A Heuristic Approach to Scoring Gene Clustering Algorithms

Longde Yin
Dept. of Computer Science & Engineering
University of Connecticut
Sorrs, CT06269, USA
yin@engr.uconn.edu

Abstract

In the past decades, many clustering algorithms
have been proposed for the analysis of gene expression
data, but little guidance is available to help choose
among them. Given the same data set, different
clustering algorithms can potentially generate very
different clusters. A biologist with a gene expression
data set is faced with the problem of choosing an
appropriate clustering algorithm for his or her data set.
In this paper, we present a new tool that allows the
similarity analysis of clusters generated by different
algorithms. This tool may: (1) improve the quality of
the data analysis results, (2) support the prediction of
the number of relevant clusters in the Microarray
datasets, and (3) provide cross-reference between
different algorithms. The software tool can also be used
to analyze cluster similarities from other biomedical
data. We demonstrate the use of this tool with gene
expression data of Leukaemia and Sporulation.
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1. Introduction

Recent advances of the DNA Microarray
technology allow monitoring gene expression profiles
of thousands of genes simultaneously . However, the
analysis and handling of such fast growing data is
becoming the major bottleneck in the utilization of the
technology. Clustering analysis is one of the most
effective methods for analyzing such gene expression
data >4,
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A lot of clustering methods have been proposed for
the analysis of gene expression data, but little guidance
is available to help choose among them. Assessing the
clustering results and interpreting the clusters found are
as important as generating the clusters **22, Given the
same data set, different clustering algorithms can
potentially generate very different clusters. A biologist
with a gene expression data set is faced with the
problem of choosing an appropriate clustering
algorithm for his or her data set. Our paper provides a
data mining tool, Cluster Diff, which allows the
similarity analysis of clusters generated by different
algorithms. This tool may: (1) improve the quality of
the data analysis results, (2) support the prediction of
the number of relevant clusters in the microarray
datasets, and (3) provide cross-reference between
different algorithms. The software tool can also be used
to analyze cluster similarities from other biomedical
data.

In this paper we first introduce this software tool,
then, as an application example, we apply this software
to analyze the clusters generated by K-means % 2%,
Cluster Identification via Connectivity Kernels (CLICK)
(23 and Self-Organizing Map (SOM) &9,

The remainder of the paper is organized as follows.
In Section 2 we present the software tool in detail.
Section 3 describes clustering results from three major
clustering algorithms. K-means, CLICK, and SOM
using two different datasets L eukaemia gene expression
data and Sporulation data. A comparative study is
presented in Section 4. Conclusions are presented in
Section 5

2. Software Tool Overview

There are many clustering algorithms proposed in
the last several decades, but little guidance is available
to help choose among them. For example, they lack



facilities for estimating the optimal number of clusters,
as well as components for evaluating the quality of the
clusters obtained. In this section, we present a software
tool that offers cluster similarity analysis methods for
DNA microarray data anaysis.

We present a new tool, Cluster Diff, which alows
the similarity analysis of clusters generated by different
algorithms. This tool may: (1) improve the quality of
the data analysis results, (2) support the prediction of
the number of relevant clusters in the microarray
datasets, and (3) provide cross-reference between
different algorithms. The software tool can also be used
to analyze cluster similarities from other biomedical
data

2.1. Softwar eI ntroduction

The software allows working with two datasets

each time. The Main Window (panel) (Figure 1.)
contains the file, view, and help.
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Figure 1. Screenshot of the main window

In Figure 1, the left group (A) has 6 clusters, from
A0 to A5; the right group(B) has 8 clusters, from BO to
B7.

In each cluster, the column represents dimision of
the microarray data, and the row represents the gene's
profile. For example, in Figure 1, the group A has 7
dimisions; the group B has 3 dimisions.

The score is the measurement of similarity. The
maximum number is 1.00 that means the profiles of
these two clusters have similar trends. That is to say
the most genes in the two clusters are similar. If the
scoreis 0.00, two clusters are not matched.

The output has multiple visualizations. From button
View, you may check different options to get different
views.

