S to conduct the clustering task. Thus, a clustering
result will be produced by the base clustering algorithm based on the given input pa-
rameter. A good candidate for the base clustering algorithm is CAST (Cluster Affinity
Search Technique) [5], which needs only one input parameter, called the affinity thresh-
old t, where 0 < t < 1. CAST generates one cluster at a time and selects the object with
the most neighbors as a seed for the current cluster. It adds un-clustered objects with high
affinity (the average similarity between the object and the cluster is greater than 7) to the
current cluster and removes objects with low affinity from the current cluster iteratively.
More detailed descriptions of CAST can be found in [5]. The reasons why we prefer to
use CAST as the base clustering method are as follows:

(1) CAST has the capability of isolating outliers.
(2) Unlike other algorithms that are unstable (e.g., k-means), CAST is a stable algorithm.
(3) The execution time of CAST is shorter than most of the other clustering algorithms.

In the third step, a validation test is performed to evaluate the quality of the cluster-
ing result produced in step two. We adopt Hubert’s I statistic [15] to measure the quality
of clustering. Let X = [X(7, j)] and Y = [Y(7, j)] be two n x n matrix, where X(i, j) indicates
the similarity of genes i and j, and Y(i, j) is defined as follows:

1 if genesiand j are clustered in the same cluster,

1)

0 otherwise.

Y (@i, j) ={

Hubert’s I statistic represents the point serial correlation between the matrixes X
and Y, and is defined as follows:

1S (X6 )-X Y6 )T
rogrd 3 (XELX | HeDT ) o

i=1 j=i+1

where M = n (n — 1)/2 and ["is between [— 1, 1]. Let matrix X be the similarity matrix
derived from the gene expression data. Then, matrix Y and Hubert’s I statistic can be
calculated easily based on matrix X, as shown in (1) and (2), respectively. It is used to
measure the correlation between the similarity matrix X and the adjacent matrix Y of the
clustering result. For a clustering result, a greater value of / represents better clustering
quality. In [23], S. M. Tseng and L. J. Chen evaluated a number of validity indexes for
measuring the quality of clustering results. They concluded from the experimental results



IDENTIFY AND VALIDATE CLUSTERS IN MULTIVARIATE DATASETS 669

that Hubert’s I" might be the best index for both partition-based clustering methods and
density-based methods for both low-similarity and high-similarity data.

With the above steps, it is clear that high quality clustering can be achieved by ap-
plying a number of different values of the affinity threshold t as input parameters to the
CAST algorithm, by calculating the Hubert’s I statistic of each clustering result, and by
choosing the one with the highest value of the Hubert’s I statistic as the output. In this
way, a local-optimal clustering result can be obtained by users automatically. An exam-
ple is shown in Fig. 1, where the X axis represents the values of the affinity threshold t
input to CAST and the Y axis shows the obtained Hubert’s I statistic for each of the
clustering results. The peak in the curve corresponds to the best clustering result, which
has a Hubert’s I statistic value of around 0.52 when # is set to be 0.25.

This approach is feasible in that firstly, CAST executes very quickly since the simi-
larity matrix of gene expressions is obtained in advance; secondly, the Hubert’s I statis-
tic for each clustering result can be calculated easily. However, one problem encountered
is how to determine suitable values of the affinity threshold t. The easiest way is to in-
crement the value of the affinity threshold t with a fixed interval. For example, we may
increase the value of 7 from 0.05 to 0.95 in increments of 0.05. We call this approach
CAST-FI (Fixed Increment) in the following. The main disadvantage of CAST-FI is that
many iterations of computations are required. Therefore, a new method is proposed in the
next section to reduce the computation overhead.
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Fig. 1. Hubert’s I'statistic vs. values of ¢.

