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1

Intr oduction

1.1 Geneexpression

Eachcell of an organismcontainsthe same,identicalgeneticinformation. What
makes cells different,is how they usethat geneticinformation. No cell accesses
thecompletenformationatthe sametime, but only particulargenesWhichgenes
areaccessedndtransformednto proteins,depend®nthetissuewherethecell is
locatedandon the environmentalconditionsor the stateof thecell.

The processof transforminga geneinto a proteinis referredto as geneexpres-
sion. Geneexpressiorcompriseswo steps.First, the geneis transcribedrom the
DNA (deoxyribonuclei@cid) strandof a chromosomeénto anmRNA (messenger
ribonucleicacid) molecule. The mRNA moleculeis thentranslatednto a protein
by ribosomesthatusetheinformationencodedn themRNA to synthesize chain
of aminoacidresidueswhich mightbefurthermodi ed by othermolecules After
this chainhasfoldedandreachedts speci ¢ conformationthechainis considered
a protein. Proteinstake over importanttasksin a cell, for example,they actas
catalystdor reactiongdenzymes)assignalreceptorandasstructuraicomponents.
The questionis, which genesareexpressedvhenandwhy. As geneexpressions
regulatedby geneproductsitself, the processesvolved may be highly complex
interactionsbetweermary geneproducts.The aim s to identify thosegeneshat
aretranscribedundercertainconditionsand to deducethe mechanismshey are
involvedin.

1.2 Analyzing geneexpression

Analysisof geneexpressionin a particulartissueor undercertainervironmental
conditionsmayyield fundamentalnsightsinto cellularmechanismsespeciallyif

performedin a highly parallelfashion. While traditional methodsemplogyed for

geneexpressioranalysisusuallyfocuson asinglegeneproductor transcriptmod-
ern approacheshat make useof microarrayscan monitor virtually every mRNA

transcriptin a cell. The following sectionsdescribeboth traditionaland modern
approacheandhow they areemployedin geneexpressioranalysis.
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Introduction

1.2.1 Traditional methods

Southernblotting is a proceduredevelopedin the 1970sby E. M. Southern41].
Themethodis usedto locatea speci c DNA sequencavithin a complex mixture.
For instancethe existenceof a particulargenewithin the genomeof an organism
canbeexamined.

“Blotting” denoteghe processof transferringDNA, RNA or proteinsfrom a gel
to a lter by capillary action. A Southernblot comprisesfour steps,which are
describeelow.

1. DNA is extractedfrom a sampleandfractionatecon anagarosegel by elec-
trophoresis.

2. The fractionatedDNA is transferredby capillary actionfrom the gel to a
nitrocelluloselter .

3. The DNA on the Iter is incubatedunderhybridizationconditionswith a
radioactvely® labeledDNA probeof known sequence.

4. After unboundDNA probeshave beenremoved from the lter by washing,
anautoradiogranof the lter is produced.Thosebandsn thegel, thatcon-
tain the speci c sequencewill bevisible ontheautoradiogranandmay be
extractedfrom the gelfor furtheranalysis.

Northernblottingis virtually thesameprocedureasSoutherrblotting, with aslight
but meaningfuldifference:insteadof DNA sequencebeingblotted,in Northern
blotsRNA sequencearetransferredrom thegelto the lter . However, thelabeled
probesare still DNA probes. A Northernblot allows estimationof the relatve
amountof a speci ¢ RNA in the cell by comparingthe densityof differentbands
to eachother Oneapplicationof Northernblotting is in geneexpressioranalysis.
It canbeappliedin determiningwhethera speci ¢ geneis transcribedn a certain
tissueor undercertainervironmentalconditions[25].

The essentialdeaof the describedproceduress the useof labeledDNA probes,
to examinethe existenceof particularsequencem complex mixtures.

1.2.2 Micr oarrays

A microarray is a microscopicarray of large setsof DNA sequencesmmobi-
lized on solid substrate$l7]. They areanextensionof the traditionaltechniques
describedn Sectionl.2.1,asthey arebasedon hybridizationof nucleicacid se-
quencesaswell. However, it is not uncommon that a microarrayhastamet se-
quence’ for up to 10 000 or more geneprobes. Hence,they represent highly

IFluorescentlyesmight be usedaswell.

2Microarraysarealsoknown asp-arrays DNA-chips, biochips, DNA-(micro)arraysgenearrays
and GeneChips.The latter is the nameof a commercialmicroarrayproductfamily producedby
Affymetrix, Inc..

3In this documentthe DNA sequencesinked to the substraterereferredto astamgetsandthe
labeledsequencesontainedn the DNA mixtureappliedto thearrayarecalledprobes.
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Introduction

parallelapproachthat canbe usedto monitor the expressionevels of practically
all genesof an organismsimultaneously This approachis often referredto as
whole-genomexpressiormonitoring.
Whole-genomemicroarraysbecamefeasibleonly whenthe rst genomeswere
completelysequencedOntheonehand,thegenomicsequences requiredto iden-
tify all genesor putatve genesof an organismandon the otherhand,knowledge
aboutthe sequencef thewhole genomads requiredto selecttamgetsequencethat
arespeci c for thetargetedprobe. Thelatteris especiallyrequiredin casesvhere
notthe completegenesequenceés attachedo thechip (seel.2.2).

Therearetwo majortypesof microarrays cDNA microarraysandoligo microar-
rays which aredescribedn thefollowing paragraphs.

cDNA microarrays This techniqueemploys a so-calledarrayer device to pro-
ducethe microarrays.The arrayeris a robotthat spotsor prints cDNA sequences
directly onto a glassor nylon substrate.The cDNA sequenceareusuallylonger
than 100 nucleotidesand its not uncommonto print sequencesip to 1000 nu-
cleotidesn length[32].

Thistechniquéhasfor examplebeenusedtio createmicroarraysof thecompleteset
of about6 400open-eadingframesORFs)from Sacthiaromyceservisiae[12].

Oligo microarrays The othermajor microarraytechniques synthesisof short
oligonucleotidef about25-merdirectly on a solid glasssurface. Sincethis ap-
proachusesphotolithographidechnologyknown from semiconductochip pro-
duction,theterm“chip” is frequentlyusedto referto microarrayspoth oligo mi-
croarraysand cDNA microarrays. The processinvolves a light source,special
masksand photosensitie protectormoleculesto locateup to 700 000 different
oligonucleotidesequencel38] onasinglechipsizedl 28cm 1 28cm.

This technologyis usedby Affymetrix, Inc. to createits commercialmicroarray
productfamily GeneChipOneof thelatestmodelsfrom this family, the GeneChip
MouseExpressiorSet430 providesa comprehense coverageof the transcribed
mousegenomeon only two microarrayswhich correspondso about45 000dis-
tinct tamgetsequencefl].

1.2.2.1 Fieldsof application

Microarrayshave beenshavn to be applicablein awide-rangeof elds. Eisenet
al. [17] list geneticmappingstudiesmutationalanalysesndgenome-widanoni-
toringof geneexpressionas elds of successfuhpplicationof microarrays Others
describedoositive resultsby the applicationof microarraysn sequencingy hy-
bridization(SBH) approachefr] or detectionof singlenucleotidepolymorphisms
(SNPs)andanalysisof DNA variationon agenome-widescale[21].
Genome-widegeneexpressionmonitoring is probably the mostinterestingand
mostpromising eld of application.Geneexpressiordataobtainedfrom microar
ray experimentscanbe usedto classifytumors[24] andpredicttheir responseo
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chemotherap[54]. Investigatiorof geneexpressiorpatternsn tumoror otherdis-

easedissuemayleadto developmenbf new treatmentsndis a particularconcern
of the pharmaceuticahdustry Genefunction canbe deducedandgeneinterac-
tion networkslike in metabolicpathwaysor stimulationresponseystemsanbe

characterized.

