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Abstract candidate optimal number of clusters, by applying some of

This paper investigates validity analysis of aIternativ%‘e well-known ~cluster _ validity _techniques, namely

clustering results obtained using the algorithm named Mul ._|Ihck;utt9, g index, [?]unnT mde_x, DB mtljex, %D_mddex and
objective K-Means Genetic Algorithm (MOKGA). The -Dbw index, to the clustering results obtaine _from
reported results are promising. MOKGA gives the optimAYIOKGA' It provides one or more options for the optimal
number of clusters as a solution set. The achieved clusternﬂjnber of clu_s,terg.. .

results are then analyzed and validated under several cluster The applicability and effec_tlvenegs_ of the _proposed
validity techniques proposed in the literature. The Optimgiustermg approach and clustering validity analysis process

clusters are ranked for each validity index. The approach e dem.onstrated .by conducting experiments using thrge
tested by conducting experiments using three well-kno tasets: ”am'?'y Fig2data, cancer (NC160), and Leukaemia
data sets. The obtained results for each dataset are comp sets available at Genomics Department of Stanford
with those reported in the literature to demonstrate th ersity, UCI machine learning repository.

L . The balance of the paper is organized as follows.
applicability and effectiveness of the proposed approach. Section 2 is devoted to the development of the new

Keywords: clustering, gene expression data, geneti@lustering system MOKGA. Section 3 reports experimental

algorithms, multi-objective optimization, validity analysis. 'esults to illustrate the applicability, performance and
effectiveness of the system. Section 4 discusses advantages

1. Introduction of the proposed approach in comparison with other existing

- ] ) ] methods. Section 5 is summary and conclusions.
Traditional clustering algorithms, in general, do not produce

alternative solutions, and most of them do not lead to tff The Proposed Clustering Approach
optimal number of clusters in the dataset that they work on: i o
For example, hierarchical clustering method can get tH&€ Proposed clustering approach named Multi-Objective
heuristic overview of a whole dataset, but it cannot relocateenetick-means algorithm (MOKGA) has been developed
objects that may have been ‘incorrectly’ grouped at an ea®fy the basis of the Fast Genetic K-means Algorithm (FGKA)
stage. It cannot tell the optimal number of clusters nor gi\@/ and the Niched Pareto Genetic Algorithm [5]. _
the non-dominated set. K-means needs the number of After running the multi-objectiveK-means genetic
clusters as a predefined parameter, and it may give lo@@orithm, the Pareto-optimal front giving the optimal
optimal solutions because it is a local search from a randé{mber of clusters as a solution set can be obtained. The
initial partitioning. SOM has the same disadvantage in thatSyStem then analyzes the clustering results found with
requires the number of clusters be giweprior. Clearly, a €SPect to six cluster .valldlty techniques propose_d and well
clustering algorithm is needed to get the global pareffpcumented in the literature, namely Silhout,index,
optimal solution set required to give users the best overvidg#nn’s index, SD index, DB index, and S_Dbw index.
of the whole dataset according to the number of clusters and MOKGA uses a list of parameters to drive the
their quality. Further, it is required to get clustering resul@valuation procedure as in other genetic types of algorithms:
with the optimal number of clusters. including population size (the number of chromosomes), t
The main contribution of this paper is a new clusteringhe number of comparison set) representing the assumed
approach that considers multiple objectives in the proced@n-dominated set, crossover, mutation probability, and the
and its application for clustering microarray and othgpumber of iterations for the execution of the algorithm to
datasets; we have tested our approach on three data sets Opf@in the result. Subgoals can be defined as fitness
proposed approach has two components. 1) Multi—objecti\f}énc“onsl an_d instead of_scalapzmg them to flnq the gogl as
K-means Genetic Algorithm (MOKGA) based clusterinéhe overa_ll fitness function with the user.deflned weight
approach, which delivers a pareto optimal clustering solutidf@/ues, it is expected that the system can find the set of best
set without taking weight values into account. Otherwis§olutions, ie., the Pareto-optimal front. By using the
users need to consider several trials weighting with differeppecified formulas, at each generation, each chromosome in
values until a satisfactory result is obtained. 2) Clustéf€ population is evaluated and assigned a value for each
validity analysis employed to evaluate the obtainefifness function.
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Initially, the current generationis assigned to zero. the deletion of one or both, in case dominated. To half the
Each chromosome takes thember of clusterparameter number of individuals, the ranking mechanism proposed by
within the range 1 to the maximum number of clusters giveditzler [2] is employed: individuals obtained after crossover,
by the user. A population with the specified number ahutation, andK-means operator are ranked; and the best
chromosomes is created randomly by using the methodlividuals are picked for population of the next generation.
described by Rousseeuw [11], where data points are The approach picks the firsindividuals by considering
randomly assigned to each cluster at the beginning and the elitism and diversity amorfj individuals. Pareto fronts
rest of the points are randomly assigned to clusters. By usiag ranked. Basically, we find the Pareto-optimal front and
this method, we can avoid generating illegal strings, whiaemove individuals of the Pareto-optimal front from &tie
means some clusters do not have any pattern in the string.set and place them in the population to run in the next