3.3 Computation Reduction Method

The idea behind the proposed method is to reduce the amount of computation by
eliminating unnecessary executions of clustering so as to obtain a “nearly-optimal” clus-
tering result instead of the optimal one. That is, we try to execute CAST as few times as
possible. Therefore, we need to narrow down the range of the parameter affinity thresh-
old t effectively. The proposed method works as follows:

1. Initially, a testing range R for setting the affinity threshold t is set to be [0, 1]. We di-
vide R equally into m parts with the points Py, Ps, ..., P,.1, where P{ < P, < ... < Py,



670 VINCENT SHIN-MU TSENG AND CHING-PING KAO

m > 3. Then, the value of each P; is taken as the affinity threshold t for executing
CAST, and the [ statistic of the clustering result for each of P; is calculated. We call
this process a “run.”

2. When a clustering run is completed, the clustering at point P, that produces the highest
I statistic is considered to be the best clustering. The testing range R is then replaced
by the range [P, Py+1] that contains the point Pj.

3. The above process is repeated until the testing range R is smaller than a threshold & or
the difference between the maximal and minimal quality values is smaller than another
threshold o:

4. The best quality clustering result obtained through the tested process is output as the
answer.

In this way, we can obtain a clustering result that has “nearly-optimal” clustering
quality with much less computation. In the next section, through empirical evaluation, we
shall evaluate how good the generated clustering result is and to what extent the amount
of computation could be reduced by our approach.

4. EXPERIMENTAL EVALUATION

To validate the feasibility and performance of the proposed approach, we imple-
mented the approach in C++ and applied it to both of real gene expression data and syn-
thetic data. We will describe the experimental setup in section 4.1 and provide detailed
experimental results for different types of data in sections 4.2, 4.3 and 4.4.

4.1 Experimental Setup

To evaluate the performance of our approach, we used microarray expression data
of yeast saccharomyces cerevisiae obtained from the Lawrence Berkeley National Lab
(LBNL) (http://rana.lbl.gov/EisenData.htm). The dataset contained the expressions of
6221 genes under 80 experimental conditions. Based on this dataset, we generated two
smaller datasets with different properties for testing. First, we randomly chose 2000
genes from the dataset and called it Dataset I. The average similarity of this dataset was
0.137 as determined by using Pearson’s correlation coefficient as a measurement of
similarity. Thus, Dataset I represented a low-similarity dataset. Secondly, to generate a
dataset with higher similarity, we applied CAST to cluster Dataset I with the parameter ¢
set to be 0.6. Then, we selected a large cluster from the clustering result of Dataset I and
duplicated the gene expression patterns in this cluster to generate a dataset with around
1900 genes. Additionally, 100 outliers were mixed with the 1900 genes to form Dataset
II, with about 2000 genes in total. The average similarity of Dataset II was about 0.644;
thus, it represented a high similarity dataset. Finally, we used the original dataset as
Dataset III, which contained the expressions of 6221 genes under 80 conditions and rep-
resented a large dataset.

We compared our approach with CAST-FI, E-CAST and the well-known clustering
method, namely, k-means [15]. E-CAST is an enhanced CAST algorithm proposed by
Bellaachia [4]. It automatically computes an affinity threshold ¢ before generating each
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cluster. For our approach, the parameters m, § and o were set to default values of 4, 0.01
and 0.01, respectively. For k-means, the value of k£ was tested in two ways: 1) k was var-
ied from 3 to 21 in increments of 2; 2) k was varied from 3 to 39 in increments of 2, re-
spectively. Since k-means was not a stable algorithm, the curve of Hubert’s I statistic vs.
values of ¢ was not parabolic. Therefore, we could not use the proposed method for
k-means. This is also why we set the value of k in two different amounts of ranges for
k-means so as to examine its performance under different bounded execution time.

The quality of the clustering results was measured the using the Hubert’s I" statistic.
The experimental results for Datasets I, II and III will be described in the following sec-
tions.

