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Abstract — Microarray technology has been the leading
research direction in medicine, pharmacology, genoen studies
and other related areas over the past years. Thisethnology
enables researches to simultaneously study activigxpression of
tens of thousands of genes. After the experimentdata have been
processed, arrays of numerical values of gene expsions are
obtained that are the basis for receiving relevaninformation and
new knowledge. This paper briefly overviews the bass of
microarray technology as well as task classes thabuld be solved
using microarray data. The existing approaches to abtering
gene expression sets are discussed. It is showntthtize fuzzy c-
means clustering method appears the most appropriatfor that
purpose. Due to that, the problem of choosing an émal size of
fuzziness parameter arises. Three widespread teclmuies for
solving the problem are considered and their compative
analysis is provided.

Keywords — microarray experiments, microarray data,
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I. INTRODUCTION TO MICROARRAY TECHNOLOGY

Microarray technology enables
expressions (activity representations) of a hugeber of
cell-specific or tissue-specific genes. A microgris formed
by the basis (a glass plate or a nylon membranejviuich
DNA molecules are fixed in an ordered way in cerfalaces,
making spots. Each spot is an expression of theegponding
gene. To enable the quantification of expressiaength
(activity level), all microarray genes are labelleither with
fluorescent dyes or with radioactive emanation. Foe
formation of visual gene expressions, the process
hybridization is particularly important. Each of dw
microarray samples is marked with a particular aplered or
green.
representation of activity level of the gene
consideration. Then an electronic scanning of tasulting
colours of each gene is obtained. As a result, ta ofe
individually coloured spots is obtained. These degr of
colour intensity are then converted into the didgitam. The
preliminary processing of experimental data is tbenducted
which includes the normalization of thestimates obtained
aimed to eliminate systematic errors. Besides,ethauation
of random errors can be performed, if necessarighwdllows
researchers to correctly evaluate the quality & thsults
achieved. Nowadays, multiple publications on theroarray
technology and preliminary processing of results loa found.
As an example, [4, 5] can be mentioned.

A study of a series of hybridizations (not of agn
microarray) performed in sequence over time or tgetof
relevant conditions is of great interest. The rasdf the
preliminary processing of such multiple microarragse

represented as a matrix in which every row corradpdo a
gene and every column corresponds to a separateieent.
The number in the cell that is the intersectiom afkertain row
and a certain column represents the expression tdvthe
concrete gene in the concrete experiment. Thisixngtrthe
initial information that serves as a basis for savdiverse
research and applied tasks. In [4], the followitessification
of this kind of tasks is provided:

1. Finding differences in expression levels amohg t
preliminary determined groups of instances — “thmparison
of classes”,

2. Identification of instance membership in a clagsed on
the set of gene expressions — “class prediction”,

3. Analysis of the given set of gene expressionsedi at
recognizing subgroups that possess some commaourdsat
“class recognition”.

[I.  CLUSTERING GENE EXPRESSION DATA SETS

Strictly speaking, the clustering of any set of gen
expressions serves for solving the aforementioaskl ¢f class

researches to obtaghscovery, which might also be an independent telskvever,

in many cases, clustering results can be usedfeing wider
research and applied tasks, for example, in coctstig
classifiers aimed at assigning a sample of geneesgjpns to
one of the classes defined a priori. An examplthisf kind of
tasks is patient disease diagnostics based omtigsés of his
gene expression sets. Analysing a time series afe ge
expression patterns, researches can make justidiedusions
about the treatment effectiveness for the pati€hé solving
of such tasks seems to be a very prospective treagh the
studies in the area have started only recently. wayy
clustering of gene expression patterns as the dinst basic

The summation of these paints produces theocedure of their research is of paramount impoga As
undeemphasized in [3], one of the major goals of cluatealysis of

gene expression data is to identify functions of menes by
grouping them with the genes having well definedcfions.

This is based on the well-checkable assumptiongbiagés that
show similar activity factors (i.e., genes with B8an

expression levels) are frequently correlated widiche other
functionally and their behaviour is conditioned bimilar

mechanisms. Gene clusters created by clusteringofiem

associated with certain functions. This kind of retation

enables the identification of functions of new gepeovided
that these genes belong to gene clusters withdylrientified

functions. Such a methodology provides a poweidol for

making scientific and applied researches.

