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Intr oduction

1.1 Geneexpression

Eachcell of an organismcontainsthe same,identicalgeneticinformation. What
makescells different, is how they usethat geneticinformation. No cell accesses
thecompleteinformationat thesametime,but only particulargenes.Whichgenes
areaccessedandtransformedinto proteins,dependson thetissuewherethecell is
locatedandon theenvironmentalconditionsor thestateof thecell.
The processof transforminga geneinto a protein is referredto asgeneexpres-
sion. Geneexpressioncomprisestwo steps.First, thegeneis transcribedfrom the
DNA (deoxyribonucleicacid)strandof a chromosomeinto anmRNA (messenger
ribonucleicacid)molecule.ThemRNA moleculeis thentranslatedinto a protein
by ribosomes,thatusetheinformationencodedin themRNA to synthesizeachain
of aminoacidresidues,whichmightbefurthermodi�ed by othermolecules.After
thischainhasfoldedandreachedits speci�c conformation,thechainis considered
a protein. Proteinstake over importanttasksin a cell, for example,they act as
catalystsfor reactions(enzymes),assignalreceptorsandasstructuralcomponents.
Thequestionis, which genesareexpressedwhenandwhy. As geneexpressionis
regulatedby geneproductsitself, the processesinvolved may be highly complex
interactionsbetweenmany geneproducts.Theaim is to identify thosegenesthat
are transcribedundercertainconditionsandto deducethe mechanismsthey are
involvedin.

1.2 Analyzing geneexpression

Analysisof geneexpressionin a particulartissueor undercertainenvironmental
conditionsmayyield fundamentalinsightsinto cellularmechanisms,especiallyif
performedin a highly parallel fashion. While traditionalmethodsemployed for
geneexpressionanalysisusuallyfocusonasinglegeneproductor transcript,mod-
ern approachesthat make useof microarrayscanmonitor virtually every mRNA
transcriptin a cell. The following sectionsdescribeboth traditionalandmodern
approachesandhow they areemployedin geneexpressionanalysis.
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Introduction

1.2.1 Traditional methods

Southernblotting is a proceduredevelopedin the 1970sby E. M. Southern[41].
Themethodis usedto locatea speci�c DNA sequencewithin a complex mixture.
For instance,theexistenceof a particulargenewithin thegenomeof anorganism
canbeexamined.
“Blotting” denotesthe processof transferringDNA, RNA or proteinsfrom a gel
to a �lter by capillary action. A Southernblot comprisesfour steps,which are
describedbelow.

1. DNA is extractedfrom a sampleandfractionatedon anagarosegelby elec-
trophoresis.

2. The fractionatedDNA is transferredby capillary action from the gel to a
nitrocellulose�lter .

3. The DNA on the �lter is incubatedunderhybridizationconditionswith a
radioactively1 labeledDNA probeof known sequence.

4. After unboundDNA probeshave beenremovedfrom the�lter by washing,
anautoradiogramof the�lter is produced.Thosebandsin thegel, thatcon-
tain thespeci�c sequence,will bevisible on theautoradiogramandmaybe
extractedfrom thegel for furtheranalysis.

Northernblottingis virtually thesameprocedureasSouthernblotting,with aslight
but meaningfuldifference:insteadof DNA sequencesbeingblotted,in Northern
blotsRNA sequencesaretransferredfrom thegel to the�lter . However, thelabeled
probesare still DNA probes. A Northernblot allows estimationof the relative
amountof a speci�c RNA in thecell by comparingthedensityof differentbands
to eachother. Oneapplicationof Northernblotting is in geneexpressionanalysis.
It canbeappliedin determiningwhethera speci�c geneis transcribedin a certain
tissueor undercertainenvironmentalconditions[25].
Theessentialideaof thedescribedproceduresis theuseof labeledDNA probes,
to examinetheexistenceof particularsequencesin complex mixtures.

1.2.2 Micr oarrays

A microarray2 is a microscopicarray of large setsof DNA sequencesimmobi-
lized on solid substrates[17]. They areanextensionof the traditionaltechniques
describedin Section1.2.1,asthey arebasedon hybridizationof nucleicacid se-
quencesaswell. However, it is not uncommon,that a microarrayhastarget se-
quences3 for up to 10� 000 or moregeneprobes.Hence,they representa highly

1Fluorescentdyesmightbeusedaswell.
2Microarraysarealsoknown asµ-arrays,DNA-chips,biochips,DNA-(micro)arrays,genearrays

andGeneChips.The latter is the nameof a commercialmicroarrayproductfamily producedby
Affymetrix, Inc..

3In this document,theDNA sequenceslinked to thesubstratearereferredto astargetsandthe
labeledsequencescontainedin theDNA mixtureappliedto thearrayarecalledprobes.
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Introduction

parallelapproachthat canbe usedto monitor theexpressionlevels of practically
all genesof an organismsimultaneously. This approachis often referredto as
whole-genomeexpressionmonitoring.
Whole-genomemicroarraysbecamefeasibleonly when the �rst genomeswere
completelysequenced.Ontheonehand,thegenomicsequenceis requiredto iden-
tify all genesor putative genesof anorganismandon theotherhand,knowledge
aboutthesequenceof thewholegenomeis requiredto selecttargetsequencesthat
arespeci�c for thetargetedprobe.Thelatter is especiallyrequiredin caseswhere
not thecompletegenesequenceis attachedto thechip (see1.2.2).
Therearetwo major typesof microarrays,cDNA microarraysandoligo microar-
rays, whicharedescribedin thefollowing paragraphs.

cDNA microarrays This techniqueemploys a so-calledarrayer device to pro-
ducethemicroarrays.Thearrayeris a robot thatspotsor printscDNA sequences
directly onto a glassor nylon substrate.ThecDNA sequencesareusuallylonger
than 100 nucleotidesand its not uncommonto print sequencesup to 1000 nu-
cleotidesin length[32].
Thistechniquehasfor examplebeenusedto createmicroarraysof thecompleteset
of about6 � 400open-readingframes(ORFs)from Saccharomycescerevisiae[12].

Oligo microarrays The othermajor microarraytechniqueis synthesisof short
oligonucleotidesof about25-merdirectly on a solid glasssurface. Sincethis ap-
proachusesphotolithographictechnologyknown from semiconductorchip pro-
duction,theterm“chip” is frequentlyusedto refer to microarrays,botholigo mi-
croarraysand cDNA microarrays. The processinvolves a light source,special
masksand photosensitive protectormoleculesto locateup to 700� 000 different
oligonucleotidesequences[38] on asinglechipsized1 � 28 cm � 1 � 28 cm.
This technologyis usedby Affymetrix, Inc. to createits commercialmicroarray
productfamily GeneChip.Oneof thelatestmodelsfrom this family, theGeneChip
MouseExpressionSet430providesa comprehensive coverageof the transcribed
mousegenomeon only two microarrays,which correspondsto about45� 000dis-
tinct targetsequences[1].

1.2.2.1 Fieldsof application

Microarrayshave beenshown to beapplicablein a wide-rangeof �elds. Eisenet
al. [17] list geneticmappingstudies,mutationalanalysesandgenome-widemoni-
toringof geneexpression,as�elds of successfulapplicationof microarrays.Others
describedpositive resultsby theapplicationof microarraysin sequencingby hy-
bridization(SBH)approaches[7] or detectionof singlenucleotidepolymorphisms
(SNPs)andanalysisof DNA variationon agenome-widescale[21].
Genome-widegeneexpressionmonitoring is probably the most interestingand
mostpromising�eld of application.Geneexpressiondataobtainedfrom microar-
ray experimentscanbeusedto classifytumors[24] andpredicttheir responseto
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chemotherapy [54]. Investigationof geneexpressionpatternsin tumoror otherdis-
easedtissuemayleadto developmentof new treatmentsandis aparticularconcern
of the pharmaceuticalindustry. Genefunction canbe deducedandgeneinterac-
tion networks like in metabolicpathwaysor stimulationresponsesystemscanbe
characterized.
Furtherquestionsaddressedin microarrayexperimentsincludehow expressionpat-
ternsdiffer in mutantphenotypeswith respectto the wild-type [17] or how gene
expressionchangesunderthe in�uence differentenvironmentalstressconditions,
like heator chemicalreagentsin themedium[14].
While theDNA microarraysdescribedin this documentmonitorgeneexpression
on themRNA transcriptionlevel, theemerging proteinmicroarrays[13] canmon-
itor geneexpressionon the translationlevel. This will give further insightsinto
cellular mechanisms,asregulationof geneexpressionis not limited to the tran-
scriptionlevel.

1.3 Design of a geneexpressionanalysis microarray ex-
periment

In principle,everymicroarrayexperimentcomprisesthreemajorsteps.

1. Eithertotal or polyadenylatedmRNA is extractedfrom a tissuesampleor a
suf�cient quantityof cells andpuri�ed. The puri�ed mRNA is transcribed
into cDNA using reverse transcriptaseenzymes.Reversetranscriptionis
performedin the presenceof �uorescently labeleddeoxyribonucleotides.
Hence,thesynthesizedcDNA sequencescanbeidenti�ed usingcorrespond-
ing scannersand microscopes.The labeledcDNA is then appliedto the
microarrayunderhybridizationconditions.

2. After hybridization,themicroarrayis washedto removeall unboundcDNA.
Thenthemicroarrayis scannedto obtaina �uorescenceimage.Eisenet al.
[17] favor a laserscanningconfocalmicroscope,asit givesthe bestsignal
to noiseratioscomparedto otherdevices. The laserproduceslight with a
wavelengthappropriatefor theexcitationspectrumof theemployed�uores-
centdye.Theessentialideais to measuretheamountof �uorescenceof each
spoton themicroarray, whichcorrespondsto theamountof mRNA with the
particularsequence.Theexpressionlevel canbededucedfrom theamount
of mRNA. However, sincethe amountof �uorescenceis in�uenced by the
speci�c sequenceof themRNA, thelabelingmethod,thehybridizationcon-
ditions andotherfactors,it is not possibleto determineabsolutevaluesof
expression.Thus,microarraysarebestusedto monitortheexpressionlevels
in two or moresamplesandto analyzethedifferencesin thesesamples.

3. After the imageof the microarrayhasbeentaken, imageprocessingand
analysissoftware is requiredto obtainthe raw data. Thenthe datais pre-
processedandcomprehensively analyzedusinga greatvariety of different
methods.This stepis discussedin moredetail in Section1.4.
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Thereareseveral differentwaysto designa microarrayexperiment. Eisenet al.
[17] distinguishbetweentwo different typesof experimentaldesignin geneex-
pressionanalysiswith microarrays.

Type-I Type-I experimentsarelimited to cDNA microarrays.In Type-I experi-
ments,a comparative analysisof two differentsamplesis performedon thesame
microarray. To be able to differentiatebetweenthe two mRNA populations,in
the respective reversetranscriptionsteps,deoxyribonucleotides labeledwith dif-
ferentdyesareused. Whenthe �uorescenceimageof the microarrayis created,
two passesare required. The laseris tunedto the excitation wave-lengthof the
correspondingdye to bescannedin therespective pass.The imageanalysissoft-
warecreatesan overlay imageandcomputesthe expressionlevel ratiosbetween
theindividual transcriptsof thetwo mRNA species.

Type-II A disadvantageof Type-Iexperimentsis, thatthey do not supportmore
complex analyses,that examinethe expressionlevels of many sampleswith re-
spectto a commonreferenceexperiment. Type-II experimentsare designedto
accomplishthis task. Both cDNA andoligo microarrayscanbe usedin Type-II
experiments.Time-courseexperimentsarea typical applicationof Type-II experi-
ments.In a time-courseexperimentsamplesaretakenat distinct time points. For
eachtime point, onemicroarrayis used. The dataobtainedfrom the individual
timepointsis thenanalyzedwith respectto theinitial time point.

1.4 Micr oarray data analysis

Analysisof dataobtainedfrom microarrayexperimentscanbefurtherdividedinto
two steps. The �rst stepcomprisesimageanalysisand extraction of raw data.
Thesecondstepis theanalysisof thedataby applicationof variousmathematical
methods.

1.4.1 Imageanalysisand extraction of raw data

When hybridization and washing have been accomplished,the microarray is
scannedand a �uorescenceimageis produced. Then an imageprocessingstep
follows.
Therearemany problemsinvolved in the extractionof the datafrom the image.
First, the imageprocessingsoftwaremustcorrectlyidentify all spotson thechip.
This means,that a virtual grid is placedover the chip, so that eachgrid cell cor-
respondsto onespot. From the grid locations,the correspondingprobescanbe
determined.Whenthe spotshave beensuccessfullyidenti�ed, it is necessaryto
computetheexactboundariesof thespots,to beableto distinguishbetweenback-
groundsignalandspotsignals.This is fundamentalto calculatesensible�uores-
cencelevels,asusuallythe backgroundinteractswith �uorescentcDNA aswell.
Thisunspeci�c interactiondistortstheamountof �uorescentlight measuredin the
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actualspots.After both the �uorescenceintensityfor thebackgroundandfor the
spot have beencalculated,the �nal intensity value is computed. This intensity
valueis consideredto betheexpressionlevel of theprobeunderthegivenexperi-
mentalcondition.
The main resultof the imageprocessingstepis a vectorof expressionvaluesfor
eachmicroarray. Eachtarget sequenceon the microarrayis representedby one
entry in the vector. If the experimentis designedto be a comparative analysis,
a secondmicroarray(Type-II experiment)or a secondimage(Type-I experiment)
will provide a further vectorof expressionvalues,that is thenusedto computea
relativeexpressionvalueor ratio for eachgene.In many casesthelogarithmof the
ratiois taken,whichis known aslog ratio or signallog ratio (SLR).However, there
arealsomicroarrayexperimentsthatyield vectorsof absoluteexpressionvalues.
At this point it hasto benotedagain,thatdueto theproblemsinvolved in the in-
teractionof nucleicacidsequencesand�uorescentdyesit is notpossibleto derive
informationabouttheabsolutequantitative expressionlevel of a genefrom a mi-
croarrayexperiment. So absolutevaluesmustalwaysbe handledwith care,and
shouldbeusedonly asqualitative informationabouttheexpressionvalueof agene
comparedto anothergenein the sameexperiment. However, even this might be
misleading,if the error sourcesinvolved in preparationandhybridizationof the
mRNA andcDNA samplesareconsidered.
Often the experimentis repeatedunderdifferentconditionsor with mRNA from
further samples,so that several vectorsof expressionvaluesareobtained.From
these(column)vectorsa so-calledexpressionmatrix matrix is created,wherethe
rowsrepresentgenesandthecolumnsrepresentexperiments.A row is alsoreferred
to asa genepro�le , a columnasanexperimentpro�le . To make theanalysismore
reliable, the whole processis repeatedonceor twice, and the expressionmatrix
usedin furtherstepsof theanalysisis actuallythemeanover two or threematrices.
Theexpressionmatrix canbeusedto investigatethebehavior of genesunderdif-
ferentconditionsor at differenttime pointsor stagesof thecell cycle (see[43] for
example),respectively. Hence,genepro�les aresubjectof the analysis. On the
otherhand,it mightalsomake senseto evaluateexperimentpro�les [24].
In somecasestheexpressionmatrix containsmissingvalues.Suchsituationscan
beapproachedin differentways.A trivial solutionis to ignoremissingvalues,for
instancewhena pro�le is plotted.This is possibleaslong asno calculationshave
to be doneon thesepro�les. If suchcalculationswill be requiredduring analy-
sis,a �rst stepshouldbe to estimatethemissingvaluesor to excludethemfrom
analysis.Severalapproachesexist to �nd sensibleandto somedegreereliablees-
timations.However, eventhemostsophisticatedmethodwill sometimescompute
a completelywrongexpressionvalue. Thus,conclusionsdrawn from ananalysis
including the estimationof missingvalues,shouldbe veri�ed. This canbe done
eitherby repeatingthemicroarrayexperimentor by applicationof any othersuit-
ablemethodsuchasNorthernblotting for example.Generally, theveri�cation of
resultsobtainedfrom amicroarrayexperimentby anothermethodis verycommon.
However, themosteffective way to copewith missingvalues,is themultiple repe-
tition of theexperimentandsubsequentcalculationof meansacrosstheexpression
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matrices.
Theremainingpartof thisdocumentdiscussesanalysisof thepreviouslydescribed
expressionmatrices.

1.4.2 Analysisof expressionmatrices

Microarrayexperimentsproducemassive amountsof data.Many (different)soft-
waretoolsareemployed to obtainthesedatafrom themicroarray, to storeandto
analyzeit. Thereforebioinformaticssoftwaresolutionsarefundamentalto thesuc-
cessof theseexperiments.Thecrucialstepin theprocessis thedataanalysisand
althoughmany researchersandcompaniesareengagedin thedevelopmentof gene
expressiondataanalysissoftware,it seemsto becomethetime-limiting stepin the
process[6].
Microarraydataanalysissoftwarehasto provide a seriesof algorithmsandmeth-
ods,thatsupporttheuserin exploring thedata.Theseincludeclassdiscovery and
classpredictiontechniques,aswell asvisualizationoptions.
Self-organizingmaps(SOM), k-meansand hierarchicalclustering,are common
classdiscovery techniques.Thesemaybesupplementedby classi�cationmethods
likeweighted-votingandk-nearestneighborspredictorsorsupportvectormachines
(SVM).
A reductionof the dimensionalityof the data is sometimesperformedprior to
an analysis. Principalcomponentanalysis(PCA), singularvaluedecomposition
(SVD) andmulti-dimensionalscaling(MDS) arecommonlyused.
Statisticaltestsandmethodslike thet-testor analysisof variance(ANOVA) canbe
employedto identify differentiallyexpressedgenesacrossaseriesof experiments.
More basicapproaches,like consideringthosegenesas differentially expressed
thatexpressa fold-changegreaterthana giventhresholdvalue,have beenusedin
the �rst publishedmicroarrayexperiments,for instancein [12]. Statisticaltests
though,considerlevels of signi�cance aswell andare thereforea morereliable
tool to identify differentiallyexpressedgenes.
Besidesthesestandardtools,thereis anincreasingnumberof highly sophisticated
approaches,that go beyond classi�cation anddeterminationof differentially ex-
pressedgenes.Theseapproachestry to deducecompletegeneinteractionnetworks
and regulatory processesfrom microarraydata. Suchmethodsare for instance
Bayesiannetwork reconstruction[20] or modulenetworks[39].
Concerningvisualizationof microarraydata,many approachesexist aswell. The
two mostcommonlyusedarepro�le plotsandexpressionimages,which areim-
plementedin almosteverymicroarraydataanalysissoftware.However, thereexist
many otherapproachesto visualizesuchdata.Most of themhave beendeveloped
for visualizationof statisticaldata,like for examplethebox plot. But on theother
hand,therearesomevisualizations,thatarespeci�c for microarraydata,like the
aforementionedexpressionimages.
Visualizationof expressiondatais anessentialstepin everymicroarraydataanaly-
sisprocedure.By visualization,thedatais transformedinto auser-friendly format,
thathelpstheuserto identify patternsandstructuresin thedataotherwisehardto
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detect.Applicationof severalvisual representationscangive further insightsinto
thedata,asdifferentvisualizationsmaysetoff differentaspectsof thedata.If the
previously describedanalysismethodsandvisualizationtools areintegratedinto
oneapplication,theuseris providedwith a comprehensive tool for theanalysisof
microarraydata.

1.5 How to readthis document

This documentis aboutmicroarraydataanalysisapplicationsthatcombinediffer-
ent analysismethodsandvisualizationtools. The documentis divided into two
parts. The �rst part (Chapters2 and 3) is a review of currentmicroarraydata
analysissoftwareandamotivationfor anew microarraydataanalysisapplication,
that wasnamed“Microarray DataAnalysis”, short “Mayday”. The secondpart
(Chapters4, 5 and6) discussesdesignandimplementationof Maydayandgivesan
outlookon the featuresthatwill be integratedin the future. Chapters4 and5 are
eachdividedinto a generalpartandanimplementationpart. Readersinterestedin
theprincipalideasintegratedinto Mayday, but not in implementationdetails,may
skip therespective sectionsof thesechapters.
AppendixC, lists all abbreviationsandacronymsemployedthroughoutthis docu-
ment.

8



2

Review of microarray data
analysissoftware

2.1 Micr oarray data analysissoftware

For this review seven geneexpressionand microarraydata analysisprograms
have beenevaluated. Two of themarecommercialproducts(GeneSight, Gene-
Spring), oneis an opensourceproject(Microarray Explorer) andthe remaining
four areavailablefreeof charge for not-for-pro�t purposesandpublic institutions
(GeneCluster, Genesis, J-Express, VIZARD).
The main purposeof this review is to examinethe visualizationcapabilitiesof
theprograms.Obviously therearemany differences,concerningboth thequality
and the quantity of visualizationoptions. Besidesvisualizationoptions,related
functionslike representationof annotationanddatahave beenreviewed.
Thereview is neithercomprehensive nor specializedon a particulargroupof mi-
croarraydataanalysisprograms.Theevaluatedtoolswereselectedto covera large
spectrumof programswith respectto theamountandkind of functionalityoffered.
Chapter3 summarizesanddiscussestheevaluatedprogramswith anemphasison
thevisualizationoptionsprovidedby them.
Pleasenotethatin this chapterandthroughoutthedocumenttheterm“expression
level” refersto bothrelativeexpressionvalueslike fold changesor signallog ratios
andto absoluteexpression.

