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Abstract

Genomicresearchis experiencinga shift of paradigm.Old reductionisticresearchmethodsarelargely replacedby methodsandtechnologythatmake possible
conductingglobalstudiesof geneproductsandtheir interactionsin complex networksin living organisms.Computationaldataanalysisandmodellinghavebecome
animportantandnecessarypartof this researchmethodology. In this paperwe look at someof themostcommonlyusedmethodsfor dataanalysisandmodelling,
anddiscusssomeof themostimportantpublicationstakingthesemethodsinto usein real-world biologicalstudies.
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1 Intr oduction

Stevenson[17] definescomputationalscienceasan interdisciplinary approach to doingscienceon computers. Many importantchallenges
within sciencetoday imply computationalmodellingeitherbecausethe experimentsare impossibleto conductin the real world (suchas
in astronomyor meteorology)or becausetheexperimentsgeneratesucha vastamountof datathat interpretationbecomesa problem. One
exampleof the latterscienceis genomicresearch,wherenew experimentalmethodsaregeneratingsuchoverwhelmingamountof datathat
it seemsimpossibleto neitherhandlenor interpretit without the help of computers.Consequently, the field of computationalbiology is
growing rapidly. Computationalbiology can be viewed asa general approach toward the solution of scientificproblemsthrough which
advancedcomputationaltechniquesareusedto discover thehiddenorder in complex datasetsandto decipherthelanguagesof biology [12].

Oneof the main goalsof genomicresearchis to understandthe multiple biological functionsof geneproductsandtheir interactionin
complex networks in living organisms.Anothermaingoal is to understandtherelationbetweenthis molecularworld andvariouscommon
diseases.With the scarceand fragmentedstatusof the presentknowledge,this is an enormouschallenge. Microarray technology[14],
however, give a view into thefunctioningof molecularbiologicalsystemsby simultaneousreadoutsof tensof thousandsof genes.Themain
problemhasnow becomehow to utilise this datatogetherwith thepresentknowledgeto build modelsof biologicalinterest.

2 Molecular Biology

The information macromoleculeDNA is usedto synthesisproteinswhich play important roles in many cellular functionsas enzymes,
receptors,storageproteins,transportproteins,transcriptionfactors,signallingmoleculesandhormones.DNA servesastemplatesfor the
transcriptionof RNA. RNA transfersthe geneticinformation from the nucleuswherethe DNA is storedto the ribosomeswhereRNA is
translatedinto protein. A fragmentof DNA usedto synthesisa protein is calleda gene. The DNA � RNA � proteinflow of genetic
informationis calledthecentral dogmaof molecularbiology.

A genethat is transcribedandusedin proteinsynthesisis saidto beexpressed,anda key elementin thedynamicsof cellularprocesses
is the regulationof geneexpression.Sincemostchangesin protein levels result from changesin RNA levels, quantitative measurements
of RNAs provide importantcluesto how genesact togetherin complex biological systems.Microarrayexperimentsprovide uswith these
quantitative measurements.� Functionalstudies: In functionalmicroarraystudiesthegoal is to studythefunctionof geneproducts.Measuringtemporalchanges

in geneexpressionthroughoutthecourseof a givenbiologicalresponseis especiallyrelevant in thesestudies,sincethecollecteddata
mayreflectthetemporaldynamicsof geneinteractions.Hence,atypical functionalstudyaimsto modeltherelationshipbetweengene
expressionasa functionof time andgenefunction.� Clinical studies: In clinical microarraystudiesthegoal is to comparetheexpressionlevel of genesin for examplehealthycellsand
cancerouscells. Hence,a typical clinical studyaimsto modelthe relationshipbetweenthegeneexpressionlevels in samplestaken
from patientsanda setof clinical statesassignedto thesepatients.

3 Methods for Anal ysing Micr oarra y Data

A setof � differentmicroarrayexperimentsproducea vector ����� 	�
��	�������������	������ of measurementsfor eachgene.If � genesareobserved,
theentiredatasetcanberepresentedastheset: � �����! #"�$��&%'�)(*������������+ (1),
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Alternatively, a setof � genesdeterminesa vector �-�.� 	 
 ��	 � ���������/	 � � � of measurementsfor eachexperiment.In any case,we will assume
thateach0 observation �1 12 � is drawn from apopulationwith 3 underlyingclasses4-����56 #"�$7�&%'�/(*���������38+ . Wesaythattheobservations
arelabelledif thereexistsa classvector 9:�&� ; 
 ��; � ���������;�<=� � suchthateachobservation �  is associatedwith oneclass;  2>4 .