Furtherquestionsaddresseah microarrayexperimentsncludehow expressiorpat-

ternsdiffer in mutantphenotypeswith respecto the wild-type [17] or how gene
expressionchangesinderthe in uence differentervironmentalstressconditions,
like heator chemicalreagentsn the medium[14].

While the DNA microarraysdescribedn this documentmonitor geneexpression
onthemRNA transcriptionlevel, the emeging proteinmicroarrayq13] canmon-

itor geneexpressionon the translationlevel. This will give further insightsinto

cellular mechanismsas regulation of geneexpressionis not limited to the tran-
scriptionlevel.

1.3 Designof a geneexpressionanalysis microarray ex-
periment

In principle,every microarrayexperimentcompriseshreemajorsteps.

1. Eithertotal or polyadelatedmRNA is extractedfrom a tissuesampleor a
sufcient quantityof cellsandpuri ed. The puri ed mRNA is transcribed
into cDNA using reverse transcriptaseenzymes. Reversetranscriptionis
performedin the presenceof uorescently labeleddeoxyribonucleotide
Hence thesynthesize@ DNA sequencesanbeidenti ed usingcorrespond-
ing scannersand microscopes. The labeledcDNA is then appliedto the
microarrayunderhybridizationconditions.

2. After hybridizationthe microarrayis washedo remove all unboundcDNA.
Thenthemicroarrayis scannedo obtaina uorescenceimage. Eisenetal.
[17] favor alaserscanningconfocalmicroscopeasit givesthe bestsignal
to noiseratios comparedo otherdevices. The laserproducedight with a
wavelengthappropriatdor the excitationspectrunof theemploed uores-
centdye. Theessentiaideais to measureéheamountof uorescenceof each
spoton the microarraywhich correspondso theamountof mMRNA with the
particularsequenceThe expressionevel canbe deducedrom the amount
of mMRNA. However, sincethe amountof uorescenceis in uenced by the
speci ¢ sequencef themRNA, thelabelingmethod the hybridizationcon-
ditions and otherfactors,it is not possibleto determineabsolutevaluesof
expression.Thus,microarraysarebestusedto monitortheexpressiorievels
in two or moresamplesandto analyzethe differencedn thesesamples.

3. After the image of the microarrayhasbeentaken, image processingand
analysissoftware is requiredto obtainthe raw data. Thenthe datais pre-
processe@ndcomprehensely analyzedusing a greatvariety of different
methods This stepis discussedn moredetailin Sectionl.4.
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Thereare several differentwaysto designa microarrayexperiment. Eisenet al.
[17] distinguishbetweentwo differenttypesof experimentaldesignin geneex-
pressiomanalysiswith microarrays.

Type-l Type-l experimentsarelimited to cDNA microarrays.In Type-| experi-
ments,a comparatie analysisof two differentsampleds performedon the same
microarray To be ableto differentiatebetweenthe two mRNA populations,in
the respectie reversetranscriptionsteps,deoxyribonucleoties labeledwith dif-
ferentdyesare used. Whenthe uorescenceimageof the microarrayis created,
two passesrerequired. The laseris tunedto the excitation wave-lengthof the
correspondinglye to be scannedn the respectie pass.The imageanalysissoft-
ware createsan overlay imageand computeghe expressionlevel ratios between
theindividual transcriptof thetwo mRNA species.

Type-ll A disadwantageof Type-l experimentds, thatthey do not supportmore
complex analysesthat examinethe expressionlevels of mary sampleswith re-
spectto a commonreferenceexperiment. Type-ll experimentsare designedto
accomplishthis task. Both cDNA and oligo microarrayscan be usedin Type-I|
experiments.Time-coursexperimentsareatypical applicationof Type-Il experi-
ments.In atime-coursexperimentsamplesaretaken at distincttime points. For
eachtime point, one microarrayis used. The dataobtainedfrom the individual
time pointsis thenanalyzedvith respecto theinitial time point.

1.4 Micr oarray data analysis

Analysisof dataobtainedrom microarrayexperimentsanbefurtherdividedinto
two steps. The rst stepcomprisesmage analysisand extraction of raw data.
The secondstepis the analysisof the databy applicationof variousmathematical
methods.

1.4.1 Imageanalysisand extraction of raw data

When hybridization and washing have been accomplished,the microarray is
scannedanda uorescenceimageis produced. Thenan image processingstep
follows.

Thereare mary problemsinvolved in the extraction of the datafrom the image.
First, theimageprocessingsoftware mustcorrectlyidentify all spotson the chip.
This meansthata virtual grid is placedover the chip, sothat eachgrid cell cor
respondgo onespot. Fromthe grid locations,the correspondingrobescan be
determined.Whenthe spotshave beensuccessfullyidenti ed, it is necessaryo
computethe exactboundarie®f the spots to beableto distinguishbetweerback-
groundsignalandspotsignals. This is fundamentato calculatesensible uores-
cencelevels, asusuallythe backgroundnteractswith uorescentcDNA aswell.
Thisunspeci cinteractiondistortstheamountof uorescentlight measuredn the
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actualspots. After boththe uorescenceintensityfor the backgroundandfor the
spothave beencalculated,the nal intensity valueis computed. This intensity
valueis consideredo bethe expressiorievel of the probeunderthe given experi-
mentalcondition.

The mainresultof theimageprocessingtepis a vectorof expressiorvaluesfor
eachmicroarray Eachtamget sequencen the microarrayis representedby one
entry in the vector If the experimentis designedto be a comparatre analysis,
a secondmicroarray(Type-Il experiment)or a secondmage(Type-Il experiment)
will provide a further vectorof expressionvalues,thatis thenusedto computea
relative expressionvalueor ratio for eachgene.ln mary caseghelogarithmof the
ratiois taken,whichis known aslog ratio or signallog ratio (SLR).However, there
arealsomicroarrayexperimentghatyield vectorsof absoluteaxpressiorvalues.
At this pointit hasto be notedagain,thatdueto the problemsinvolvedin thein-
teractionof nucleicacidsequenceand uorescentdyesit is not possibleto derive
informationaboutthe absolutequantitatve expressionevel of a genefrom a mi-
croarrayexperiment. So absolutevaluesmustalways be handledwith care,and
shouldbe usedonly asqualitative informationaboutthe expressionvalueof agene
comparedo anothergenein the sameexperiment. However, even this might be
misleading,if the error sourcesnvolved in preparationand hybridizationof the
MRNA andcDNA samplesareconsidered.