2.2 Programs

2.2.1 GeneCluster

GeneCluster[45] is a geneexpressiondataanalysistool developedat theWhite-
headInstitute/MITCenterfor BiomedicalResearch.
Version2.1.3betaof GeneClusterhasbeenevaluatedfor this review. GeneClus-
ter is written in Java andthusavailablefor mostMicrosoft Windows andUNIX
platforms,aswell as for Mac OS X. It requiresJava runtimeengine1.3.1. The
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programcanbe downloadedfrom the GeneClusterwebsiteat http://www-geno-
me.wi.mit.edu/cancer/software/genecluster2/gc2.html. The programis freeware,
but requiresregistration.

GeneClusterhasbuilt-in supportfor SOM clustering.Additionally, GeneCluster
supportssupervisedclassi�cationtechniques.Thereviewedversionof GeneClus-
ter is ableto build k-nearest-neighbors,andweightedvotingpredictors.

Thedatavisualizationimplementedin theprogramis ratherrudimentary. Results
of a SOM clusteringaredisplayedasa grid of pro�le plots (Figure2.1). Section
5.1.2.1introducespro�le plotsin detail.

Figure2.1: GeneClusterpro�le plots.A plot showseitherclustermeansor clusterrepresentativesor
both,aswell asthemaximumandtheminimumof eachexperiment.Thetableon theright lists all
genesof thecurrentlyactive plot (indicatedby a yellow frame)with annotationandtheir distanceto
theclusterrepresentative.

Thepro�le plotsshow themaximumandminimumvaluesof thedatain thecorre-
spondingcluster, thatmeansabandcontainingall pro�les of thecluster. Eitherthe
clusterrepresentatives(SOMcentroids)or theclustermeansor botharedisplayed.
Thenumberof containedgenesis shown for eachcluster.

A particularclustercanbe selectedfor viewing by clicking on it. This resultsin
thedataof thatparticularclusterbeingdisplayedin a tablenext to theclustergrid.

Thepro�le plotscannotberesized,however, thegrid canbescrolledif theappli-
cationwindow is toosmallto displayall plotsat thesametime. GeneClusterdoes
not provide a legendor ascalefor theplots.Grid linesarenot shown andprinting
or exportingof theplotsis not supported.
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2.2.2 GeneSight

This applicationhasbeendevelopedby BioDiscovery, Inc. (MarinaDel Rey, CA,
USA). [37] describesit asa comprehensive bioinformaticssoftwaresolutionthat
offers relevant statisticalanddatamining tools to obtainbiological insightsfrom
complex microarrayexperiments.

GeneSightis written in theJava programminglanguageandrequiresJava runtime
environmentversion1.3.1 or higher. Java 3D is requiredif the userwishesto
visualizethe resultsof a PCA in threedimensions.Sincethe programhasbeen
developedfor theJava platform,it is availablefor mostoperatingsystems,includ-
ing the Windows, UNIX andMac OS platforms. A time-limited, fully operative
demoversionof GeneSightcan be requestedfrom the BioDiscovery websiteat
http://www.biodiscovery.com/genesight.asp.

GeneSightversion3.5.1hasbeenreviewedfor this evaluation.It supportsseveral
clusteringtechniqueslike SOM, k-meansandhierarchicalclustering.SOM clus-
tering canbe accomplishedin oneor two dimensions.In addition,a modulefor
PCAvisualizationin two andthreedimensionsis provided.

BioDiscovery hasintegrateda seriesof visualizationoptionsinto the GeneSight.
Amongthesearetypical pro�le plotsandexpressionimages,thatareusedto dis-
play theresultsof SOM clusteringandk-meansclusteringor hierarchicalcluster-
ing, respectively.

Besidestheserathercommontypesof plots, GeneSighthasfurther visualization
optionsfor geneexpressiondata.Thesearebox plots(Figure2.2)anda so-called
“GenePie”visualization(Figure2.3).

Figure2.2: GeneSightbox plot. Thebox plot shown hereis anadvancedversion,a so-calledfenced
boxplot, thatdisplaysoutliersassmallcircles.

Theboxplot is acommontool in exploratorydataanalysisto determineif a factor
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hasa signi�cant effect on theresponsevariable1 with respectto eitherlocationor
variation.In geneexpressiondataanalysis,theresponsevariableis theexpression
level, andrepresentedby theverticalaxis.Thehorizontalaxisrepresentsthefactor
of interest,whichis anexperimentor sample,in geneexpressiondataanalysis.It is
alsohelpful in summarizinglargequantitiesof data[36]. Box plotsareintroduced
in moredetail in Section5.1.2.2.

Figure2.3: GeneSightGenePievisualization.Onepie chartrepresentsonegeneandits expression
levelsin eachexperimentrelative to its totalexpressionlevel. Thetotalexpressionlevel is de�ned as
thesumof theexpressionlevelsin theindividual experiments.

TheGenePievisualizationis a collectionof pie charts.Thereis onepie chartfor
eachgenein the datasetbeinganalyzed.A pie chart is useful,whenpartsof a
quantityshouldbe displayedwith respectto the whole quantity. In the GenePie
visualization,the expressionlevel in eachexperimentis comparedto an implicit
total expressionlevel (the sumof expressionlevels over all experiments).Each
experimentis representedby a particularcolor which canbechangedby theuser.
Furthermore,theprogramcandisplaythesizeof thepiechartsrelative to themax-
imum expressionlevel. This facilitatesthevisualdetectionof outliers. Note that
this is not shown in Figure2.3.
All plotsmentionedbeforeareinteractive. Clicking on an item in a plot displays
thecorrespondingannotationin a text box beneaththeplotting area.Theusercan
selectthe mostappropriatesourceof annotationfrom a list of online databases,
like NCBI Entrez,UniGeneor PubMed,aswell asAffymetrix NetAffx.

1The responsevariable is a measurementor characteristicassociatedwith each exper-
imental unit. It is the quantity of primary interest that is recorded in the data set
(http://www.rit.edu/djmsma/statistics/part1c.htm).
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Plotscanbezoomedaswell. To do so,theusermustdraga boxaroundanareaof
interest.Theaspectratio is not maintained.If theapplicationwindow is resized,
theplotting areaandtheplotsareresized,too. Again, theaspectratio is altered.
Scrollingis usuallynotpossible.
GeneSightsupportsdirect printing of plots aswell asexport to image�les. It is
ableto createGIF, TIFF andJPEGimages.
Theprogramallows theuserto groupgenestogetherto so-called“partitions”. Set
theoreticoperationslikeunionandintersectioncanbeappliedto partitionsin order
to yield furtherpartitions. A nameanda color canbe assignedto eachpartition.
Partitionscan be usedas color schemesin plots, this means,that all genesare
drawn in thecolorof thepartitionthey belongto.

2.2.3 Genesis

Genesis[44] is focusedonanalysisof microarraydatausingclusteringtechniques.
Thename“Genesis”standsfor “geneexpressionsimilarity investigationsuite”. It
wasdevelopedat theTechnicalUniversityof Graz,Austria.
Genesisversion1.1.3hasbeenevaluatedfor this review. It is written in theJava
programminglanguageandrequiresJava runtimeengine1.3.0andJava 3D 1.2.
Thesoftwareis availablefreeof chargeto governmentalandnon-pro�t institutions
for internal research,commercialusersrequirea license. Genesisrunson most
Windows andUNIX platforms,aswell ason theMac OSplatform. However, the
useof Java 3D limits the numberof supportedplatforms. The programcan be
downloadedfrom http://genome.tu-graz.at.
Genesishas several built-in standardtools for gene expressiondata analysis.
Amongthesearehierarchical,k-meansandSOM clustering,aswell asPCA and
PCAvisualizationin two andthreedimensions.SVMsareanadditionalclassi�ca-
tion methodthathasbeenintegrated.For all of thesemethods,theusercanchoose
from awide rangeof distancemeasures.
The programsupportstwo differenttypesof plots. Theseareexpressionimages
(Figure2.4)andpro�le plots(Figure2.5).
Expressionimagesdisplaytheexpressionlevelsof genesin differentexperiments
in a two-dimensionalmatrix, whererows representgenesandcolumnsrepresent
experiments.Thecellsof thematrixarecoloredaccordingto theexpressionlevel.
A thresholdcanbesetfor themaximumandminimumexpressionlevel (symmet-
rical with respectto 0). This thresholdis appliedto all plots (expressionimages
andpro�le plots)of theprogram.Expressionimagesareexplainedin moredetail
in Section5.1.2.3.
In addition, it is possibleto customizethe colorsusedto display the expression
levels. In total, therearesix colorsemployed to draw anexpressionimage:POS-
ITIVE, ZEROPOSITIVE,NEGATIVE, ZERONEGATIVE, MISSING andBOR-
DER.
Up-regulatedgenesare colored using a color from the gradientof POSITIVE
(increaseequalto thresholdvalueor smaller)to ZEROPOSITIVE(minimum in-
crease),down-regulatedgenesarecoloredusingacolor from thegradientof NEG-

13



Review of microarray dataanalysissoftware

Figure2.4: Genesisexpressionimage. Moving themouseover the cells of the imagedisplaysthe
correspondingexpressionvalue, the genenameand the experimentnamein the statusbar. The
dimensionsof thecellscanbeadjusted.

ATIVE (decreaseequalto thresholdvalueor smaller)to ZERONEGATIVE (min-
imum decrease).Cellswith missingvaluesarecoloredin MISSING.Theborders
of the matrix arecoloredin BORDER.However, drawing of the borderscanbe
switchedoff.
If theusermovesthemousepointerovertheexpressionimage,Genesisdisplaysthe
nameof thegeneunderthemousepointer, its expressionlevel andthenameof the
experiment.If thegeneshave beenclusteredbefore,it is alsopossibleto click on
a cell andperforma searchfor theaccessionnumberof thegeneor its description
(only if theseattributeswereprovidedwith thedata)in theNCBI Entrezdatabase.
Thesizeof thecells in theexpressionimagecanbeadjusted.If theheightof the
cellsexceedssomethresholdvalue,theaccessionnumberandthedescriptionof a
genewill beaddedto thecorrespondingrow.
Thesecondtypeof plot providedby Genesisarepro�le plots,whichareonly avail-
able, if the geneshave beenpreviously clustered. Pro�le plots list experiments
alongthe horizontalaxis, the vertical axis rangesfrom the minimum expression
level to themaximumexpressionlevel, assetby theuser(asdescribedabove). The
numberof genesof aclusteris alsoshown in pro�le plots.
Genesisdisplayspro�le plotseitherwith all pro�les of a cluster, themeanandthe
representative of the clusteror it displaysonly the meanwith error barsfor the
standarddeviation andtherepresentative of a cluster. In thesecondcaseGenesis
canalsoshow anoverview of all clustersin a singlewindow. It is to remark,that
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Figure2.5: Genesispro�le plot. Besidesgenepro�les, clusterrepresentativesandclustermeansare
displayed.Pro�le plotsarestatic.

representativesof clustersareonly shown in caseof SOM clustering.

A scalewith ticks for integer numbersis displayedalongthe vertical axis of the
plots. Exceptfor a line indicatinganexpressionlevel of 0, Genesisdoesnot draw
grid lines.

In Genesisclusterscanbepublished.“To publish”means,thattheusercanassign
a color to all pro�les of a particularcluster. Pro�les of a publishedclusterwill
be drawn using the assignedcolor in all pro�le plots. The color of a pro�le is
overwritten,if it is publishedagainin context of anothercluster.

If the applicationwindow is resized,the size of pro�les plots is adaptedto the
new window size, keepingthe aspectratio of the plots. Expressionimagesare
not resized,but canbe scrolledif the window is too small to display the whole
expressionimage.

A specialfeaturein Genesisis that for all plotsanti-aliasingcanbe turnedon or
off. This in�uencesalsothe imagequality if a plot is exportedto an image�le.
Available formatsfor export arePNG, JPEG,TIFF andBMP. Export to vector-
basedgraphicsformatsandprintingarenotsupported.

The numericalrepresentationof the expressionlevels is displayedexclusively in
the expressionimageswhile the mousepointer is over a cell of the matrix. In
additionto thedescriptionbeingdisplayedin theseplots,Genesiscanlist all genes
with theiraccessionnumber(or with anarbitraryidenti�er) andashortdescription
in a table.However, thedescriptionmustbecontainedin theinput �le.
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2.2.4 GeneSpring

GeneSpring[11] is a commercialtool developedby Silicon Genetics(Redwood
City, CA, USA).
For this review a fully operative demoversionof GeneSpringversion5.0.3was
evaluated. Like all otherprogramsin this review, GeneSpringis written in Java
andrequiresat leastJavaruntimeengine1.1.0.GeneSpringrunsonmostWindows
andUNIX platforms,aswell asonMacOS9 andMacOSX, accordingto Silicon
Genetics.A time-limited demoversionof GeneSpringcanbe downloadedfrom
the Silicon Geneticswebsiteat http://www.silicongenetics.com. It hasthe most
comprehensive functionalityof all programsreviewed.
GeneSpringis meantto bea �e xible solutionto serve bothindividual researchers,
aswell aslargelaboratories.Thereforeit hasintegratedsupportfor accessto SQL
databasesthroughODBC,usingadatabaseschemaproposedby theGeneticAnal-
ysisTechnologyConsortium(GATC) [22].
Theprogramoffersawiderangeof toolsfor geneexpressiondataanalysis.Among
theseareSOM,k-means,hierarchicalclustering,andPCA.A ratherlesscommon
featureintegratedin GeneSpringis asearchtool for potentialregulatorysequences.
To beableto usethis tool, theusermustprovide thesequencesof thegenesalong
with the correspondingupstreamand downstreamregions. Furthermore,Gene-
Springoffersseveral�lters, normalizationtechniquesandstatisticalanalysistools,
which canbe usedto �nd signi�cant differencesin geneexpressionpatterns.A
scriptinglanguage,thatsupportsconditionals,branchingandaccessto many tools
integratedin GeneSpringis provided, too. A visual editor for this scripting lan-
guagecanbepurchasedfrom SiliconGenetics(RedwoodCity, CA, USA).
GeneSpringhasa rich setof visualizationoptions. Theusermanual[40] lists 12
differentdisplayformats:

1. Graphview, a plot of expressionlevel againsttheconditionsof theexperi-
ment. This is the typical pro�le plot asseenin mostgeneexpressiondata
analysisprograms(Figure2.6).

2. Physicalposition,a displayof geneexpressiondataover chromosomalor
plasmidmaps.Dependingon thezoomfactor, sequenceinformationis dis-
played.

3. Classi�cation view, a displayof genescategorizedby function or another
de�ned classi�cation.

4. Array layout view, a schematicrepresentationof expressiondataover the
positionsof genesasgriddedon thearray.

5. Graph-by-Genesview, a continuousplot of expressionlevelsagainstgenes
on thehorizontalaxis.

6. Bar graphview, a bargraphrepresentationof expressionlevel of eachgene
for eachconditionof theexperiment.
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7. Pathway view, an overlay or mapping of expression data onto a 2-
dimensionalimage(GIF or JPEG�le), representingapathway.

8. Orderedlist, adisplayof genesin rankedorderof asetof associatedvalues.

9. Scatterplot, aplot of two setsof variablesfor datapointsagainsteachother.

10. Compare-Genes-to-Genesview, amatrixdisplayingcorrelationco-ef�cients
for expressionpro�les for pairsof genes.

11. Tree view, displaysthe resultsof hierarchicalclusteringin the form of a
mockphylogenetictree,or dendrogram.

12. Blocks view, draws a rectanglefor eachgenein the selecteddatasetand
colorsit accordingto its expressionlevel.

Figure2.6:GeneSpringmainwindow showing clusteredgeneexpressiondatain pro�le plots.Shown
ontheright is thecolorschemein use.Theverticalaxisof thecolorschemerepresentstheexpression
level, thehorizontalaxisrepresentsthetrust.

Forplotsthataredisplayedin acoordinatesystem,severalaspectsof thecoordinate
systemcanbecustomized.It is possible,for instance,to setthescaleof thevertical
axisto log-space,linear-spaceor fold-change-space.Additionally, therangeof the
verticalaxiscanbeadjusted,eitherto user-de�ned valuesor automaticallyto the
globalmaximumandminimumvaluesof thedata.Theinterval of majorandminor
ticks on this axiscanbecustomizedaswell. Grid linescanbe turnedon andoff
independentlyfor theverticalandthehorizontalaxis.

17



Review of microarray dataanalysissoftware

Coloringof theplotscanalsobeadapted.First, it is possibleto selecttheaspectof
thedatato beusedfor coloring. Suchaspectsare,for example,expressionlevel,
signi�cance andcontainednessin oneor moreprede�nedsetsof genes,suchas
clustersor explicitly selectedgenesrelevantto theuser.
Second,the colorsusedto draw plots canbe changedby the user. GeneSpring
distinguishessix differentcolors: UPREGULATED, NORMAL, DOWNREGU-
LATED, STRUCTURE,BACKGROUND andSELECTED.In caseof theexpres-
sion level beingusedastheaspectrelevant to coloring,a gradientis createdfrom
UPREGULATED via NORMAL to DOWNREGULATED. Then the gradientis
mappedon a scalerangingfrom a user-de�nable minimum valuerepresentedby
DOWNREGULATED, to a user-de�nable maximumrepresentedby UPREGU-
LATED. An expressionlevel of 0 (or 1, dependingon thespacesetfor thevertical
axis) is representedby NORMAL. Besides,a level of trust is encodedin thecolor
schemebasedonsaturation.Low saturationmeanslow trust,highsaturationmeans
high trust. Colorsof low saturationarevery similar to BACKGROUND, whereas
colorsof high saturationarebright. The de�nition of trust dependson the type
of experimentchosenanddiffersbetweenone-andtwo-color2 microarrayexperi-
ments[40].
BACKGROUND is usedto color thebackgroundof plots. Axes,ticks andscales
of coordinatesystemsaredrawn in STRUCTURE. Grid lines arecoloredusing
a prede�nedcolor that cannotbe changedby the user. SELECTEDis usedto
indicate,thattheuserhasselectedapro�le or acorrespondingelementin a plot.
GeneSpringplots have several interactive features.As alreadymentionedin the
last paragraph,the usercanselectpro�les andcorrespondingelementsin plots.
This is doneby clicking on theelement,which becomeshighlightedandinforma-
tion likegenenameor identi�er is displayedin a legend.Thecontentof thelegend
canbe con�gured andthe legenditself canbe turnedon or off. Double-clicking
on anelementraisesa dialogwindow called“GeneInspector”,wheremorecom-
prehensive annotationaboutthegeneis displayedalongwith theexpressionvalues
andtheexpressionpro�le. GeneInspectorhasanintegratedsearchtool for similar
genesandtheusercanlookupthegenein severalonlinedatabaseslike GenBank,
GeneCards,UniGene,LocusLinkandDDBJ.Theresultsof a databasesearchare
displayedin anexternalwebbrowserwindow.
All plotsin GeneSpringcanbezoomed.Zoomingcanbeachievedin two different
ways.First, theusercanzoomin, zoomoutandzoomfully out (�ts plot into win-
dow) via menuentries,thatcanalsobecalledby keyboardshortcuts.Thesecond
optionis to draga rectangularbox aroundanareaof interestandtheprogramwill
try to �t that areainto the window. However, in contrastto the �rst option, the
aspectratio of theplot maybechanged,makingtheplot appeardifferently. If the
applicationwindow is resized,theplot will beresizedtoo, with a possiblelossof
theoriginalaspectratio.

2In a one-colormicroarrayexperimentonly a singledye anda singlecDNA/cRNA population
areusedper array. For instance,Affymetrix GeneChipsrequireone-colorexperiments.In a two-
color experimenttwo differentdyesareusedto mark two (different)cDNA populations,which are
hybridizedto thesamearray. Thisprotocolis usuallyappliedfor cDNA chips.
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Numericalexpressionlevelsareshown in GeneInspector, but canalsobeviewed
in aspread-sheet-styletablewherecellsarecoloredaccordingto therepresentation
of theexpressionvaluein theplots. Selectinggenesin thespread-sheettablealso
selectsthegenein theplot andvice versa(Figure2.7).

Figure2.7: Expressionlevels in spread-sheetview. Thecolorsdependon thecolor schemede�ned
by theuser.

TheprogramoffersPNGandPICTasoutputformatsfor imageexport. While PNG
is pixel-basedandcannotbescaledwithout lossof quality, PICT is a format that
allows losslessscalingwithin sensiblelimits. However, PICT is an imageformat
that hasoriginally beendevelopedfor the Macintoshcomputerand is therefore
only weaklysupportedon someplatforms.For imageexport, theusercanchoose
a color schemedifferentfrom thatusedfor displayin theprogram.Imagescanbe
alsobesentdirectly to a printer.
Expressiondatacan be storedin �at �les or in a databaseas describedabove.
Another option is to publish datato Silicon Genetics'GeNetdatamanagement
solution(SiliconGenetics,RedwoodCity, CA, USA).