The existing clustering methods can be divided itwo
large groups: non-fuzzy (hard) clustering and fuelzstering.
For clustering microarray data, these hard clusgemethods
are used:
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the k-means method, SOM and hierarchical
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clustering. The distinctive feature of these methiscthat as a
result of clustering a gene will be assigned toc#yaone
cluster. For specific tasks of gene set clusteragondition
like that turns to be quite restrictive and frecieprovides
unsatisfactory results. The complicated gene siractis
regulated by a set of diverse mechanisms; as 4, resuaain
genes might belong with reason to different cliustérhe
fuzzy c-means clustering enables researchers te flfedbly
model the complicated system of gene interaction.

Another important advantage of the c-means clusieri
method is its robustness to noise. The noise irraaicays
might be caused by different reasons, the mainoreéging
random factors of experiments. The property of sbbess
enables the c-means method to successfully opertieoisy
data.

The centroid of the k-th cluster is determined gsin
expression (4):

D, = Z?:l(’ukj )m 9;
k — m
ZL(”&')

At the first step of the algorithm’s execution daréaiy
values of data points are used as centroids. A,
iterations aimed at calculating hew centroids ammimership
function values for all genes are carried out om Ilasis of
functional minimization (2).

A priori assigned value of fuzziness parameteplays an
important role in the c-means algorithm. Many reseers

VK. (4)

However, in applying the fuzzy c-means method téuggest using the value m = 2. For a large numbiasks this

clustering microarray data two essential problemmsua the
prior determination of the number of
determination of the proper value of fuzziness petar in
each specific task. The following section overvieasd
analyses some widely used techniques for the déetation of
the optimal value of fuzziness parameter

The fuzzy clustering method is based on the conoépt
fuzzy partitioning of data space. The fuzzy pantithg of the
space can be expressed as follows:

TECHNIQUES OF FUZZINESS PARAMETER DETERMINATION

Mt = i—lij S RCXN‘M] e [01], vj;

. b @
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where ¢ — number of clusters;
N — number of objects;
L — value of the function of the j-th object memlbgps
in the i-th cluster.
The essence of the fuzzy c-means clustering mettdor
gene expression sets is the minimization of thictional:

J,(GU,P)= ZLZL(% )m‘gj - pi‘A - @

whereg; — vector of expressions of gene j;
pi — centre of cluster i (prototype, or centroid lfster i);
m, m >1, - fuzziness parameter;
|X|a — norm distance.

For the k-th cluster and®1gene, the parametery us
calculated as

1 VK, .

u, = 5

|g| B pk|A i 3

>lg-rd,

i=1

52

value proves quite satisfactory. However, numerstuslies

clusters andpave shown that in case of fuzzy clustering of pacray data

this value frequently leads to unsatisfactory rssuDue to
that, a task of the prior determination of the wyati value of
parametem in a particular task of fuzzy classification okth
given gene set arises. Let us consider three apipesato
solving it.

The general idea behind the technique presentf?] ia as
follows. The authors have suggested a hypothesis #h
correlation between the membership values and tiamia
coefficient (cv) of the set of distances betweenegein the
initial data set exists:

} ®)

Y, ={[d2(>ﬁ,xk)]
the following

1

ml k£ii=1,2,...N

Based on the experiments conducted,
empirical correlation was deduced:

O Y,

YI"I”I

cv(Y,) === ~ 003p, ©)

where Y, is determined using expression (5),

oym - Standard deviation of set,Y
Y., - mean value of sety
p — dimension of the initial data set.

In this case we treat the dimension of the data@siumber
of experiments (conditions), i.e., as the numbecatfimns of
the matrix of initial data.

At the first stepmis assumed to be equal to 2, and the left-
hand side of equation (6) is calculated. If thielgs the
inequality of type ,<”, the value m=2 is accepted the
working value of fuzziness parameter. In caseefittequality
of type > is obtained, the dichotomic partition of the value
interval m [1.0; 2.0] is carried out, i.e., an asption is made
that m=1.5 and the left-hand side of equation &)alculated.
Depending on the result obtained, further searchiag
conducted either in the interval [1.0; 1.5] or hetinterval
[1.5; 2.0]. The process is repeated until the valum is found
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that meets equation (6). This value is assumeti@svbrking
value for performing clustering. The authors shovithw
examples that their method produces good results.