Techniquesusedto extractbiologicalknowledgefrom expressionmatricescanconceptuallybedividedinto classdiscoverymethodsand
classpredictionmethods.In machinelearningthesemethodsarecalledunsupervisedandsupervisedlearning,respectively.

Classdiscovery methodsconsiderunlabelleddataandseekto discover the underlyingclassesby clusteringgenesor experimentswith
similarpatternsof expressiontogether. Thehypothesisis thattheseclustersreflecttheunderlyingunknown classes.In fact,it hasbeenshown
thatgenescodingfor proteinswith similar functionsdo tendto have similaritiesin their expressionprofiles[8, 5]. Correspondingly, it has
beenshown thatsamplesfrom patientswith thesametypeof cancermaybeclusteredtogether[6, 1].

Classpredictionmethodsusea setof labelledgenesor experimentsto inducea model from theseexamples,defining the relationship
betweengeneexpressionandclasses.

3.1 Class Disco very Methods

Givena setof observations
� �����! #"�$7�?%@�/(=�����������+ , thereare 3 <3BA (2)

possiblepartitionsof theseobservationsinto 3 nonemptysubsets(clusters).Clearly, any exhaustive searchprocedurecanberuledout. For
this reasona numberof algorithmsfinding reasonableclusterswithout lookingat all configurationshasbeendeveloped.

Fundamentalto all clusteringalgorithmsaresimilarity measures.Giventwo observations �C�.� 	D
���	������������	���� � and EF�.� G�
��GH�����������G��'� � ,
themostcommonlyusedsimilarity measureis theMinkowski metric:I6J �K��E#L!� M �N  PO7
 " 	6 RQBGH �" S�T 
VU S (3)

For WX�Y% , (3) becomesthe city-block distance,while for WF�Z( it becomesthe Euclidean(straight-line)distance.In generalwe want a
similarity measure

I
suchthatif theclassvector 9:�&� ;�
��;�'�[��������;�\]� � is known,

I
wouldhave thefollowing property:I6J �# ^���R_@L1�a` “lar ge” when ;[ ]b�c;�_

“small” when ;[ 7�c;�_ (4)

Of course,thereasonwhy we want to do classdiscovery in thefirst placeis becausetheclassvector 9 is unknown, andhencewe canonly
hopethattheunderlyingbiologicalphenomenabehave accordingto theassumptionthatsimilar observationsbelongto thesameclass.

Clusteringalgorithmsarenormally divided into hierarchical andnon-hierarchical methods,although,in statistics,onealsodistinguish
betweenparametricandnon-parametricalgorithms. In general,parametricmethodsmake assumptionsaboutthe statisticaldistribution of
thedata,while non-parametricmethodsdonot. Thereadershouldconsulte.g.[13, 9] for furtherreadingonclustering.

Hierar chical Clustering Methods

Hierarchicalclusteringmethodsproceedby eithera seriesof successive mergesor a seriesof successive divisions. The former strategy
is calledagglomerative hierarchical clustering, while the latter is calleddivisivehierarchical clustering. Both methodsproducea binary
treecalleda dendrogram. We shall view a dendrogramasa graph de� Jgf ��h:L , where

f �i�=%'�)(*���������[Wj+ is a setof nodes(vertices)each
correspondingto a setof observations(i.e. a cluster)and h is a binary relationon

f
suchthat

JVk ��l?Lm2ch if andonly if lon k
. An

algorithmfor agglomerative hierarchicalclusteringincludesthefollowing steps:

1. Add � nodesto
f

in dp� Jgf ��h:L , eachcorrespondingto a clusterwith oneobservation �q2 � , andlet h be empty. Initiate the
similarity matrix rs <utv<Hw ��� I  _:"@%yxC$1xXzmxC��+ determinedby thesimilarity measure

I
, i.e.

I  _{� I6J �# ����R_'L .
2. Searchthesimilarity matrix for themostsimilarpair of clusters

k
and l .

3. Mergeclusters
k

and l , andlabelthenewly formedcluster
JVk l&L . Updatethesimilarity matrixby (a)deletingtherowsandcolumns

correspondingto clusters
k

and l and(b) addinga row anda columnthatdefinethesimilarity between
JVk l?L andthe remaining

clusters.Updatethedendrogramd by adding
JVk l&L to

f
and � J�JVk l&L)� k L)� J�JVk l&L)��l&L�+ to h .