2.2.5 J-Express

Predecessorof thecommercialJ-ExpressPro, J-Express[15] hasbeendeveloped
at theUniversityof Bergen,Norway. It is anapplicationwritten in Java,providing
toolsfor exploratoryanalysisof geneexpressiondata.
Theprogramrequiresaninstallationof theJavaruntimeenvironmentversion1.3.0
or later. It is available free of charge from the websiteof the bioinformatics
researchgroup at the Departmentof Informatics,University of Bergen: http://-
www.ii.uib.no/˜bjarted/jexpress. As the programis implementedin the Java pro-
gramminglanguage,it runson Windows,UNIX andMacOSplatforms.
Datais loadedinto J-Expressfrom tab-or space-delimited�les, usinga graphical
dataloader, wheretheusercaneasilyde�ne the layoutof thedata�le. Theuser
canselectthosecolumnsthatcontaindataandthosethatcontaingeneidenti�ers.
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J-Expresshasintegratedsupportfor hierarchical,SOM and k-meansclustering,
as well as for PCA. The resultsof a hierarchicalclusteringare displayedas an
expressionimage,with thecorrespondingdendrogramattachedto theexpression
image(Figure2.8). Theusercanclick nodesof thedendrogramto geta zoomed
expressionimageof a subtreeusingtheclicked nodeasroot node. Furthermore,
a so-called“genegraph”,which is a pro�le plot in linear space,containingonly
pro�les from theselectedsubtree,is displayed(Figure2.9).

Figure2.8: J-Expressexpressionimage. The dendrogramshown on the left canbe usedto select
clustersfrom theexpressionimage. Selectedclusterscanbedisplayedaspro�le plotsasshown in
Figure2.9.

Figure2.9: J-Expresspro�le plot. Theinformationrepresentedby theheightof apro�le is codedby
thecoloringof a pro�le aswell.

Thepro�le plot opensin a new window, andthereforetheprogramcandisplaya
large numberof pro�les plotsat thesametime. The rangeof theverticalaxisof
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thepro�le plot is determinedby the largestabsoluteexpressionlevel of all genes
displayedin theplot. Let this expressionlevel be x, thenthevertical axis ranges
from x to � x. Thisrangeis dividedinto tensegmentsof equalheightby horizontal
grid lines that are labeledwith the correspondingexpressionlevel. Vertical grid
linesaredisplayedfor eachexperiment,but no labelsareshown.
Pro�les aredivided into segmentsandcoloredaccordingly. A segmentis the line
thatconnectstheexpressionlevelsof a genein two experimentsthatareadjacent
in theplot. Thecolor of sucha segmentis determinedby theexpressionlevel in
theexperimentat theright endpoint. Expressionlevelsaremappedon a gradient
rangingfrom green(most negative expressionlevel) via black (0) to red (most
positive expressionlevel).
To choosewhich of the genesshouldbe displayedin the plot, a list is provided
wheregenescanbeselectedor deselected.In additionto genepro�les, themean
expressionpro�le of the subtreeis shown in the plot. A further �lter to select
particulargenesis theso-called“pro�ler”. Thepro�ler allows theuserto de�ne a
pro�le anda surrounding,which areusedto decidewhethera pro�le is shown or
not (Figure2.10).

Figure2.10: J-Expresspro�ler tool. The sliderson the left canbe usedto shift the upperandthe
lower limits up or down. Theslider labeled“Cycle” shiftsthepro�le to theleft or to theright. The
smallcircleson thepro�le canbedraggedandmovedusingthemouse.

Resizingthewindow of thepro�le plot resizesthepro�le plot itself. Theuseris
responsibleto maintaintheaspectratio, if preferred.
Pro�le plotscanbealsodisplayedin threedimensions,wherethe �rst dimension
aregenes,thesecondareexperimentsandthethird areexpressionlevels.For each
geneand experiment,J-Expressshows a three-dimensionalbar with height and
colorcorrespondingto theexpressionlevel (Figure2.11).
Theseplots can be rotated. Again genescan be chosento be displayedor not,
however, thereis no scaleindicatingtheabsoluteheightof thebars.Like in two-
dimensionalpro�le plots,three-dimensionalpro�le plotscanberesizedby chang-
ing thesizeof thewindow.
As mentionedbefore,J-Expressis ableto performSOM clusteringandk-means
clustering.Theclustersresultingfrom eachoneof both techniquesaredisplayed
in agrid of pro�le plots(Figure2.12).
Either themeanof eachclusteror thepro�les of all genesof a clusterareshown,
usingthesamesegment-basedcoloring techniqueexplainedabove. Furthermore,
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Figure2.11:J-Expressthree-dimensionalpro�le plot. Thelist on theright canbeusedto selectand
deselectgenesto bedisplayedin theplot.

Figure2.12: Resultof a SOM/k-meansclusteringin J-Express. Singleclusterscanbeselectedand
visualizedaspro�le plots(Figure2.9).

thenumberof genesperclusteris printedinto theplots.However, thereareneither
grid linesnorascale.
Clicking on oneof theplots in thegrid, a pro�le plot asdescribedbeforewill ap-
pear. Startingat thisplot, theuseris ableto furtherexplorethedatausingfeatures
explainedabove.
The resultsof a PCA areshown in anotherplot, wherethe usercanselectwhich
of theprincipalcomponentsshouldbeusedto draw thedatain a two-dimensional
Cartesiancoordinatesystem(Figure2.13). In this plot it is possibleto selecta set
of genesby draggingarectangularboxaroundthemusingthemouse.Theselected
geneswill bedisplayedin apro�le plot asdescribedabove.
J-Expresshasno supportfor printing, however, all plots canbe exportedto GIF
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Figure2.13:PCAin J-Express. Genescanbeselectedby draggingarectanglearoundthemwith the
mouse.In addition,theprinciplecomponentsto bevisualizedcanbeselected.

images.Selectedclustersfrom ahierarchicalclusteringcanbeexportedto VRML
�le. For thepro�le plot andtheexpressionimage,it is alsopossibleto save gene
identi�ers andexpressionvaluesof selectedgenesto a text �le.

2.2.6 Micr oarray Explorer

MicroarrayExplorer hasoriginally beencreatedattheLaboratoryof Experimental
andComputationalBiology, NCI, FCRDCat Frederick,MD, USA. It is a versa-
tile datamining bioinformaticstool for analyzingquantitative cDNA expression
pro�les acrossmultiplemicroarrayplatformsandDNA labelingsystems[31].
Microarray Explorer is an opensourceprojectanddistributedunderthe Mozilla
Public License[49]. It is written in the Java programminglanguage.However,
it wasnot possibleto �gure out the minimum releasenumberof the Java virtual
machinerequiredto run theprogram.It canbedownloadfrom thewebsiteof the
projectat http://maexplorer.sourceforge.net. For this review, Microarray Explorer
versionV.0.96.30.3-Betahasbeenevaluated.
To allow theuserto reducethenumberof genesto beconsideredin theanalysis,
the programoffers a numberof data�lters. Thesearebasedon prede�nedgene
sets,spotintensityvalues,ratio rangesandstatisticalanalysis.Furthermore,sev-
eral normalizationalgorithmshave beenimplemented.k-meansandhierarchical
clusteringareprovided by Microarray Explorer, as well as a procedurethat al-
lows theuserto �nd genesthathave a certainsimilarity with a givengene.In this
casesimilarity is basedon distance,measuredusingeitherEuclideandistanceor
Pearsoncorrelationcoef�cient.
MicroarrayExplorer visualizesthemicroarrayspotlayoutin its mainwindow (Fig-
ure2.14).Thevisualizationis interactive, theusercanclick on a spotof thearray
to obtaininformationabouttheassociatedgeneandtheexpressionlevel. This in-
formationis shown in the text boxesabove the microarraylayout. Alternatively,
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“mouse-over info” canbeselected,which updatesthetext �elds whenthemouse
pointeris movedover a spot. The representationof themicroarraylayoutcanbe
adjusteddependingonthekind of microarraytechniqueused.MicroarrayExplorer
allows to save themicroarraylayoutasGIF image.

Figure 2.14: Microarray spot layout display in Microarray Explorer. Spotscan be clicked and
informationabouttheassociatedgenewill bedisplayedin theinformationareaabovethespotlayout.

Scatterplots[8] areprovidedaswell, whichcanbesavedasGIF images.A scatter
plot is atwo-dimensionalplot of thevaluesof onevariableagainstthoseof another
variable,whereeachvariablede�nesoneaxisof theplot. Scatterplotsareusually
employedto eitherverify or falsify dependenciesbetweentwo variables.
Clicking on a point in the scatterplot displaysthe sameinformationthat is dis-
playedclicking on a spot in the microarraylayout. Additionally, the spot in the
microarraylayout,thatcorrespondsto theclickedpoint in thescatterplot, will be
selected.Theaxesof thescatterplotscanbere-scaledinteractively, which is equal
to zooming.However, thesizeof theplottingareais �x edandcannotbechanged.
Histogramplotsaresupportedaswell. A histogramplot showing measuredinten-
sitiesalongtheverticalaxisandthenumberof genesexhibiting a given intensity
alongthehorizontalaxis is shown in Figure2.15. Again, theplot canbesavedas
GIF image.
Furthermore,visualizationof expressionpro�les is integratedin Microarray Ex-
plorer (Figure2.16). Thesearenot interactive like thehistogramplotsdescribed
before,but they can be also saved as GIF images. Expressionpro�les can be
zoomedat �x edmagni�cationfactors(1x, 2x, 5x, 10x and20x), drawn with lines
(like in a barplot), with circlesor asa contiguouscurve. Error barscanbeturned
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Figure2.15:A histogramplotdisplayingintensityvsnumberof genes.

onor off, however, thereis noscalefor theheightof expressionlevels.Basicanno-
tationis displayedbeneaththeexpressionpro�le andthelist of samplesalongthe
horizontalaxiscanbedisplayed.It is notpossibleto displaymorethanonepro�le
at thesametime.

Figure2.16:Pro�le plot in MicroarrayExplorer, zoomfactoris 2x.

Theprogramallows theuserto createanexpressionimage.Usingtheexpression
image,it is possibleto selecteithera singlecell or a completerow. Depending
on what the userselected,eithergeneralinformationconcerningthe genein the
correspondingrow is displayedor speci�c informationon theintensityof thecell
in the selectedsample(Figure2.17). The expressionimagecanbe saved asGIF
image.

Microarray Explorer hasnosupportfor directprinting.

Intensitydataandannotationaredisplayedin spread-sheet-styletablesor astab-
delimitedtables,thatcanbesavedasplain text �les.

25



Review of microarray dataanalysissoftware

Figure2.17:Expressionimagein MicroarrayExplorer. Notethewhitecircle indicatingtheselected
cell. Informationabouttheselectedcell is displayedabove theexpressionimage.

2.2.7 VIZARD

VIZARD[35] isspecializedin analysisof geneexpressiondatafromtheAffymetrix
ArabidopsisGeneChipand hasbeendevelopedat the Departmentof Plant and
Microbial Biology at theUniversityof California,Berkeley, CA, USA.
VIZARDis anothergeneexpressiondataanalysisprogramdevelopedfor theJava
platform. It requiresat leastJava runtimeenvironmentversion1.2.2. Thus, the
programrunson mostWindows andUNIX platforms,aswell ason Mac OS X.
It is availablefreeof charge for educational,research,andnot-for-pro�t purposes
from http://www.anm.f2s.com/research/vizard.
According to [35], the main purposeof VIZARD is to facilitate analysisof the
Affymetrix ArabidopsisGeneChip. It hasa built-in �lter that supports�ltering
of Affymetrix speci�c valueslike “Noise” and “Noise Multiplier” amongother
criteria. A simpleclusteringalgorithmhasbeenintegrated,that is ableto cluster
genesaccordingto PearsonProductMoment Correlation(PearsonCorrelation).
As analternative, theprogramcansubmitdatato EPCLUST, whichis aweb-based
geneexpressionanalysissystemcreatedby theEuropeanBioinformaticsInstitute
(EBI). Theresultsof theinternalclusteringalgorithmaredisplayedby sortingthe
list of genesin themaintableof theprogram(Figure2.18),suchthatgeneswith a
highcorrelationappearat thetopandgeneswith a low correlationat thebottomof
thetable.
Double-clickinga genein the main tableopensthe “Graph” tab, wherea pro�le
plot of the selectedgeneis displayed(Figure2.19). It is not possibleto display
morethanonepro�le at thesametime.
The pro�le plot has a scaleon the vertical axis, and a legend indicating the

26



Review of microarray dataanalysissoftware

Figure2.18: Main tableof VIZARDshowing the fold changerelative to the �rst experiment.Note
thattheexpressionlevel canbereviewedby selectingthetab“ExpressionLevel”.

Figure2.19:Pro�le plot in VIZARD. Only a singlepro�le canbedisplayedperplot.

Affymetrix probesetidenti�er of thedisplayedgene.Grid linesaredrawn for both
dimensions.Theplot is resizedwhenthesizeof theprogramwindow is changed
andtheaspectratio is only maintainedif theuserresizesthewindow accordingly.
Theprogramhasno supportfor printing or export of image�les, theauthorsrec-
ommendto make screenshots.
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3

Moti vation for the designof
Mayday

3.1 Discussionof reviewedsoftware tools

It is evident, that the quality and abilities of the visualizationtools of the pro-
gramsreviewed in Chapter2 vary to a large degree. The commercialproducts
offer advancedandinnovativevisualizationoptions,while mostof thefreelyavail-
ableprogramsprovideonly ratherbasicvisualization.However, all programshave
shortcomingsconcerningvariousaspectsof theprovidedvisualizationoptions.
Interactive features,which allow the userto click on elementsin plots, to obtain
furtherinformationongenesor experiments,areintegratedin only lessthanhalf of
theevaluatedprograms.Suchfunctionalityis very important,if theuseris visually
exploring the dataandwantsto identify outliersor othergeneswith an unusual
appearance.Moreover, selectionof severalelementsin plots is supportedonly in
few programs.Sucha featurecouldenabletheuserto form groupsof interesting
genesandkeeptrackof themin furtherstepsof theanalysis.
Anotherweaknessof many visualizationsis, thatthey areeithernot scalableatall,
or dependingon resizingof the applicationwindow. If scalingis only possible
by resizingtheapplicationwindow, theaspectratio of theplot is usuallychanged.
This makestheplotsappeardifferentlyandis not conducive to visualexploration
of the data,especiallyin pro�le plots or box plots. This problemis reinforced
by the lack of a scalein many plots. Often thereis no supportfor zoominginto
plots,or zoomingaltersthe aspectratio. In somecaseszoomingis possible,but
the programdoesnot supportscrolling of the zoomedplotting area. This user-
unfriendlybehavior unnecessarilycomplicatesanddelaysthedataanalysis.
Imageexport functionality is in all but onecaselimited to pixel-basedimagefor-
mats.Theseprogramsusuallysupportexport of imagesonly at screenresolution.
The only exceptionis GeneSpringthat offers export to the PICT format. PICT
hasbeendevelopedby Apple Computer, Inc. andusescommandsfrom the Ap-
ple QuickDraw drawing software to describeimagecontent. This imageformat
hasmeanwhilebeenreplacedby Adobe'sPortableDocumentFormat(PDF)andis
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not considereda standardformat in UNIX andWindows environments,thusonly
weaklysupportedon suchplatforms,if at all. Export to widely accepted,vector-
basedimageformatsis extremelyuseful,whenonceexportedimageshave to be
rescaled,for instance,in publications,postersor webpages.

3.2 Somerequirements

This sectiondescribesthe features,that seemto be extremelybene�cial, if inte-
gratedin amicroarraydataanalysisapplication.
In mostfreelyavailablemicroarraydataanalysisapplicationsreviewedin Chapter
2, thevisualizationof thedatais static. In this context, staticmeans,that thereis
no way to adddatato the plot or to changethe sizeof the plot without resizing
theapplicationwindow. Theuseris usuallynot offeredany possibility to interact
with the visualization. However, interactive featureslike selectingelementsof a
visualizationor clicking on them,yields a greatbene�t for the dataanalysis,if
doneright.
Otheraspectsto beconsideredare,for instance,thedisplayof grid linesandscales,
aswell asthatof legendsandcaptions.The�rst twoareveryhelpfulduringthedata
analysis,asthey preventmisinterpretationof thedataandgiveaclearerideaof the
structureof thedata.Anotherfunction,thathelpsto interpretthedatawithoutbeing
ledastray, is azoomingfunctionthatmaintainstheaspectratioof avisualization,if
thatis relevantto thevisualization1. Anotheruser-friendly featureis thepossibility
to scroll visualizations,if they do not �t into thewindow area.
But most important,the usershouldbe enabledto interactwith a visualization.
Suchinteractionis, for instance,selectionof elementsof avisualizationfor further
inspection,maybeusinganotherkind of visualization.Furthermore,theusermust
be provided with functionsthat allow her or him to obtain detailedinformation
aboutdisplayedelementslike genepro�les, for exampleby clicking them. Thus,
theusercanvisually detectandidentify suchgenesthatshow atypicalor extreme
expressionpro�les, which is usuallynot possiblein staticvisualizations.Using
selectionandgroupingfeatures,thedatamightevenbepartitionedinto clustersof
relatedgenes,asdoneby Choetal. [10].
Exportingresultsof visualizationsto standardimageformats(pixel- andvector-
based)is anotherimportantfeaturethatsupportstheuserin publishingheror his
work. Not only publicationthough,but alsodocumentationof a procedureis im-
proved and clari�ed by illustrating visualizationsexportedfrom the microarray
dataanalysissoftware.

3.2.1 Different visualizations

In general,therearemany differentwaysto visualizedata.For example,imagine
an electionday TV programmeon the outcomeof the elections.Differenttypes
of diagrams,all basedon thesameunderlyingdata,areusedfor differentcontexts

1It is relevantto maintaintheaspectratio in pro�le plots,but not in expressionimages.
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of the results. Pie charts and bar charts are two very typical diagramsfor the
visualizationof suchelectionresults. A pie chart is moresuitableto displaythe
amountof votesa party received,with respectto thetotal numberof votes,while
a bar chartworks betterif the votesof oneparty areto be comparedto thoseof
anotherparty.
The sameappliesfor geneexpressiondata. In geneexpressiondataanalysispie
andbarchartsarenot socommon,you will ratherseepro�le plots, heatmapsor
expressionimages, box plots, parallel coordinate plots andscatterplots, just to
namea few. Thesegraphicalrepresentationshelp the userto get a notion of the
structureof thedatasetwithin shorttime. Usually thegraphicalrepresentationis
not aspreciseas the original data,but it coversall relevant aspectsof the data.
Goodgraphicalrepresentationsemphasizetheimportantaspectsof thedata,which
is just the ideabehindgraphicalrepresentationof data. The usershouldnot be
distractedby unnecessarydetails.However, later it maybeappropriateto consult
a tableor spread-sheetcontainingthe datain numericalform, which is the most
detailed,yet leastintuitive form of datavisualization.
In many cases,a datasetis a compoundof a collectionof subsets.In theelection
day example,the nation-wideoutcomemight for instancebe the supersetof all
state-wideelectionresults. Equally in geneexpressiondataanalysis,wherefor
exampletheclustersof a datasetmake up thedatasetitself. Often it is desirable
to displayvisual representationsof subsetsas well, both in an electionday TV
programmeandin geneexpressiondataanalysissoftware.
In an iterative process,theusermayexplorethedataandits subsetsby repetitive
applicationof differentkinds of visualizations. Thus,sheor he may be able to
detectspeci�c patternsand structuresin the data, that may lead to conclusions
abouttheoutcomeof themicroarrayexperiment.

3.2.2 Supporting techniques

Datavisualizationis supported2 by classicalgeneexpressiondataanalysistech-
niquesasclusteringalgorithmsandstatisticalmethodsas describedin Chapters
1 and2. Filters areanotheruseful tool to classifyandgroupgenesaccordingto
differentcriteria. Essentially, the principal observation concerningsuchsupport-
ing techniquesis, that therearemany of themandthat their numberis constantly
increasing.

3.3 Conclusion

Dueto thespecialrequirementsdescribedin theprevioussection,thedesignand
implementationof amicroarraydataanalysisapplicationsupportingthesefeatures,
is highly desirable.

