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ABSTRACT
Clustering is a key step in the analysis of gene expression
data, and in fact, many classical clustering algorithms are
| used, or more innovative ones have been designed and
validated .far the task. Despite the widespread use of
artificial intelligence techniques in bioinformatics and,
more generally, data analysis, there are very few clustering
algorithms based on the genetic paradigm, yet that
paradigm has great potential in finding good heuristic
solutions to a difficult optimization problem such as
clustering. In this paper the nature of microarray data is
discussed briefly and a survey on genetic algorithm based
clustering techniques for micro array gene data is
presented. Some preliminary concepts that form the basis
for the development of clustering' algorithms are
introduced, Finally, some of the most popular clustering
techniques like GenClust, HGACLUS, hybrid method
using EM algorithm, multiobjective genetic clustering
algorithm are discussed. As such, the study provides a
framework for the evaluation of clustering in gene
expression analysis.
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1. M1CRO ARRAYDATA AND 118 COMPLEXITY

The recently developed gene expression micro array
technique measures the expression levels of thousands
of genes in a single experiment, This large amount of
data is something of a gold mine, from which a number of
things can be found. Gene-expression micro array data
have been explored in a variety of ways including gene
clustering, gene selection and many others. Gene
EXpression micro arrays are a prominent experimental tool
in functional genomics which has opened the opportunity
for gaining global, systems-level understanding of
transcriptional networks. Micro array platforms for
meastring the expression levels of most or all genes of
an orgarism are available for a variety of organisms
ranging from yeast o human. Experirﬁents that use this
technology typically generate overwhelming volumes of
data, unprecedented in biological research, which makes
the task of mining meaningful biological knowledge out
of the raw data a major challenge. Hence, exploitation of
gene expression data is fully dependent on the availability
of advanced data analysis and statistical tools. Many
clustering {9,25] algorithms and software tools for analysis
of microarray data were developed in recent years.
Clustering algorithms applied to gene expression data
partition the genes into distinct groups according to their
expression patterns over the probed biological conditions.
Such partition should assign genes with similar expression
patterns to the same cluster (keeping the homogeneity
merit of the clustering solution) while retaining the
distinct expression pattern of each cluster {ensuring the

separation metit of the solution). Cluster analysis eases
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the interpretation of the data by reducing its complexity
and revealing the major patterns that underlie it. Cléstering
is the task of organizing a set of objects into meaningful
groups. These groups can be disjoint, overlapping, or
orgahized in some hierarchical fashion. The key element
of clustering is the notion that the discovered groups are
meaningful, Clustering is an exploratory tool for analyzing
large datasets, and has been extensively used in
numerous application areas. Clustering has a wide range
of applications in life sciences and over the years it has
been used in many z;reas ranging from the analysis of
clinical information, phylogeny, genomics, and
proteomics. For example, clustering algorithms applied
to gene expression data can be used to identify co-
regulated genes and provide a genetic fingerprint for
various diseases. The primary=goal of this article is to
provide an overview of the various issues involved in
clustering large datasets, describe the merits and
underlying assumptions of some of the commonly used
clustering approaches, and provide insights on how to
cluster datasets based on genetic algorithm paradigm.
The article is organized as folicws. The sections 2 to 5
describe the various types of clustering algorithms
developed over the years, similarity measures, limitations
of the conventional clustering algorithms and
dimensionality reduction. The sections 6 and 7 focus on
genetic algorithm, criteria for evaluating clustering
algorithms. The section 8 describes microarray
technology and focuses on the problem of clustering
data arising from microarray experiments. Finally, section
é provides a brief introduction to the GA based ciustéring
techniques iik@ GenClust, HGACLUS, hybrid method
using EM algorithm, multiobjective genetic clustering

algorithm.

i

2. Types Or CLUSTERING ALGORITHMS

The topic of clustering has been extensively studied in
many scientific disciplines and a variety of different
algorithms have been developed [18, 30, 31]. Two recent
surveys on the topics [15, 17] offer a comprehensive
sumnmary of the different applications and algorithms.
These algorithms can be categorized along different
dimensions based cither on the underlying methedology
of the algorithm, leading to partition or agglomerative
approaches; the structure of the final solution, leading
to hierarchical or nonhierarchical solutions; the
characteristics of the space in which they operate, leading

to feature or similarity approaches.

