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Abstract

Genomicresearchs experiencinga shift of paradigm.Old reductionisticcesearchmethodsarelargely replacedoy methodsandtechnologythatmale possible
conductingglobalstudiesof geneproductsandtheirinteractionsn complex networksin living organisms Computationatlataanalysisandmodellinghave become
animportantandnecessarpartof this researchmethodology In this paperwe look at someof the mostcommonlyusedmethodsor dataanalysisandmodelling,
anddiscusssomeof themostimportantpublicationstaking thesemethodsinto usein real-world biologicalstudies.
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1 Introduction

Stevenson[17] definescomputationakcienceasan interdisciplinary approac to doing scienceon computes. Mary importantchallenges
within sciencetodayimply computationamodelling either becausehe experimentsare impossibleto conductin the real world (suchas
in astronomyor meteorology)or becausehe experimentsgeneratesucha vastamountof datathatinterpretationbecomes problem. One
exampleof thelatter scienceis genomicresearchywherenev experimentalmethodsaregeneratingsuchoverwhelmingamountof datathat
it seemampossibleto neitherhandlenor interpretit without the help of computers.Consequentlythe field of computationalbiology is
growing rapidly. Computationabiology can be viewed asa geneal approac toward the solution of scientificproblemsthrough which
advancedcomputationatedniquesare usedto discoser thehiddenorderin complex datasetsandto decipherthelanguagesof biology [12].
One of the main goalsof genomicresearchs to understandhe multiple biological functionsof geneproductsandtheir interactionin
complex networks in living organisms.Anothermain goalis to understandhe relationbetweerthis molecularworld andvariouscommon
diseases.With the scarceand fragmentedstatusof the presentknowledge, this is an enormouschallenge. Microarray technology[14],
however, give aview into the functioningof molecularbiological systemsy simultaneouseadoutf tensof thousandef genes.Themain
problemhasnow becomehow to utilise this datatogethemwith the presenknowledgeto build modelsof biologicalinterest.

2 Molecular Biology

The information macromoleculeDNA is usedto synthesisproteinswhich play importantrolesin mary cellular functionsas enzymes,
receptorsstorageproteins,transportproteins,transcriptionfactors,signalling moleculesandhormones.DNA senesastemplatesfor the
transcriptionof RNA. RNA transfersthe geneticinformation from the nucleuswherethe DNA is storedto the ribosomeswvhereRNA is
translatednto protein. A fragmentof DNA usedto synthesisa proteinis calleda gene The DNA — RNA — proteinflow of genetic
informationis calledthe cential dogmaof moleculariology:.

A genethatis transcribedandusedin proteinsynthesids saidto be expressedanda key elementin the dynamicsof cellular processes
is the regulation of geneexpression. Sincemostchangesn proteinlevels resultfrom changesn RNA levels, quantitatve measurements
of RNAs provide importantcluesto how genesacttogetherin complex biological systems.Microarray experimentsprovide us with these
guantitatve measurements.

e Functionalstudies In functionalmicroarraystudiesthe goalis to studythe function of geneproducts.Measuringtemporalchanges
in geneexpressiorthroughouthe courseof a givenbiologicalresponsés especiallyrelevantin thesestudies sincethe collecteddata
mayreflectthetemporaldynamicsof geneinteractionsHence atypical functionalstudyaimsto modeltherelationshipbetweergene
expressiorasa functionof time andgenefunction.

e Clinical studies In clinical microarraystudiesthe goalis to comparethe expressionevel of genesn for examplehealthycellsand
cancerougells. Hence,a typical clinical studyaimsto modelthe relationshipbetweernthe geneexpressionlevelsin samplegaken
from patientsanda setof clinical statesassignedo thesepatients.

3 Methods for Analysing Microarray Data

A setof p differentmicroarrayexperimentproducea vectorz = [z1, 2, ..., z,] Of measurement®r eachgene.If n genesareobsered,
theentiredatasetcanberepresentedstheset:

X={mi|i=1,2,..,n} 1)
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Alternatively, a setof p genesdetermines vectorz = [z1, T2, ..., Tp]" of measurement®r eachexperiment.In ary casewe will assume
thateachobsenrationz; € X is drawvn from apopulationwith m underlyingclassesr = {m; | i = 1, 2, ..., m}. We saythattheobsenrations
arelabelledif thereexistsaclassvectore = [c1, ¢2, ..., ¢»] Suchthateachobserationz; is associateavith oneclassc; € .