2Of course,theotherdirectionappliesaswell, thatstatisticalmethodsandclusteringalgorithms
aresupportedby datavisualization.Probablythis is eventhemorecommonway to look at microar-
raydataanalysistechniques.
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Mayday, shortfor MicroarrayDataAnalysis,wasdeveloped,to addresstheafore-
mentionedrequirements.Maydayprovides both, different typesof diagramsor
visualizationtools, aswell asthe possibility to view only subsetsof the original
data.All visualizationsoffer zooming,scrolling,export to pixel- andvector-based
imageformatsandcreationof arbitrarygroups,thatmayrepresentclusters,user-
de�ned groupsor othergroups.Thecreationandmanagementof thesegroupsis
very generalandhighly �e xible. Interactive featuresasdescribedin theprevious
sectionareintegratedaswell, andvisualexplorationof thedatais fostered.
The programis designedto be extendedby plug-insin the future, which arein-
tendedto provide supportingtechniquesasclusteringalgorithms,�lters andstatis-
tical tests,just to namea few.
Maydayis written in the Java programminglanguage,as in most biological or
clinical laboratoriesheterogeneoushardwareenvironmentsareprevailing. Mayday
hasagraphicaluserinterfacebasedon theJava SwingGUI toolkit.
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4

Designand implementation of
generaldata organization
concepts

4.1 Conceptsof data organization

In this section,the dataorganizationstructuresimplementedin Maydayare in-
troducedanddescribed.It is importantto get the ideabehindthe key principles
illustratedin this section,to beableto understandthefollowing chapters.

4.1.1 Representingthe expressionmatrix

In geneexpressiondataanalysis,either genepro�les or experimentpro�les are
evaluated. Thesecorrespondto the rows andcolumnsof the expressionmatrix,
respectively (seeFigure4.1). At themoment,Maydaysupportsonly evaluationof
genepro�les, not thatof experimentpro�les1. Sotheexpressionmatrix is consid-
eredto bea list of genepro�les or probes. Hence,a probeis a vector, whereeach
entryrepresentstheexpressionvalueof ageneor ESTin adistinctexperiment.
Currently, theexpressionmatrix is readinto Maydayfrom a tab-delimited2 input
�le, whereeachrow (probe)is labeledwith aprobeidenti�er. Theprobeidenti�er
is astringthatmustbeuniquein theexpressionmatrixandis partof theannotation
of a probe.Theannotationof aprobeconsistsof a name,a shortdescription(usu-
ally asinglesentenceor asetof keywords)andamorecomprehensive description,
whichmightbeplainor HTML-formattedtext. Sincethetab-delimited�le format
is only aninterimsolution,theshortdescriptionandtheextensive descriptioncan-
notbeloadedfrom �le. Chapter6 containsasectionaboutdatasourcesthatmight
beaccessedin thefuture.

1However, theexpressionmatrixmightbetransposed,prior to loadingit into Mayday.
2A tab-delimited�le is a plain text �le, thatcontainsseveraldatacolumnsseparatedby tabulator

characters.Sincethetabulatorcharacterrepresentsa kind of metacharacterin such�les, it mustnot
becontainedin thedata,otherwisethecolumnwouldbepreliminarily terminated.Tab-delimited�le
formatsareoftenusedto storetabulardata.
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Figure 4.1: An expressionmatrix as analyzedby Mayday. Rows representprobesand columns
experiments.The�rst columncontainsprobeidenti�ers.

After a probehasbeenreadfrom theinput �le, it is storedin theso-calledmaster
table. The mastertable is an unorderedsetof probes. Within the mastertable,
a probeis identi�ed by its probeidenti�er. Maydaydistinguishesbetweentwo
typesof probes:implicit probesandexplicit probes. Thelatterarethosereadfrom
the input �le. Implicit probesaresuchprobes,thatareimplicitly containedin the
expressionmatrix or mastertable,respectively. Themeanover all explicit probes
is animplicit probe,for instance.Centers(prototypes)of SOMor k-meansclusters
areconsideredto beimplicit probes,too.

4.1.2 Organizingprobes

Eachmastertablebelongsto exactly onedata set, which is the topmostorgani-
zationalunit in Mayday. Maydayis ableto manageseveral datasets,which are
completelyindependentof eachotherandstrictly separated.Soit actuallydoesnot
make a difference,whethertwo datasetsareanalyzedin a singleor two different
instancesof Mayday. Besidesa mastertable,so-calledprobelists areassociated
with eachdataset.
Probelists areoneof the most importantconceptsin Mayday. A probelist is a
setof probeidenti�ers in a mathematicalsense,this means,thata probeidenti�er
occursno morethanoncein aprobelist3. Themastertableof a datasetis divided
into (not necessarilydisjunct)subsetsby the probelists associatedwith the data
set.A specialprobelist, calledglobal probelist, containsall probesof themaster
table. The sameprobemight be containedin morethanoneprobelist, while it
is containednot morethanoncein thesameprobelist. Therelationshipbetween
mastertable,probesandprobelists is shown in Figure4.2.
Probelists arevirtually independentof datasets,theonly prerequisiteto attacha
probelist to adatasetis, thatall probeidenti�ers of theprobelist mustbecontained
in themastertableof thedataset.This requirementis usuallyful�lled, if thesame

3Thetermprobesetwould bemoresuitedto describethis concept,but probesetis a termcom-
monly usedin thecontext of Affymetrix GeneChips,with acompletelydifferentmeaning.

34



Designandimplementationof general dataorganizationconcepts

Figure4.2: Therelationshipbetweenmastertable,probesandprobelists. Herethemastertable(a)
is representedby acube,probesarelistedalongthex- andthey-axis,thez-axislists theexperiments.
Thegridshown onthefrontof thecubeis notto beconfusedwith therowsandcolumnsof atable,but
eachcell of thegrid representsaprobeof themastertable.(b) and(c) show two differentclusterings
of themastertable,or of theglobalprobelist, respectively. (d) and(e) representuser-de�ned probe
listsand(f) shows theprobelistsassociatedwith selectedprobesof themastertable.

chip modelhasbeenusedin a seriesof experiments.Probelists have the same
annotationasprobes,includinganame,whichhasto beuniquewithin adataset,a
shortdescriptionanda morecomprehensive description.Additionally, eachprobe
list is assignedacolor, which is usedfor visualization.A moredetaileddescription
on thepurposeandusageof thiscolorwill begivenlater.

Using the extensiblemarkuplanguage(XML), a �le format hasbeendeveloped
for probelists. Thismeans,thataprobelist canbesavedin andloadedfrom a �le,
which enablestheuserto keepprobelists for severalsessions.Maydaysavesthe
completeannotationandthecolor of theprobelist alongwith thesetof probesin
the �le. The�le format is explainedin detail in AppendixB. Thedocumenttype
de�nition (DTD) is shown thereaswell.

The conceptof probelists is very �e xible andpowerful. To illustratethis, some
examplesaregivenon how probelistscanbeappliedin Mayday.
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Clustering A clusteringalgorithmtakesa setof probesasinput anddetermines
a partition of that set with respectto certaincriteria. Seealso Chapter1 for a
descriptionof clusteringin generalandcommonclusteringtechniques.
In Maydayboth the input setandtheoutputsetsof a clusteringalgorithmwill be
representedby probelists. Besidesclusters,aclusteringalgorithmmightalsoyield
a setof clustercenters(onefor eachcluster).Clustercenterswill �rst beaddedto
the mastertableasimplicit probes. Second,the clusteringalgorithmwill create
oneprobelist for eachof theclustercentersandreturntheseprobelistsalongwith
theclusterprobelists. SeealsoFigure4.2(b) and(c).

Genesof particular interest A userof Maydaymightconsiderasetof genesthat
heor sheis particularlyinterestedin, sotheusermight createa probelist of those
genesandassignthisprobelist aseparatecolor. Maydaycanthenbecon�guredto
marktheprobesof thisprobelist with thegivencolorwhenever they aredisplayed
in aviewer. Theinvolvedmechanismsareexplainedin detail in Chapter5.

Statistical information Probelists andimplicit probescanalsobeusedto hold
anddisplaystatisticalinformationvectorsthat describea setof probelists. For
instance,mean,median,standarddeviation or varianceof a setof probelists can
be computedandstoredin an implicit probe. Thena probelist is created,which
holdsonly this implicit probe.Alternatively, asetof relatedstatisticalinformation
vectorssuchasminimum,maximumandmeancanbeassignedto a singleprobe
list. If this probelist is plottedalongwith the probelists of explicit probes,the
statisticalinformationvectorscanbe displayedon top of all otherprobesin the
color assignedto the correspondingprobelist. Again, detailscan be found in
Chapter5.

Filtering Besidesclusteringalgorithms,thereareothertechniquesandmethods,
thatcanbeappliedto probelists. Amongthesearefor instance�lters, which can
be consideredasa kind of very simpleclassi�ers. They take oneor moreprobe
lists as input andassigneachprobeof the input seta binary �ag (either true or
false)accordingto userde�ned criteria. The �lter will createa new probelist of
thoseprobesthathavebeenassigneda“true” �ag andmake it availableto theuser.
Alternatively, theusercansetupthe �lter to returnthecomplementof this probe
list with respectto the input probelists. This means,that it will returnall probes
labeledwith a “f alse” �ag. Filterswill berealizedasplug-insandprovide a wide
rangeof differentcriteria.Examplesfor �ltering criteriaaregivenin Chapter6.

Set theoretic operations Sinceprobelists areequivalent to mathematicalsets,
settheoreticoperationslike unions,intersectionsandnegationscanbeappliedto
probelists. This makesit possiblefor theuserto performmorecomplex �lterings
andanalyses.

At �rst glanceall thisseemsto bemorecomplicatedthanit hasto be.Onemightfor
exampleask,“Why not color anddisplaystatisticalinformationvectorsor cluster
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centersdirectly?”. The answerto this questionis simple. Maydayis (currently)
completelyaimedat theprocessingof probelists. On theonehand,probelistsare
amorepowerful conceptthansingleprobesandon theotherhand,everythingthat
canbedonewith specializeddatavectorsandsingleprobescanalsobedonewith
probelists. Furthermore,a singleconceptmakesthe sourcecodemoreef�cient
andmorestablein particular. At thetime of this writing, thevisualizationtoolsof
Maydayarealsoexclusively basedon probelists. Accordingly, theuserrequests
theprogramto visualizea probelist - not probes,asonemight think. Eventually
the result is thesame,asMaydaydisplaysthe probescontainedin the visualized
probelists.

4.1.3 Organizingprobelists

A datasetstoresandorganizesits associatedprobelists in a probelist manager.
Theprobelist managerinducesa totalordering4 in thesetof probelistsassociated
with the dataset. In otherwords,theprobelists arestoredin a list, so that each
probelist hasadistinctpositionin thelist. Thepositionin thelist assignsapriority
to eachprobelist. Probelistsat thetopof thelist havehighpriority, while thoseat
thebottomhave only low priority. This priority is referredto asthecolor priority,
sinceit is usedto determinethe color of a probewhenit is displayed. Mayday
enablesthe userto changethe orderof the probelists in the probelist manager,
whichmightsubsequentlychangethecolorof someprobes.
The orderinginducedby the probelist managerde�nes a so-calledtop priority
probelist for probescontainedin themastertable,which is determinedasfollows.
Eachprobeis associatedwith a setof probelists. Of this set,oneprobelist can
be determined,that hasthehighestcolor priority with respectto theorderingin-
ducedby theprobelist manager. This probelist is thetoppriority probelist of the
correspondingprobe.Its color is usedto marktheprobewhenit is displayed.If a
probeis notassociatedwith any probelist, it doesnothave a toppriority probelist
andfrom this it follows, that it doesnot have a de�ned color. However, this is not
a problem,sincea probethat is not containedin a probelist, cannotbedisplayed
(seeprevioussectionandChapter5).
The in�uence of the probelist manageron the previously describedrelationship
betweenmastertable,probelists andprobeis illustratedin Figure4.3.

4.2 Further generalfeatures

4.2.1 Data transformation

In Maydaya datasetcanbe assigneda data modeby the time it is loaded. The
datamodedescribeswhetherthedatarepresentsabsoluteexpressionvaluesor ra-
tios. Modi�cations of the datamight be representedby the datamodeas well.

4A binary relationR in a setA that is antisymmetric( � a � b � A : aRb� bRa � a 	 b), re�exive
( � a � A : aRa), transitive (� a � b � c � A : aRb� bRc � aRc) andlinear (� a � b � R : aRb
 bRa) is
calleda totalorderingin A.
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Figure4.3: In additionto theinstancesshown in Figure4.2,theprobelist managerandits in�uence
on thecolor of a probeis displayed.(a) and(b) show themastertableandall availableprobelists.
Theunorderedprobelists associatedwith selectedprobesof themastertableareshown in (c). (d)
and(e) representtwo differentorderingsof theprobelistsby theprobelist manager. (d) giveshigher
priority to the clusters,while (e) placesthe user-de�ned probelists at the top of the list. This is
probablythe morerealisticsetup,sincein generalthe speci�city of a probelist will determineits
color priority. (f) shows the colorsof theselectedprobesasdeterminedby the probelist manager
setups1 and2. “T” identi�es toppriority probelists.

For instance,suchmodi�cations(or transformations)arelog10, log2 or ln (natural
logarithm).
However, the datamodeis nothingelsethana descriptionprovided by the user,
which is displayedin viewers. On theotherhand,expressionvaluesof probesin
themastertablecanalsobetransformed.This is describedin detail in Chapter5,
sincetransformationsarea featurelinkedto thevisualizationtoolsof Mayday.

4.3 Implementation

4.3.1 Relationshipsbetweenclasses

Figure4.4 shows the dependencies,associationsandthe inheritancehierarchyof
theabove conceptsasimplementedin Mayday. Thediagramsemploy elementsof
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theuni�ed modelinglanguage(UML) 5

Figure4.4: Therelationshipbetweentheclassesimplementingtheconceptsdescribedin theprevious
sections.

5The Uni�ed Modeling Language(UML) is a visual modelinglanguagefor the speci�cation,
constructionanddocumentationof the artifactsof a system-intensive process.In the context of a
system-intensive process,theUML is appliedasa processto derive or evolve a system[2]. In order
to supportthe modelingprocess,the UML offers a wide rangeof diagramtypeslike activity, use
case,sequence,statetransitionandclassdiagrams.Thelatterdiagramtypecanbeseenin Chapters
4 and5. TheUML hasbeenapprovedasa standardby theObjectManagementGroup(OMG) and
is supportedby mostsoftwareengineeringtools.
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4.3.2 Summary of important classes

This sectiondescribesthemostimportantclassesthat implementthegeneralcon-
ceptsof Mayday.

Probe TheclassProbe representsthesmallestunit within Mayday. Probe con-
tainsa list (java.util.ArrayList) of expressionvalues,whereeachlist elementrep-
resentsan experiment. Expressionvaluesarestoredasdoubleprecision�oating
point numbers(java.lang.Double). The lengthof the list mustmatchthe number
of experimentsasde�ned by thecorrespondingMasterTable object(seenext para-
graph).Sincetheexpressionvaluesmightalsobemissingasmentionedin Chapter
1, thelist of expressionvaluesis ableto hold null values,which representmissing
values.Furthermore,Probe hasa �ag indicatingits mode,whetherit is anexplicit
probeor an implicit probe. This valueof this �ag is returnedby both isImplicit-
Probe() andisExplicitProbe(). Besidesexpressionvalues,Probe maintainsa list of
theprobelists in which it is contained.Note that this is not a conceptualrequire-
ment,but providesanenormousspeedup whena probeis to bedisplayed.On the
otherhand,this requiresextra work at the time theprobeis addedto or removed
from aprobelist. However, thesearerareeventscomparedto thenumberof times
aprobegetsvisualized,sothissolutionrepresentsagoodtrade-off.
To avoid accumulationof unreferencedor danglingprobesin themastertable,im-
plicit probesarecurrentlyremovedfrom themastertable,whenthey areno longer
containedin any probelist. This is implementedby classProbe, thusobjectsof
this classwill remove themselves from the mastertableif they areno longeras-
sociatedwith a probelist. The condition is checked whenever the function re-
moveProbeList() is called,which will subsequentlyremove theProbe objectfrom
themastertable.
To identify anddescribea probe,Probe hasan associatedAnnotation object(see
furtherdown).

MasterTable MasterTable is the instancein Maydaythat representstheexpres-
sionmatrix. It maintainsanunorderedlist of Probe objects,whichcanbeaccessed
by their name,asstoredin thecorrespondingAnnotation object.Whena DataSet
objectis loaded,it calls the read() functionof its MasterTable object. The read()
function is appliedto a tab-delimited�le, wherethe �rst columnrepresentsthe
probeidenti�er andsubsequentcolumnsrepresentexpressionvaluesof theprobe
in theexperiments.Theprobeidenti�er maycontainblanks.If anexpressionvalue
is missing,the read() functionwill storea null valueinstead.The numberof ex-
pecteddatacolumnsin eachrow is determinedby theheaderrow, which contains
theexperimentnames.Experimentnamesmayalsocontainsblanks.If a row con-
tainslessthanthe expectednumberof datacolumns,it is automatically�lled up
with null values.However, theprobeidenti�er mustnot bemissing.If a row con-
tainsmorethantheexpectednumberof datacolumns,Maydaywill fail to loadthe
�le anddisplayan errormessage.The samewill happenif thereareprobeiden-
ti�ers thatoccurmorethanonce. This is consistentwith thesetpropertiesof the
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mastertable.
MasterTable providesa functiongetGlobalProbeList() to retrieve theglobalprobe
list, comprisingall explicit probesit contains.
Two utility functions,getMinValue() andgetMaxValue() canbeusedto querythe
minimumandmaximumvalueof all explicit, implicit or both typesof probes.In
casethatthereareno probesof eithertype,a null valuewill bereturned.

ProbeList The ProbeList classholdsan unorderedset (java.util.Map) of refer-
encesto Probe objects.Thelist of Probe objectscontainedin a ProbeList maybe
eitherreadfrom a �le (asdescribedin AppendixB) or addedusingthe functions
addProbe() or setProbes(), respectively.
To readthe XML-basedprobelist �le, the org.xml.sax.XMLReader is employed.
It implementsthe interfacede�ned by the Simpli�ed API for XML 2 (SAX2),
which is a de facto standardfor parsingXML �les [19, Chapter24] and is in-
cludedin all releasesof theJava programminglanguageasof version1.4. SAX2
is anevent-drivenAPI andthereforerequireslessmemorythanotherXML parsing
APIs,whichmake thewholedocumenttreeavailable.
While parsingtheprobelist �le, ProbeList looksup eachreadprobein theassoci-
atedMasterTable object.If aprobecannotbefoundin theMasterTable, theprocess
terminatesandtheprobelist �le is rejected.
Besidesthe read() function,ProbeList offersa functionwrite() thatcanbeusedto
write theProbeList to a �le.
Probe objectsassociatedwith a ProbeList canbeeitherqueriedusingtheir probe
identi�er or theProbe objectitself. Thelatteris usedto determinewhetheragiven
probeis containedin theprobelist or not.
If an algorithmis requiredto iterateover all probesof a ProbeList, the function
toCollection() shouldbeusedto obtaina java.util.Collection object6 of all contained
probes,which subsequentlymaybetransformedinto anarrayof java.lang.Object
objectsusingjava.util.Collection.toArray(). Assumedthatthistransformationis per-
formedbeforetheiteration,theexecutionof thecodeis muchfasterthanit would
beif anexplicit transformationwasdonein eachstepof theiteration.
Objectsof classProbeList may be eithersticky or non-sticky. Sticky probelists
addthemselvesto theProbe objectsthey areassigned.This means,thattheProbe
knows abouttheProbeList, while in thecaseof non-sticky probelists, the Probe
doesnot know aboutthecorrespondingProbeList. This separationinto two types
of probelistswith differentbehavior is necessary, for instanceto enabletheimple-
mentationof temporaryprobelists,whicharerepresentedby non-sticky probelists
(seealsoChapter5).
A ProbeList object is associatedwith an Annotation objectanda java.awt.Color
object. The color is usedto visualizethoseProbe objects,wherethis ProbeList
representsthetop level probelist.

6java.util.Collection is an interface,which is implementedby a coupleof classesin theJava pro-
gramminglanguage.
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ProbeList providesa coupleof functions,thatwerefoundto behelpful in the im-
plementationof Mayday. On theonehand,thesearefunctionsto obtainstatistical
informationabouttheProbe objectscontainedin theProbeList. Amongtheseare
getMaxValue() andgetMinValue(). Both of themareoverloaded,oneimplementa-
tion requiresnoargumentsandreturnsthemaximumor minimumof all expression
valuesof thecontainedprobes.Theotherimplementationtakesanexperimentas
argumentandyields themaximumor minimumof thecorrespondingexperiment
over thecontainedprobes.getStatistics(), getMean(), getMedian andgetQuartile()
areanothercoupleof functionsto evaluatestatisticalpropertiesof Probe objects
associatedwith the ProbeList. getStatistics() is a combinationof the otherthree
functionsandyieldsaProbeList.Statistics object,whichcontainsmean,median,1.
quartileand3. quartileof theprobesover all experiments.If eachof thesevalues
is required,it is moreef�cient to call getStatistics() insteadof subsequentcallsof
thespecializedfunctions.This is becausefor computationof boththemedianand
the quartilesthe probeshave to be sorted. getStatistics() hasto sort the probes
only once,while eachcall of aspecializedfunctionrequirestheprobesto besorted
again.
Setoperationsarealsoimplementedby classProbeList. At thetimeof thiswriting
theseinclude “and”, “or” and “xor”, which are provided by setOperation() and
“not”, which is realizedby invert(). Thenegationof a probelist is with respectto
all probescontainedin themastertable,includingbothimplicit andexplicit probes.