Often the experimentis repeatedunderdifferentconditionsor with mRNA from
further samplesso that several vectorsof expressionvaluesare obtained. From
these(column)vectorsa so-calledexpressionmatrix matrix is createdwherethe
rowsrepresengenesandthecolumnsrepresenéxperimentsA row is alsoreferred
to asagenepro le, acolumnasanexperimentpro le. To make theanalysismore
reliable, the whole processs repeatednceor twice, and the expressionmatrix
usedin furtherstepsof theanalysids actuallythe meanover two or threematrices.
The expressionmatrix canbe usedto investigatethe behaior of genesunderdif-
ferentconditionsor at differenttime pointsor stageof the cell cycle (see[43] for
example),respectiely. Hence,genepro les are subjectof the analysis. On the
otherhand,it mightalsomake sensdo evaluateexperimentpro les [24].

In somecaseghe expressiomrmatrix containsmissingvalues. Suchsituationscan
beapproachedh 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 estimatethe missingvaluesor to excludethemfrom
analysis.Severalapproachesxistto nd sensibleandto somedegreereliablees-
timations. However, eventhe mostsophisticateanethodwill sometimesompute
a completelywrong expressionvalue. Thus,conclusiondravn from ananalysis
including the estimationof missingvalues,shouldbe veri ed. This canbe done
eitherby repeatinghe microarrayexperimentor by applicationof ary othersuit-
ablemethodsuchasNorthernblotting for example. Generally the veri cation of
resultsobtainedrom amicroarrayexperimenty anothemethodis very common.
However, the mosteffective way to copewith missingvalues s the multiple repe-
tition of the experimentandsubsequertalculationof meansacrosgheexpression

6
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matrices.
Theremainingpartof thisdocumentliscusseanalysiof the previously described
expressiommatrices.

1.4.2 Analysisof expressionmatrices

Microarrayexperimentgproducemassie amountsof data. Many (different) soft-
waretools areemployed to obtainthesedatafrom the microarray to storeandto
analyzet. Thereforebioinformaticssoftwaresolutionsarefundamentato thesuc-
cessof theseexperiments.The crucial stepin the processs the dataanalysisand
althoughmary researcherandcompaniegreengagedn the developmenif gene
expressiomataanalysissoftware, it seemgo becomethetime-limiting stepin the
procesg6].

Microarraydataanalysissoftware hasto provide a seriesof algorithmsandmeth-
ods,thatsupportthe userin exploring the data. Theseincludeclassdiscorery and
classpredictiontechniquesaswell asvisualizationoptions.
Self-oganizingmaps(SOM), k-meansand hierarchicalclustering,are common
classdiscovery techniqguesThesemaybe supplementedly classi cationmethods
likeweighted-wting andk-nearesheighborgpredictoror supportvectormachines
(SVM).

A reductionof the dimensionalityof the datais sometimesperformedprior to
an analysis. Principalcomponentanalysis(PCA), singularvalue decomposition
(SVD) andmulti-dimensionakcaling(MDS) arecommonlyused.
Statisticatestsandmethoddik e thet-testor analysisof variancglANOVA) canbe
emplo/edto identify differentially expressedjenesacrossa seriesof experiments.
More basicapproacheslike consideringthosegenesas differentially expressed
thatexpressa fold-changegreaterthana giventhresholdvalue, have beenusedin
the rst publishedmicroarrayexperiments,for instancein [12]. Statisticaltests
though,considerlevels of signi cance aswell and are thereforea morereliable
tool to identify differentiallyexpressedjenes.
Besideghesestandardools,thereis anincreasinghumberof highly sophisticated
approachesthat go beyond classi cation and determinatiorof differentially ex-
pressedjenes.Theseapproachesy to deducecompletegeneinteractionnetworks
and regulatory processedrom microarraydata. Such methodsare for instance
Bayesiametwork reconstructiori20] or modulenetworks[39].
Concerningvisualizationof microarraydata,mary approachesxist aswell. The
two mostcommonlyusedarepro le plots andexpressiorimages,which areim-
plementedn almostevery microarraydataanalysissoftware. However, thereexist
mary otherapproache$o visualizesuchdata.Most of themhave beendeveloped
for visualizationof statisticaldata,like for examplethe box plot. But onthe other
hand,thereare somevisualizationsthatarespeci ¢ for microarraydata,like the
aforementione@xpressiorimages.

Visualizationof expressiordatais anessentiastepin every microarraydataanaly-
sisprocedureBy visualization the datais transformednto auseffriendly format,
thathelpsthe userto identify patternsandstructuresn the dataotherwisehardto
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detect. Application of several visual representationsangive furtherinsightsinto
the data,asdifferentvisualizationsnay setoff differentaspect®f thedata.If the
previously describedanalysismethodsandvisualizationtools are integratedinto
oneapplication theuseris providedwith a comprehense tool for theanalysisof
microarraydata.

1.5 How to readthis document

This documenis aboutmicroarraydataanalysisapplicationghat combinediffer-

ent analysismethodsand visualizationtools. The documents divided into two

parts. The rst part (Chapters2 and 3) is a review of currentmicroarraydata
analysissoftwareanda motivationfor anev microarraydataanalysisapplication,
that was named“Microarray Data Analysis”, short“Mayday. The secondpart
(Chapterdl, 5 and6) discussedesignandimplementatiorof Maydayandgivesan
outlook on the featureghatwill be integratedin the future. Chapterst and5 are
eachdividedinto a generapartandanimplementatiorpart. Readersnterestedn

the principalideasintegratedinto Mayday but notin implementatiordetails,may
skip therespectie sectionf thesechapters.

AppendixC, lists all abbreviationsandacroryms employed throughouthis docu-
ment.



2

Review of microarray data
analysissoftware

2.1 Micr oarray data analysissoftware

For this review seven geneexpressionand microarray data analysisprograms
have beenevaluated. Two of them are commercialproducts(GeneSightGene-
Spring, oneis an opensourceproject(Microarray Exploter) andthe remaining
four areavailablefree of chagefor not-forpro t purposesandpublic institutions
(GeneClusterGenesisJ-Expess VIZARD).

The main purposeof this review is to examinethe visualizationcapabilitiesof
the programs.Obviously thereare mary differencesconcerningboth the quality
and the quantity of visualizationoptions. Besidesvisualizationoptions,related
functionslike representationf annotatioranddatahave beenreviewed.
Thereview is neithercomprehense nor specializedbn a particulargroupof mi-
croarraydataanalysigprograms.The evaluatedoolswereselectedo coveralarge
spectrunof programawith respecto theamountandkind of functionality offered.
Chapter3 summarizesanddiscusseshe evaluatedprogramswith anemphasion
thevisualizationoptionsprovided by them.

Pleasenotethatin this chapterandthroughouthe documentheterm“expression
level” refersto bothrelative expressiorvaluedik e fold change®r signallog ratios
andto absolutesxpression.

2.2 Programs

2.2.1 GeneCluster

GeneClustef45] is a geneexpressiondataanalysistool developedat the White-
headinstitute/MIT Centerfor BiomedicalResearch.

Version2.1.3betaof GeneClustehasbeenevaluatedfor this review. GeneClus-
ter is written in Java andthus available for most Microsoft Windows and UNIX
platforms,aswell asfor Mac OS X. It requiresJava runtimeenginel.3.1. The

9
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programcan be downloadedfrom the GeneClustemwebsiteat http://www-gno-
mewi.mit.edu/cancer/softwaetgerecluser2/gc2.iiml.  The programis freeware,
but requiresregistration.

GeneClustehashbuilt-in supportfor SOM clustering. Additionally, GeneCluster
supportssupervisectlassi cationtechniquesThereviewed versionof GeneClus-
ter is ableto build k-nearest-neighborandweightedvoting predictors.