2.2. Data Sour ce and Data For mat

This tool uses the textual tab-delimited data files.
The format is similar to the Stanford tab-delimited
format (http://genome-
www5.stanford.edu/microarray/hel p/formats.shtml)
except that you should put tab [cluster] and [/cluster]
between a cluster dataset. An example of the described
format isshownin Table 1.

Table 1. Input data file format

[cluster]

YKRO007G -0.16 0.12 -0.1
YERO67A -0.17 0.16 0.18
YBH291C -045 -0.11 -0.58
[/cluster]

[cluster]

YPL184C -0.76 -0.61 -0.36
YTRO75W -0.78 -0.53 0.84
Y CR059S -0.17 0.24 0.15
[/cluster]

3. Clustering Algorithmsand Analysis

Clustering methods, which determine the natural
sub-groups in a data set, have some advantages over
other methods, because no previous knowledge is
necessary for clustering anaysis * . Several
clustering algorithms have been proposed in past few
decades (3 1% 1128 |n this section, we briefly describe
three such methods, including the K-means clustering
methods, the Cluster Identification via Connectivity
Kernels (CLICK), and the Self-Organizing Map (SOM)
neural networks.

3.1. Clustering Algorithms
3.1.1 K-means Clustering Algorithm

The k-means clustering algorithm > ? is a popular
form of cluster analysis. The basic ideais that you start
with a collection of items (e.g. genes) and some chosen
number of clusters (k) you want to find. The items are
initially randomly assigned to a cluster. The k-means
clustering proceeds by repeated application of a two-



step process where (1) the mean vector for al itemsin
each cluster is computed; (2) items are reassigned to the
cluster whose center is closest to the item. The k-means
clustering algorithm is repeated many times, each time
starting from a different initial clustering. The sum of
distances within the clusters is used to compare
different clustering solutions. The clustering solution
with the smallest sum of within-cluster distances is
saved. The parameters that control k-means clustering
are the number of clusters (k) and the number of trials.

The k-means clustering algorithm should be
repeated with more trials. If the optimal solution is
found many times, the solution that has been found is
likely to have the lowest possible within-cluster sum of
distances. We can then assume that the k-means
clustering procedure has then found the overall optimal
clustering solution .

3.1.2 CLICK Clustering Algorithm

CLICK-Cluster Identification via Connectivity
Kernels *¥is a clustering algorithm which is applicable
to gene expression anadysis as well as to other
biological applications. The algorithm utilizes graph-
theoretic and statistical techniques to identify tight
groups of highly similar elements (kernels), which are
likely to belong to the same true cluster. Severa
heuristic procedures are then used to expand the kernels
into the full clustering. The algorithm does not make
any prior assumptions on the number or the structure of
the clusters. At the heart of the structure of the cluster,
there is a process of recursively partitioning a weighted
graph into components using minimum  cut
computations. The edge weights and the stopping
criterion of the recursion are assigned probabilistic
meaning, which give the algorithm higher accuracy.

3.1.3 Self-Organizing Map (SOM) Neural Network

SOM 8 ¥ js a neural network with a number of
nodes or neurons. Usualy the configuration of these
nodes is rectangular or hexagonal [*>#. The nodes
have an associated vector of the same length of the
input data. All nodes have initial random values and
these reference vectors are adjusted during the training
process. After the network is stable, these reference
vectors are used to group the genes based on the
closeness of the genes to the reference vectors.

During the training stage, the strength of the
updating the reference vectors depends on their
distances to the winner vector, which is the closest
vector to arandomly selected gene. The training length,
the training rate, and the size of the updating

neighborhood can be customized. Usualy the training
is performed in two phases: the first one is the ordering
phase (strong training rate and large updating radius)
and the last one is the fine-tuning phase (long training
length with aweak training rate and a smaller radius).

3.2. Clustering Analysis

The purpose of our study is to compare the clusters
generated by above three clustering methods.

3.2.1. Softwarefor Clustering Analysis

The software we use for clustering analysis includes
the following:

(1) EXPANDER (EXpression Anayzer and
DisplayER) 1?¥: Thisis ajava-based tool for analysis of
gene expression data. We useit for CLICK clustering.