Using the current population, the next population igeneration. In the remaining sets, we get the first Pareto-
generated and the generation number is incremented byofitimal front and put it in the population and so on. Since
During the next generation, the current population performge try to get the first individuals, the last Pareto-optimal
the Pareto domination tournament to get rid of the worBbnt may have more individuals required to complete the
solutions from the population. Crossover, mutation, and tmeimber of individuals tol. We handle the diversity
k-means operator [8] are then performed to reorganize eatomatically. We rank them and reduce the objective
object’s assigned cluster number. Finally, we will have twicdimension into one. We then sum the normalized value of
the number of individuals after the Pareto dominatiothe objective functions for each individual. These are sorted
tournament. The ranking mechanism used by Zitzler in [2] i8 increasing order and each individual's total difference
applied to satisfy the elitism and diversity preservation. Thfsom its individual pairs is calculated. The individuals are
halves the number of individuals. placed in population based on decreasing differences, and

The first step in the construction of the next generatidhhen we keep placing from the top as many individuals as we
is the selection using Pareto domination tournaments. In thmised to complete the number of individuals in the population
step, two candidate items picked amompgpulation size- tol. The reason for doing this is to take the crowding factor
tsom Individuals participate in the Pareto dominatiorinto account automatically so that individuals occurring
tournament against thtg,, individuals for the survival of closer to others are unlikely to be picked.
each chromosome in the population. In the selection part, This method was also suggested as a solution for the
tsom INdividuals are randomly picked from the populationelitism and diversity for improvement iNSGA-II. For
Two chromosome candidates are randomly selected from #seample, in order to get 20 chromosomes from the
current population except those in the comparison gebpulation, we select 10 chromosomes from the Pareto front,
(population size- 4,), and each of the candidates idelete them from the current population, then get 8
compared against each individual in the comparisotyget chromosomes from the Pareto front in the current
If one candidate has larger total within-cluster variatiopopulation, delete them from the population. Suppose that
fithness and larger number of cluster values than all thee have 6 in the current population, we take 2 chromosomes
chromosomes in the comparison set, then it is dominated thyat have the largest distance to their neighbours using the
the comparison set and will be deleted from the populatisanking method mentioned above. Finally, if the maximum
permanently. Otherwise, it resides in the population. number of generations is reached, or the Pareto front

After the Pareto domination tournament, the dominate@mains stable for 50 generations, then the process is
chromosome is deleted from the population. The next stepié@minated; otherwise the next generation is performed.
crossover: one point crossover is used in the employed
multi-objective genetic clustering approach. An index int@. Experimental Results
the chromosome is selected and all data beyond that pointrig

the chromosome are swapped between the two parg%tem consisting of the MOKGA clustering approach and

chromosomes. The resulting chromosomes are the ChIIdre@'onduct cluster validity analysis on the obtained alternative

ran dl\gr?;[lil/ t'gﬁ;g?ﬁg“tﬁg t/%rggsﬁ?]ptﬂlztg%%gzr?qixgieoe dti)P'esults, experiments were conducted on a computer with the
to probability distribution. Po?lowmg features: Pentiur®4 with 2.00 GHz CPU, 512

The K-means operator is applied last to reanalyze eaMBI RAMt %nd _runrlc)lggv_\/vmld?:vii >_|(_E The systler;nc rvrvna's
chromosome gene’s assigned cluster value. It calculates emented using ISua - [herunning piatiorm 1S

cluster centre for each cluster and re-assigns each gene t hCéOSOﬁ Visual Studio.NET 2003.

: . Three widely gene expression datasets, namely
closest cluster to each instance in the gene. H&Rpggans . . '
operator is used to speed up the convergence processF data, cancer (NCI60), and Leukaemia have been used to

; ; — ; ,  test the performance and accuracy of the system. Fig2data
replacinga, by a,’ , for n=1 toN simultaneously, whera, . X .
is the closest to objedt, in Euclidean distance. data is used for clustering genes, while cancer (NCI60) and

After all operators have been applied, twice the numbkfukaemia data sets are used for group cell samples.

of individuals remains. After having the Pareto dominat 1 Fig2data Dataset
tournament, we cannot give an exact number equal to the _ ) ) )

initial population size because at each generation randonfiig2data dataset is the time course of serum stimulation of
picked candidates are selected for the survival test leading®f§mary human fibroblasts. It contains the expression data

evaluate the performance and efficiency of the proposed
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for 517 genes of which expression changebistantially in

in Figure 3.1. They also show how the system converges to a

response to serum. Each gene has 19 expressions ran§iageto optimal front.
from 15 minutes to 24 hours [1, 6].