The datavisualizationimplementedn the programis ratherrudimentary Results
of a SOM clusteringaredisplayedasa grid of pro le plots (Figure2.1). Section
5.1.2.1introducespro le plotsin detail.
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Figure2.1: GeneClustepro le plots. A plot shaws eitherclustermeansor clusterrepresentatesor
both, aswell asthe maximumandthe minimum of eachexperiment. The tableon theright lists all
genesof thecurrentlyactive plot (indicatedby a yellow frame)with annotatiorandtheir distanceto
theclusterrepresentatke.

Thepro le plotsshav the maximumandminimumvaluesof thedatain thecorre-
spondingcluster thatmeansabandcontainingall pro les of thecluster Eitherthe
clusterrepresentates(SOM centroids)or the clustermeansor botharedisplayed.
Thenumberof containedyeness shavn for eachcluster

A particularclustercanbe selectedor viewing by clicking onit. This resultsin
thedataof thatparticularclusterbeingdisplayedn atablenext to the clustergrid.

Thepro le plotscannotberesized however, the grid canbe scrolledif the appli-
cationwindow is too smallto displayall plotsatthesametime. GeneClustedoes
not provide alegendor ascalefor the plots. Grid linesarenot shavn andprinting
or exportingof theplotsis not supported.
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2.2.2 GeneSight

This applicationhasbeendevelopedby BioDiscovery, Inc. (MarinaDel Rey, CA,
USA). [37] describest asa comprehense bioinformaticssoftware solutionthat
offersrelevant statisticaland datamining tools to obtainbiological insightsfrom
complex microarrayexperiments.

GeneSights writtenin the Java programmindanguageandrequiresJava runtime
ervironmentversion1.3.1 or higher Java 3D is requiredif the userwishesto
visualizethe resultsof a PCA in threedimensions. Sincethe programhasbeen
developedfor the Jasa platform,it is availablefor mostoperatingsystemsinclud-
ing the Windows, UNIX andMac OS platforms. A time-limited, fully operatve
demoversionof GeneSighitan be requestedrom the BioDiscovery websiteat
http://mwwbiodiscoerycom/gnesight.asp

GeneSightersion3.5.1hasbeenreviewed for this evaluation. It supportsseveral
clusteringtechniquedike SOM, k-meansandhierarchicalclustering. SOM clus-
tering canbe accomplishedn oneor two dimensions.In addition,a modulefor
PCAvisualizationin two andthreedimensionss provided.

BioDiscovery hasintegrateda seriesof visualizationoptionsinto the GeneSight
Amongthesearetypical pro le plotsandexpressionmagesthatareusedto dis-

play the resultsof SOM clusteringandk-meansclusteringor hierarchicalkcluster

ing, respectrely.

Besidestheserathercommontypesof plots, GeneSightasfurther visualization
optionsfor geneexpressiordata. Thesearebox plots (Figure2.2) anda so-called
“GenePie’visualization(Figure2.3).

_ :

TE%% i fﬂﬂﬁiihﬂh‘%]ﬁuﬁ |
o -| pUpsTscREReRssonbesg |
B Ty |

||||||||||||||||||||||
I—— 2 a4 T B e e o €8 B o 4 o B T o B o3 o e 21 e 0 o o

Percentiles Condition Mames
[ Show Gene |Ds

Query Term: I
Dizplay Field: INCEI_DEF\N\TION X
NCBILoci: | =

Figure2.2: GeneSighbox plot. Thebox plot shavn hereis anadwancedversion,a so-calledfenced
boxplot, thatdisplaysoutliersassmallcircles.

Thebox plot is acommontool in exploratorydataanalysigo determindf afactor

11
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hasa signi cant effect on the responseariablé with respecto eitherlocationor

variation.In geneexpressiordataanalysistheresponseariableis the expression
level, andrepresentedly theverticalaxis. Thehorizontalaxisrepresentghefactor
of interestwhichis anexperimentor samplejn geneexpressiordataanalysis.lt is

alsohelpfulin summarizindarge quantitiesof data[36]. Box plotsareintroduced
in moredetailin Section5.1.2.2.

Printlmagel Sévelm‘agel FindGenel GmoWebl Armotaton:

. nejms1900

|| Diameter encading maxintensity [ legend

Quuery Term: |
Display Field: [NCBI_DEFINITION =]
el Loci: | =

Figure 2.3: GeneSightGenePievisualization. Onepie chartrepresent®negeneandits expression
levelsin eachexperimentrelative to its total expressiorievel. Thetotal expressiorievel is de ned as
the sumof the expressiorievelsin theindividual experiments.

The GenePievisualizationis a collectionof pie charts. Thereis onepie chartfor
eachgenein the datasetbeinganalyzed. A pie chartis useful, when partsof a
quantity shouldbe displayedwith respecto the whole quantity In the GenePie
visualization,the expressionlevel in eachexperimentis comparedo animplicit
total expressionlevel (the sumof expressionlevels over all experiments). Each
experimentis representethy a particularcolor which canbe changedy theuser
Furthermorethe programcandisplaythesizeof the pie chartsrelative to themax-
imum expressiorlevel. This facilitatesthe visual detectionof outliers. Note that
thisis notshavn in Figure2.3.

All plots mentionedbeforeareinteractive. Clicking on anitem in a plot displays
the correspondingnnotatiorin a text box beneaththe plotting area. The usercan
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://wwwrit.edu/djmsma/statistics/partl1c.htm)

12
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Plotscanbezoomedaswell. To do so,theusermustdraga box aroundanareaof

interest. The aspectatio is not maintained.If the applicationwindow is resized,
the plotting areaandthe plots areresizedtoo. Again, the aspectatio is altered.
Scrollingis usuallynot possible.

GeneSighsupportsdirect printing of plots aswell asexportto image les. It is

ableto createGIF, TIFF andJPEGimages.

The programallows the userto groupgenegogetherto so-called‘partitions”. Set
theoreticoperationdik e unionandintersectiorcanbeappliedto partitionsin order
to yield further partitions. A nameanda color canbe assignedo eachpatrtition.
Partitions can be usedas color schemesn plots, this means that all genesare
dravn in thecolor of the partitionthey belongto.

2.2.3 Genesis

Genesig44] is focusedonanalysisof microarraydatausingclusteringtechniques.
Thename“Genesis’standgor “geneexpressiorsimilarity investigationsuite”. It
wasdevelopedat the TechnicalUniversity of Graz,Austria.
Genesisrersionl.1.3hasbeenevaluatedfor this review. It is writtenin the Java
programmindanguageandrequireslaza runtimeenginel.3.0andJasa 3D 1.2.
Thesoftwareis availablefreeof chageto governmentaindnon-pro t institutions
for internalresearchcommercialusersrequirea license. Genesiguns on most
Windows andUNIX platforms,aswell ason the Mac OS platform. However, the
useof Java 3D limits the numberof supportedplatforms. The programcan be
downloadedrom http://genomeu-graz.at

Genesishas several built-in standardtools for gene expressiondata analysis.
Among theseare hierarchical k-meansand SOM clustering,aswell asPCA and
PCAVvisualizationin two andthreedimensionsSVMs areanadditionalclassi ca-
tion methodthathasbeenintegrated.For all of thesemethodsthe usercanchoose
from awide rangeof distancemeasures.