Techniquesusedto extractbiological knowledgefrom expressiormatricescanconceptuallybe dividedinto classdiscorery methodsand
classpredictionmethodsIn machindearningthesemethodsarecalledunsupervise@ndsupervisedearning,respectrely.

Classdiscovery methodsconsiderunlabelleddataand seekto discover the underlyingclassedy clusteringgenesor experimentswith
similar patternsof expressiortogether Thehypothesiss thattheseclustergeflecttheunderlyingunknavn classeslin fact,it hasbeenshavn
thatgenescodingfor proteinswith similar functionsdo tendto have similaritiesin their expressiorprofiles[8, 5]. Correspondinglyit has
beenshavn thatsampledrom patientswith the sametype of cancemaybe clusteredogethel6, 1].

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

3.1 Class Discovery Methods

Givenasetof obserationsX = {x; | i = 1,2, ..., n}, thereare

mTL

ol 2

possiblepartitionsof theseobserationsinto m nonemptysubsetgclusters).Clearly, ary exhaustve searchprocedurecanberuledout. For
this reasora numberof algorithmsfinding reasonablelusterswithoutlooking at all configurationshasbeendeveloped.

Fundamentato all clusteringalgorithmsaresimilarity measuresGiventwo obserationse = [z1, z2, ..., ] andy = [y1,y2, .-, Yo,
themostcommonlyusedsimilarity measures the Minkowski metric:

i, y) = [g o - il . )

For k = 1, (3) becomeshe city-blok distancewhile for £ = 2 it becomeshe Euclidean(straight-line)distance.In generalwe wanta
similarity measuref suchthatif theclassvectore = [c1, 2, ..., ¢ ]’ is known, d would have the following property:

“large” whenc; # ¢;
d(xi, x;) = J 4
( (2] .7) {usma”u WhenCi — cj ( )

Of coursethe reasonwhy we wantto do classdiscorery in thefirst placeis becausehe classvectore is unknavn, andhencewe canonly
hopethatthe underlyingbiological phenomen&ehae accordingto the assumptiorihatsimilar obsenationsbelongto the sameclass.

Clusteringalgorithmsare normally divided into hierarchical and non-hiearchical methods although,in statistics,one alsodistinguish
betweenparametricandnon-paametricalgorithms. In general parametrionethodsmalke assumptiongboutthe statisticaldistribution of
thedata,while non-parametrienethodsdo not. Thereadershouldconsulte.g.[13, 9] for furtherreadingon clustering.

Hierar chical Clustering Methods

Hierarchicalclusteringmethodsproceedby eithera seriesof successie memgesor a seriesof successie divisions. The former stratgy
is called agglomeative hierarchical clustering while the latter is called divisive hierarchical clustering Both methodsproducea binary
treecalleda dendogram We shallview a dendrogranasa graphD = (V, E), whereV = {1, 2, ..., k} is a setof nodes(vertices)each
correspondindo a setof obsenations(i.e. a cluster)and E is a binary relationon V' suchthat (U, W) € E if andonly if W C U. An
algorithmfor agglomeratie hierarchicalklusteringincludesthefollowing steps:

1. Add n nodesto V in D = (V, E), eachcorrespondingdo a clusterwith oneobserationx € X, andlet E be empty Initiate the
similarity matrix( S )= {d;; | 1 <1< j < n} determinedy thesimilarity measurel, i.e.d;; = d(z;, x;).
nXxXn

2. Searclthesimilarity matrix for the mostsimilar pair of clustersU andW.

3. MergeclustersV andW, andlabelthenewly formedcluster(UW'). Updatethesimilarity matrix by (a) deletingtherows andcolumns
correspondindo clustersU andW and(b) addinga row anda columnthatdefinethe similarity between(UW') andthe remaining
clusters.UpdatethedendrogramD by adding(UW) to V and{((UW), U), (UW),W)}t0 E.