4.2 Dataset I: Low Similarity Dataset

The total execution times and the best clustering quality for the tested methods ap-
plied to Dataset I are listed in Table 1. The notation “CAST-FI” indicates that CAST was
run iteratively by varying the affinity threshold t from 0.05 to 0.95 in fixed increments of
0.05, while the notation “Our Approach” indicates our proposed approach with the com-
putation reduction method described in section 3.3. The increment of 0.05 for the affinity
threshold in CAST-FI was just an experimental setting, with the aim to finding the nearly
optimal result under constrained execution time. Of course, any alternative value could
be used. With a smaller value of it, a more accurate clustering result would be produced,
but the execution time would also be longer.

Table 1. Experimental results obtained using the tested methods with Dataset 1.

Methods Time (sec) Number of clusters I' Statistic
Our Approach 27 57 0.514
CAST-FI 246 57 0.514
E-CAST 1412 574 0.287
k-means (k = 3~21) 404 5 0.447
k-means (k = 3~39) 1092 5 0.447

It is obvious that our approach and CAST-FI outperformed E-CAST and k-means
substantially in terms of both execution time and clustering quality. In particular, our
approach performed 15 times and 40 times faster than k-means when the k range was [3,
21] and [3, 39], respectively. The results show that E-CAST performed very poorly in
terms of execution time and clustering quality. This shows that E-CAST was not suitable
for analyzing this low similarity dataset since the automatically computed affinity
threshold ¢ was high (¢ > 0.5). Consequently, the number of clusters is higher because of
the lower similarity. Meanwhile, this results in high cost in computing ¢. In addition, the
results also show that the highest /" statistic value generated by our approach was very
close to that generated by CAST-FI, meaning that the clustering quality of our approach
was as good as that of CAST-FI. However, our approach was about 8 times faster than
CAST-FI. Therefore, it can be observed that our approach outperformed the other clus-
tering methods greatly in terms of both quality and computation time.
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Table 2 shows the distribution of clusters produced by each tested method. It is
shown that k-means generated 5 clusters as the best clustering result, while the size of
each cluster ranged between 101 and 400. This phenomenon occurred no matter k
whether varied from 3 to 29 or from 3 to 39. E-CAST produced a large number of clus-
ters that were small in size (1~10 and 11~100) because the similarity of Dataset I was
low. However, our approach produced 57 clusters as the best clustering result. In par-
ticular, it is clear that 4 main clusters were generated, with two clusters between 101 to
400 in size and another two between 401 to 600 in size. Moreover, our approach also
generated a number of clusters that were small in size (1~10 and 11~100), which were
mostly outliers (or noise). This means that our approach is superior to k-means in filter-
ing out outliers from main clusters. Therefore, it can provide more accurate clustering
results and insight for gene expression analysis.

Table 2. Distribution of produced clusters for Dataset 1.

Cluster size
Methods 1~10 11~100 101~400 401~600
Our Approach 38 15 2 2
CAST-FI 38 15 2 2
E-CAST 546 27 1 0
k-means (k = 3~21) 0 0 5 0
k-means (k = 3~39) 0 0 5 0

The following observations can be made based on this experiment:

1.In terms of clustering quality, our approach and CASI-FI perform much better than
E-CAST and k-means, especially in isolating outliers. This means that density-and af-
finity based methods are superior to partitioning-based methods in clustering low-
similarity gene expression data.

2.0Our approach finding the best clustering result much faster than CASI-FI, while the
resulting clustering quality is very similar to that of CASI-FI. This illustrates the ad-
vantage of the computing reduction method described in section 3.3.

4.3 Dataset II: High Similarity Dataset

We conducted the same experiments but replaced Dataset I with Dataset II, repre-
senting a dataset with higher similarity. Tables 3 and 4 show the experimental results
obtained using the tested methods and the cluster size distribution for Dataset II, respec-
tively. The following observations can be made based on the empirical results:

1.1t is obvious that our approach and CAST-FI outperform E-CAST and k-means sub-
stantially in terms of the clustering quality (/ statistic). Compared to the experimental
results for Dataset I, the degree of improvement our approach achieved over k-means
with Dataset II was much higher in terms of the clustering quality. In fact, observing
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Table 3. Experimental results obtained using the tested methods with Dataset II.