4. RepeatSteps2 and3 a totalof �|Q�% times.

5. Return d .

Notethatthisalgorithmrequiresastrategy for calculating
I6JVk �/l&L when

k
and l aresetsof observationsandnotsingleobservations.If

thesimilarity betweentwo clusters
k

and l is definedasthesimilarity betweenthemostsimilarpairof observations
J �}��E#L}2 k�~�f , then

thestrategy is calledsinglelinkage. If thesimilarity betweentwo clusters
k

and l is definedasthesimilarity betweenthemostdissimilar
pair of objects

J �}��E7L�2 k�~�f
, thenthe strategy is calledcompletelinkage. Finally, if the similarity betweentwo clusters

k
and l is

definedastheaveragesimilarity betweenall pairsof objects
J �}��E7L}2 k&~>f , thenthestrategy is calledaverage linkage.

Theagglomerative hierarchicalalgorithmis clearlyan � J � � L method.However, performingdivisive hierarchicalclusteringwith a corre-
spondingstrategy wouldbeequivalentto performinganexhaustivesearch.Notethatsuchastrategy wouldrequirea

J ( <v� 
 Q�%�L ~�J ( <*� 
 Q�%�L
initial similarity matrix. Also, therewould be no way of reusingthematrix from oneiterationto thenext. Consequently, non-hierarchical
clusteringmethodsareusedto split eachclusterin two whenperformingdivisive hierarchicalclustering.
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Non-hierar chical Clustering Methods

Non-hierarchicalclusteringmethodsstart with an initial set of seedpoints (centroids)and iteratively updatethesepoints until a stable
configurationis reached.Consequently, thenumberof clustersis specifiedin advance.W -meansclusteringis composedof thefollowing simplesteps:

1. Choosethenumberof classes3 .

2. Selectaninitial setof 3 centroids���  "�$#�?%'�)(*����������38+
3. Usethe similarity measure

I
to assigneachobservation �&2 � to thenearestcentroid. Observationswhosenearestcentroidis �  

belongto cluster
�  .

4. Recomputethecentroids���}��"�$7�?%'�)(*���������)3�+ usingtheclustersfrom step3.

5. IF nonof thecentroidschangedin step4,
THEN returntheclusters� � 
�� � �'�[������� � \y+ ,
ELSErepeatstep3 and4.

Typically, thenon-hierarchicalclusteringalgorithmslike W -meansandtherelatedself-organisingmapsalgorithm[10] are � J W*�DL methods,
where W is thenumberof iterationsbeforea stableconfigurationis found. Also, thesemethodsavoid storinga similarity matrix, andhence
they have a smallmemoryusagecomparedto theagglomerative hierarchicalclusteringmethod.

3.2 Class Prediction Methods

Thegoalof classpredictionmethodsis to modeltherelationshipbetweenmeasureddata
�

andclassknowledge9 . Machinelearningmethods
for this purposeincludedecisiontrees, artificial neural networks, W -nearestneighbourlearning, Bayesianlearning, geneticalgorithms, rule
learning (see[11] for an overview) andsupportvectormachines [4]. In statistics,a parametricmethodcalled Fisher classification(see
e.g.[9]) is quitecommonlyused.

Suppor t Vector Machines

In its simplestlinearform, asupportvectormachineis ahyperplanethatseparatesasetof positive examplesfrom a setof negative examples
with maximummargin. Let

� �����1 #"�$7�?%'�)(*�����������7+ beasetof observations,andlet 9:�&� ;'
��;��'����������; < � � beaclassvectorsuchthat ;� ��?%
if �  is memberof theclassto be learned,and ;  �.Qy% otherwise.Thegoal is to learna setof weights �&�i� � 
 �^� � �����������7<v� suchthat the
discriminantfunction � J �1 VL1� <N_[O7
 ;�_��_'� J �1 ^���R_@L (5)

is optimisedover a setof labelledobservations. � J �1 ����D_�L is a kernelfunctionwhich form dependson theapplication.Thepredictedclass
of a new observation � is givenby thesignof thediscriminantfunction

� J �1L computedusingtheoptimisedweights.
Typical for supervisedmethodslikesupportvectormachinesis theirability to inducemodelsthatcanclassify. By inducingamodelfrom a

subsetof
�

(calledthe trainingset) andusingit to classifytheremainingobservations(calledthetestset), this canbeutilisedto objectively
evaluatethemodel.A systematicapproachto dividing observationsinto trainingsetsandtestsetsis W -fold crossvalidation.In thisscheme