2.1, Agglomerative And Partitional Algorithms

Partitional algorithms, such as K-means [19], K-medoids
[16}, probahilistic [6], graph partitioning based {13}, or
spectral based [16], find the clusters by partitioning the
entire dataset into either a predetermined or an
automatically derived number of clusters. Partitional
clustering algorithms compute a k-way clustering of a
set of objects either directly or through a sequence of
repeated bisections. A direct k-way clustering is
commonly computed as follows. Initially, a set of & objects
is selected from the datasets to act as the seeds of the &
clusters. Then, for each object, its similarity to these &
seeds is computed, and it is assigned to the cluster
corresponding to its most similar seed. This forms the
initial k-way clustering. This clustering is then repeatedly
refined by recalculating the new seed so that it optimizes
a desired clustering criterion function. A k-way
partitioning through repeated bisections is obtained by
recursively applying the above algorithm to compute two-

way clustering (i.e., bisections). Initially, the objects are

- partitioned into twe clusters, and then one of these

clusters is selected and is further bisected, and so on.
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This process continues k-1 times, leading to & clusters

Each of these bisections is performed so that the resulti g
two way clustering solution optimizes a particular criterion
function. Criterion functions used in the partitional
clustering reflect the underlying definition of the
“goodness” of clusters. The partitional clustering can be
considered as an optimization procedure that tries to create
high-quality clusters abcording to a particular criterion
function, Many critetion functions have been proposed
[28]. Criterion functions measure various aspects of
intracluster similarity, intercluster dissimilarity, and their
combinations. These criterion functions use different
views of the underlying collection, by either modeling
the objects as vectors in a high-dimensional space or by
niodeling the collection as a graph. Hierarchical
agglomerative algorithms find the clusters by initially
assigning each object to its own cluster and then
repeatedly merging pairs of clusters until a certain
stopping criterion is met. The three basic criteria to
determine which pair of clusters to be merged next are
single-link, complete-link, and group average (UPGMA -
unweighted pair group method with arithmetic mean) {16].
The single-link criterion function measures the similarity
of two clusters by the maximum simnilarity between any
pair of objects from each cluster, whereas th; complete-
link criterion uses the minimum similarity. In general, both
the single-link and the complete-link approaches do not
work very well because they either base their decisions
to a limited amount of information (single-link) or assume
that all the objects in the cluster are very similar to each
other (complete link). On the othér hand, the group
average approach measures the simiIafity of two clusters
by the average of the pair wise similarity of the objects

from each cluster and does not suffer from the problems
arising with single-link and complete link .In addition to

these three basic approaches, a number of more
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sophisticated schemes have been developed, such as
CURE [22), ROCK [23], and CHAMELEON {18] thathas
been shown to produce superior results. CURE [22] is
more robust to outliers, and identifies clusters having
non-spherical shapes and wide variances in size. ROCK.
[23] is a robust hierarchical clustering algorithm for

categorical attributes that employs links and not

" distances when merging clusters and provides good

scalability. CURE and ROCK are designed to find clusters
that fit some static models. These algorithms can
breakdown if the choice of parameters in the static model
is incorrect with respect to the data set being clustered.
But CHAMELEON [18] measures the similarity of two
clusters based on a dynamic model. In the clustering
process, two clusters are merged only if the inter-
connectivity and closeness (proximity) between two
clusters are high relative to the internal inter-connectivity
of the clusters and closeness of items within the clusters.
The merging process using the dynamic model presented
facilitates discovery of natural and homogeneous
clusters.Finally, hierarchical algorithms produce a
clustering solution that forms a dendogram, with a single
all-inclusive cluster at the top and single-point clusters
at the leaves. In contrast, in nonhierarchical algorithms
there tends to be no relation between the clustering

solutions produced at different levels of granularity,

3. SIMILARITY MEASURES

In most microarray clustering applications the goal is to
find clusters of genes or clusters of conditions, A number
of different methods have been proposed for computing
these similarities, including Fuclidean distance-based
similarities, correlation coefficients, and mutual
information. The use of correlation coefficient-based
similarities is primarily motivated by the fact that while

clustering gene expression datasets, the expression levels
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of different genes are related under various congitions.
The correlation coefficient values between genes is
estimated by the Pearson correlation coefficient, which

is given by

T (v — D — )
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and it can be used directly or transformed to absolute
values if genes of both positive and negative correlations
are important in the application. An alternate way of
measuring the similarity is to use the mutual information
between a pair of genes. The mutual information between
two information sources 4 and B represent how much
information the two sources contain for each other.
D’Haeseleer et al [8] used mutual information to define
the relationship between two conditions 4 and B. A
feature common to many similarity measures used for
microarray data is that they almost never consider the
Iength of the corresponding gene or condition vectors,
which is the actual value of the differential expression
level, but focus only on various measures of relative
change or how these relative measures are correlated
between two genes or conditions [29]. The reason for
this is twofold. First, there are still significant experimental
errors in measuring the expression level of a gene, and is
not reliable to use it “as is.” Second, in most cases interest
is shown on how the different genes change across the
different conditions (i.e., either upregulated or
downregulated) and the interest is not shown in the exact

amount of this change.