Methods Time (sec) Number of clusters I' Statistic
Our Approach 13 63 0.833
CAST-FI 41 62 0.833
E-CAST 32 93 0.696
k-means (k = 3~21) 77 12 0.309
k-means (k = 3~39) 267 12 0.309

Table 4. Distribution of produced clusters for Dataset II.

Cluster size
Methods 1~10 11~100 101~400 | 401~600
Our Approach 62 0 0 0
CAST-FI 61 0 0 0
E-CAST 84 6 ) 1
k-means (k = 3~21) 4 5 3 0
k-means (k = 3~39) 4 3 3 0

the size distribution of the generated clusters shown in Table 4, we found that both of
our approach and CAST-FI produced a main cluster that was large in size (1901-2000)
and many other small clusters, which were actually outliers. This matches the real dis-
tribution of Dataset II as described in section 4.1. In contrast, E-CAST partitioned the
large cluster into several clusters of diverse sizes, while k-means produced clusters of
uniform sizes. Consequently, the clustering results differ from the original data distri-
bution. This indicates that E-CAST and k-means can not perform well with a high
similarity dataset. In particular, k-means can not identify outliers correctly.

2. As for execution time, again our approach is much faster than the other methods.
Compared to CAST-FI, our approach achieved clustering quality as good as that
achieved by CAST-FI in a much shorter amount of execution time. This shows that our
approach can achieve high efficiency and accuracy with a high similarity dataset.

4.4 Dataset III: Large Dataset

We conducted the same experiments as described in section 3.1 and 3.2 but replaced
the dataset with the original dataset. Compared to Datasets I and II, Dataset III repre-
sented a real, large dataset. The results obtained using E-CAST are not listed here since
its execution time exceeded two hours and the clustering quality was very poor. Table 5
shows the experimental results obtained using the other tested methods. Compared to the
results for Datasets I and II, the execution time under Dataset III was longer due to its
larger size. However, our approach still outperformed the other methods substantially in
terms of both clustering quality and execution time. Table 6 shows the distribution of
clusters with the different methods. Again, it is observed that our approach and CAST-FI
is superior to k-means in detecting outliers and isolating them as small clusters, even in
the case of a large dataset.
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Table 5. Experimental results obtained using the tested methods with Dataset III.

Methods Time (sec) Number of clusters I" Statistic
Our Approach 530 123 0.508
CAST-FI 4453 97 0.504
E-CAST 2210 5 0.446
k-means (k = 3~21) 5983 5 0.446
k-means (k = 3~39) 530 123 0.508

Table 6. Distribution of produced clusters for Dataset II1.

Cluster size
Methods 1~10 11~100 101~400 | 401~600
Our Approach 74 40 6 3
CAST-FI 58 32 4 3
E-CAST 0 0 0 5
k-means (k = 3~21) 4 5 3 0
k-means (k = 3~39) 74 40 6 3

5. CONCLUSIONS AND FUTURE WORK

In this paper, we have proposed an efficient approach to identifying and validating
clusters in multivariate data sets and applied it to the mining of gene expressions in
multi-condition experiments. Performance experiments on real and synthetic microarray
datasets showed that the proposed approach can achieve higher efficiency and clustering
quality than other methods with different datasets. Moreover, the proposed approach can
discover the “nearly-best” clustering result without requiring users to set parameters.
Therefore, the proposed approach can achieve a high degree of automation, efficiency
and clustering quality, compared to other clustering methods for gene expression mining.

In the future, we will further explore the following issues:

1. We will seek to reduce the initial range of the input parameter, affinity threshold t, for
executing CAST. This will significantly reduce the amount of computation required
after the correct range is estimated.

2. We will design a memory-efficient clustering method which will be integrated into our
iteratively clustering approach. This will be especially useful when the number of
tested genes in the microarray is large.

3. We will extend our approach to capture the pattern structure embedded in the data set.
This will provide more insight into the relationships between the data points in the
dataset.
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