(2) GEPS (Gene Expression Pattern Analysis
suite) 1 1t includes following servers:

a) K-means Server: This interface performs a

Partitioning Clustering agorithm. The number of
clustersk is specified by the user.

b) SOM Server: This is an interface to SOM
package. The map is plotted with SomPlot. The
resulting clusters can be extracted to continue with the
analysis.

3.2.2. The Data Set and Data Preprocessing

Data Source
(1) Leukaemia dataset* (7129 genes, 38 samples)
(2) Sporulation dataset** (6116 genes, 7 samples)

We experiment with a subset of the Leukaemia
dataset and a subset of Sporulation dataset. Both
datasets are obtained using an Affymetrix hybridization
array.

Data Preprocessing

We randomly select 500 genes from each dataset
and save them as in plain text files, respectively. Then
we formatted them as EXPANDER and GEPS required.

These two preprocessed data sets are used for
comparing the algorithms.

* The origina data and experimental methods are
available at http://www.genome.wi.mit.edu/MPR

**The origind data and experimenta methods are
available at http://genome-www.stanford.edu



3.3. Clustering Results Comparison
3.3.1 Clustering with L eukaemia dataset
Dataset: 500-gene Leukaemia
Test condition
Test condition for CLICK Algorithm
Default homogeneity

Test condition for K-means Algorithm

(1) Kvaue 4
(2) Distance function: Pearson correlation
coefficient
Test condition for Self Organizing Map (SOM):
(0] 2 * 2 hexagona lattices (This will
result in 4 clusters)
2 Number of trias: 20

Clustering results

The clustering results of CLICK, SOM, and K-
means are shown in Figure 2, each of which includes
the profile of a cluster and the profiles of the genesin
that cluster.
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Figure 2. Clustering results

3.3.2 Clustering with Sporulation dataset
Dataset: 500-gene Sporulation
Test condition
Test condition for CLICK Algorithm
Default homogeneity

Test condition for K-means Algorithm

(1) Kvaue 6

(2) Distance function: Pearson correlation coefficient
Test condition for Self Organizing Map (SOM):

(1) 2 * 3 hexagonal lattices Number of trials. 20

Clustering results

The clustering results of CLICK, SOM, and K-
means are shown in Figure 3, each of which includes
the profile of a cluster and the profiles of the genesin
that cluster.
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Figure 3. Clustering results

4. Comparison of the Clustering M ethods

The Sdf-Organizing Map (SOM) is a popular
unsupervised neural network algorithm. It is very
efficient in handling large datasets such as gene
expressive data. The SOM algorithm is also robust even
when the data set is noisy . So we chose it as the
target clustering algorithm for this study.

4.1 Comparison with Leukaemia dataset
411 CLICK vs. SOM

Both clustered data files from CLICK and SOM
with 500-genes Leukaemia, after formatting as Section
2.2, were loaded to the cluster diff for the cluster
similarity analysis. The result is shown in Figure 4.
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Figure4. CLICK vs. SOM (Leukaemia)

For detail cluster similiarity analysis, we input a
pair of clusters each time, one by CLICK and one by
SOM, The scores are summarized in Table 2.

Table 2. Cluster similarity
analysis(Leukaemia) results (CLICK vs. SOM)

SOM11 SOM12 soM21 SOM22
CLICKO 0.26 0.09 0.14 0.20
CLICK1 0.15 0.15 0.11 0.08
CLICK2 0.18 0.01 0.00 0.00
CLICK3 0.09 0.03 0.07 0.09
CLICK4 0.20 0.03 0.03 0.01

4.1.2 K-meansvs. SOM

Both clustered data files from K-means and SOM
with 500-genes Leukaemia, after formatting as Section
2.2, were loaded to the cluster diff for the cluster
similarity analysis. Theresult is shown in Figure 5.
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Figure 5. K-means vs. SOM (Leukaemia)

For detail cluster similiarity anaysis, we input a
pair of clusters each time, one by K-means and one by
SOM. The scores are summarized in Table 3.