4, LivitaTions OF THE CONVENTIONAL CLUSTERING
Scremas

Since the early days of thé development of the micro

array technblogies, a wide range of eﬁsting clustering

algorithms have been used, and novel new approaches

have been developed for clustering gene expression
datasets. The most effective traditional clustering
algorithins are based either on the group-average variation
of the agglomerative clustering methodology, or the K-
means approach applied to unit-length gene or condition
expression vectors. Agglomerative solutions are
inherently suboptimal when compared to partitional
approaches, which allow for a wider range of feasible
solutions at various levels of cluster granularity. However,
despite this, the agglomerative solutions tend to produce
reasenable and biologically meaningful results, and allow
for an easy visualization of the relationships between
the various genes or conditions in the experiments. The
ease of visualizing the results has also led to the extensive
use of self-organizing maps (SOM) for gene expression
clustering [235). However, as the dimensionality of these
datasets continues to increase (primarily by increasing
the number of conditions that are analyzed), requiring
consistency across the entire set of conditions will be
unrealistic. These algorithms tend to produce local
solutions and hence genetic algorithms are integrated to

provide good heuristic solutions.

5. DIMENSIONALITY REDUCTION

Many new algerithms have been proposed recently to
tackle the problem of clustering gene expression data
with high dimensionality. The basic idea of global
dimension reduction is to compress the entire gene/
condition matrix to represent genes by vectors in a
compressed space of tow dimensionality, such that the
biologically interesting results can be extracted [20]. Alter
et al [2] proposed to use singular value decomposition

{SVD) to compress the data and then apply traditional

_ clustering algorithms (such as k-means). They also

showed that their algorithms can find meaningful clusters

on cancer cells, leukernia dataset and yeast cell cycle
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dataset. Finding clusters in subspaces tackle this problem .
differently by redefining the problem of clustering
finding clusters whose internal similarities become
apparent in subspaces or clusters that breserve certain
expression patterns among the dimensions in subspaces
[13]. The various algorithms differ from one another in
how they model the desired clusters, the optimization
algorithm and clustering algorithm that generate the
desired cius’gg:_rs, and whether the algorithms allow genes
that beiohg' ‘t-o more than one cluster (i.e., overlapping
clusters), Cheng and Church [7] assume each expression
value in the matrix as the addition of three components:
the background level, the row effect, and the column
effect. Thus, they use minimum mean squared residue as
the objective function to find clusters in subspaces that
have small deviations with respect to the rows in the
cluster, the columns in the subspace, and the background
defined by the cluster. Correlation clustering groups the
data sets into subsets called correlation clusters such
that the objects in the same correlation cluster are all
associated to a common hyperplane of arbitrary
dimensionality. The prominent application for correlation
clustering is the analysis of gene expression data. Gene
expression data contain the expression levels of
thousands of genes, indicating how active the genes are,
according to a set of samples, A common task is to find
clusters of co-regulated genes, i.e. clusters of genes that
share a common linear dependency within a set of their
features. The first approach that can detect correlation
élusters is ORCLUS {1] that integrates PCA into k-means
clustering. The algorithm 4C [5} int;:grates PCA into a
density-based clustering algorithm. Elke Achtert {10 ]
proposed correlation clustering algorithm COPAC
{Correlation PArtition Clustering) that aims at improved

robustness, completeness, usability, and efficiency.
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6. GEneTICAL GORITHMS (GA)

In GAs, the search space of a problem is Tepresented as
a collection of individuals [11}. The individuals are
represented by character strings, which are referred to as
chromosomes. A collection of such strings is called the
population. The purpose is to find the individual from
search space with the best genetic material. The quality
of an individual is measured with an objective function
or the fitness function. Based on the principle of survival
of the fittest, a few of the strings are selected and each is
assigned to a number of copies that go into the mating
pool. Biologically inspired operators like crossover and
mutation are applied on these strings to yield a new
generation of strings. The process of selection, crossover
and mutation continues for a fixed number of generations

or till the termination condition is satisfied,

7. CriTeRIA FOR EVALUATING CLUSTERING ALGORITHMS

Considering the characters of gene expression data, and
the particular applications in functionél genomics, the
optimal algorithms for analysis of gene expression data
need the following properties suggested by Jain et al
and Hanetal [17,14]

*  Scalability and efficiency: Algorithms should be
efficient and scalable considering the large amount
of data to be handled.