4. RepeatSteps2 and3 atotalof n — 1 times.
5. ReturnD.

Notethatthis algorithmrequiresa stratgy for calculatingd(U, W) whenU andW aresetsof obsenrationsandnotsingleobserations.If
thesimilarity betweertwo clustersU andW is definedasthe similarity betweerthe mostsimilar pair of obserations(z, y) € U x V, then
thestrat@y is calledsinglelinkage. If the similarity betweerntwo clustersU andW is definedasthe similarity betweerthe mostdissimilar
pair of objects(x,y) € U x V, thenthe strat@y is calledcompletelinkage. Finally, if the similarity betweentwo clustersU andW is
definedasthe averagesimilarity betweerall pairsof objects(z, y) € U x V, thenthestratey is calledavelage linkage.

Theagglomeratie hierarchicallgorithmis clearlyan O(n?) method.However, performingdivisive hierarchicaklusteringwith a corre-
spondingstrateyy would be equivalentto performinganexhaustve search Notethatsucha stratgy would requirea (2"~ —1) x (2"~ ' —1)
initial similarity matrix. Also, therewould be no way of reusingthe matrix from oneiterationto the next. Consequentlynon-hierarchical
clusteringmethodsareusedto split eachclusterin two whenperformingdivisive hierarchicaklustering.
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Non-hierar chical Clustering Methods

Non-hierarchicalclusteringmethodsstart with an initial setof seedpoints (centroids)and iteratively updatethesepoints until a stable
configurationis reachedConsequentlthe numberof clusterds specifiedn advance.
k-meanglusteringis composeaf thefollowing simplesteps:

1. Choosehenumberof classesn.
2. Selectaninitial setof m centroids{u, | ¢ = 1,2, ..., m}

3. Usethe similarity measured to assigneachobserationz € X to the nearestentroid. Obserationswhosenearestentroidis p;
belongto clusterX;.

4. Recomputehecentroids{u; | ¢ = 1,2, ..., m} usingtheclustersirom step3.

5. IF nonof the centroidschangedn step4,
THEN returntheclusters{ X1, Xs, ..., X },
ELSErepeatstep3 and4.

Typically, the non-hierarchicatlusteringalgorithmslik e k-meansandthe relatedself-oganisingmapsalgorithm[10] are O(kn) methods,
wherek is the numberof iterationsbeforea stableconfigurationis found. Also, thesemethodsavoid storinga similarity matrix, andhence
they have a smallmemoryusagecomparedo the agglomeratie hierarchicaklusteringmethod.

3.2 Class Prediction Methods

Thegoalof classpredictionmethodss to modeltherelationshipbetweermeasurediataX andclassknowledgec. Machinelearningmethods
for this purposencludedecisiontrees artificial neulal networks k-neaestneighbourlearning Bayesiariearning geneticalgorithms rule
learning (see[11] for an overview) and supportvectormadines[4]. In statistics,a parametricmethodcalled Fisher classification(see
e.g.[9]) is quitecommonlyused.

Suppor t Vector Machines

In its simplestinearform, a supportvectormachineis a hyperplanghatseparatea setof positive examplesfrom a setof negative examples
with maximummamin. Let X = {x; | i = 1, 2, ..., n} beasetof obserations,andlet ¢ = [c1, ¢z, ..., c,]' beaclassvectorsuchthate; = 1
if 2; is memberof the classto belearnedandc; = —1 otherwise.The goalis to learna setof weightsa = [a1, @, ..., axn] suchthatthe
discriminantfunction

L(:Bl) = ZC]‘OLJ'K(:L;,:B]‘) (5)
j=1

is optimisedover a setof labelledobserations. K (x;, «;) is akernelfunctionwhich form depend®n the application. The predictedclass
of anew obserationz is given by the signof thediscriminantfunction L(2) computedusingthe optimisedweights.