The programsupportstwo differenttypesof plots. Theseare expressionmages
(Figure2.4)andpro le plots(Figure2.5).

Expressionmagesdisplaythe expressiorlevels of genesn differentexperiments
in a two-dimensionamatrix, whererows represengenesand columnsrepresent
experiments.Thecellsof thematrix arecoloredaccordingio the expressiorievel.
A thresholdcanbe setfor the maximumandminimumexpressionevel (symmet-
rical with respecto 0). This thresholdis appliedto all plots (expressionmages
andpro le plots)of the program.Expressiorimagesareexplainedin moredetail
in Section5.1.2.3.

In addition, it is possibleto customizethe colors usedto displaythe expression
levels. In total, therearesix colorsemplo/edto drav anexpressiorimage: POS-
ITIVE, ZEROPOSITIVE,NEGATIVE, ZERONEGATIVE, MISSING andBOR-
DER.

Up-regulated genesare colored using a color from the gradientof POSITIVE
(increaseequalto thresholdvalue or smaller)to ZEROPOSITIVE (minimumiin-
crease)dowvn-regulatedgenesarecoloredusingacolor from thegradientof NEG-

13
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Figure2.4: Genesisxpressionimage. Moving the mouseover the cells of theimagedisplaysthe
correspondingxpressionvalue, the genenameand the experimentnamein the statusbar The
dimensionof thecellscanbeadjusted.

ATIVE (decreasequalto thresholdvalueor smaller)to ZERONEGATIVE (min-
imum decrease)Cellswith missingvaluesarecoloredin MISSING. The borders
of the matrix are coloredin BORDER. However, draving of the borderscanbe
switchedoff.

If theusermovesthemousepointerovertheexpressiorimage Genesiglisplayshe
nameof thegeneunderthe mousepointer its expressiorievel andthe nameof the
experiment.If the geneshave beenclusteredbefore, it is alsopossibleto click on
acell andperforma searchor the accessiomumberof the geneor its description
(only if theseattributeswereprovidedwith thedata)in the NCBI Entrezdatabase.
Thessizeof the cellsin the expressionimagecanbe adjusted.If the heightof the
cellsexceedssomethresholdvalue,the accessiomumberandthe descriptionof a
genewill beaddedo thecorrespondingow.

Thesecondypeof plot providedby Genesisrepro 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 themaximumexpressiorievel, assetby theuser(asdescribedbore). The
numberof genesof a clusteris alsoshavn in pro le plots.

Genesiglisplayspro le plotseitherwith all pro les of a cluster the meanandthe
representate of the clusteror it displaysonly the meanwith error barsfor the
standarddeviation andthe representate of a cluster In the secondcaseGenesis
canalsoshav anoverview of all clustersin a singlewindow. It is to remark,that
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Figure2.5: Genesigro le plot. Besidesgenepro les, clusterrepresentatesandclustermeansare
displayed.Pro le plotsarestatic.

representatesof clustersareonly shavn in caseof SOM clustering.

A scalewith ticks for integer numbersis displayedalongthe vertical axis of the
plots. Exceptfor aline indicatingan expressiorievel of 0, Genesisloesnot draw
grid lines.

In Genesiglusterscanbe published.“To publish” meansthatthe usercanassign
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 contet of anothercluster

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

A specialfeaturein Genesids thatfor all plots anti-aliasingcanbe turnedon or
off. Thisin uencesalsotheimagequality if a plot is exportedto animage le.
Available formatsfor export are PNG, JPEG,TIFF and BMP. Exportto vector
basedyraphicsformatsandprinting arenot supported.

The numericalrepresentatiof the expressionlevelsis displayedexclusively in
the expressionimageswhile the mousepointeris over a cell of the matrix. In
additionto thedescriptiorbeingdisplayedn theseplots,Genesisanlist all genes
with theiraccessiomumber(or with anarbitraryidenti er) anda shortdescription
in atable.However, thedescriptiormustbe containedn theinput le.
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2.2.4 GeneSpring

GeneSprind11] is a commercialtool developedby Silicon Genetics(Redwood
City, CA, USA).

For this review a fully operatve demoversionof GeneSpringrersion5.0.3was
evaluated. Like all otherprogramsin this review, GeneSprings written in Java
andrequiresatleastJavaruntimeenginel.1.0.GeneSpringunson mostWindows
andUNIX platforms,aswell ason Mac OS9 andMac OS X, accordingo Silicon
Genetics. A time-limited demoversionof GeneSpringcan be dovnloadedfrom
the Silicon Geneticswebsiteat http://wwwsilicongeneticscom It hasthe most
comprehense functionality of all programseviewed.

GeneSprings meantto bea e xible solutionto sene bothindividual researchers,
aswell aslargelaboratoriesThereforet hasintegratedsupportfor accesso SQL
databasetroughODBC, usingadatabasechemaroposedy the GeneticAnal-
ysis TechnologyConsortium(GATC) [22].

Theprogramoffersawide rangeof toolsfor geneexpressiordataanalysis Among
theseare SOM, k-meanshierarchicallustering,andPCA. A ratherlesscommon
featureintegratedin GeneSprings asearcttool for potentialregulatorysequences.
To beableto usethis tool, the usermustprovide the sequencesf thegenesalong
with the correspondingupstreamand downstreamregions. Furthermore Gene-
Springoffersseveral Iters, normalizatiortechniquesndstatisticalanalysigools,
which canbe usedto nd signi cant differencesn geneexpressionpatterns. A
scriptinglanguagethatsupportsconditionalsbranchingandaccess$o mary tools
integratedin GeneSprings provided, too. A visual editor for this scriptinglan-
guagecanbe purchasedrom Silicon Genetic{Redwood City, CA, USA).
GeneSpringhasa rich setof visualizationoptions. The usermanual[40] lists 12
differentdisplayformats:

1. Graphview, a plot of expressionlevel againstthe conditionsof the experi-
ment. This is the typical pro le plot asseenin mostgeneexpressiondata
analysisprogramgFigure2.6).

2. Physicalposition, a display of geneexpressiondataover chromosomabr
plasmidmaps.Dependingon the zoomfactor sequencénformationis dis-
played.

3. Classi cationview, a display of genescatagyorized by function or another
de ned classi cation.

4. Array layoutview, a schematiaepresentationf expressiondataover the
positionsof genesasgriddedonthearray

5. Graph-by-Genesiew, a continuousplot of expressiornlevels againstgenes
onthehorizontalaxis.

6. Bar graphview, a bargraphrepresentationf expressiorlevel of eachgene
for eachconditionof the experiment.
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7. Pathway view, an overlay or mapping of expressiondata onto a 2-
dimensionalmage(GIF or JPEG le), representing pathvay.

8. Orderedist, adisplayof genesdn ranked orderof a setof associatedalues.

9. Scattemplot, aplot of two setsof variabledor datapointsagainsteachother

10. Compare-Genes-to-Gengsw, amatrix displayingcorrelationco-efcients
for expressiorpro les for pairsof genes.

11. Treeview, displaysthe resultsof hierarchicalclusteringin the form of a
mock phylogenetidree,or dendrogram.

12. Blocks view, draws a rectanglefor eachgenein the selecteddatasetand
colorsit accordingo its expressiorievel.
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Figure2.6: GeneSpringnainwindow shaving clusteredyeneexpressiordatain pro le plots. Shavn
ontherightis thecolorschemen use.Theverticalaxisof thecolorschemeepresenttheexpression
level, the horizontalaxisrepresentshetrust.