The key idea of the technique proposed in [3] ifodews.
If the clustering of the initial set of objects f(@gs) is
performed at a certain specified value of fuzzinessameter
m, then the quality of clustering could be evaluatisthg the

appropriate functional f: U> R. The paper examines three

functionals of that kind.
1. Partition coefficient F:

c,N Iu'Z
FU)= ZWIK )

k=1

For 2° << 1, the right-hand side of equation (10) can be

approximated by this expression:

ZN(l—%) 2 |
7N

Therefore, the probability for a well defined chist
decreases exponentially with regard to the dimensibthe
data set, and slightly slower for an increasing bemof
objects in the set. As a consequence, the valuparafnetem
which is the measure of fuzziness of the systenh faflow
this tendency at least qualitatively.

A thorough analysis and calculation of (@ threshold value
for m) for the randomised data sets at differentetisions and

This coefficient assumes the largest value for ad hanumbers of objects shows a general functional tairom

partition and reaches maximum for U = 1/c, whemgwobject
is equally assigned to every class. B
2. The normalised partition coefficieht:

~

F=F-F, ®)

where | — partition coefficient obtained from the randoeas
set of data.
3. S (Xie — Beni) index:

_ Zic=1zJ'N=1('uii)2Hgi — B Hz )

_ . . %
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This index quantifies the ratio between the totatiation
and cluster partitioning. The minimum index valusreg
evidence of a high quality of clustering.

By varying the valuam, the clustering of the initial set is
performed. For each clustering variant, the valdeth®
selected functional is computed. As a working vathe value
of mthat minimizes the functional is accepted.

The shortcoming of this technique is a large numtser
calculations required. A certain advantage of thethod is
that it is not necessary to perform clustering het optimal
value ofm, since it has already been performed.

In [6], it is stated that the strong correlationvieen the
fuzziness parameter and basic properties of the skdtcan be
demonstrated using a simplified model of the syst&ims
kind of system consists of binary objects thatcdraracterised
by two values of evaluation parameter - {-1, 1}islttlear that
the probability to have an objegtx{1, 1, ..., 1} is 2°, where
D - the dimension of the data set (see the defmidbove).
The probability to have half of all objects of tata set with
that vector of values of the evaluation parameser i

N D
% 2_D';(1— ZD)Z ~ iﬂ 2N(12)(1— zD)g (10)
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between mand properties of the data set:

f(D,N):1+(%;+ 220

+(

To compute the threshold valug, it suffices to calculate
the right-hand side of expression (11). Usuallyttdreresults
are observed for larger N and D, whereas for data with

small N and D, deviations of nfrom the optimal valuen
might occur.

-2
SJD + (11)

1233

+ 0243)D—00406In< N 01134

IV. CONCLUSIONS

If we accept the number of calculations requiredtlas
criterion for choosing an optimal value wfin a specific task,
the most suitable is the approach described inT&g least
preferable with regard to that criterion is the hi@que
suggested in [3]. Actually, this technique doesaltmw us to
a priori determine an optimal value of parameterthis can
only be done using the results of clustering quaditaluation
performed at different values of parameter The technique
proposed in [2] also requires a considerable numbfer
calculations, but they are of explicit statisticeture and do
not need any special software.

When the validity of the results obtained is thigecion for
choosing the most suitable technique, the preferéias to be
given to the method discussed in [2]. This techaigppears
to be optimal in the sense of the number of catmna.

The suitability of empirical dependence (11) in {6t any
possible task of gene set clustering seems doubifate
additional research is necessary. The confidenceiffefrent
indexes of clustering quality in [3] does not giige to doubt,
but this approach is absolutely unsuitable from
computational point of view.

To summarise the results of the analysis condudiss,
technique proposed in [2] has to be considered st
preferable. This technique combines simplicity aridual
interpretability with a reasonable amount of cedtioins.

the



Scientific Journal of Riga Technical University
Computer Science. Information Technology and Manege Science

2010
Volume 44

ACKNOWLEDGEMENTS [6] Schwammle, V., Jensen, O. NA simple and fast method to determine
the parameters for fuzzy c-means cluster validdtiofvailable:

This work has been partly supported by Latvia-BedaCo-operation program http://arxiv.org/abs/1004.1307v1. [Accessed: JulyZD10].
in Science and Engineering within the project ‘Oepenent of a complex of

intelligent methods and medical and biological datacessing algorithms for Oleg Uzhga-Rebrovis Professor in the Faculty of Economics in Rerekn

oncology disease diagnostics improvement'. Higher Education Institution (Latvia). He receivéis doctor's degree in
Information Systems from Riga Technical Univerdity1994. His research
REFERENCES interests include different approaches to procgsisicomplete, uncertain and