Store,ProbeListStore and ProbeListManager Store representsthemostbasic
containerthat is implementedin Mayday. However, it is an abstractclass,that
cannotbe instantiated. All objectsto be storedin a Store must implementthe
Storable interface,which demandstwo functions,getAnnotation() and setAnno-
tation(). getAnnotation() is requiredto ensurethat an object is uniquewithin a
Store. Theidentity of a Storable objectis determinedby its nameascontainedin
its associatedAnnotation object.ClassesthatimplementtheStorable interfaceare
ProbeList andDataSet. As canbeseenin Figure4.4, therealsoexistsa DataSet-
Store andaDataSetManager. Sincetheseclassesplayonly minorrolesin Mayday,
they arenotexplainedin thisdocument.
Store allows objectsto bestoredin thecontainer, they canbeaddedat thetop of
the internal list or at the endof it. Additionally, objectscanbe removed andthe
containercanbe queriedwhetherit containsa given object (eitherby the object
itself or by its name)or not.
The specializedclassProbeListStore offers more functionality by implementing
the functionsmoveDownProbeList() andmoveUpProbeList(). By applyingeither
of thesefunctionto aProbeList, thepositionof theProbeList within theProbeList-
Store canbealtered.Anotherfunction,getPosition(), yieldsthecurrentpositionof
a ProbeList.
The�nal classin this inheritancehierarchy, ProbeListManager, providesfunction-
ality to reactto messagessentby theProbeList objectscontained.However, Pro-
beListManager only forwardsreceivedmessagesto hisown interestedlisteners.
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Annotation The classAnnotation is a basicdatastructure,that is usedto de-
scribeobjectsin Mayday. It hascapabilitiesto storea name,a shortdescription
(quick info) anda morecomprehensive description(info). The lattermayalsobe
HTML-formattedtext, while theshortdescriptionis usuallyno morethanoneor
two sentencesof unformattedtext. All attributesof an Annotation objectareof
type java.lang.String.
An Annotation objectmaybeeitheraninstancevariable(asin Probe, ProbeList or
DataSet) or aclassvariable.
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5

Designand implementation of
interactivevisualization features

5.1 Viewers

A viewer is to beunderstoodasameansof visualizingthedatamodel,represented
by the probesin the mastertable,which arestructuredby probelists. Mayday
offers several differentviewers. Therearetwo major classesof viewers, tabular
viewers andgraphicalviewers. Graphicalviewersarealsoreferredto asplots.
In Maydayonesingletabular viewer implementationexists, which is realizedas
a table. Graphicalviewers,on the otherhand,canbe further split up into three
subclasses.

1. Graphicalviewers,thatvisualizethedatain a Cartesiancoordinatesystem.
Thehorizontalaxis representsexperimentsandtheverticalaxisshows cor-
respondingexpressionvalues.Pro�le plot andboxplot belongto thisclass.

2. Graphicalviewers, that employ a matrix-like datastructureto display the
data.Theexpressionimage or heatmapis aninstanceof thisclass.

3. Graphicalviewers, that are composedof one or moreviewers of the �rst
class.Multi plotsbelongto this class.

Theseclassesaredescribedin depthin Section5.1.2.

5.1.1 Commonviewer features

All viewers integratedinto Maydayprovide somebasicfunctionality that canbe
foundin all viewerclasses.
Oneof thecentralaspectsof Maydayis theinteractive explorationof thedata,thus
all viewersexcepttheboxplot supporttheselectionof oneor moreprobes.A new
probelist canbecreatedfrom selectedprobes.Theboxplot doesnotsupportthese
features,sinceit visualizesprobelistsasawhole,not theprobescontainedin them.
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The possibility to createnew probelists from selectedprobessupportsthe user
whenexploringthedataset.For instance,theusermayselectprobesshowing atyp-
ical behavior or extremeexpressionvaluesandcreatea new probelist from them.
Theseprobelists canthenbevisualizedin othertypesof viewers,or beprocessed
further. Selectedprobesmay alsobe looked up in appropriateweb databases,to
obtaindetailedinformationaboutthem.
Another featurecommonto all viewer classesis the export of a viewer. Export
of a viewer canbe comparedto taking a “snap-shot”of the currentstateof the
visual representationof the data. However, the marksindicatinga selectionwill
not be exported. Tabular viewers can be exportedto text �les (refer to Section
5.1.3 for details). Graphicalviewerscanbe exportedto vector- andpixel-based
imageformatsasdescribedin Section5.1.2.
Probelists canbeaddedto andremoved from all viewersinteractively, while the
datais beingdisplayed.This featureis alsoimportantto theinteractiveexploration
of thedata.
Datatransformationis a commontechniqueappliedto datathatspansover a large
range.Takingthe logarithmof thevaluescompactsthedataand�ts it into a less
extensive range. Maydaysupportsdatatransformationon the level of viewers,
which is a more �e xible approachthantransformationof the mastertable itself.
Hence,theuseris ableto displaythesamedatatransformedanduntransformedin
two differentviewers.But it remainsto note,thatthelog-transformationis limited
to datasetscontainingonly positive values.
The speci�c featuresandpropertiesof the differentviewer classesaredescribed
below in Sections5.1.2and5.1.3.

5.1.2 Graphical viewers

A mainfocusduringthedevelopmentof Maydaywastheimplementationof graph-
ical viewers. In particularinteractive features,thatsupporttheuserin theexplo-
ration of the dataand maximal �e xibility were addressed.Static plots may be
suf�cient in somecases,however they lack importantmechanismsthat are fun-
damentalto the visual detectionandidenti�cation of interestingprobesin a data
set. For instance,in a pro�le plot, theremight bea singlepro�le with anexpres-
sion level higherthanthatof all othergenesin all experiments.A staticplot will
displaythis pro�le, but with that plot alone,the userwill be unableto �gure out
which probeexactly is responsiblefor this extremepro�le. In interactive plotsas
providedby Mayday, theusercanselectthepro�le to obtaininformationaboutthe
probe. Further, if thereareseveral genesthat show behavior different from that
of all otherprobes,theusermight selecttheseandgroupthemtogetherasa new
probelist anduseit asa startingpoint for amoreprofoundanalysis.
All viewersin Maydayaredesignedto displayprobelists. But remember, display-
ing a probelist is equivalentto displayingtheprobescontainedin thatprobelist.
How theprobesaredisplayeddependsonthetypeof plot. Pro�le plotsandexpres-
sionimagesdisplayanexplicit graphicalrepresentativefor eachprobe.Graphical
representatives are usedto visualizeprobesor probelists in plots. A graphical
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representative is usuallya compoundof severalgraphicalprimitives, thatmayfor
examplebelines,boxesor circles.They mustdealwith missingexpressionvalues,
for instanceby displayinga specialsymbol. A box plot summarizesthe informa-
tion of all probescontainedin theprobelists to be displayedandplotsgraphical
representativesfor thesummarizedinformationinsteadof onefor eachprobe.De-
tailed informationaboutthe differenttypesof plots implementedin Maydaycan
befoundbelow.
Wherever thereis a scalecontainedin a plot, it rangesfrom theminimal expres-
sion value to the maximalexpressionvalue in the mastertable. Implicit probes
are included,whenthesevaluesaredynamicallydetermined.This approachal-
lows theuserto comparetwo plotsof thesamedatasetdirectly, without running
therisk of misinterpretingexpressionlevels. Figure5.1 shows sucha misleading
con�guration,which is ruledout in Mayday.

Figure5.1: A misleadingcon�gurationof expressionpro�les. Thetop row (a)shows pro�le plotsas
they wouldbedrawn if they adoptedto therangeof displayedprobelists. Thebottomrow (b) shows
pro�le plots,thatalwaysscaleto theglobalmaximumandminimum,asimplementedin Mayday.

Every plot consistsof several layers. Eachprobelist in a plot de�nes onesuch
layer. The graphicalrepresentatives of the probesareplottedin the layer of the
correspondingprobelist. Thushereandin the following the term layer is equiv-
alentto probelist, but to avoid confusionandabuseof theprobelist concept,the
layerconceptis introduced.
How the layersareinterpreted,dependson the viewer class. But in general,the
orderof thelayersmayberearrangedontheonehand,andontheotherhand,single
layerscanbehidden.Similarconceptsareoftenimplementedin imageeditingand
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desktoppublishingsoftware.Rearrangingtheorderof thelayersmakessensewhen
thereareprobelists, thathave a high priority andshouldbe plottedon top of all
others.
Hiding a layer canbe thoughtof temporarilyremoving a probelist from a plot.
However, thereis a minor differencebetweenhiding a layerandremoving probe
list from aplot. Detailson thisareexplainedin Section5.2.
As mentionedin Section5.1.1,graphicalviewerscanbeexportedto variousimage
formats.Currently, thefollowing imageformatsaresupported.

� PNG(PortableNetworkGraphics), apixel-based�le formatcommonlyused
on the WWW. A lossycompressionalgorithmis appliedto reducethe �le
size.PNGis a recommendationof theWorld WideWebConsortium(W3C)
anda webstandard[56].

� JPEG(Joint PhotographicExpertsGroup), pixel-basedlike PNGandalsoa
commonimageformaton theWWW. Equalto PNGimages,JPEGimages
arecompressedusinga lossycompressionalgorithm.

� TIFF (Tagged Image File Format), a pixel-based�le format thatstoresim-
agedatausuallyuncompressed.However, therearevariants,which applya
losslesscompressionalgorithmto reducethe�le size.

� SVG (ScalableVectorGraphics), a vector-basedimageformat. This image
formatis basedon XML (extensiblemarkuplanguage) andstorestheimage
datain plaintext �les, thatarehuman-readableto someextent.Usingtypical
losslesscompressionalgorithms,the�le sizecanbesigni�cantly reducedin
mostcases.Like PNG,SVG is a recommendationof the W3C anda web
standard[58].

Vector-basedimageformatshaveagreatadvantagecomparedto pixel-basedimage
formats.Imagesthatarestoredin a vector-basedformatcanberesizedarbitrarily,
without lossof information.Pixel-basedimagesthough,will look fuzzy whenre-
sized.Vector-basedimagesremainclearandexact,which is importantif exported
plotsareto bepreparedfor publicationsor presentations.A furtheradvantageof
vector-basedimagesis the relatively small �le size, if comparedto pixel-based
images.
Export of graphicalprobelist viewers is basedon the Batik SVGToolkit from
the ApacheXML Project[47]. This toolkit offers a wide rangeof functionality
to generate,manipulateand transcodeSVG images. The latter is employed in
Maydayto export imagesto theaforementionedpixel-basedimageformats.Batik
offersa transcoderAPI aswell, which providessupportof otherthanthebuilt-in
transcoders.For instance,export into PDFformatcanbeachievedusingthisAPI.

5.1.2.1 Pro�le plot

Pro�le plotsareverycommonin geneexpressiondataanalysis.A pro�le of agene
or probeis theexpressionlevel asafunctionof theexperiment[31]. Theexpression
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valuesareconnectedby line segmentsandin consequence,a “pro�le” is created.
However, connectingtheexpressionvaluesinducesanassociationabouttheexper-
iments,thatis not trueandmisleading,asusuallytheexperimentsareindependent
of eachother. Theorderof theexperimentsin thepro�le plot is arbitraryin most
cases,but thepro�le plot displaysslopes,wherein reality thereareno slopes.The
usermustbeawareof this,otherwisesheor hemightdraw wrongconclusions.
Figure5.2shows a typicalpro�le plot ascreatedby Mayday.

Figure5.2: A pro�le plot includinglegendsanda caption.Thedatashown is from thesampledata
deliveredwith Mayday.

The color of a probepro�le is de�ned by the color associatedwith the top level
probelist of thecorrespondingprobe.
If apro�le plot is zoomed,theaspectratio is maintained.This is to avoid misinter-
pretationwhencomparingtwo pro�le plots.
Graphicalrepresentatives usedin pro�le plots are compoundsof line segments
(polylines).Eachsegmentconnectstwo adjacentexpressionvalues.If anexpres-
sion value is missingin an experiment,the correspondingline segmentsarenot
drawn.
Layersin pro�le plots areplottedon top of eachother. Thuslayersat the top of
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the stackmay hide pro�les of the lower layers. Thereforeit sometimesbecomes
necessaryto move the layersof interestto the top of the stack. This is shown in
Figure5.3.

Figure5.3: Makinguseof thelayersconceptto view a probelist of interest.In theleft plot thelayer
of theredprobelist haslowerpriority thanthelayerof thegreenprobelist. Thereforetheredprobes
arehiddenbehindthegreenones.Theright plot shows thesituationafterthelayerof theredprobe
list hasbeenmovedto thetopof thestack.

5.1.2.2 Box plot

The box plot (seeFigure5.4), or box-and-whisker plot, as introducedby Tukey
[52] is a plot with a wide-rangeof application,particularlyin statisticalanalysis.
Theversionimplementedin Maydayis from Chamberset al. [8] though,which is
slightly differentfrom Tukey's originalversionandmorewidely usedtoday.
Box plots area very goodtool for conveying informationof location andvaria-
tion in datasets,particularlyfor detectingandillustrating locationandvariation
differencesbetweenseveralgroupsof data. Locationis theexpectedvaluebeing
measured.Examplesof numericalmeasuresof locationaremeanandmedian[36].
Five differentcharacteristicsof the dataareshown in a box plot for eachexperi-
ment.Thesearemaximum,minimum,median,1. quartileand3. quartile.Figure
5.5explainsthis in detail1.
Whena box plot is resized,theaspectratio is maintained,for thesamereasonas
in pro�le plots: to avoid misinterpretationwhencomparingtwo plots.
A box plot usestwo differentgraphicalprimitivesto constructgraphicalrepresen-
tatives. Boxesareusedto draw theboxesandline segmentsareemployed for the
whiskers.
Rearranginglayersin a box plot doesnot affect the visualization. However, if a
layer becomeshidden,a recalculationof the visualizedcharacteristicswill take

1Box plotsoftenhavesmallhorizontalbarsindicatingminimumandmaximum,but asTufte[51]
states,it is not necessaryto plot them. Tufte introducedthe data-inkratio, which is de�ned asthe
ratio of the ink usedto plot theactualdataandthe total ink usedin the plot. Thedata-inkratio is
thereforea measureof redundantdecorationsin a plot. Maximizing the data-inkratio is a general
principlein thevisualdisplayof data.
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Figure5.4: A box plot including legendsanda caption. The datashown is from the sampledata
deliveredwith Mayday. Notethatthesearethesameclustersasshown in Figure5.2.

Figure5.5: Anatomyof a box plot. (a) maximum,(b) 3. quartile(75-percentile),(c) median,(d)
1. quartile(25-percentile)and(e) minimum. Notethat thebox drawn from the1. quartileto the3.
quartilerepresents50%of thedata.

place.In this recalculationthedataof theprobelist de�ning thehiddenlayerwill
beignored.
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5.1.2.3 Expressionimage

An expressionimageis similar to a pro�le plot, however in this caseexpression
levelsarecolor-coded.Thereforeprobepro�les arerepresentedby (moreor less)
one-dimensionalobjectsin expressionimages,while in pro�le plotsthey areplot-
ted as two-dimensionalcurves. Sincethe color-codedprobepro�les cannotbe
drawn on top of eachother(the topmostpro�le would hideall otherpro�les), an
expressionimageresemblesa matrix, whereeachrow representsoneprobeand
eachcolumnrepresentsoneexperiment. The cells of the matrix arecoloredac-
cordingto the expressionlevel of the genein the correspondingexperiment. An
expressionimageascreatedby Maydayis shown in Figure5.6. In literature,the
term“heatmap”is oftenusedinsteadof expressionimage.

Figure5.6: An expressionimageincludinglegendsandacaption.Thedatashown is from thesample
datadeliveredwith Mayday. Thedisplayedprobesaresorteddescendingaccordingto experiment
“alpha7”.

Theuseof expressionimagesin geneexpressiondataanalysiswas�rst introduced
by Eisenetal. [18]. They developedtheexpressionimage,having in mindthelarge
tablesof dataproducedby suchhigh-throughputapproachesasmicroarrays.Eisen
et al. wereawareof theproblem,that therate-limitingstepin readingandunder-
standingsuchtableswerethenumbers,which make the informationcontainedin
thetablehardto graspfor humans.Hence,they �gured out theexpressionimage,
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thatpreservestheinformationrepresentedby thenumbersusingcolors.However,
the informationis displayedsuchthat it canbe graspedmuchbetterby a human
viewer.
In expressionimages,compoundsof boxesareusedasgraphicalrepresentatives,
eachof themcoloredusingoneout of 256colors,representingthecorresponding
expressionvalue. Thecolor rangeis symmetricalandde�ned asfollows. emax is
the maximalexpressionvaluein the mastertable,emin is the minimal expression
valuein the mastertable. Both casesincludeexplicit aswell as implicit probes.
Further, thefollowing de�nitions apply:

d : � � max
�� emax�

�

� emin ���

n : � 0

i : � max
�� emax�

�

� emin ���

d is representedby the color D de�ned for down-regulated(decreased)probes,
i is representedby the color I de�ned for up-regulated(increased)probesandn
is representedby the color N for probesthat do not changein expressionlevel
(no change).Expressionvaluesin � d � n� arerepresentedby a color from thecolor
gradientof D to N andexpressionvaluesin � n � i � arerepresentedby a color from
the color gradientof N to I . In addition,eachrow of the matrix canbe labeled
with the correspondingprobeidenti�er, printedusingthe color of the respective
toppriority probelist.
Eisenetal. chosea“naturalisticcolorscale”for expressionimages,whichdisplays
down-regulatedgenesin green,up-regulatedgenesin red andgenesthat did not
changetheirexpressionlevelsin black.Apparently, thiscolorscalebecameakind
of standardratherquickly. However, thatscaleis not asintuitive asfor examplea
codingof blueto red,with unchangedexpressionvaluesbeingindicatedby white.
Using thesecolorswould be muchmoreintuitive, sincewe areusedto themby
their applicationto temperaturescales,for instance. Sucha color scaleis used
by Tamayoet al. [45] in their programGeneCluster. It is alsoadvantageousto
usewhite asneutralcolor, in caseswherethe expressionimageis to be printed.
Printingof white is muchcheaperthanprintingof black.Thisbecomesevenmore
relevant,whenweassumetheexpressionvaluesbeingnormallydistributed,which
means,thatmostexpressionvaluesarecloseto 0 (no change),andthereforewill
printedin white, light blueor light red.
In expressionimages,the layerconceptis implementedasfollows. Layersat the
top of thestackwill occupy thetop rows of thematrix, layersat thebottomof the
stackwill occupy thebottomrows of thematrix. Thus,layerswith a high priority
will bevisible to theuserat �rst sight.
Usually thenumberof probesin a microarrayexperimentexceedsthenumberof
rows in anexpressionimage,thatcanbedisplayedon a regularcomputerscreen.
Hence,thematrix is separatedinto pages, thatcanbebrowsedlike thepagesof a
book.Theexpressionimageshown in Figure5.6featuresonly onepage.
Dueto thematrix-like structureof anexpressionimage,probescanbesorted.For
instance,probesmight besortedaccordingto expressionvaluesof a givenexperi-
mentor accordingto theprobeidenti�er. In additionto theseoptions,it is possible
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to groupprobesby their respective top priority probelist andsortthesegroupsac-
cordingto thepositionin the layerstack. Within thesegroups,probesaresorted
accordingto their probeidenti�er. All sortingscanbedisplayedeitherascending
or descending.

5.1.2.4 Multi plots

Multi plots arethe third classof graphicalprobelist viewers. Their namearises
from thefact,thatthey actuallyconsistof multipleplots.To bemoreprecise,they
displaya grid of graphicalviewersof the �rst class,pro�le plotsor box plots. In
theorya multi plot may recursively displayfurthermulti plots. Theplotting area
is thecrucialcriterionfor decidingwhetheraparticularviewer classcanbeshown
in a multi plot or not. All datamustbeplottedon a singlepage,otherwiseit is not
possibleto useaviewerclassin amulti plot. This is thereason,why anexpression
imagecannotbeshown in amulti plot.

Figure5.7: A multi plot showing a 3x3 grid of pro�le plots,a so-calledmulti pro�le plot. Herethe
topologyof a SOM is re�ectedby thearrangementof theplotsin thegrid (seetext for details).The
datashown is from thesampledatadeliveredwith Mayday.