* Irregular shape: Algorithms need to be able to
identify a dense set of points which forms a cloud of
irregular non spherical shapes.

*  Robustness: The clustering mechanisms should be
robust against large amounts of noise and outlier.

*  Order insensitivity: Algorithms should not be
sensitive to the order of input. That is, clustering

results should be independent of data order.
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+  Number of Clusters: The number of clusters inside
the data set needs to be determined by the &lgorithm

| itself and not prescribed by the user.

«  Parameter estimation: The algorithms should have
the ability to estimate any parameters required by
the algorithm from the data set, and no domain
knowledge input is required from the user.

+  Dimensionality: Algorithms need the ability to handle
data with high dimensionality or the ability to find
clusters in subspaces of the original space.

- Stability: No data object will be classified into
different clusters for different running of the
algorithm,

*  Incrementability: Algorithms shouild be able to
- incrementally handle the addition of new data or the
deletion of old data instead of re-running the
algorithms on the new data set.

+ Interpretability: The clustering resuits of the
algorithms need to be interpretable. That is,
clustering may need to be tied up with specific

biclogical interpretations and applications.

8. Oveaview OF MicroarraY TECENOLOGIES

DNA microarrays measure gene expression levels by
exploiting the preferential binding of complementary,
single-stranded nucleic acid sequences. cDNA
rucroarrays, developed at Stanford University [ Stanford
University Genomic Resources : http ://genome-
www.stanford.edun] are glass slides, to which single-
stranded DNA molecules are attached at fixed locations
{spots) by high-speed robétic printing . Each array may
contain tens of thousands of spots, each of which
corresponds to a single gene. mRNA from the sample
and from control cells is extracted and cDNA is prepared
by reverse transcription. Then, cDNA is labeled with two

ﬂuorescent dyes and washed over the microarray so that

cDNA sequences from both populations hybridize to their
complementary sequences in the spots. The amount of
cDNA from both populations bound to a spot can be
measured by the level of fluorescence emitted from each
dye. For example, the sample cDNA is labeled with ared
dye and the control ¢cDNA is labeled with a green dye.
Then, if the mRNA from the sample population is in
abundance, the spot will be red; if the mRNA from the
control population is in abundance, it will be green; if
sample and control bind equal the spot will be yellow; if
neither binds, it will appear black. Thus, the relative
expression levels of the genes in the sample and control
populations can be estifnated from the fluorescent
intensities and colors for each spot. After transforming
the raw images produced by microarrays into relative
fluprescent intensity with some image processing
software, the gene expression levels are estimated as log-
ratios of the relative intensities. A gene expression matrix
can be formed by combining multiple microarray
experiments of the same set of genes but under different
conditions, where each row corresponds to a gene and
each column corresponds to a condition (i.¢. a microatray
experiment) [27,3]. The Affymetrix GeneChip
oligonucleotide array contains several thousand single-
stranded DNA oligonucleotide probe pairs. Each probe
pair consists of an element containing oligonucleotides
that perfectly match the target (PM probe) and an element
containing oligonucleotides with a single base mismatch
(MM probe). A probe set consists of a set of probe pairs
corresponding to 2 target gene. Similarly, the labeled RNA
is extracted from sample cell and hybridizes to its
complementary sequence. The expression level is
measured by determining the difference between the PM
and MM probes. Then, for each gene {i.e., probe set)
average difference or log average can be calculated, where

average difference is defined as the average difference
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between the PM and MM of every probe pair in a probe;

set and log average is defined as the average log ratirgﬁs/
of the PM/MM intensities for each probe pair in a probe

set.