. . o . fuzzy information, in particular, fuzzy sets theorgugh set theory as well as
[1] Bezdek, J. C.Pattern Recognition with Fuzzy Objective Function {75y classification and fuzzy clustering technisnd their applications in
Algorithms. New York: Plenum Press, 1981. bioinformatics.
[2] Dembele, D., Kastner, P.“Fuzzy c-means method for clustering contact information: Rezekne Higher Education tatitin, 90 Atbrivoshanas
microarray data,” Bioinformati¢&/ol. 19, No.8, pp.973-980, May 2003. aleja, Rezekne LV-4600, Latvia. E-mail: rebrovs@iviv.
[3] Futschik, M.E., Kasabov, K..“Fuzzy Clustering of Gene Expression ' '
data,"Available: _ L http://itb.biologie.nu- - G4jing Kuleshovais Research Scientist in the Faculty of Computderge
ber||n.de/~futsch|k/pub||s/futsch|k_|e_e¢.pdf.“[Assed_ August 7, 2010].  and Information Technology at Riga Technical Ursigr (Latvia). She
[4] Tarca, A. L., Romero, R., Draghici, S."Analysis of microarray recejved her M.Sc. degree Mecision Support Systems from Riga Technical
experiments of gene expression profiling,” Americdournal of niversity in 1996. Current research interests udel artificial neural
Obstetrics and Gynecology, Vol.195, pp.373-378/6200 _networks, classification methods and bioinformatics
[5] Tiaden, B., Cohen, J."A Survey of Computational Methods Used in contact information: Institute of Information Teahogy, Riga Technical

microarray Data Interpretation,” in Applied Mycology and University, 1 Kalku Str., Riga LV-1658, Latvia. Eaif
Biotechnology, Vol. 6, Bioinformatics, D. K. Arora, R. M. Berkand galina.kulesova@cs.rtu.lv.

G. B. Sigh, Eds. Elsevier Science, 2006, pp.168-17

Olegs UZga-Rebrovs, Gina KuleSova. Mikromadvu datu izpladuas klasterizicijas problemas

Genu mikromas/u datu tehnolgijas attstiba deva sgrigu impulsu ziatniskiem un praktiskiemdgtijumiem meditna, gergtika, farmakolgija un cigs nozags.
Si tehnolgija lauj vienlaiggi iegit tikstoSus un desmitientikstoSus gnu izpausmes. Tik milgs skotrgjas informacijas daudzums prasa jaunu spkci
metozu izstidi §s informacijas aps@idei un anakei. lepriek8jas datu apsides rezultti tiek atspogioti matrices forra, kuras rindas atbilstegiem un
kolonnas atbilst atse\iem eksperimentiem. Eksperimenti vait Isaistti ar ggnu aktivitites atkiSanu da#dos laika punktos,&u izpausmju salzinaSanu
veseigos un sliigos organismos,ggu izpausmju izmaim terapeitiskas iejaukSasmrezulita un ar daudam citam probeEmam. Skaitlis matrices ailatspogio
dota géna aktiviites pakpi konkitaja eksperimerit

Liela nozme ir izdaitas ggnu kopas klasterizijai. PaSlaik ir vispratats, ka #idas klasterizcijas rezulti var tikt veiksmgi izmantoti gnu mijiedaribas
atklaSanai un daidu iekS&nu procesu izpratnei. Tiek izatlits liels algoritmu daudzumseigu izpausmju datu klastefizjai. Plasi tiek pielietots izpbud&s
klasterizcijas c-vitjo algoritms. Sim algoritmam ir daudzas priek#as satizinajuma ar pretziem algoritmiem, piedram, ar k-vidjo algoritmu. Tondr
praktisia Sis metodes pielietoSarmikromasvu datu klasteririjai rodas izpiSanas parametra m opfita lieluma iz\eles probéma. Plasi izmantojamais
standarta lielums m = Zgu izpausmju klasterizijas uzdevumu konteksheauj iedit korektus rezufttus. Saj darts tiek veikta ¥ probkmas risinganas is
pieeju sadzino& analze. Anaizes izpildes rezuita tiek piedivata konkgta rekomenakija izmantot vienu no apsktjam pieefm.