For plotsthataredisplayedn acoordinatesystemseveralaspect®f thecoordinate
systencanbecustomizedlt is possiblefor instanceto setthescaleof thevertical
axisto log-spacelinearspaceor fold-change-spacd&dditionally, therangeof the
vertical axis canbe adjustedgitherto userde ned valuesor automaticallyto the
globalmaximumandminimumvaluesof thedata. Theinterval of majorandminor
ticks on this axis canbe customizedaswell. Grid lines canbe turnedon and off
independentlyor theverticalandthe horizontalaxis.
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Coloringof theplotscanalsobeadaptedFirst, it is possibleto selecttheaspecof
the datato be usedfor coloring. Suchaspectsare,for example,expressiorlevel,
signi cance and containednesB one or more prede nedsetsof genessuchas
clustersor explicitly selectedyeneselevantto theuser

Second,the colors usedto draw plots canbe changedby the user GeneSpring
distinguishessix differentcolors: UPREGULATED, NORMAL, DOWNREGU-
LATED, STRUCTURE,BACKGROUND andSELECTED.In caseof the expres-
sionlevel beingusedasthe aspectelevantto coloring, a gradientis createdrom
UPREGULATED via NORMAL to DOWNREGULATED. Thenthe gradientis
mappedon a scalerangingfrom a userde nable minimum value representedby
DOWNREGULATED, to a userde nable maximumrepresentedy UPREGU-
LATED. An expressiorlevel of O (or 1, dependingn the spacesetfor the vertical
axis)is representetty NORMAL. Besidesalevel of trustis encodedn thecolor
scheméasedn saturationLow saturatiormeandow trust,high saturatiormeans
high trust. Colorsof low saturatiorarevery similar to BACKGROUND, whereas
colorsof high saturationare bright. The de nition of trust depend=n the type
of experimentchoseranddiffers betweerone-andtwo-colorP microarrayexperi-
ments[40].

BACKGROUND is usedto color the backgroundf plots. Axes,ticks andscales
of coordinatesystemsaredravn in STRUCTURE. Grid lines are coloredusing
a prede nedcolor that cannotbe changedby the user SELECTEDis usedto
indicate thatthe userhasselectedapro le or acorrespondinglementn aplot.
GeneSpringlots have several interactve features. As alreadymentionedin the
last paragraphthe usercanselectpro les and correspondingelementsn plots.
Thisis doneby clicking on the elementwhich becomesighlightedandinforma-
tion like genenameor identi er is displayedn alegend.The contentof thelegend
canbe con gured andthe legenditself canbe turnedon or off. Double-clicking
on anelementraisesa dialogwindow called“Genelnspector’,wheremorecom-
prehensie annotatioraboutthegeneis displayedalongwith theexpressionvalues
andtheexpressiomro le. Genelnspectothasanintegratedsearchool for similar
genesandthe usercanlookupthe genein several online databasekke GenBank,
GeneCarddJniGene,LocusLinkandDDBJ. The resultsof a databaseearchare
displayedn anexternalwebbrowvserwindow.

All plotsin GeneSpringanbezoomedZoomingcanbeachievedin two different
ways. First,theusercanzoomin, zoomoutandzoomfully out( ts plotinto win-
dow) via menuentries thatcanalsobe calledby keyboardshortcuts.The second
optionis to dragarectangulabox aroundan areaof interestandthe programwill
try to t thatareainto the window. However, in contrastto the rst option, the
aspectatio of the plot may be changedmakingthe plot appeadifferently If the
applicationwindow is resized the plot will beresizedtoo, with a possiblelossof
theoriginal aspectatio.

2In a one-colormicroarrayexperimentonly a single dye anda single cDNA/CRNA population
areusedperarray For instance Affymetrix GeneChipgequireone-colorexperiments.In a two-
color experimenttwo differentdyesareusedto mark two (different)cDNA populationswhich are
hybridizedto the samearray This protocolis usuallyappliedfor cDNA chips.
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Numericalexpressiorlevels areshavn in Genelnspectoybut canalsobe viewed
in aspread-sheet-stytablewherecellsarecoloredaccordingo therepresentation
of the expressiorvaluein the plots. Selectinggenesn the spread-shedablealso
selectdhegenein theplot andvice versa(Figure2.7).
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Mode: log * Walue adjusted due 1o log interpratation

Figure2.7: Expressiorievelsin spread-sheatiew. The colorsdependon the color schemede ned
by theuser

TheprogramoffersPNGandPICT asoutputformatsfor imageexport. While PNG
is pixel-basedand cannotbe scaledwithout lossof quality, PICT is a formatthat
allows losslessscalingwithin sensibldimits. However, PICT is animageformat
that hasoriginally beendevelopedfor the Macintoshcomputerand s therefore
only weakly supportedbn someplatforms. For imageexport, the usercanchoose
a color schemdifferentfrom thatusedfor displayin the program.Imagescanbe
alsobesentdirectly to a printer

Expressiondatacan be storedin at les or in a databaseas describedabore.
Another option is to publishdatato Silicon Genetics'GeNetdatamanagement
solution(Silicon GeneticsRedwood City, CA, USA).

2.2.5 J-Express

Predecessarf the commerciall-ExpessPro, J-Expess[15] hasbeendeveloped
atthe University of Bergen,Norway:. It is anapplicationwrittenin Java, providing
toolsfor exploratoryanalysisof geneexpressiordata.
Theprogramrequiresaninstallationof the Java runtimeenvironmentversionl.3.0
or later It is available free of chage from the website of the bioinformatics
researchgroup at the Departmentof Informatics, University of Bemgen: http://-
wwwii.uib.no/"bjarted/jgpress. As the programis implementedn the Java pro-
gramminglanguageit runson Windows, UNIX andMac OS platforms.

Datais loadedinto J-Expessfrom tab- or space-delimitedes, usinga graphical
dataloader wherethe usercaneasilyde ne the layoutof the data le. Theuser
canselectthosecolumnsthatcontaindataandthosethatcontaingeneidenti ers.
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J-Expesshasintegratedsupportfor hierarchical, SOM and k-meansclustering,
aswell asfor PCA. The resultsof a hierarchicalclusteringare displayedas an

expressionmage,with the correspondinglendrogranmattachedo the expression
image(Figure2.8). The usercanclick nodesof the dendrogramo geta zoomed
expressionmageof a subtreeusingthe clicked nodeasroot node. Furthermore,
a so-called“genegraph”, which is a pro le plot in linear space containingonly

pro les from the selectedsubtreejs displayedFigure2.9).

File Process About |

Done genarating tree

T

[

Load
gendata

S

Cluster

SOM

[

Figure 2.8: J-Expessexpressionimage. The dendrogranmshavn on the left canbe usedto select
clustersfrom the expressionmage. Selecteclusterscanbe displayedaspro le plotsasshavn in
Figure2.9.
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|
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Figure2.9: J-Expesspro le plot. Theinformationrepresentedly the heightof apro le is codedby
thecoloringof apro le aswell.