9._ GENETIC ALGORITEM BASED CLUSTERING FOR
MICcROARRAY DLA’;"A

9.1 Genclust

Genclust is a genetic algorithm for clustering gene
expression data propesed by Vito Di Gest et al [26]. It
has two key features: (a) a novel codiﬁg of the search
space that is simple, compact and easy to update (b) it
can be used naturally in conjunction with data driven
internal validation methods. It is experimented with the
FOM methodology, specifically conceived for validating
clusters of gene expression data. The validity of the
algorithm has been assessed experimentally on real data
sets, both with the use of validation measures and in
comparison with other algorithms like Average Link, Cast,
Click and K-means. GenClust is experimentally
competitive with K-means, Click [21] and Cast [4].
Moreover, the algorithm is well suited for use in
::onjunction with data driven internal validation
methodologies and in particular P OM, which has received
great attention in the specialized literature. It defines
clustering as an optimization problem Givén asubset Y=
WL y2..., ym} of X, let o(Y) denote the centroid of Yand

let its variance be

. o4 -y 32
VAR(Y)=—23" 3 (3iy = Y); .
Ubwrieni
Given an integer &, we are interested in finding a partition
of X'into k classes C0, C1 ..., Ck-1 so that the total internal
variance is
-1
VAR(P) = 3 VAR(G;)
i=}
The algorithm proceeds in stages, producing a sequence

of partitions, each consisting of k classes, until a halting
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condition is met. Following the evolutionary
computational patadigm, a population evolves by means

of genetic operators, i.e., cross-over, mutation and

-selection, resulting in a random walk in cluster space,

where the fitness function gives a drift to the process
towards a local optimum. Its performance is measured
by adjusted Rand index and FOM. Table 1 [26] shows the
adjusted Rand index and FOM values for the rat RCNS

data set of various algorithms.

Table1: Performance of the Algorithms for RCNS Rat

Method AdprstadRand FOM
GenChrst random [1375:] 389
Mo kmeans-random 0.l44 181
Mux kmeansrandom Q.258 8
Cast 0.12 358
Kateans-Ailink a7 7t
Audink 0.19 408
Cenlus-Aeink [RTY 4.07

The table shows that GenCIuét—Av_Link is to be preferred
to GenClust-Random. Moreover, GenClust- AvLink seems
to take better advantage of the output of Average Link
than K-means. It also appears that GenClust- AvLink is

- competitive with Average Link and K-means, Cast and

Click.

8.2 Hgaclus

HGACLUS is suggested by Haiyan Pan et al [12]. Inthis
paper the parallelism searching capability of GAs is used
to design a clustering schema (IIGA- CLUS) combining
merits of the Simulated Annealing to find an optimal or.
near-optimal set of medoids whose size was predefined.
According to this optimal set of medoids, each
observation was allocated to the nearest medoid and the
best & clusters were then constructed. Each string was

evaluated using the following fitness function,

traceB/{k — 1)
traceW /(n — k)

flen) =
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where n and k are the total number of points and the
number of clusters in the partition, respectivdy.é and W
are the covariance matrices of between-cluster sums and

the pooled within-cluster sums of squares, respectively.
exp(f(ss)/T)

o 3

Y exp(f(sx)/T)

h=1

plsn) = h=1,2,...,p.

* where T>0 is a cooling temperature. The cooling schedule

function is

T(g) = G(;ng g=0,1,...,G—1.

The proceés of fitness computation, selection, crossover,
and mutation was executed for G generations, Variance
Ratio Criterion (VRC) and Silhouette Width are the
validation indices used by the élgorithm. With regard to
the criteria of external isolation and internal consistency,
HGACLUS appeared to perform as well as or better than
any of the other mentioned methods for multi-class

clustering. The fig 1 shows [12] the results for the

9.3 Hybrid Method Using EM Algorithm

Zeke et al [32] suggest the hybrid method using EM
algorithm, In this paper a framework is proposed that
hybridizes Evolutionary Computation, in particular
Genetic Algorithm with a local-learning algorithm to
perform optimal clustering of time-course gene expression
data. The hybrid algorithm combines the strengths of
GA and the local-learning algorithm (EM) by using the
former to select subset of data as initial cluster centers
and the later to perform fast local optimization to achieve
the final centers from these initial centers. In this way,
the optimality of the final centers returned by the local-
search algorithm can be used as the objective function
for GA, which searches for the globally optimal subset of
data as initial cluster centers. In other words, rather than
beginning the local optimization from data points that
are tandomly chosen, the hybrid algorithm begins the
local optimization from data points that are globally
optimal, therefore increasing the consistency of the final

clustering solution. The hybrid algorithm is applied to

datasets.
@ Model (1) —&-Model (2) @ YNodzl (1) —&—Hodel (22
H 0,2
W E
“ . e |
0.1s |
g " — " !
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r——— 5 L . . ol :
2 L w‘_ 9. ﬂu H‘x\xiﬂ_ﬂ_._a-—— "'A E
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o Lo . . . : S . . ]
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Figure 1 : The average VRC and Silhouette Width Values of Five Ciusteﬁng Methods for Models 1(3 sets of

cancer genes) and Model 2 (5 sets of cancer genes)

the human fibroblasts time course data that requires

clustering of 512 useful genes and shows superior '

performance over using EM alone. Results show that

although the hybrid algorithm requires higher
computational cost, it performs consistently better in

clustering accuracies. The hybrid framework is applied
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to gene clustering with a mixture of Multiple Lineay