Outer Yikra-Peopos, I'annna Kynemosa. IIpo6ieMbl He4éTKO# KiIacTepu3anuy JaHHBIX MUKPOMAaCCHBOB

Pa3BuTHE TEXHOJOTHM JAHHBIX MHMKPOMACCHBOB I'€HOB JAJI0 MOIIHBIH WMITY/IbC HOBBIM HAyYHBIM M NPHKIAJHBIM HCCICIOBAaHMAM B MEIHIMHE, TCHETHKE,
(apmakonoruu ¥ APYrux 00IAcTAX. DTa TEXHOJOTHS IIO3BOIICT OAHOBPEMEHHO MONYYUTh BHIPAXKEHUS THICSY M JECSATKOB THICSY IeHOB. Takoe OrpoMHOE
KOIIMYECTBO MCXONHOU MH(pOpMAHU TpeOyeT pa3pabOTKU CIENHANbHBIX METOIOB A e€ 0O0paOOTKH M aHamu3a. Pe3ynbTaTsl mpeaBapUTENbHON 00paboTKH
JIAHHBIX OTOOpAXaloTCs B (JOPME MATPHIBI, CTPOKH KOTOPOH COOTBETCTBYIOT I'€HaM, a CTOJNOLBI — OTICNIBbHBIM SKCIEPHUMEHTaM. DKCHEPHMEHTHI MOTYT
OTHOCHTBCSl K BBISBJICHUIO aKTMBHOCTH T€HOB B Pa3iIMYHBIX BPEMEHHBIX TOYKAX, CPABHEHHIO BBIPAKCHMH T'€HOB UIS 3[0POBBIX M OOJNBHBIX OpPraHH3MOB,
H3MEHEHHUIO BBIP)KCHHUH T€HOB B pe3yIbTaTe TePAleBTHUSCKOr0 BMEIIATeIbCTBA U MHOTHM JIPYTHM IpobiaemMaM. Uncio B saelike MaTpHIbl OTOOPaXkaeT CTEIeHb
AKTUBHOCTHU JaHHOTO TeHa B KOHKPETHOM 3KCIIEPUMEHTE.

bonbmioe 3HaueHHe MMeEET KiacTepH3alls BBIICICHHOTO MHOXECTBAa I'€HOB. B HacTosiiee BpeMs cumTacTcsl OOIICHPH3HAHHBIM, YTO Pe3yJbTaThl TaKOi
KIIACTEPH3allMH MOTYT OBITH YCHEIIHO HCIIONB30BAaHBI ISl BBLABICHMS B3aHMOJACHCTBHM T'€HOB M NMOHMMAHUS DPa3HMYHBIX BHYTPHKIETOYHBIX IIPOLECCOB.
Pa3paboTano 0ONbIIOE YHCIO ANTOPHTMOB IS KJIACTEPU3ALMU JAHHBIX BbIpakeHHII TeHoB. Cpeau TakWX alrOpUTMOB HIMPOKO HCIIONB3YETCS alTOPHTM
HE4E€TKOH KIIACTEPU3ALMK C-CPEAHHMX. DTOT alrOpPUTM MMEET MHOTHME IPEHMYIIECTBA MO CPABHEHHIO ¢ YETKMMH alrOPUTMAMH, HANpHMEp, alrOPUTMOM K-
cpenuux. OmHAaKo, IPH MPAaKTHYECKOM IPUMEHEHHH 3TOT0 METOofa A KIacTepH3alliH JaHHBIX MHKPOMACCHBOB BO3HHKAaeT IpoOieMa alpHOPHOTO BRIOOpA
ONTHMAIFHOTO 3HAa4eHUs mapaMerpa HedéTkocTH M. llIupoko mcmonb3yeMoe CTaHAApTHOE 3HAUCHHE M = 2 B KOHTEKCTE 3a7ad KIACTEPH3aIlUH BBIPAKCHUU
TCHOB HE IO3BOJIACT IMOJyYHTh KOPPEKTHBIC pe3yibTaThl. B Hacrosiel paboTe NpeincTaBlieH CPaBHHTCIBHBIA aHAIM3 TPEX MOAXOAOB K PEIICHUIO JAHHOM
po6IieMbl. B pe3ynbTaTe BHINOIHEHHOIO aHAIM3a PEJICTABICHBI KOHKPETHBIE PEKOMEHIAIHH IO HCIIOIb30BAaHUIO OJJHOTO U3 PACCMOTPEHHBIX MOAXO/0B.
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