The multi pro�le plot shown in Figure5.7 is an examplefor the typical useof a
multi plot. Eachcell of thegrid containsapro�le plot of oneclusterof theoriginal
data. In this casea 3x3 SOM hasbeenusedto clusterthe data. The topology
of the SOM is re�ected by the setupof the multi plot. This means,that similar
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clustersarelocatedin adjacentcellsof thegrid. Themoredifferent2 two clusters
are,thelargeris theirdistancein thegrid. In Figure5.7this is verywell illustrated
by theredclusterin thetop left cornerandthemagentaclusterin thebottomright
corner. Particularly, in experiments“alpha7”through“alpha35”themajorityof the
genesin theredclusteris up-regulated,while in themagentaclusterthemajority
is down-regulated.
Multi pro�le plotscanbeemployedto visually comparetwo differentclusterings.
Both clusteringsaredisplayedin a singlemulti plot. Eachof the individual plots
representsa clusterof the�rst clustering,but theprobesarecoloredusingthetop
priority probelistsfrom thesecondclustering.Usuallythiswill revealthoseprobes
thathave migratedfrom oneplot to another. If this techniqueis appliedto a setof
clusteringsthat werecreatedusingthesameclusteringmethodbut with different
parameters,thoseprobescanbe identi�ed, that tendto oscillatebetweenclusters
andthusarehardto classify. How this is doneis describedin Section5.2.1.
Besidesmulti pro�le plots, therearealsomulti boxplotsasshown in Figure5.8.
Theplotsarebasedon thesamedataastheplot in Figure5.7.

Figure5.8: A multi plot showing a 3x3 grid of box plots,a so-calledmulti boxplot. Theplotsshow
thesamedataasin Figure5.7.Thedatashown is from thesampledatadeliveredwith Mayday.

2Note that the de�nition of “dif ferent” dependson the distancemeasurechosento clusterthe
data.In this case,theEuclideandistancehasbeenappliedto computethedistances.
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5.1.3 Tabular viewers

Theonly implementationof a tabular probelist viewer integratedinto Maydayis
realizedasa table. In this table,eachcolumnrepresentsoneexperiment,except
for the �rst column, which containsthe correspondingprobeidenti�ers. Probe
identi�ers areprintedusingthecolorof therespective toppriority probelist.
Like in anexpressionimage,probesmaybesorted.Availableoptionsarethesame
asin expressionimages- expressionvaluein adistinctexperiment,probeidenti�er
or toppriority probelist.
The layer conceptis realizedin the tableaswell, however it is only possibleto
rearrangelayers,but not to hidethem.

5.2 Managing viewers

The numberof probelists containedin the probelist managerof a datasetmay
grow quite large. However, in mostcasesit is not necessaryand,even moreim-
portant,notdesiredto view all probelistsat thesametime. Usuallyasubsetof the
availableprobelists is of particularinterestto theuserandis to bevisualized.May-
dayenablestheuserto createsubsetsof theprobelists in theprobelist manager
andto visualizethesedistinctsubsetsseparately.
Subsetsof probelists arestoredin probelist viewers3. Eachprobelist viewer is
linkedto avisualizer. A visualizeris agraphicalfront-endhandlingaccessto both
tabular andgraphicalviewers.A graphicalor tabular viewer calledby avisualizer
will displaytheprobelists of theprobelist viewer associatedwith thevisualizer.
In thecontext of a viewer, thede�nition of thetop priority probelist is limited to
thoseprobelists, thatarecontainedin theunderlyingprobelist viewer. SeeFigure
5.9 for detailsandcompareto Figure4.3. Figure5.9 illustratesthe layerconcept
aswell.
As it is possibleto call severaldifferentviewersfrom a visualizer, thatall access
the associatedprobelist viewer, someof the featuresof the viewers have been
pulleddown to theprobelist viewer. In particularthesearethe layerpriority and
the selectionof probes.Due to the latter, the probesselectedin oneviewer, will
bealsomarkedasselectedin theotherplots. To marka selectedprobe,thecolor
associatedwith theselectionprobelist is employed.
Theprobelist viewer storesthecurrenttransformationmode,hencea transforma-
tion affectsall viewerslinkedto thecorrespondingvisualizer. Sincethelayerprior-
ity is alsocentrallyadministeredby theprobelist viewer, every viewer (graphical
or tabular) usesthe sameinformationto determinehow the layersshouldbe ar-
ranged.Thevisibility of a layerin graphicalviewersthough,dependssolelyonthe
viewer. If a layeris hiddenin aviewer, all probesof thede�ning probelist become
invisible. However, thereis oneexception: if a probeis containedin morethan
oneprobelist in theassociatedprobelist viewer, theprobelist will remainvisible

3Hereand in the following sectionsthe term probe list viewer is usedto refer to a probelist
viewer, while thetermviewer remainsreservedfor bothgraphicalandtabular viewers
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Figure 5.9: Relationshipbetweenprobelist manager, probelist viewers, top priority probelists
andlayersof a viewer. In additionto the instancesshown in Figure4.3, the probelist viewer and
its in�uence on the top priority probelist in the context of a viewer (eithergraphicalor tabular)
areshown. (a) and (b) show the mastertableandall available probelists. The unorderedprobe
lists associatedwith selectedprobesof themastertableareshown in (c). (d) and(e) representtwo
differentorderingsof theprobelists by theprobelist manageralongwith thesubsetsandthe layer
orderinducedby theprobelist viewer. (d) giveshigherpriority to theclusters,while (e) placesthe
user-de�nedprobelistsat thetopof thelist. (f) showsthecolorsof theselectedprobesasdetermined
by theprobelist managerandprobelist viewer setups1 and2. “T” identi�es toppriority probelists.
Theorderof the layersis shown aswell. A probeis drawn on the layerde�ned by its top priority
probelist. Moredetailson this aregivenin Section5.3.3,Paragraph“ProbeListViewer”.

andmarked with the color of its top priority probelist. Whatseemsunnecessar-
ily complicatedat �rst glance,is an integral featureof theprobelist visualization
functionalityin Mayday.
In agraphicalor tabularviewer, aProbe is exclusively displayedonthelayerof its
top priority probelist. If this layer is hidden,two differentcasesmustbeconsid-
ered:

1. Thetop priority probelist is theonly probelist of all probelists associated
with the probe,that is beingvisualizedusing the correspondingprobelist
viewer. Theprobewill behiddenasexpected.

2. 1. is not trueandtherearefurtherprobelists associatedwith this probeand
thesearebeingvisualizedusingthecorrespondingprobelist vieweraswell.
Theprobewill not behidden,but remaindisplayedon theoriginal layerof
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thetoppriority probelist, markedwith thecolorof thetoppriority probelist.

At �rst sight,thebehavior describedfor thesecondcaseseemsstrange.However,
this is necessarywhentwo differentclusteringsareto be comparedusinga sin-
gle multi plot viewer (seeSection5.2.1). In future, theusermayswitchbetween
two visualizationmodes,the currentoneanda new one, that behavesalwaysas
describedfor the�rst case.

5.2.1 Visual comparisonof partitions

As mentionedbefore,a visualcomparisonof equallysizedpartitions,which were
eitherobtainedby clusteringalgorithmsor othermethods,canbeperformedusing
amulti (pro�le) plot.
Both partitionsareloadedinto a probelist viewer, which is passedover to a multi
plot. Themulti plot is setupto displayoneplot for eachclusterof the�rst partition.
As a matterof fact,eachof theindividual plotsin a multi plot comprisesall probe
lists containedin the underlyingprobelist viewer. But whenthe userselectsthe
probelists from the probelist viewer, that are to be displayedin the individual
plots, the layersof the otherprobelists arehiddenin the respective plots. Thus,
only oneprobelist is visible in eachof theindividualplots. In acomparisonof two
partitions,thiswouldbetheprobelistsof the�rst partition.But if thecolorpriority
of theprobelists is sethigher, thanthatof theprobelists of the�rst partition,the
probesin theindividualplotsappearin thecolorof thecorrespondingprobelist of
thesecondpartition.
Thiscanbeusedto visuallyanalyzewhetherthepartitionsaresimilaror not. Sim-
ilar partitionscan be identi�ed by their homogeneouslycoloredclusters,while
partitionsthat arenot similar produceclusterswith many differentcolors. If the
partitionsaresimilar, it is possibleto identify singleprobes,that migratedfrom
oneclusterto another. If thepartitionsarenot similar, thatmaybea hint, thatthe
numberof classeswaschosenincorrectlyor thattheappliedalgorithmsyield very
differentresults.An exampleof acomparisonof two differentclusteringsis shown
in Figure5.10.

5.3 Implementation

5.3.1 A few noteson the design

The relationshipsand associationsdescribedin the previous sectionsuggestan
implementationusingthe model-view-controller (MVC) architecture.The MVC
architecturehasoriginally beendevelopedto split anapplicationor at leasta part
of an application,like the GUI, into threeparts: handlingof input (controller),
processingof data(model) and visualizationof output (view). In this architec-
ture,themodeldoesnot know, which viewersdisplayits data.However, theview
knowsexactlywhichmodelit observesandcanreactto changesof themodel.The
controllerknows boththemodelit controlsandtheview it is associatedwith.
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Figure5.10: The �gure shows (a) theoriginal SOM clustering,(b) theoriginal k-meansclustering
and(c) both clusteringscombinedfor a visual comparisonasdescribedin the text. The k-means
clusteringde�neswhichprobesaredisplayedin theindividual plotsandtheSOM clusteringde�nes
thecolorsof theprobes.Theclusteringsarenot very similar, asmostclustersshown in (c) contain
probesof several probelists. However, it is obvious that the bright greencluster(top row, middle
position)of the k-meansclusteringconsistsof probesfrom the yellowish-greenandthe dark cyan
clusterof theSOMclustering(bottomrow, left andmiddlepositions).Thisobservationsuggests,that
theprobesof thebright greenclusterin thek-meansclusteringmayhave anexpressionpro�le, that
is signi�cantly differentfrom theotherpro�les, astwo differentclusteralgorithmsindependentlyput
theminto a singlecluster.
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Mayday's implementationis basedontheMVC architecture.Dueto theseparation
of themodel(representedby the probelist viewer) andthe view (representedby
thegraphicalandtabular viewers),it is possibleto createseveraldifferentviewers
that all observe the samemodel. In Maydayviews may alsoact ascontrollers.
This behavior correspondsto a simpli�ed variantof theMVC architectureknown
asmodel-delegatearchitecture,which is basedon the observation, that view and
controlleraretightly connectedto eachother[4]. For instance,SunMicrosystems
GUI Toolkit Java Swingusesthisvariantfor GUI elements[33].

5.3.2 Relationshipsbetweenclasses

Figure5.11shows thedependencies,associationsandtheinheritancehierarchyof
theabove conceptsasimplementedin Mayday.

Figure5.11:Therelationshipbetweentheclassesimplementingtheconceptsdescribedin theprevi-
oussections.

Figure5.12is adetailedview of thegraphicalrepresentativesandgraphicalprimi-
tivesconcept.Bothdiagramsemploy elementsof theUML.

5.3.3 Summary of important classes

The following paragraphssummarizethe most importantclassesthat implement
thevisualizationtoolsintegratedinto Mayday.
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Figure5.12: Therelationshipbetweentheclassesimplementingtheconceptsof graphicalrepresen-
tativesandgraphicalprimitivesasdescribedin theprevioussections.

ProbeListViewer ClassProbeListViewer is like ProbeListManager a specializa-
tion of classProbeListStore. Thereforeit hasthe ability to inducean ordering
in the setof its associatedprobelists. This total orderingis usedto de�ne the
layer priority of the probe lists, when they are to be displayedin a graphical
(GraphicalProbeListViewer, seebelow) or tabularviewer(TabularProbeListViewer,
seebelow).
Theselectionfor theviewersassociatedwith a visualizer(Visualizer, seebelow),
is representedby a non-sticky ProbeList object(seeSection4.3.2).This probelist
canbe copiedandaddedto the ProbeListManager asa new ProbeList object. It
mayalsobeobtainedusingthegetSelection() function.
ProbeListViewer has a function getTopPriorityProbeList() that takes a list
(java.util.List) of ProbeList objectsasargumentandthenreturnstheprobelist with
thehighestcolor priority with respectto theProbeListManager andin thecontext
of theProbeListViewer. Typically theargumentis thereturnvalueof thegetPro-
beLists() functionof aProbe object,whichreturnsall sticky ProbeList objectsthat
includethecorrespondingProbe.
The algorithm that performsthe searchfor the top priority probelist is shown
below.
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TOPPRIORITYPROBEL IST

� Input A probelist viewerP, asetof probelistsL andaprobelist manager
M. It is assumed,thatL containsat leastoneprobelist.

� Output A probelist from L, thathasthetop color priority with respectto
thecurrentsetupof probelist managerM andprobelist viewerP.

TOPPRIORITYPROBEL IST( P, L, M )
m: � orderedlist of probelists in M
n : � numberof probelists in m
FOR i � 1 ����� n DO

IF mi �

L THEN

IF mi �

P THEN

RETURN mi

END

END

END

END

The utility functionssortByExperiment(), sortByTopPriorityProbeList() and sort-
ByProbeIdenti�er() yield lists (java.util.List) of sortedprobes,that canbe usedin
expressionimages(ExpressionImage) or tabular viewers. Thesefunctionstake a
list of uniqueprobesasargument.A list of uniqueprobesis createdandreturned
by getUniqueProbes(). Thealgorithmusedto determinethe list of uniqueprobes
in context of aviewer andaprobelist viewer is givenbelow.

UNIQUEPROBES

� Input A probelist viewerP andasetof hiddenprobelistsH, representing
theviewer. For tabular viewersH �

/0.

� Output A orderedlist of uniqueprobesin thecontext of P andH, sorted
ascendingby probelist (probesfrom thetopmostprobelist areat theendof
thereturnedlist).

UNIQUEPROBES( P, H )
init probelist u
init list s
n : � numberof probelists in P
FOR i � 1 ����� n DO

pi : � ith probelist in P
init probelist t
IF H �

/0 THEN

t : � u � pi

u : � u � pi
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ELSE

IF pi ��

H THEN

t : � u � pi

u : � u � pi

END

END

insertt at thebeginningof s
END

RETURN s
END

The complementp of a probelist p is de�ned asthe setof probesin the master
table,m, minusthe probesin p, hencep : � m � p. “init” denotesthe processof
creatinganew, emptyprobelist or list object.

Visualizer Visualizer is aninterfacebetweentheback-endclassesandthegraph-
ical userinterface(GUI). The main taskof a Visualizer object is to handlea set
of graphicalviewers and one tabular viewer. It administersexactly one Tabu-
larProbeListViewer object and an (theoretically)arbitrary numberof Graphical-
ProbeListViewer objects. The Visualizer objectprovidesaccessto its associated
ProbeListViewer for thehandledviewer objects.
Handlingof viewersincludesthecreationof windows(javax.swing.JFrame) for the
viewersandthe forwardingof noti�cations sentfrom logically lower classeslike
ProbeList objects,theProbeListManager or theassociatedProbeListViewer object.
Moreon noti�cations canbefoundin Section5.3.4.

GraphicalProbeListViewer GraphicalProbeListViewer is theabstractbaseclass
for the complete hierarchy of graphical probe list viewers. It extends
javax.swing.JComponent, which is oneof the basicclassesof the Swing toolkit
andservesasaguidingframework for Swingcomponents[33].
GraphicalProbeListViewer hasan associatedjava.awt.image.BufferedImage data
structure,that containsthe currentplot. Typically GUI componentshave to be
repainted,if, for example,anotherwindow temporarilyhid them. If a Graphi-
calProbeListViewer is repainted,the java.awt.image.BufferedImage is drawn onto
thecomponent.For ef�ciency, the java.awt.image.BufferedImage is only updated
whennecessarydueto changesin the model. Zoomingor changingthe color a
probelist may result in the java.awt.image.BufferedImage beingupdated.With-
out employing a java.awt.image.BufferedImage, the GraphicalProbeListViewer
would have to performthe possiblycomplex calculationsto createthe plot, ev-
ery time anotherwindow hascovereda part of the image. Hence,the useof
java.awt.image.BufferedImage enablesfastdisplayof thedata.
GraphicalProbeListViewer requiresits specializationsto implementthe function
plot(), which is calledevery time the java.awt.image.BufferedImage hasto beup-
dated.To updatetheplot, a java.awt.Graphics2D graphicscontext is retrievedfrom
the java.awt.image.BufferedImage andpassedto theplot() function. Additionally,
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aseriesof utility functionsis provided,thatshouldbeusedto queryandto modify
the dimensionsof the differentareasof a plot. Theseareasareshown in Figure
5.13.

Figure5.13:Theareasof agraphicalprobelist viewer. GraphicalProbeListViewer providesfunctions
to queryandmodify the dimensionsof the shown areas. For instance,getTopSpacer() yields the
heightof thetopspacerarea,or setRightAnnotation() setsthewidth of theright annotationarea.

Thespacerareasareindentedto representa framearoundtheplottingandannota-
tion area,thatis left blank.Theannotationareausuallycontainsscales,legendsor
captions,while theplottingareais reservedfor theactualplot.
Someof thedimensionsshown in Figure5.13arecompletelydependenton other
areasandthuscannotbe modi�ed explicitly. Thesearethe top, left, bottomand
right borderaswell as the horizontaland vertical borders. The plotting areais
de�ned by thespecializedplot classes.A programmermustquerythedimensions
of the annotationandspacerareasto determinethe positionof the plotting area.
Finally, the positionof the whole plot structureasshown in Figure5.13 canbe
placedwithin the JComponent representingthe GraphicalProbeListViewer, if the
availableareais larger thantheplot itself. Thepositioncanbequeriedusingget-
Top(), getLeft(), getRight() andgetBottom(), while therespective setter4 functions
modify theposition.

4Setterfunctionsandgetter functionsare two termscommonlyusedto refer to the set...() and
get...() functions,thatmodify adistinctattributeof a class.
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GraphicalProbeListViewer de�nes threeelementsof a plot, that aredrawn in the
annotationareas.The individual elementsarea caption,a probelist legendanda
transformationmodelegend. GraphicalProbeListViewer de�nes only functionsto
turntheseelementsonandoff, how or if they aredrawn,dependsonthespecialized
implementations.
TheProbeListViewer objectassociatedwith Visualizer objectsprovidesthegetU-
niqueProbes() function, which is accessedby GraphicalProbeListViewer ob-
jects. As the computationof uniqueprobesis time-consuming,GraphicalPro-
beListViewer buffersa copy of the list of uniqueprobesandupdatesit only when
it is requestedby thecorrespondingVisualizer. This is handledby sendingnoti�-
cations,whichareexplainedbelow in Section5.3.4.
Thefollowing algorithmis a generalizedversionof thefunctionsusedby special-
izedviewersto plot Probe objects.

PLOTPROBE

� Input A probep, a �ag s indicatingwhetherselectedprobesshouldbe
plottedor notandasecond�ag h indicatingwhetheraselectedprobeshould
beplottedusingthecolorof theselectionprobelist (“highlighted”) or using
thecolorof thecorrespondingtop priority probelist. Sis thesetof selected
probesandI is the setof invisible probes(their correspondingtop priority
probelistsarehiddenandthey arenotcontainedin any otherprobelist).

PLOTPROBE( p, s, S, h, I )
init representative r
init color c
P : � probelist viewer of p
M : � probelist viewer of p
L : � probelistsassociatedwith p
t : � TOPPRIORITYPROBEL IST ( P, L, M )
IF p

�

STHEN

IF s � TRUE THEN

IF p
�

I THEN

EXIT

END

setr selected
IF h � TRUE THEN

c : � colorof S
ELSE

c : � colorof t
END

ELSE

EXIT

END

ELSE
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c : � colorof t
END

constructr from graphicalprimitivesusingdatafrom p
setcolor to c
plot r

END

Exporting a graphical viewer is very much simpli�ed using the Batik SVG
Toolkit. The transcoderAPI offered by the toolkit can be accessedto cre-
ate either a java.awt.image.BufferedImage (pixel-basedimage format export)
or a org.apache.batik.svggen.SVGGraphics2D (vector-based image export)
object. The latter is a specializationof the java.awt.Graphics2D class. As
java.awt.image.BufferedImage also provides a java.awt.Graphics2D graph-
ics context, it suf�ces to pass thesegraphicscontexts to the plot() function
of a graphical viewer. After the viewer has plotted the data in the graph-
ics context, the object (either the java.awt.image.BufferedImage, which itself
is obtained from an org.apache.batik.transcoder.image.ImageTranscoder
or an org.apache.batik.svggen.SVGGraphics2D context, associated with
an org.apache.batik.svggen.SVGGeneratorContext object) from which the
java.awt.image.Graphics2D graphicscontext originated,can be written to a �le
encodedin therespective image�le format.

GraphicalPrimiti ve, GPLine, GPBox GraphicalPrimitive is aninterfaceimple-
mentedby both GPLine andGPBox. Theseclassesareusedto constructGraph-
icalRepresentative objects(seenext paragraph).EachGraphicalPrimitive object
keepsa referenceto theGraphicalRepresentative objectit belongsto, which itself
referencestheobjectit represents(eithera Probe objector a ProbeList). Thusthe
correspondingpartof themodelcanbeobtainedfrom a GraphicalRepresentative
object,asrequiredwhena GraphicalPrimitive is selectedin a plot.
GPLine is derivedfrom java.awt.geom.Line2D.Double andGPBox is derivedfrom
java.awt.geom.Rectangle2D.Double.