�
is dividedinto W disjointequallysizedsubset.A modelis inducedfrom W�Q�% subsetsandtestedon theremainingsubset.This is repeatedfor
eachof the W subsets,allowing usto averagetheclassificationperformancefrom eachiterationto obtainanunbiasedperformanceestimate
for the algorithmon the relevant data. It is commonto interpretthe crossvalidationperformanceestimateastheperformancewe will get
whenusinga modelinducedfrom thefull setof data

�
to classifypreviously unclassifiedobservations.

A performanceestimateindicatesthepredictive capabilitiesof a supervisedalgorithm. If theperformanceis at leastsignificantlybetter
thanwhat would be expectedby chance,it follows that the modelhascapturedsomethingthat is essentialin order to understandwhich
observationsbelongto whichclasses.Many machinelearningmethods,suchasrule learners,inducemodelsthatarelegible,andhencethese
methodscanhelphumansbetterunderstandthedata.

4 Selected Functional Studies

CLASS DISCOVERY: The Transcriptional Program in the Response of Human Fibr oblasts to Serum

Iyer etal. [8] studiedthehumanfibroblast’s responseto serum.Thesecellshaveapivotal structuralrole in connective tissueandin important
processessuchaswoundhealing.ThemRNA level of 8613humangenesprobesweremeasuredat12timepointsfrom 0 minutesto 24hours
afterserumstimulation.A subsetof 517geneprobeswhoseexpressionchangedsubstantiallyin responseto serumwasselectedfor further
analysis.

This studyis typical for functionalmicroarraystudiesin thatanagglomerative hierarchicalclusteringmethodis used.Tenclusterswere
selectedfrom the resultingdendrogramandexpressionprofilesof genesfrom the sameclusterwereplottedtogetherto show that they in
facthadsimilar expressionprofiles. Geneswhich areknown to codeproteinswith thesamefunctionwerealsoplottedtogether, andsome
similaritieswithin thesegroupswereapparent.However, no mappingbetweenthe functionalclassesandthe clusterswereattempted,and
hencenothingcouldbesaidneitheraboutthequalityof theclustersnoraboutthefunctionof previously unclassifiedgenes.
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CLASS PREDICTIONS: Kno wledg e-based Anal ysis of Micr oarra y Gene Expression Data by Suppor t Vector Machines

Very few studieshave beenpublishedusingsupervisedmethodsin functionalmicroarraystudies.Brown et al. [3], however, used2467yeast
genesto trainsupportvectormachinesthatcouldrecognisesix differentfunctionalclassescontaining230genes.

Thestudyused3-fold crossvalidationfor performanceestimation.Supportvectormachineswith four differentkernelswerecompared
with aFisherclassificationmethodandtwo differentdecisiontreemethods.Goodperformancewasreportedfor fiveof thesix classes.These
fiveclasseswerealreadyknown to clusterwell usinghierarchicalclustering.Thestudyincludesa discussionof thegeneswhicharewrongly
classifiedby morethanonemethod,andsuggeststhat someof thesegenesshouldundergo further biologicalexperiments.Thestudyalso
includesa list of predictionsfor 15previously unclassifiedgenes.

5 Selected Clinical Studies

CLASS DISCOVERY: Distinct Types of Diffuse Large B-cell Lymphoma Identified by Gene Expression Profiling

Despitethe large variety of parametersusedto classifyhumanmalignanciestoday, patientsreceiving the samediagnosiscanhave quite
differenttreatmentresponses.Alizadehet al. [1] studieddiffuselargeB-cell lymphoma(DLBCL) where40%of thepatientsrespondwell
to currenttherapy andhave prolongedsurvival, whereastheremaindersuccumbto thedisease.128microarrayexperimentswereconducted,
measuringthegeneexpressionlevelsof over 18000humangeneprobesin 96normalandmalignantpatientsamples.