Regression models (MLRs), which uses Expectation
Maximization algorithm (EM) as the local learning
algorithm. The fitness function of each solution is
measured as the maximum log likelihood of the EM-
optimized model. For selection etilist scheme is used. The
clustering model is a mixture of G MLRs {one for each
cluster), each of which represents a single gene trajectory
cluster given by

Yi=Sun +y0+8 3~ NOD) & ~N(.Ry where
Yi=qy,, ¥z 0 ¥yt 1s the jith gene trajectory of
length /. The log normalized data of 517 genes is shown

i}ggﬂiexpmshn'; The Respanse of Hunue Fhrablasts to Serum Date

AN

| S

10 dume fhoury {5 ' 5

Figure 2 : The Human Fibroblasts To Serum Data

(517 Genes).

A typical GA run is shown in Fig. 3 [32]. The fitness
increases uni-directionally, which is the characteristic of
the etilist selection scheme.

4357

Best-Fiiness in e popalation
3370p
ERDES S
32aar
azg0

5 z 4 g 3 gem 3a
Figure 3 : Evolution Of The Best-Fitness Found In The

Population,
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The experimental resnits on gene expression Hme course
data available on the public domain show the advantages
of the hybrid GA-EM approach when compared with the
standard approach of using random initialization EM

algorithm only,

9.4 Multi Objective Genetic Clustering Algorithm
Sanghamitra Bandyopadhyay, Anirban Mukhopadhyay
and Ujjwal Maulik [24] proposed 2 two-stage clustering
algorithm, that employsa recently proposed variable string
length genetic scheme and a multi objective genetic
clustering algorithm. it is based on the novel concept of
points having significant membership to multiple classes.
An iterated version of the well known Fuzzy C-Means is
also utilized for clustering, The significant superiority of
the proposed two-stage clustering algorithm as compared
to the average linkage method, Self Organizing Map (SOM)
and a recently developed weighted Chinese restaurant
based clustering method (CRC), widely usedmethods for
clustering gene expression data, is established on a variety
of artificial and publicly available real life data sets. The
biological relevance of the clustering solutions is also
analyzed,

The Table 2 shows [24] maximurm selectivity of different
clusters produced by different algorithms on Yeast
Sporulation data. The following Table 3 shows the
comparison of various GA based methods used for gene

data clustering.
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Table 2: Maximum Selectivity Of Different Cl?ters Produced By Different Algorithms On Yeast Sporulation Data

Algorithms Maximum selectivity of clusters {%o)
C-1 C2 C-3 C-4 C-5 C-6 C-7 C-8

SiMM-TS 6136 29.33 46.38 3143 58.39 30.84 - B

VGA 20.70 15.94 17.97 27.41 43,67 50.42 - -

IFCM 2853 | sa4s | 1008 | 1486 | 2373 | 3450 | 20 :

Avg. Link 391 - 536 10.95 4.57 - B -

SOM 16.26 50.34 34.50 18.11 22.69 1573 B -

CRC 2160 | 2232 | 3204 | sess | 2068 | 4620 | 2268 | 2000

'Fable 3: Comparisen Of GA Based Clustering Algorithms
Method Approach Validation Indices Data set
1. GenClust G A based partitionat ¢lustering FOM & Rand index Rat RCNS
2. HGAclust GA based simulated annealing concept ] VRC & silhouettc width Embryonal CNS data
3. Hybrid EM G A based on mixture of MLR's Maximum log likelihood / BIC | Human fibrobast to serum data
4. Multi objective clustering | GA based Fuzzy C means ARC & silhouette width Yeast Sporulation data
10. ConcrusioN 3. Baldi Pand Long A D, “4 Bayesian framework for the

In this survey several genetic algorithm based clustering
techniques for micro array gene data are presented. Some
preliminary concepts that form the basis for the
development of clustering algorithms are discussed. This
paper provides a framework for the evaluation of

clustering in gene expression analysis.
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