GraphicalRepresentative, GraphicalProbeRepresentative, GraphicalPro-
beListRepresentative, ProbePro�le, ProbeExpressionImage GraphicalRep-
resentative objectsare representationsof distinct partsof the data model, like
Probe objectsor ProbeList objects. GraphicalRepresentative objectsare used
in GraphicalProbeListViewer visualizations, where the user can select these
representations(usuallyby clicking them),to gainaccessto themodel.
Usuallyseveral classesimplementingtheGraphicalPrimitive interfaceareusedto
constructa GraphicalRepresentative. GraphicalProbeRepresentative is the gen-
eralizationof both ProbePro�le (usedin Pro�lePlot ) andProbeExpressionImage
(usedin ExpressionImagePlot). GPBox objectsarecurrentlyusedin BoxPlot view-
ers,but they might bereplacedby a GraphicalRepresentative objectcomposedof
a GPBox object(the “box”) andGPLine objects(the “whiskers”). In the current
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implementationthe whiskers are not interactive, as they are not representedby
GraphicalPrimitive objects.

CoordinateSystemPlot,Pro�lePlot, BoxPlot CoordinateSystemPlot is theab-
stractbaseclassof Pro�lePlot andBoxPlot. Bothviewersdisplaythedatain a two
dimensionalCartesiancoordinatesystemthat hasa y-axis dependenton the ex-
pressionvaluesof theprobesin theexperiments.Theexperimentsarelistedonthe
x-axis.
A CoordinateSystemPlot is partitionedinto segments,which arede�ned by adja-
centpairsof experimentson thex-axis. Pro�lePlot objectsrepresentsegmentsby
line segments,in BoxPlot objectsa box representsa segment.In Pro�lePlot Probe
objectsarerepresentedby ProbePro�le objects,while BoxPlot employssimpleGP-
Box objectsfor eachexperiment.However, thenumberof segmentsdiffersin Pro-
�lePlot andBoxPlot. Pro�lePlot hasn � 1 segmentsandBoxPlot hasn segments,
wheren is the numberof experiments.The functiongetNumberOfSegments() is
overwrittenin Pro�lePlot andBoxPlot andyieldsthenumberof segmentsin aspe-
ci�c plot.
Thesegmentationof CoordinateSystemPlot objectsis in particularrelevant to the
performanceof Pro�lePlot . If theuserclicks into theplottingarea,a searchis per-
formedto �nd the clicked GPLine objectwhich is subsequentlyusedto retrieve
thecorrespondingprobefrom themodel. In a pro�le plot though,thenumberof
GPLine objectsis oftengreaterthan100� 0005. As the GPLine objectsarestored
perplot segment,the�rst stepis to computethesegmentwheretheclick occurred
andonly the secondstepis to �nd the clicked GPLine object in the correspond-
ing segment. Using this approach,a n � 1-fold reductionof the searchspaceis
achieved,wheren is thenumberof experiments.

ExpressionImagePlot The ExpressionImagePlot classimplementsexpression
imagesasdescribedin Section5.1.2.3.ExpressionImagePlot employs theProbe-
ExpressionImage classas representatives for the displayedprobes. Like Coor-
dinateSystemPlot, ExpressionImagePlot is partitionedinto segments,whereeach
experiment,or columnof theexpressionmatrix, is representedby asegment.This
saves a considerableamountof time, when a GraphicalRepresentative is to be
identi�ed.
As theexpressionmatrix usuallydoesnot �t on a singlescreenpage,Expression-
ImagePlot is split into severalpages,thatcanbebrowsed.Thenumberof probes,
or rows of theexpressionmatrix,canbevariedby theuser, soit is possibleto dis-
play thecompletematrixonasinglepage,assumedtheuserhaschosenazooming
factorsmallenough.
Thecolorsusedin a ExpressionImage arefrom eithera two- or a three-colorgra-
dient.Bothgradienttypesconsistof 256colors.For a three-colorgradient,acolor

5For instance,a microarrayexperimentcomprisingall openreadingframes(ORFs)in yeastthat
employs 20chipswould resultin morethan114� 000line segmentsif visualizedin aPro�lePlot

67



Designandimplementationof interactivevisualizationfeatures

for down-regulation,acolor for up-regulationandacolor for no changein expres-
sionhave to besupplied.For eachof thethreecomponentsred,greenandblue,the
distancebetweenthedown-regulationandtheno changecolor, aswell asthedis-
tancebetweenthenochangeandtheup-regulationcoloris computed.Thesevalues
aredividedby 128andsubsequentlyaddedto �rst thedown-regulatedcolor, and
thento theno changecolor, which in consequenceyieldsa list of 256colors.The
sameappliesto two-colorgradients,thatdonotfeatureanexplicit nochangecolor.
Thereforethedistancebetweendown-regulatedandup-regulatedcoloriscomputed
andthesedistancesaredividedby 256. TheoverloadedfunctioncomputeColors()
computesthecolorgradients.TheplottingfunctionplotProbe() accessesthelist of
colors(“the gradient”)whenplotting ProbeExpressionImage objects,after map-
ping theexpressionlevel ontoa scalefrom 0 (globalminimumexpressionvalue)
to 255(globalmaximumexpressionvalue).

MultiPlot ClassMultiPlot managesa setof viewersandarrangesthemin a grid.
TheviewersmustimplementtheMultiPlottable interface. At themoment,the re-
quirementsof this interfacearemetonly by Pro�lePlot andBoxPlot, which unlike
theExpressionImagePlot needonly a �x ed-sizeplottingareato displaythedata.
Whena MultiPlot objectis constructed,it is passeda java.lang.Class object,repre-
sentinga MultiPlottable class(that is a classimplementingMultiPlottable). Of this
classa so-called“prototypeviewer” objectis constructed,that is usedto storethe
informationaboutthe displayedplots. Suchinformationis for examplewhether
thegrid is turnedon or off, if scalesareto bedisplayedor thecaptionof theMul-
tiPlot viewer. A list holdingtheactualMultiPlottable viewer objectsis maintained,
too. Theseplotsrememberonly thevisibility stateof thecontainedprobelists,all
othersettingsarecentrallyadministeredby theprototypeviewer. How this feature
canbeusedis describedin Section5.2.1.Thegrid is �lled with theplotsin thelist
columns-�rst.
Mouse-clickeventsaresentto the plots in the list after determiningtheplot that
wasclicked.Theclickedplot is determinedby mappingtheclick coordinatesonto
thegrid of theMultiPlot andthencallingtherespectiveplot object.Theclickedplot
maybeobtainedthroughgetClickedViewer().
While at the momentit is only possibleto manageeither Pro�lePlot objectsor
BoxPlot objects,in future it shouldbepossibleto managedifferentviewersat the
sametime. This would enabletheuserto composecomprehensive overviews in a
singleMultiPlot viewer. Finally, it hasto benoted,thatMultiPlot couldimplement
theinterfaceMultiPlottable aswell andbeincludedin anoverview plot asdescribed
before.

TabularProbeListViewer Class TabularProbeListViewer is derived from
javax.swing.JTable. TabularProbeListViewer objects are createdwhen a new
Visualizer object is instantiatedand integrated into the user interface of the
Visualizer.
TabularProbeListViewer addsfurther functionality to javax.swing.JTable. For in-

68



Designandimplementationof interactivevisualizationfeatures

stance,TabularProbeListViewer objectsdisplaysandmodi�es theselectionasde-
�ned by theProbeListViewer objectassociatedwith theVisualizer. An export func-
tion is addedaswell, whichsupportsexport to plain text �les.

5.3.4 Sendingnoti�cations

The MVC architecturerequiresthat messagesor noti�cations aresentfrom the
modelto theviewers,whenthemodelis updated.Themodelcannotcall thefunc-
tions of the viewers directly, as in generalthe model doesnot know aboutthe
viewersobservingit. Figure5.14shows themessage�o w in Maydayin detail.

Figure5.14: This UML collaborationdiagramillustrateswhich classesaresendingnoti�cations to
otherclass.Or, to put it theotherway round,this diagramshows the listenersassociatedwith the
shown classes.Arrows on the connectinglines indicatethe direction of information �o w, labels
associatedwith arrowsrepresentevents,thattriggerthesendingof noti�cations. If not indicatedoth-
erwise,a labelcanbethoughtof followedby “changed”(for example,“layout changed”or “content
changed”on theline connectingProbeList andProbeListManager).

Maydayrelieson theJava Swingeventmodel.Theconceptof this eventmodelis
basedonobjectsthat“�re” or initiateevents,whicharereceivedby previouslyreg-
isteredlistenerobjects.Theeventssentmight berepresentedby separateclasses,
hencethey canbe handledseparately. Classesmust implementthe correspond-
ing listenerinterface,to beableto registerthemselvesat anevent-initiatingclass.
Registeringis achieved by calling add...Listener(), thedotssubstitutingthename
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of the event class. De-registeringis also supportedand performedthrough re-
move...Listener() [16].
Themostfrequentupdatesof themodelin Maydayarechangesconcerningeither
probelists or theselectionin viewers. For instance,eachselectionor deselection
of a probein a plot mustbe propagatedby the ProbeListViewer (which handles
theselection)andto all GraphicalProbeListViewer objectsandto the TabularPro-
beListViewer.
Many classesserve asreplicators,thatmeans,thatthey forwardnoti�cations from
containedobjectswhich cannotbe accesseddirectly or only with a large effort.
For instance,theclassProbeListManager forwardsnoti�cations from themanaged
ProbeList objects. Hence,classesthat want to receive the ProbeListEvent events
�red by ProbeList objects,only have to registerwith a singleProbeListManager
object,insteadof with apossiblylargenumberof ProbeList objects.
De-registeringmustnotbeneglected,asillustratedby thefollowing example.Fig-
ure5.14shows, thatGraphicalProbeListViewer objectsreceive messagesfrom the
MasterTable andthe ProbeListViewer. If a viewer is closed,it shouldde-register
from both instances,otherwiseit would still receive noti�cations, even thoughit
is neithervisible nor accessibleany more. Theactionsfollowing theeventwould
be performedanyways,which is unnecessarilytime-consumingandmight under
certaincircumstancesresultin unde�nedbehavior.
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6

Discussionand futur e
developmentof Mayday

6.1 Discussion

Visual inspectionandexplorationof microarraydatais an importantstepin mi-
croarraydataanalysis.With Maydaya tool hasbeendeveloped,that setsa high
valueon interactive visualization,andthuspromotesvisual inspectionandexplo-
rationof thedata.Besidestheinfrastructurenecessaryto managethedata,typical
visualizationslike pro�le plots,box plotsandexpressionimages(heatmaps)have
beenimplemented.Additionally, Maydayhassupportfor multi plots,whichopens
up new possibilities,like visual comparisonof differentclusterings,asdescribed
in Section5.2.1. Sinceboth the visualizationtoolsandthe datamanagementin-
frastructureare highly �e xible, it is irrelevant how the clusteringwas obtained,
whetherit wasloadedfrom a�le or createdby theprogramitself usinganarbitrary
clusteringplug-in (seeSection6.2.3).

Mayday's intendedaudiencearenot exclusively usersof microarraydataanalysis
methodslike biologists,but alsodevelopersof suchmethodslike computersci-
entistsor mathematicians.To supportdevelopers,Maydaywill be equippedwith
a plug-in interface(seeSection6.2.3)that enablesthem,aswell asusers,to ex-
tendMaydaywith a multitudeof dataanalysistechniquesand�lters. As plug-ins
canaccessthecompleteinfrastructureprovidedby Mayday, synergy effectsin the
developmentof new dataanalysismethodsare to be expected. Developersare
enabledto concentrateon thealgorithmicaspects,while Maydayprovidesessen-
tial functionalityto testandapplynew methods.Theuniform control interfaceof
Maydayallows easyanduncomplicatedaccessfor users.

Beingimplementedin Java,Maydaycanbeusedonavarietyof hardwareandsoft-
wareplatformswithoutany extraeffort for porting.This is in particularimportant,
asin biologicalandclinical laboratoriesheterogeneoushardwareandsoftwareen-
vironmentsareprevailing.
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6.1.1 Somecritical thoughtson performance

Concerningrenderingcapabilities,Maydaystill canbe improved. Dependingthe
availablehardwareandthe typeof plot, thesizeof thedatasetto bedisplayedis
limited. Evenonastate-of-the-artPCworkstation,therenderingof aplot with over
5 � 000probepro�les maytake up to 5 seconds.For interactive exploration,this is
unbearablylong. On theonehand,this is dueto theMayday-speci�c algorithms
anddatastructuresappliedduring rendering,but on the otherhand,the limits of
the Java renderingenginearereached,when5 � 000 probepro�les with about20
measuredexpressionvalueseachare to be plotted. This meansthat thereabout
100� 000 line segmentsto be plottedin caseof a singlepro�le plot. In caseof a
multi pro�le plot, theremightbeover1 � 000� 000segmentsthathavetoberendered.
It is the sheercomplexity of the data, that causesthe trouble. Thereforeit is
stronglyrecommendedto reducesizeof thedatasetprior to visualization.Meth-
odsto selectprobesor genesof interestrangefrom user-de�ned subsetsbasedon
expertknowledgeandsimple�lters to statisticaltestsandclusteringsof arbitrary
complexity. Evenif theusertakesthetime andwaitsfor a plot of 5 � 000probesto
berendered,theresultswill beoftenunsatisfactory, asFigure6.1 illustrates.
However, if the dataset is reducedto the most informative genes,visualization
workswell, asshown in Figure6.2. This exampleillustrates,thatmicroarraydata
analysisis aniterativeprocess,thatrequiresrepeatedapplicationof differentmeth-
odsto yield sensibleresults.
Anyways,the visualizationcould be spedup by moreextensive useof the layer
concept.While currentlyall layersaredrawn on thesamebufferedimage,which
hasbe repainted,whenever any of the layerschanges,it may be moreef�cient
to draw eachlayer on an individual buffered image. Consequently, a layer has
to be redrawn only whenit is actuallyconcernedby a changeof theselectionor
other events. This would make the visualizationsfaster, but on the otherhand,
memoryusagewould increase,sincemorebuffered imageshadto be stored. A
redesignof the algorithmsinvolved in plotting probesand improvementof the
internal implementationof datastructureslike mastertableandprobelist might
contribute to fasterrenderingof plotsaswell.

6.2 Futur e development

6.2.1 Somegeneralextensionsto Mayday

The further developmentof Maydayshould improve someexisting features,of
whichat themomentonly basicimplementationsexist.
In particular, thisis thelookupof probeidenti�ers in WWW databases.Thecurrent
implementationprovides accessonly to two databases,but future extensionsof
Maydayshouldtake into account,thatusersoftenwantto accessorganism-speci�c
or local databases.An interface,thatenablestheuserto addnew databasesandto
de�ne how they canbeaccessed,wouldyield agreatbene�t for analysis.
Userpreferencesarecurrentlyonly very weaklysupported,which shouldbe im-
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Figure6.1: Thedatashown is from Golubetal. (1999).Theplot containsthecompletedatasetwith
5508probes.

proved in the future. If theuserwasenabledto storedefault settingsfor viewers,
directoriesandcolors,Maydaywould becomemoreuser-friendly. Additionally, it
would beusefulto integratea projectconceptinto Mayday, which allows theuser
to managea coupleof datasets,probelists andvisualizations.Sucharrangements
maybestoredin a �le andbeloadedagainin futuresessions.

6.2.2 Further visualization options

Thevisualizationtoolsimplementedin Maydayareamongthemostcommonvisu-
alizationsin microarraydataanalysis.However, thereexist many otherapproaches
to displaysuchdata. Someof themhave beenmentionedin Chapter2, further
techniquesarelistedbelow.
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Figure6.2: In comparisonto Figure6.1, this plot containsthe 25 mosthighly expressedgenesin
ALL andthe25mosthighly expressedgenesin AML. For detailspleasereferto Golubetal. (1999).

6.2.2.1 Display of multi variate data

Microarraydatais high dimensional.Eachexperimentaddsanotherdimensionto
a probe,probepro�les of up to 30 dimensionsarequite common. Especiallyin
time seriesexperiments,thenumberof dimensionsis veryhigh.
Methodsof multivariatedatavisualizationhave long beensubjectto exhaustive
research.Inselberg [28] hasproposedto useso-calledparallel coordinateplots.
While in a Cartesiancoordinatesystemall axes are mutually perpendicular, in
a parallel coordinatesystemthe axes are parallel with equaldistancesbetween
them.Hence,a point in n-dimensionalspacebecomesa polyline with n sampling
points. The strengthof parallelcoordinatesis in modelingrelationsbetweenthe
variables[29], which is very useful,if geneexpressiondatais beinganalyzed.A
self-containedreview on thetechniquehasbeenpublishedby Inselberg [30].
Scatterplots are a commontool for visualizationof dependenciesbetweentwo
variables. However, a seriesof scatterplots, arrangedin a grid or matrix, may
be usedto displaymultivariatedata. If a scatterplot visualizationhasbeenim-
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plementedin Mayday, a scatterplot matrix couldbeachieved by creatinga multi
scatterplot, basedon theexistingmulti plot visualizationtool describedin Section
5.1.2.4.
Developmentof completelynew visualizationmethods,like proposedby Tanget
al. [46], may help to understandmicroarraydatabetter. Thesemethodsshould
particularlyemphasizetherelationshipbetweenprobes,which is importantto un-
derstandgeneregulatorynetworksandinteractionsbetweengeneproducts.

6.2.2.2 Specializedvisualizations

Besidesthegeneralapproachesdescribedin theprevioussection,somemorespe-
cializedvisualizationsmightprobablybebene�cial to differentaspectsof microar-
raydataanalysis.
For instance, the results of a PCA are often visualized in a two- or three-
dimensionalcoordinatesystem.Suchvisualizationsarecurrentlynot possiblein
Mayday, but theintegrationof suchtoolsshouldbeconsidered,asPCA is a stan-
dardprocedurein microarraydataanalysis.On theotherhand,Yeunget al. [59]
haveshown, thatPCAdoesnotnecessarilyimprovetheresultsof amicroarraydata
analysis.
Anotherspecializedvisualizationis an extendedexpressionimage,that features
anattacheddendrogram.Theresultsof ahierarchicalclusteringareusuallyrepre-
sentedby adendrogram.Anotherextensionof anexistingviewer is thefencedbox
plot, thatallows easieridenti�cation of outliersin thedata.
Animatedtwo- or three-dimensionalvisualizationsmayalsoprovidedeeperinsight
into thestructuresandpatternscontainedin thedata.Suchanimatedvisualizations
could includerotationsof 3-dimensionalscatterplots in spaceor displayhow the
dataevolvesin time or acrossaseriesof experiments.

6.2.3 Towards a plug-in basedframe-work

As mentionedin earlierchapters,Maydaywill featurea plug-in interfacein the
future. The following paragraphillustrate how plug-ins will be integratedinto
Mayday.
Whenprobelistswereintroducedin Chapter4, sometaskswerelisted,thatcanbe
accomplishedusingprobelists. Themainideais, thatmany algorithmstake a set
of probelists asinput andreturnanothersetof probelists asoutput.To thisgroup
belongin particularclusteringtechniques,thatcreateapartitionof theinput set.
Othersmethodsthatcanbeabstractedto this level are�lters andsettheoreticop-
erationslike “and”, “or”, “not” (with respectto theglobalprobelist or themaster
table)and“exclusive-or”. Filters are in particularinteresting,sincethey canbe
thoughtof representingbinaryclassi�ers.A binaryclassi�er is employedto sepa-
ratea datasetinto two groups,accordingto someclassi�cationcriterion. A �lter
doesthesame,allowing someelementsto pass(the �rst group),while othersare
�ltered out (the secondgroup). This conceptcoversa large numberof possible
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plug-ins,thattake a setof probelists asinput andreturntwo new probelists,con-
tainingtheclassi�edobjects.
A plug-in thatperformsPCAor SVD wouldbeespeciallyusefulfor visualization.
However, the reductionof dimensionalityperformedby thesemethodsraisesa
conceptualproblem.Maydayis not ableto managetheresults,asit only handles
probes,that have the samenumberof dimensions.Visualizationof the resultsis
problematicfor similar reasons.Hence,a PCA or relatedplug-in mustprovide its
own visualizationandif required,apossibilityto write theresultsto a �le.
Anotherproblemwith thecurrentimplementationof Maydayis, that it is not de-
signedto storeotherinformationthanannotationandexpressionvaluesfor probes.
For instance,a possibilityshouldexist, to markestimatedexpressionvaluesor to
storethe level of signi�canceasresultof a statisticaltest. The �rst caseis hard
to achieve without extensionof themastertabledesign.The lattercasehowever,
couldbesolvedby addingtheresultsof thetestto theannotationof theprobe.This
solutioncanbeappliedto many similarproblems.
In summary, plug-insareavaluableextensionto Maydayandshouldbefocusedin
thefurtherdevelopmentof theapplication.Thesectionsbelow giveanoverview of
plug-insthatmaybeimplemented.Theseparationinto threecategoriesis neither
�nal nor completelyfeasiblein implementations,but shouldgive an ideaof the
differentwaysof communicationbetweenMaydayandplug-ins.