Alone et al. [2] introducedthenotionof two-dimensionalclustering,in which bothgenevectorsandexperimentvectorsareorganisedby
clustering.Alizadehet al. performedhierarchicalclusteringon bothpatientsandgenes.Theclinical sampleswereexaminedwith respectto
six geneclustersreflectingrelevantbiological knowledge. Threebranchesof thepatientdendrogramcapturedall but threeof theDLBCL
samples.By re-clusteringtheDLBCL samplesusingonly thegenesfrom aclustercalled’GerminalCentreB cell’, two sub-clustersemerged.
Thesetwo sub-clusterswherenamed’GC B-likeDLBCL’ and’activatedB cell DLBCL’, andit wasshown thatthesepatientshadsignificantly
differentexpectedsurvival time. Thestudythereforeconcludesthatbasedonmoleculardifferencesthesetwo sub-clustersshouldberegarded
asdistinctdiseases.

CLASS PREDICTION: Molecular Classification of Cancer: Class Disco very and Class Prediction by Gene Expression
Monitoring

Golubet al. [6] studiedacutelymphoblasticleukemia(ALL) andacutemyeloid leukemia(AML) of 38 bonemarrow samples(27 ALL, 11
AML) using6817humangeneprobes.DistinguishingALL from AML is critical for successfultreatment.

The studyusedneighbourhoodanalysisto selectthe 50 genesmostcorrelatedwith the ALL-AML classes.Thesegenesweredenoted
informativegenes. New sampleswereclassifiedby using theseinformative genesto casta ‘weightedvote’ for oneof the classes.The
magnitudeof eachvotedependedontheexpressionsimilarity betweenthenew sampleandtheinformativegeneandthedegreeof correlation
betweentheinformativegeneandtheALL-AML classes.Thevotesweresummedto determinethewinningclass.Usingcrossvalidation,36
of the38sampleswerecorrectlyclassified.

Golubet al. alsousedtheclassdiscovery methodof self-organisingmapsto testwhetherthetwo classescouldhave beenfoundautomat-
ically if the AML-ALL distinctionwerenot alreadyknown. Using two initial seedpointsthe algorithmfound oneclusterin which 24 of
25 sampleswereALL andanotherclusterin which 10 of 13 sampleswereAML. Furthermore,usingfour seedpoint the algorithmfound
four clusterslargely correspondingto AML andthreeknown subclassesof ALL. Theauthorsconcludethat it would have beenpossibleto
discover thesesubclassesof leukemiaswithout thepresentknowledge,andhenceit shouldalsobepossibleto discover presentlyunknown
subclassesusingthesamemethodology.

6 Discussion and Conc lusions

Functional Studies

Shatkayet al. [15] arguethat clusteringanalysiscannotsolve thecoreissuesof functionalmicroarraystudies.Genesthatarefunctionally
relatedoften show a stronganti-correlationin their expressionprofilesandhencewill not be clusteredtogetherusingordinarysimilarity
measures.Clusteringgenesin disjoint clusterswill not capturethefactthatmany geneproductshave morethanonefunction. Sherlock[16]
also points out that most studiesusing clusteringtechniquesdo not report any measureof whetherthe overlap betweenthe genesin a
functionalclassandthegenesin aparticularexpressionclusteris greaterthanwhatwouldbeexpectedby chance.Tavazoieetal. [18] address
this problem.

The ultimate goal of functional microarraystudiesis to classify previously unclassifiedgenes. Theseclassificationscan be usedas
hypothesesin wet-labexperimentsandcangreatly reducethe numberof optionsthe biologistshave to consider. Classifyingpreviously
unclassifiedgenes,however, requiresa modelof therelationshipbetweengeneexpressionandfunction. Supervisedmethodsseemto meet
this requirementbetterthanunsupervisedmethods.AlthoughBrown etal. [3] showedthatgenefunctionindeedcanbelearned,a lot of issues
arestill not treated.Theseincludethedevelopmentof methodsfor determiningwhich functionalclassesto learnandmethodsfor handling
geneswith morethanonefunction.Somesolutionsaresuggestedin Hvidstenet al. [7].

Clinical Studies

Clinical microarraystudieshave upuntil now mostlyevolvedaroundcancerclassification.However, a lot of differentdiseaseswill probably
benefitfrom the new opportunitiesofferedby microarrays.As a rule of thumboneshouldusesupervisedmethodswhenthe classesare
known. This offers theopportunityto investigatingthepropertiesof differentsubclasses,e.g.which genesareresponsiblefor a certaintype
of disease.In thefuture,classifiersmayalsooffer decisionsupportin daily medicalpractice.Unsupervisedmethodswill probablyprovevery
importantin finding new subclassesof diseasesandhencehelpdistinguishdiseasesthatupuntil now have beentreatedsimilarly.
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