Table 3. Cluster similarity
analysis(Leukaemia) results (K-means vs. SOM)

SOM11 SOM12 SOM21 SOM22
Kmeans0 0.24 0.09 0.13 0.20
Kmeansl 0.20 0.15 0.11 0.06
Kmeans2 0.30 0.02 0.01 0.01
Kmeans3 0.13 0.03 0.07 011

4.2 Comparison with Sporulation dataset
42.1CLICK vs. SOM

Both clustered data files from CLICK and SOM
with 500-genes Sporulation, after formatting as Section
2.2, were loaded to the cluster diff for the cluster
similarity analysis. The result is shown in Figure 6.
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Figure 6. CLICK vs. SOM (Sporulation)

For detail cluster similiarity analysis, we input a
pair of clusters each time, one by CLICK and one by
SOM, The scores are summarized in Table 4.

Table 4. Cluster similarity
analysis(Sporulation) results (CLICK vs. SOM)

SOM12 SOM13 SOM21 SOM22 SOM23 SsoM11
CLICKO 0.03 0.00 0.02 0.01 0.03 0.03
CLICK1 0.07 0.04 011 0.26 0.14 0.22
CLICK2 0.17 0.39 0.03 0.00 0.02 0.08
CLICK3 0.10 0.05 0.09 0.01 0.05 0.10
CLICK4 0.08 0.15 0.01 0.04 0.06 0.00
CLICKS 0.02 0.04 0.07 0.06 0.07 0.09
CLICK6 0.07 0.02 0.04 0.04 0.05 0.05




4.2.2 K-meansvs. SOM

Both clustered data files from K-means and SOM
with 500-genes Sporulation, after formatting as Section
2.2, were loaded to the cluster diff for the cluster
similarity analysis. The result is shown in Figure x.
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Figure 7. K-means vs. SOM (Sporulation)

For detail cluster similiarity analysis, we input a
pair of clusters each time, one by CLICK and one by
SOM, The scores are summarized in Table 5.

Table 5. Cluster similarity analysis
(Sporulation) results (K-means vs. SOM)

SOM13
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Figure 8. Example of a good match

The average scores for both CLICK and K-means
algothms are summarized in Table 6.

Table 6. Clustering Method Comparison
analysis results (CLICK vs.K-means)

CLICK vs.
Dataset SOM K-means vs. SOM
Leukaemia 0.16 0.21
Sporulation 0.20 0.27

SOM12 SOM13 SOM21 SOM22 SOM23 SOM11
Kmeans0 0.10 0.00 0.06 0.01 0.00 0.20
Kmeansl 0.17 0.46 0.02 0.00 0.04 0.02
Kmeans2 0.05 0.25 0.00 0.09 0.19 0.00
Kmeans3 0.10 0.01 0.05 0.28 0.23 0.01
Kmeans4 0.05 0.00 0.18 011 0.00 0.20
Kmeans 0.09 0.01 013 0.08 0.02 0.14

4.3 Comparison Results:

From the tables in Section 4.1 and 4.2, we can find
that most SOM clusters match the K-means clusters (or
CLICK) well and vice versa. An example of good
match is Kmeansl with SOM13 (0.46), and CLICK?2
with SOM13(0.39) in Sporulation dataset (see Figure
8.). The profiles of these three clusters have similar
trends, meaning that the most genes in these three
clusters are similar.

The case study results indicate that the clusters
generated by the CLICK, K-means or SOM algorithms
are comparable. Most clusters match the SOM clusters
well and vice versa. Given atarget clustering agorithm
(or clusters), the tool can efficiently determing the
closest matching from a set of clustering algorithms.

5. Conclusions

In this paper, we present a new data mining tool,
Cluster Diff, which allows the similarity analysis of
clusters generated by different algorithms. This tool
may: (1) improve the quality of the data analysis results,
(2) support the prediction of the number of relevant
clusters in the microarray datasets, and (3) provide
cross-reference between different agorithms. The
software tool can also be used to anayze cluster
similarities from other biomedical data. This software
tool may significantly support gene expression data
analyses.
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