6.2.3.1 Plug-insworking on probelists

Generally, plug-inscanbe thoughtof small applications,that communicatewith
Maydayby exchangeof datastructures,probelists in this particularcase.In addi-
tion, plug-insmayaccessfunctionalityprovidedby Mayday.
The following list shouldgive an ideaof what kind of plug-inscould be imple-
mented,basedon thebinaryclassi�cationconcept.

� A �lter plug-in, that allows the userto de�ne an upperanda lower bound
expressionlevel for eachexperimentasa criterion. The plug-in separates
thoseprobes,which lie within thegivenbounds,from thosethatdo not. A
graphicaluserinterfaceasintegratedin the“Pro�ler” tool of J-Express(see
Section2.2.5)mightbeemployedin suchaplug-in.

� As missingexpressionvaluesposesevereproblemson many analysismeth-
ods,a simpleplug-in, which �lters out thoseprobes,that containmissing
values,andallow thoseto pass,thatdonot,wouldbeveryvaluable.

� A plug-in, that separatesthoseprobes,which have a variationor standard
deviation, that lies within givenboundsof a givenvariationor standardde-
viation, from thosethathave a variationor standarddeviation lying beyond
thegivenbounds.Suchkind of plug-inshouldbeusedonly onunnormalized
data.

� To obtainthoseprobes,that lie within prede�neddistanceto a givenpro�le
(eitheruser-de�ned or a selectedprobefrom the input set),a plug-in could
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bewritten,thatusessomedistanceor similarity measureto computethedis-
tancefrom thegivensubjectprobeto aqueryprobe,andclassifyit according
to auser-de�ned limit.

However, it hasto benoted,that thede�nition of distanceandsimilarity is
not �x ed.Plentyof distanceandsimilarity measuresareknown andmany of
themarein usein microarraydataanalysis.Hence,it is reasonableto enable
the userto selectfrom a variety of distanceor similarity measures.Since
othermethods,like for instanceclustering,rely on distanceandsimilarity
measures,too, they shouldbe implementedas plug-ins themselves. The
interfaceis verystraightforward,asadistanceor similarity measurerequires
two probesasinputandreturnsadistanceobject.A distanceobjectis usually
a�oating pointnumber, but mightbede�neddifferentin somespecialcases.

� A widely usedbinaryclassi�er aresupportvectormachines(SVMs)1 asin-
troducedby Vapnik[53]. Implementationof aSVM plug-inwouldbebene-
�cial, asSVMsarea commonlyusedclassi�er in microarraydataanalysis.

� Thet-testknown from statisticalhypothesistestingmaybeappliedto iden-
tify differentially expressedgenesat a given level of signi�cance. In the
senseof binaryclassi�cation,at-testcanbeconsideredaclassi�er, thatsep-
aratesthoseprobes,thataredifferentiallyexpressed,from thosethatarenot.

Herethet-testis mentionedbecauseit is astandardprocedure,but of course,
otherstatisticaltestsmaybeimplemented,too.

Thepreviously describedplug-in conceptusedfor binaryclassi�cationcanbeex-
tendedto a moregeneralform that allows morethantwo classesandthusmore
thantwo returnedprobelists. As mentionedearlier, suchplug-insmayimplement
clusteringalgorithmsask-meansor SOMclustering.Hierarchicalclusteringmight
beimplementedaswell, howeverthenumberof probelistsreturnedby hierarchical
clusteringis usuallytoo largefor furtherprocessing.To avoid this,thehierarchical
clusteringplug-in shouldallow the userto seta level wherethe treeis to be cut.
Theplug-inwill returnonly thoseclustersabove thecut.
A strengthof a plug-in extensibleapplicationis, that it canbeequippedwith im-
provedalgorithmswith only little effort. Furthermore,theprogrammustnotneces-
sarily beupdatedby theoriginal authors,but every userwho hasbasicknowledge
of theJavaprogramminglanguageis ableto extendtheprogramwith custom-made
algorithms.For example,theoriginal k-meansclusteringalgorithmby Hartiganet
al. [26] hasbeenimproved by Alsabti et al. [3]. While theoriginal algorithmas
integratedinto mostapplicationsis suf�cient for everydaytasks,somelarge-scale
projects,that heavily rely on the k-meansclusteringalgorithm, would probably
bene�t from animplementationof thenew versionasaplug-in for Mayday.
SOM clusteringand k-meansclusteringalgorithmsyield clusterrepresentatives
(clustercenters)besidesa partition of the input set. A clusterrepresentative can

1Originally, SVMsarebinaryclassi�ers,althoughmorerecentapproachesalsosupportseparation
of morethantwo classes.
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beconsideredasa specialprobe.To enabletheuserto accesstherepresentatives,
theplug-inmuststorethemin themastertableasimplicit probes.Further, anextra
setof probelists containingtheseimplicit probesshouldbe createdandreturned
togetherwith theprobelists representingthepartition.

6.2.3.2 Plug-insworking on the master table

Besidesplug-ins basedon probe lists, anotherplug-in interface will be imple-
mented,thatgrantsplug-insaccessto themastertable.Thisclassof plug-inscanbe
usedto implementacoupleof functions,thatarefrequentlyrequiredin microarray
dataanalysis.Theinputandoutputof theseplug-insis amastertableobject.
Datanormalization,for instance,is a fundamentalstepin any dataanalysis. To
be able to differentiatebetweenbiological variationandvariationcausedby the
measurementprocessor to comparethe dataof several microarrayexperiments,
normalizationis required[55]. Hence,the developmentof a plug-in performing
normalizationof themastertablehashighpriority.
Plug-insthatestimatemissingexpressionvaluesareof similar importance.As mi-
croarrayexperimentsarestill relatively expensive, in particularwhencommercial
microarraysareused,thereis oftenno replicationof the experiment,on which a
calculationof themissingvaluescanbebased.However, althoughthis is a rather
small�eld in microarraydataanalysisresearch,anumberof approachesto missing
valueestimationareknown. Theserangefrom calculationof row meansto highly
sophisticatedmethodsthatemploy k-nearestneighborsclassi�ersor singularvalue
decomposition[50]. AnotherapproachcouldbebasedonGaussianprocesses[34].
Datatransformations,like takingthelogarithmor othersmight beusefulfor some
analysesandcouldbeimplementedasplug-ins,too.

6.2.3.3 Plug-ins for data import and export

A majorproblemin relatively new andfast-changing�elds asthemicroarraytech-
nology, arequickly emerging storageanddatainterchangeformats.Themicroar-
ray geneexpressionmarkuplanguage(MAGE-ML) [42], hasbeenproposedasa
standard�le formatfor microarraydata.However, probablybecausetheproposal
of MAGE-ML asa standardhasonly beenrecentlypublished,thereis still a great
varietyof different�le formats.
In Maydaythis problemcan be approachedusing plug-ins for data import and
export. In this context, datarefersto bothexpressionmatricesandprobelists.
Plug-insthat import expressionmatricestake oneor more�les asinput andyield
a mastertableobjectasoutput. Theplug-insmayrangefrom straightforward ap-
proaches,which for examplereadcomma-delimited�les (insteadof tab-delimited
�les, as the standardexpressionmatrix loaderof Maydaydoes). Other import
plug-insfor expressionmatricesmayconcatenateseveralexpressionmatrices,that
containthesameprobes,but differentexperiments.Plug-insthat take expression
matricesof replicatedexperimentsandcomputeaverageexpressionlevelsmaybe
implemented,too. An importplug-in,thatenablestheuserto selectedonly speci�c
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experimentsfrom an(possiblyvery large)expressionmatrixwouldbebene�cial to
someusers.Thesameconceptcouldbeappliedto probesinsteadof experiments.
As plug-insmaycall their own dialogsandcreatenew windows asneeded,some
plug-insmaybeimplementedas“applicationswithin theapplication”.Suchcom-
plex plug-inscould provide supportfor loadingraw datafrom two-color cDNA
microarrayexperiments,whereonly spotandbackgroundintensitiesareknown.
Import from proprietaryformatsor MAGE-ML �les couldbeachieved with such
plug-insaswell.
With the increasingnumberof microarrayexperimentsbeingperformedin labo-
ratories,thedataobtainedfrom theseexperimentshasto bestoredin databasesto
remainmanageable.This is essentialin large facilities, wherethe datamustbe
accessiblefor many differentpeople,oftenthroughdifferentuserinterfacesor pro-
grams.To beapplicablein suchenvironments,Maydayhasto beextendedby plug-
ins, thatprovide accessto thesedatabases.Accessto public WWW databaseslike
ArrayExpress[5] andtheStanfordMicroarrayDatabase[23] wouldbeinteresting,
too. However, while thereareno commonlyusedstandardizeddatabaseschemes,
mostuserswill have to write theirown plug-in to accessaspeci�c database.
Plug-insfor export of expressionmatricesto different �le formatsare required,
whenMaydayis only usedin anintermediatestepof ananalysis.Bothexport to a
single�le or to multiple�les maybeimplemented.Exportof theexpressionmatrix
usinga plug-in is differentto export usingtheexport functionof a tabular viewer.
While a plug-in hasalwaysaccessto thecompletemastertable,a viewer usually
representsonly asubsetof themastertable.
Assumingthereexist correspondingimport andexport plug-ins,Maydaymay be
alsousedasa converter. For suchtasks,in particularwhenthereis a largenumber
of �les to be converted,it would be ef�cient to createa command-lineinterface
thatprovidesaccessto importandexportplug-ins.
Plug-insfor importandexportof probelistsmakeMaydaymoreef�cient in hetero-
geneoussoftwareenvironments,wherea varietyof tools is usedfor dataanalysis.
Probelists maybeimportedfrom eitherdatabasesor locally stored�les. Virtually
every �le format canbe the sourceof probelist information. On the onehand,
theremaybeplain text �les, thatcontaina list of probeidenti�ers in any form or
Microsoft Excel sheetson the otherhand,may be usedto storedatathat canbe
interpretedasprobelists.
Sinceprobelistsareonly setsof probeidenti�ers, plug-inscouldbeimplemented,
thataccesssourceslikeGeneOntology[48], to retrievespeci�c setsof probes.Us-
ing GeneOntology, it is possibleto obtainalist of all yeastORFs,thatareinvolved
in somebiologicalprocessor thatarelocatedin aparticularcellularcompartment.
Besidesthe mappingfrom yeastORFsto GeneOntology, many othermappings
exist, thatassignprobeidenti�ers to eachof thetreeparts2 of GeneOntology.
Exportof probelists to databases,wherethey will beaccessibleto local working
groupsor to aglobalcommunity, couldbeimplementedby plug-ins,too.

2GeneOntologyconsistsof threeparts,namelybiologicalprocess,molecularfunctionandcellu-
lar component.
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6.2.3.4 Further plug-ins and concluding remarks

A lot of microarraydataanalysismethodshave beenimplementedin theR statis-
tical programminglanguage[27]. EspeciallytheBioconductorprojectasapartof
theR projectincludesa multitudeof highly sophisticatedmethodsto analyzemi-
croarraydata.Probablya lot of researchershave implementedtheirown, problem-
speci�c clustering,�ltering or testalgorithmsin R aswell. Thusit is desirableto
implementaninterface,thatprovidesaccessto R functions.TheOmegaproject[9]
providesacoupleof Javaclassesthatenabledevelopersto call R from Java. These
classesarelicensedundertheBSD public licenseor theGNU public andthusare
freelyavailable.If theseclasseswereintegratedinto aplug-inor anotherinterface,
it would bepossibleto call R methodswithin Mayday.
Another type of analysis,that canbe appliedto examinemicroarraydata,is the
analysisof regulatoryregionsin theupstreamanddownstreamsequencesof genes.
Implementationof such methodsas plug-ins is useful to identify co-regulated
genes,for instancein clustersof geneswith highly similar expressionpro�les.
A plug-inthatprovidesanalysisof regulatoryregionsmustaccessthesequencesof
thetargetsequenceson themicroarray. Thesecouldbeeitherloadedfrom a local
�le or directly from databases,eitherlocalor Internet-based.
To comebackto visualization,it is alsopossibleto createvisualizationplug-ins.
Theessentialideais to passaprobelist viewerobjectto theplug-in,which in con-
sequencewill displaytheprobelists containedin theprobelist viewer. Addition-
ally, theplug-in mustbeableto receive noti�cations from theprobelist manager
andother instanceswithin Mayday. Virtually any type of visualizationcould be
implementedasaplug-in,someexamplesaregivenin Section6.2.2.
Finally, Maydaymaybealsousedin teaching,dueto its plug-ininterface.Students
areenabledto implementtheir own algorithmsandmethods,but they do not nec-
essarilyhave to provide their own visualizations.Dataloadingandmanagement
is performedby Maydayaswell. Integrationof anR interfacewould bealsovery
bene�cial to theapplicationof Maydayin teaching.

80



Appendix A

UML diagrams

A.1 Noti�cations

FigureA.1 shows themessage�o w in Mayday. Thediagramis explainedin detail
in Section5.3.4.

FigureA.1: Themessage�o w in Mayday. Arrows on theconnectinglines indicatethedirectionof
information�o w, labelsassociatedwith arrows representevents,that trigger the sendingof noti�-
cations.If not indicatedotherwise,a label canbe thoughtof followedby “changed”(for example,
“layout changed”or “contentchanged”on theline connectingProbeList andProbeListManager).
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UML diagrams

A.2 Classdependencies

FigureA.2 shows how theUML diagramsin Figures4.4, 5.11and5.12arecon-
nected.

FigureA.2: Overview of themostimportantclassesin Maydayandtheir dependencies.Theclasses
andtheirdependenciesareexplainedin Section4.3.2andin Section5.3.3.
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Appendix B

Probelist �le format

B.1 XML-based �le format for probelists

The�le formatfor probelists is basedon theextensiblemarkuplanguage(XML)
[57]. XML is a very �e xible andplatform-independent(meta)markuplanguage.
As thelanguageusestagsto describeandstructurethe�le content,XML is usually
human-readableto someextent.
Java offersgoodsupportof XML by providing XML parsersandclassesto access
XML data,like for instancetheSAX2 classes.
The following codeshows a typical probelist, asstoredin theprobelist �le for-
mat. Notethattheprobeidenti�ers in this examplehave beenmodi�ed to protect
unpublisheddataandthattheannotationis also�ctitious.

<?xml version="1.0"?>

<!-- Created by Mayday. -->

<!DOCTYPE probelist SYSTEM"probelist.dtd">

<probelist>

<annotation>
<name>

Cluster 9 -- 3x3 SOM(rect, Gaussian, Euclidean, random init)
</name>
<quickinfo>

This probe list represents cluster 9 of the SOMclustering.
</quickinfo>
<info>

<![CDATA[
<html>SOME HTML-FORMATTEDDESCRIPTION HERE ...</html>
]]>

</info>
</annotation>

<layout>
<color>

13408512
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</color>
</layout>

<probe>
160834_at

</probe>

<probe>
160547_s_at

</probe>

<probe>
93342_at

</probe>

<probe>
160178_at

</probe>

</probelist>

The <color>...</col or > tag is usedto storethe color associatedwith the
correspondingprobelist. Thecolor valuec shown is obtainedfrom thefollowing
simplecalculation:c � r � 2562 � g � 2561 � b � 2560. r, g andb arethered,green
andbluevaluesof thecorrespondingcolor (0 � r � g� b � 256). If a probelist �le is
createdby handor by anotherprogram,thecolormayalsobegivenin hexadecimal
notation:0xRRGGBB. HereRR, GGandBBrepresenttherespectivered,greenand
bluevaluesin hexadecimalnotation.

B.2 Documenttype de�nition

Shown below is thedocumenttypede�nition (DTD) of theXML-based�le format
employedby Maydayto storeprobelists.

<?xml version="1.0" encoding="ISO-8859-1"?>

<!ELEMENT probelist (annotation, layout, probe*)>

<!ELEMENT annotation (name, quickinfo, info)>

<!ELEMENT name (#PCDATA)>
<!ELEMENT quickinfo (#PCDATA)>
<!ELEMENT info (#PCDATA)>

<!ELEMENT layout (color)>

<!ELEMENT color (#PCDATA)>

<!ELEMENT probe (#PCDATA)>

The DTD is usedby the XML parserto validateinput �les. Parsingerrorsare
reportedto theuser.
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Appendix C

Abbreviations

C.1 Abbreviations and acronyms

Abbreviation Description
ANOVA AnalysisOf Variance
API AdvancedProgrammingInterface
BMP Bitmap(imageformat)
BSD Berkeley SoftwareDesign
CA California
cDNA ComplementaryDeoxyribonucleicAcid
CT Connecticut
DNA DeoxyribonucleicAcid
DTD DocumentTypeDe�nition
EBI EuropeanBioinformaticsInstitute
EST ExpressedSequenceTag
FCRDC FrederickCancerResearchandDevelopmentCenter
FL Florida
GATC GeneticAnalysisTechnologyConsortium
GIF GraphicsInterchangeFormat(imageformat)
GUI GraphicalUserInterface
HTML Hypertext MarkupLanguage
JPEG JointPhotographicExpertsGroup(alsoimageformat)
MA Massachusetts
MAGE-ML MicroarrayGeneExpressionMarkupLanguage
MAYDAY MicroarrayDataAnalysis
MD Maryland
MDS Multi-DimensionalScaling
MIT MassachusettsInstituteof Technology
mRNA MessengerRibonucleicAcid
MVC Model-View-Controller
NCBI NationalCenterfor BiotechnologyInformation
NCI NationalCancerInstitute

85



Abbreviations

NJ New Jersey
NY New York
ODBC OpenDatabaseConnectivity,

Object-OrientedDatabaseConnectivity
OMG ObjectManagementGroup
ORF OpenReadingFrame
PCA PrincipleComponentAnalysis
PICT imageformatdevelopedby AppleComputer, Inc.
PNG PortableNetwork Graphics(imageformat)
PDF PortableDocumentFormat
RNA RibonucleicAcid
SAX2 Simpli�ed API for XML 2
SLR SignalLog Ratio
SOM Self-OrganizingMap
SQL StructuredQueryLanguage
SVD SingularValueDecomposition
SVM SupportVectorMachine
TIFF TagImageFile Format(imageformat)
UML Uni�ed ModelingLanguage
USA UnitedStatesof America
VRML Virtual RealityModelingLanguage
W3C World WideWebConsortium
XML ExtensibleMarkupLanguage
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Appendix D

Systemrequirementsand legal
notes

D.1 Systemrequirements

The following sectionsdescribethe software and hardware componentsto run
Mayday.

D.1.1 Software

Maydayrequiresthefollowing softwareto run.

� An operationsystemsupportedby theJava runtimeenvironment(standard
edition)version1.4.1or later. Suchoperatingsystemsarefor instanceMi-
crosoftWindows,SunSolaris,AppleMac OSX anda wide rangeof UNIX
andLinux platforms.

� TheJava runtimeenvironment(standardedition)1.4.1or later.

� The ApacheXML Project's Batik SVGToolkit [47] version1.1.1or later.
Thispackage is optionalandonly requiredfor exportof graphicalprobelist
viewers.

Hint It is stronglyrecommendedto setthemaximalmemoryavailableto theJava
virtual machineto a valueof 128MB or larger. In somecasesthedefault sizeof
thememoryavailableto theJava virtual machineis not suf�cient.

D.1.2 Hardware

Thereareno specialhardwarerequirementsfor Mayday, asthoseimposedby the
softwarerequirementslisted above. However, it is recommendedto run Mayday
on machineswith morethan128MB of RAM anda fastprocessorcomparableto
at leastan AMD Athlon 700 MHz. A high-resolutioncomputerscreenis useful
aswell, sinceMaydayis very graphicsintense. The larger the resolutionof the
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screen,themoreplotscanbedisplayedsimultaneously. Therecommendedscreen
resolutionis 1280 � 1024pixelsor higher.

D.2 Trademarks

Adobe is a registeredtrademarkof Adobe SystemsIncorporatedin the United Statesand other

countries.

Java,Java 2D andJava 3D aretrademarksor registeredtrademarksof SunMicrosystems,Inc. in the

UnitedStatesandothercountries.

UNIX is a registeredtrademark,exclusively licensedthroughX/OpenCompany, Ltd. in theUnited

Statesandothercountries.

Windows and Excel are trademarksor a registeredtrademarksof Microsoft Corporationin the

UnitedStatesand/orothercountries.

GeneSightis a registeredtrademarkof BioDiscovery, Inc.

GeneSpringandGeNetareregisteredtrademarksor trademarksof Silicon Genetics.

Mac OS, Macintoshand QuickDraw are registeredtrademarksof Apple Computer, Inc. in the

UnitedStateandothercountries.

Affymetrix, GeneChipand NetAffx are registeredtrademarksof Affymetrix, Inc. in the United

Statesandothercountries.

AMD Athlon is a registeredtrademarkof AdvancedMicro Devices,Inc. in the United Statesand

othercountries.

BSD is a registeredtrademarkof Berkeley SoftwareDesign,Inc.
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