Figure 3.2 and Figure 3.3 report validity results and
reflect comparisons with the studies described elsewhere [6,

4.0E+04
356404\ :;0 8]. The study by .Iyeet al [6] show that' the optimal number '
\ of clusters for Fig2data is 10. Consistently, results in this
3.0E+04 —— 100 . R .
> 5E+04 \\\A . e 200 paper indicate that it ranks among the best ones for C index,
3 \! A —%— 500 and the number of 10 clusters is among the best for other
= 2.0E+04 \\ A SN indices as well. According to Mariet al [4], SD, S_Dbw,
15E+04 Y v vy DB, Silhouette, and Dunn indices cannot handle properly
1.0E+04 -\_\.\m arbitrarily shaped clusters, so they do not always give
5.0E+03 s L satisfactory results.
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Figure 3.5 Cancer dataset cluster validity results using Dunn, DB,
SD, S_Dbw and Silhouette indexes
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Figure 3.3 Fig2data dataset cluster validity results using C index

Lu et al [8] applied the Fast Genetic K-means
Algorithm to Fig2data. They selected as their parameter
setting: mutation probability = 0.01, population size = 50,
and generation = 100. As a result, they obtained fast
clustering process.

In our tests, MOKGA has been applied to Fig2data
dataset. Experiments were conducted with the following
parameters: population size = 15@&,n (number of
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comparison set = 10) and crossover = 0.8, mutation = 0.0@&2 Cancer (NCI60) dataset

Figure 3.6 Cancer dataset cluster validity results using C index

gene mutation rate = 0.005, and threshold = 0.0001, whichNg'160 is a gene expression database for the molecular
applied to check if the population stops evolution after Sgharmacology of cancer. It contains 728 genes and 60 cell
generations and if the process needs to be stopped. fiigs derived from cancers of colorectal, renal, ovarian,

range of [1, 25] was picked to find the optimal number Qjreast, prostate, lung, and central nervous system origin,
clusters. The corresponding experimental results are reporfggkaemias and melanomas. Growth inhibition is assessed

Copyright © by SIAM. Unauthorized reproduction of this article is prohibited 498



from changes in total cellular protein after 48 hours of drug o1

treatment using a sulphorhodamine B assay. The patterns of /\ —e—cC

drug activity across the cell lines provide information on 0.08

mechanisms of drug action, resistance, and modulation [13]. 0.06 v
The study by Scherf [13] uses an average-linkage / \\‘/,_4,
0.04
0.02 {—%

algorithm and a metric based on the growth inhibitory
activities of the 1,400 compounds for the cancer dataset. The
authors observed 15 distinct branches at an average inter-
cluster correlation coefficient of at least 0.3. In this method,
the correlation parameter was used to control the clustering
results. It might be hard to decide if it is an unsupervised
clustering task. Figure 3.9 Leukemia dataset cluster validity results using C index
In our tests, MOKGA has been run for the Cancer
dataset with the following parameters: population size = 108,3 Leukaemia dataset

taom (NUMber of comparison set = 10) and crossover = Ofye third microarray dataset used in this paper is the
mutation = 0.005, gene mutation rate = 0.005, and thresholgykemia dataset, which has 38 acute leukemia samples and
= 0.0001, which is used to check if the population stopy genes. The purposes of the testing include clustering cell
evolution for 50 generations and if the process needs to Q?mples into groups and finding subclasses in the dataset.
stopped. The range of [1, 20] was picked to find the optimal The study by Golulet al [3] uses Self-Organizing Maps
number of clusters. _ _ (SOMs) to group the Leukemia dataset. In this approach, the
Changes in the Pareto-optimal front after running thgser specifies the numbef clusters to be identified. SOM
algorithm are displayed in Figure 3.4. It demonstratgggs an optimal set oéentroids around which the data
convergence to an optimal Pareto-optimal front. points appear to aggregaltethen partitions the data set with
Figures 3.5 and Figure 3.6 show the average resuligch centroid defining@uster consisting of the data points
obtained. For the cancer (NCI60) dataset, we have 15 in th&rest to it.Golub [3] got two clusters acute myeloid

Pareto optimal front; this value also ranks the sixth for DRykemia (AML) and acute lymphoblastic leukaemia (ALL),
index, fifth for SD index and the fifth for C index. These argg el as the distinction between B-cell and T-cell ALL,

consistent with the results reported in [13]. Having soMgnich means that the optimal number of clusters is 2 or 3
indexes values not good demonstrates the fact that indih subclasses).