Typicalfor supervisednethoddik e supportvectormachiness their ability to inducemodelsthatcanclassify By inducingamodelfrom a
subsebf X (calledthetraining se) andusingit to classifytheremainingobsenations(calledthetestse), this canbe utilisedto objectively
evaluatethemodel. A systemati@pproacho dividing obsenationsinto trainingsetsandtestsetsis k-fold crossvalidation. In this schemeX
is dividedinto k disjointequallysizedsubsetA modelis inducedfrom k — 1 subset&ndtestedon theremainingsubsetThisis repeatedor
eachof the k subsetsallowing usto averagethe classificatiorperformancdrom eachiterationto obtainan unbiasecerformanceestimate
for the algorithmon the relevantdata. It is commonto interpretthe crossvalidation performanceestimateasthe performancewne will get
whenusinga modelinducedfrom thefull setof dataX to classifypreviously unclassifiedbserations.

A performanceestimateindicatesthe predictive capabilitiesof a supervisedalgorithm. If the performancas at leastsignificantly better
thanwhat would be expectedby chance,it follows that the model hascapturedsomethingthat is essentiain orderto understandvhich
obsenationsbelongto which classesMany machindearningmethodssuchasrule learnersinducemodelsthatarelegible, andhencethese
methodscanhelphumansdetterunderstandhe data.

4 Selected Functional Studies

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

lyer etal. [8] studiedthe humanfibroblasts responséo serum.Thesecellshave a pivotal structuralrole in connectve tissueandin important
processesuchaswoundhealing. ThemRNA level of 8613humangenegprobesnveremeasurect 12 time pointsfrom O minutesto 24 hours
afterserumstimulation. A subsebf 517 geneprobeswhoseexpressionchangedsubstantiallyin responséo serumwasselectedor further
analysis.

This studyis typical for functionalmicroarraystudiesin thatan agglomeratie hierarchicalclusteringmethodis used. Ten clusterswere
selectedrom the resultingdendrogranand expressionprofiles of genesfrom the sameclusterwere plottedtogetherto shav thatthey in
facthadsimilar expressionprofiles. Geneswhich areknown to codeproteinswith the samefunction werealsoplottedtogethey andsome
similaritieswithin thesegroupswere apparent.However, no mappingbetweerthe functional classesandthe clusterswereattemptedand
hencenothingcouldbe saidneitheraboutthe quality of the clustersnor aboutthe function of previously unclassifiedyenes.
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CLASS PREDICTIONS: Knowledg e-based Analysis of Microarray Gene Expression Data by Suppor t Vector Machines

Very few studieshave beenpublishedusingsupervisednethodsn functionalmicroarraystudies.Brown et al. [3], however, used2467yeast
genego train supportvectormachineghatcouldrecognisesix differentfunctionalclassesontaining230genes.

The studyused3-fold crossvalidationfor performanceestimation. Supportvectormachineswith four differentkernelswerecompared
with aFisherclassificatiormethodandtwo differentdecisiontreemethods Goodperformancevasreportedior five of thesix classesThese
five classesverealreadyknown to clusterwell usinghierarchicaklustering.The studyincludesa discussiorof the geneswvhich arewrongly
classifiedby morethanone method,and suggestshat someof thesegenesshouldundego further biological experiments. The studyalso
includesalist of predictiongfor 15 previously unclassifiedyenes.

5 Selected Clinical Studies

CLAss DiscoveRy: Distinct Types of Diffuse Large B-cell Lymphoma Identified by Gene Expression Profiling

Despitethe large variety of parametersisedto classify humanmalignanciedoday patientsreceving the samediagnosiscan have quite
differenttreatmentesponsesAlizadehet al. [1] studieddiffuselarge B-cell ymphoma(DLBCL) where40% of the patientsrespondwell
to currenttheragy andhave prolongedsurvival, whereaghe remaindeisuccumkio thediseasel128microarrayexperimentsvereconducted,
measuringhe geneexpressiorlevelsof over 18 000 humangeneprobesin 96 normalandmalignantpatientsamples.

Alone etal. [2] introducedthe notion of two-dimensionatlustering,in which both genevectorsandexperimentvectorsare organisecby
clustering.Alizadehetal. performedhierarchicaklusteringon both patientsandgenes.The clinical samplesvereexaminedwith respecto
six geneclustersreflectingrelevantbiological knowledge. Threebrancheof the patientdendrograntapturedall but threeof the DLBCL
samplesBy re-clusteringhe DLBCL samplesisingonly thegenedrom aclustercalled’Germinal CentreB cell’, two sub-clusteremeped.
Thesewo sub-clustersvherenamedGC B-like DLBCL’ and’activatedB cell DLBCL', andit wasshavn thatthesepatientshadsignificantly
differentexpectedsurvival time. Thestudythereforeconcludeghatbasedn moleculardifferencegshesewo sub-clustershouldberegarded
asdistinctdiseases.