Thepro le plot opensin a nev window, andthereforethe programcandisplaya
large numberof pro les plots atthe sametime. Therangeof the vertical axis of
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thepro le plotis determinedby the largestabsolutesxpressiorevel of all genes
displayedin the plot. Let this expressiorlevel be x, thenthe vertical axis ranges
fromxto Xx. Thisrangeis dividedinto tenseggmentsof equalheightby horizontal
grid lines that are labeledwith the correspondingexpressionlevel. Vertical grid
linesaredisplayedor eachexperimentbut no labelsareshavn.

Pro les aredividedinto sggmentsandcoloredaccordingly A segmentis theline
thatconnectghe expressiorievels of a genein two experimentshatareadjacent
in the plot. The color of sucha segmentis determinedby the expressionevel in
the experimentat the right endpoint. Expressiorievels aremappedon a gradient
rangingfrom green(mostnegative expressionlevel) via black (0) to red (most
positive expressiorievel).

To choosewhich of the genesshouldbe displayedin the plot, a list is provided
wheregenescanbe selectedr deselectedln additionto genepro les, the mean
expressionpro le of the subtreeis shavn in the plot. A further Iter to select
particulargeness the so-called‘pro ler”. Thepro ler allowstheuserto de ne a
pro le anda surroundingwhich areusedto decidewhethera pro le is shavn or
not (Figure2.10).
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Figure2.10: J-Expesspro ler tool. The sliderson the left canbe usedto shift the upperandthe
lower limits up or down. Thesliderlabeled“Cycle” shiftsthe pro le to theleft or to theright. The
smallcirclesonthepro le canbedraggecandmovedusingthe mouse.

Resizingthe window of the pro le plot resizesthe pro le plot itself. The useris

responsibléo maintaintheaspectatio, if preferred.

Pro le plotscanbealsodisplayedin threedimensionswherethe rst dimension
aregenesthesecondareexperimentsandthethird areexpressiorievels. For each
geneand experiment,J-Expessshavs a three-dimensionabar with heightand
color correspondingo the expressiorievel (Figure2.11).

Theseplots can be rotated. Again genescan be chosento be displayedor not,

however, thereis no scaleindicatingthe absoluteheightof the bars. Like in two-

dimensionapro le plots,three-dimensiongiro le plotscanberesizedby chang-
ing thesizeof thewindow.

As mentionedbefore,J-Expessis ableto perform SOM clusteringand k-means
clustering. The clustersresultingfrom eachoneof bothtechniquesredisplayed
in agrid of pro le plots(Figure2.12).

Eitherthe meanof eachclusteror the pro les of all genesof a clusterareshawn,

usingthe samesggment-basedoloring techniqueexplainedabove. Furthermore,
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Figure2.11: J-Expessthree-dimensiongbro le plot. Thelist ontheright canbe usedto selectand
deselecgenedo bedisplayedn theplot.

Profile

Figure2.12: Resultof a SOMk-meansclusteringin J-Expess Singleclusterscanbe selectecand
visualizedaspro le plots(Figure2.9).

thenumberof genegerclusteris printedinto theplots. However, thereareneither
grid linesnorascale.

Clicking on oneof theplotsin thegrid, a pro le plot asdescribedeforewill ap-
pear Startingat this plot, the useris ableto furtherexplorethe datausingfeatures
explainedabove.

Theresultsof a PCA areshavn in anothemlot, wherethe usercanselectwhich
of the principalcomponentshouldbe usedto drav the datain a two-dimensional
Cartesiarcoordinatesystem(Figure2.13). In this plot it is possibleto selecta set
of genedy draggingarectangulabox aroundthemusingthemouse.Theselected
geneswill bedisplayedn apro le plot asdescribedabore.

J-Expesshasno supportfor printing, however, all plots canbe exportedto GIF
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| Axis Principal Component Wariance

¥ Principal Compoenent nr, 1 - 56.50% var, 7| £6.50%

[ Principal Compenent nr, 2 - 17.85% var, _| 17.85%

Total variance retained: 74.35%

-DS[B[S‘ Components H Variance/ comp H Save PCA window ‘

Figure2.13: PCAIin J-Expess Genescanbeselectedy draggingarectanglearoundthemwith the
mouse.In addition,the principle componentso bevisualizedcanbe selected.

images.Selectectlustersdrom a hierarchicaklusteringcanbe exportedto VRML
le. Forthepro le plot andthe expressiorimage,it is alsopossibleto save gene
identi ers andexpressionvaluesof selectedjenedo atext le.

2.2.6 Microarray Explorer

Microarray Explorer hasoriginally beencreatedattheLaboratoryof Experimental
and ComputationaBiology, NCIl, FCRDCat Frederick,MD, USA. It is a versa-
tile datamining bioinformaticstool for analyzingquantitatve cDNA expression
pro les acrossmultiple microarrayplatformsandDNA labelingsystemg31].
Microarray Explorer is an opensourceprojectanddistributed underthe 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 the program.It canbe downloadfrom the websiteof the
projectat http://maeplorersourcefage.net For this review, Microarray Explorer
versionV.0.96.30.3-Bethasbeenevaluated.

To allow the userto reducethe numberof genesto be consideredn the analysis,
the programoffers a numberof data Iters. Thesearebasedon prede nedgene
sets,spotintensityvalues,ratio rangesand statisticalanalysis. Furthermoreser-
eral normalizationalgorithmshave beenimplemented.k-meansand hierarchical
clusteringare provided by Microarray Explorer, aswell asa procedurethat al-
lowstheuserto nd geneshathave a certainsimilarity with a givengene.In this
casesimilarity is basedon distance measuredising either Euclideandistanceor
Pearsorcorrelationcoefcient.

Microarray Explorer visualizeghemicroarrayspotlayoutin its mainwindow (Fig-
ure2.14). Thevisualizationis interactve, the usercanclick on a spotof thearray
to obtaininformationaboutthe associatedeneandthe expressiorievel. Thisin-
formationis shavn in the text boxes above the microarraylayout. Alternatively,
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“mouse-wer info” canbe selectedwhich updateghetext elds whenthe mouse
pointeris moved over a spot. The representationf the microarraylayoutcanbe

adjustedlependingnthekind of microarraytechniquaused.Microarray Explorer

allows to save themicroarraylayoutasGIF image.

File Samples Edit Andlysiz Yiew Plugins Halp |

Enter gene name or clone (D |Mouse-ower info  HP-X: Preanancy 13 (1 hr) [C57B6-pl3-totalRNASuG]

HP-Y: Lactation 1 {30 min} [C5766-11-30min]

about: MicreArray Explerer - W0,96,30.3-Beta - C57BL/S (P13, L1, L10), statSa (-7, 15 public prebes (Beta) i Mar
Authers: P Lernkin, G. Thernwall, LECB, NCI-Frederick, Frederick, MD 21702 Centact: mae@neifarf.goy

Current database: MGAP DB

v 13 (1 hr) [C57B6-p13-totalRNASug]
1 (30 min) [C57B6-L1-30min]
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Figure 2.14: Microarray spotlayout display in Microarray Explorer. Spotscan be clicked and
informationabouttheassociatedenewill bedisplayedn theinformationareaabove thespotlayout.

Scattemplots[8] areprovidedaswell, which canbesaredasGIF images.A scatter
plotis atwo-dimensionaplot of thevaluesof onevariableagainsthoseof another
variable ,whereeachvariablede nesoneaxisof the plot. Scattemplotsareusually

emplog/edto eitherverify or falsify dependenciesetweenwo variables.