Index value

0

2 3 4 5 6 7 8 9 10
Number of clusters

values are highly dependent on the shape of the clusters. The proposed genetic algorithm-based approach has
been run for the Leukemia dataset with the following
1.0E+10 parameters: population size = 108, (number of
8 0E+00'\ —~—1 | comparison set = 10) and crossover = 0.8, mutation = 0.005,
: 7 —=25 gene mutation rate = 0.005, and threshold = 0.01, which is
> 6.0E+09 —+—50 || used to check if the population stops evolution for 50
9 \k\ —»—100 generations and if the process needs to be stopped. The
F —x— 200 range of [1, 10] was picked for finding the optimal number

4.0E+09
‘\-\\_;\\.\.\"ra of clusters. Changes in the Pareto-optimal front are
2.0E+09 displayed in Figure 3.7. It demonstrates how the system

converges to an optimal Pareto-optimal front.

0.0E+00 T T T T The Leukaemia dataset clustering results shown in
12 3 4 5 6 7 8 9 10 Figure 3.8 and Figure 3.9 indicate the same conclusions
Number of clusters reported in [3] by Goluket al. They also indicate that 2
Figure 3.7. Pareto-fronts for Leukaemia dataset (AML and ALL) is the best number of clusters after the

validity analysis with Dunn index, DB index, SD index, and
5 = < Silhouette and 3 (AML, B-cell ALL and T-cell ALL) is the
l;x—s_wa —¥—Silhouette second best. C index shows that 2 is the best cluster number
14 A —a = and 3 is the second: It can_be seen from Figure 3.8 that
/./ S Dbw is an exception. SD index gives good values, but

1'f S_Dbw does not. This indicates that the inter-cluster density
08 for number of clusters taken 2 and 3 is not high for the 38
0.6 %ﬁ. samples. Experimental results in this paper also indicate that
0.4 S_Dbw index is not suitable to test small datasets with fewer
0.2 1 than 40 instances.

0

2 3 4 5 6 7 8 9 10 4. General Evaluation and Comparison

Number of clusters In this section, the MOKGA system is compared with other
Figure 3.8 Leukemia dataset cluster validity results using Dunnmethods on basis of the results obtained for the same
DB, SD, S_Dbw and Silhouette indexes datasets. For instance, according to [6], Fig2data has 10

Index value
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clusters. The proposed approach gave the same result ugingspecified parameter. MOKGA is less susceptible to the
C index clustering validity method. Cancer data has I&hape or continuity of the Pareto front. It can easily deal
clusters according to the result in [13]. MOKGA producesith discontinuous or concave Pareto fronts. These two
the same result using the DB index. The optimal number iskues are real concerns for mathematical programming
clusters of Leukemia dataset is 2 oMEKGA reported the techniques, like model-based approaches such as Bayesian
same results using Dunn, DB, SD, and Silhouette indexes.method and mixed model-based clustering algorithms.
Since MOKGA has been developed on the basis of Fast
Genetic K-meanlgorithm (FGKA) [8] and Niched Pareto References
Genetic Algorithm (NPGA), MOKGA and FGKA share [1] K. Chen, L. Liu, “Validating and Refining Clusters via
many features: both are evolutionary algorithms; they have  Visual Rendering Gene Expression Data of the
the same mutation arittmean operators; and they both use  Genomic Resources,Proc. of IEEE International
the Total Within-Cluster VariationTWCV for the fitness Conference on Data Miningp.501-504, 2003.
value evaluation. [2] E. Zitzler, “Evolutionary algorithms for multiobjective
According to the results, MOKGA and FGKA got optimization: Methods and applicationsPoctoral
similar TWCV values, MOKGA obviously need more Thesis ETH NO. 13398, Zurich: Swiss Federal
generations to get the stable state, this might be because Institute of Technology, 1999.
MOKGA is optimizing chromosomes with different number [3] T. R. Golub, et al, “Molecular classification of cancer:
of clusters altogether. class discovery and class prediction by gene expression
MOKGA has some advantages over FGKA and GKA.: it monitoring,” Science 286, pp.531-537, 1999.
can find the Pareto optimal front, which allows us to get aij4] M. Halkidi, Y. Batistakis and M. Vazirgiannis,
overview of the entire clustering possibilities and to get the  “Clustering Validity Checking Methods: Part II,”
optimal clustering results in one run; it does not need the SIGMOD RecordVol.31, No.3, pp.19-27, 2002.
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because clustering is an unsupervised task, and we usually Pareto Genetic Algorithm for  Multiobjective
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crossover operators. MOKGA combines both the advantages Clustering Algorithm,”Proc. of ACM Symposium on
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. Paris, pp.26,-30, 2003.
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problem. Otherwise, the user would have been expected to Vol.24, pp.236-44, 2000.
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