CLAss PREDICTION: Molecular Classification of Cancer: Class Discovery and Class Prediction by Gene Expression
Monitoring

Golubetal. [6] studiedacutelymphoblastideukemia(ALL) andacutemyeloidleukemia(AML) of 38 bonemarrav sampleg27 ALL, 11
AML) using6817humangeneprobes.DistinguishingALL from AML is critical for successfulreatment.

The studyusedneighbourhoodnalysisto selectthe 50 genesmostcorrelatedwith the ALL-AML classes.Thesegeneswere denoted
informativegenes New sampleswere classifiedby usingtheseinformative genesto casta ‘weighted vote’ for one of the classes.The
magnitudeof eachvotedependean the expressiorsimilarity betweerthenewv sampleandtheinformative geneandthedegreeof correlation
betweertheinformative geneandthe ALL-AML classesThevotesweresummedo determinghewinning class.Usingcrossvalidation,36
of the 38 samplesverecorrectlyclassified.

Golubetal. alsousedthe classdiscorery methodof self-oiganisingmapsto testwhetherthe two classesould have beenfound automat-
ically if the AML-ALL distinctionwerenot alreadyknown. Using two initial seedpointsthe algorithmfound one clusterin which 24 of
25 samplesvere ALL andanotherclusterin which 10 of 13 samplesvere AML. Furthermorepsingfour seedpoint the algorithmfound
four clusterslargely correspondingo AML andthreeknown subclassesf ALL. The authorsconcludethatit would have beenpossibleto
discover thesesubclassesf leukemiaswithout the presenknowledge,andhenceit shouldalsobe possibleto discorer presentlyunknavn
subclassessingthe samemethodology

6 Discussion and Conclusions

Functional Studies

Shatkayet al. [15] arguethat clusteringanalysiscannotsolve the coreissuesof functional microarraystudies. Genesthat are functionally
relatedoften shaw a stronganti-correlationin their expressionprofiles and hencewill not be clusteredtogetherusing ordinary similarity
measuresClusteringgenesn disjoint clusterswill not capturethe factthatmary geneproductshave morethanonefunction. Sherlock{16]
also points out that most studiesusing clusteringtechniquesdo not reportary measureof whetherthe overlap betweenthe genesin a
functionalclassandthegenesn aparticularexpressiorclusteris greatethanwhatwould be expectedoy chance Tavazoieetal. [18] address
this problem.

The ultimate goal of functional microarraystudiesis to classify previously unclassifiedgenes. Theseclassificationscan be usedas
hypothesesn wet-lab experimentsand can greatly reducethe numberof optionsthe biologistshave to consider Classifyingpreviously
unclassifiedgeneshowever, requiresa modelof the relationshipbetweengeneexpressionandfunction. Supervisednethodsseemto meet
thisrequiremenbetterthanunsupervisedhethods AlthoughBrown etal. [3] shavedthatgenefunctionindeedcanbelearnedalot of issues
arestill nottreated.Theseincludethe developmentof methodsfor determiningwhich functionalclassego learnandmethodsfor handling
geneswith morethanonefunction. Somesolutionsaresuggesteih Hvidstenetal. [7].

Clinical Studies

Clinical microarraystudieshave up until nov mostly evolved aroundcancerclassification However, alot of differentdiseasesvill probably
benefitfrom the new opportunitiesoffered by microarrays. As a rule of thumb one shouldusesupervisednethodswhenthe classesare
known. This offersthe opportunityto investigatingthe propertiesof differentsubclasses.g.which genesareresponsibldor a certaintype
of diseaseln thefuture,classifieranayalsooffer decisionsupportin daily medicalpractice.Unsupervisednethodswill probablyprove very
importantin finding new subclassesf diseaseandhencehelpdistinguishdiseaseshatup until now have beentreatedsimilarly.
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