Clicking on a point in the scatterplot displaysthe sameinformationthatis dis-

playedclicking on a spotin the microarraylayout. Additionally, the spotin the

microarraylayout, thatcorrespondso the clicked pointin the scattemplot, will be

selectedTheaxesof thescattemplots canbere-scalednteractiely, whichis equal
to zooming.However, thesizeof the plotting areais x edandcannotbe changed.
Histogramplotsaresupportedaswell. A histogramplot shaving measurednten-

sitiesalongthe vertical axis andthe numberof genesexhibiting a given intensity
alongthe horizontalaxisis shavn in Figure2.15. Again, the plot canbe saved as

GIF image.

Furthermoreyisualizationof expressionpro les is integratedin Microarray Ex-

plorer (Figure2.16). Thesearenot interactve like the histogramplots described
before, but they can be also saved as GIF images. Expressionpro les can be

zoomedat x ed magni cationfactors(1x, 2x, 5x, 10x and20x), dravn with lines

(likein abarplot), with circlesor asa contiguouscurve. Error barscanbeturned
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Figure2.15: A histogranplot displayingintensityvs numberof genes.

onor off, however, thereis no scalefor theheightof expressiorievels. Basicanno-
tationis displayedbeneattthe expressiorpro le andthelist of samplesalongthe
horizontalaxiscanbedisplayed.lt is not possibleto displaymorethanonepro le
atthesametime.

15 10 15

Clone 1D [1281311]
ESTs

Err Curve | Show HP5| Sa\-feAsl

Figure2.16:Pro le plotin Microarray Explorer, zoomfactoris 2x.

The programallows the userto createan expressiorimage. Usingthe expression
image,it is possibleto selecteithera single cell or a completerow. Depending
on what the userselected either generalinformation concerningthe genein the

correspondingow is displayedor speci ¢ informationon theintensityof the cell

in the selectedsample(Figure2.17). The expressionmagecanbe saved asGIF

image.

Microarray Explorer hasno supportfor directprinting.
Intensitydataand annotationare displayedin spread-sheet-stylablesor astab-
delimitedtablesthatcanbesavedasplaintext les.
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Figure2.17: Expressiorimagein Microarray Explorer. Notethewhite circle indicatingthe selected
cell. Informationaboutthe selectectell is displayedabove the expressiorimage.

2.2.7 VIZARD

VIZARD[35] is specializedn analysiof geneexpressiordatafrom the Affymetrix
ArabidopsisGeneChipand has beendevelopedat the Departmentof Plantand
Microbial Biology atthe University of California,Berkeley, CA, USA.
VIZARDis anothergeneexpressiordataanalysisprogramdevelopedfor the Java
platform. It requiresat leastJasa runtime ervironmentversionl1.2.2. Thus,the
programrunson mostWindows and UNIX platforms,aswell ason Mac OS X.
It is availablefree of chage for educationalresearchandnot-forpro t purposes
from http://wwwanm.f2s.coméseach/vizad.

Accordingto [35], the main purposeof VIZARD s to facilitate analysisof the
Affymetrix ArabidopsisGeneChip. It hasa built-in Iter that supports Itering
of Affymetrix speci c valueslike “Noise” and “Noise Multiplier” amongother
criteria. A simpleclusteringalgorithmhasbeenintegrated,thatis ableto cluster
genesaccordingto PearsorProductMoment Correlation(PearsonCorrelation).
As analternatve, theprogramcansubmitdatato EPCLUST whichis aweb-based
geneexpressionanalysissystemcreatedoy the EuropearBioinformaticsinstitute
(EBI). Theresultsof theinternalclusteringalgorithmaredisplayedby sortingthe
list of genedn themaintableof the program(Figure2.18),suchthatgeneswith a
high correlationappeamatthetop andgeneswith alow correlationatthe bottomof
thetable.

Double-clickinga genein the maintable opensthe “Graph” tab, wherea pro le
plot of the selectedgeneis displayed(Figure2.19). It is not possibleto display
morethanonepro le atthesametime.

The pro le plot hasa scaleon the vertical axis, and a legend indicating the
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File Edit Search View Analyze Tools Help
DepeEd X « aadeEsome
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Description

Gene number before: 6148, After: 247.

Figure2.18: Main tableof VIZARD shaving the fold changerelative to the rst experiment. Note
thatthe expressiorievel canbereviewedby selectingthetab“ExpressionLevel”.

File Edit Search View Analyze Tools Help

Do os B | B[] x50 i@ 6o B® B e
D j | Grapn |

Gene Expression Profile

i W 15295

ey
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Experiments

Gene number before: 6148. After: 247.

Figure2.19: Pro le plotin VIZARD. Only asinglepro le canbedisplayedperplot.

Affymetrix probesetidenti er of thedisplayedyene.Grid linesaredravn for both
dimensions.The plot is resizedwhenthe size of the programwindow is changed
andtheaspectatiois only maintainedf the userresizeghewindow accordingly
The programhasno supportfor printing or export of image les, the authorsrec-
ommendo make screenshots.

27



Review of microarray dataanalysissoftwae

28



3

Moti vation for the designof
Mayday

3.1 Discussionof reviewedsoftwaretools

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 advancedandinnovative visualizationoptions,while mostof thefreely avail-
ableprogramsrovide only ratherbasicvisualization.However, all programshave
shortcomingsoncerningvariousaspect®f the providedvisualizationoptions.
Interactie featureswhich allow the userto click on elementdn plots, to obtain
furtherinformationon geneor experimentsareintegratedin only lessthanhalf of
theevaluatedorograms Suchfunctionalityis very important,if theuseris visually
exploring the dataand wantsto identify outliers or othergeneswith an unusual
appearanceMoreover, selectionof several elementsn plotsis supportednly in
few programs.Sucha featurecould enablethe userto form groupsof interesting
genesandkeeptrackof themin furtherstepsof theanalysis.
Anotherweaknes®f mary visualizationss, thatthey areeithernot scalableatall,
or dependingon resizingof the applicationwindow. If scalingis only possible
by resizingthe applicationwindow, theaspectatio of the plot is usuallychanged.
This malkesthe plots appeardifferently andis not conducve to visual exploration
of the data, especiallyin pro le plots or box plots. This problemis reinforced
by the lack of a scalein mary plots. Oftenthereis no supportfor zoominginto
plots, or zoomingaltersthe aspectratio. In somecaseszoomingis possible but
the programdoesnot supportscrolling of the zoomedplotting area. This user
unfriendlybehaior unnecessarilgomplicatesanddelaysthedataanalysis.
Imageexport functionalityis in all but onecaselimited to pixel-basedmagefor-
mats. Theseprogramsusuallysupportexport of imagesonly at screerresolution.
The only exceptionis GeneSpringhat offers export to the PICT format. PICT
hasbeendevelopedby Apple Computer Inc. andusescommanddrom the Ap-
ple QuickDrav drawing softwareto describeimagecontent. This imageformat
hasmeanwhilebeenreplacedyy Adobe's PortableDocumentormat(PDF)andis
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not consideredh standardormatin UNIX andWindows ernvironments thusonly
weakly supportedn suchplatforms,if atall. Exportto widely acceptedyector
basedmageformatsis extremelyuseful,whenonceexportedimageshave to be
rescaledfor instancejn publications postersor webpages.

3.2 Somerequirements

This sectiondescribeghe features that seemto be extremelybene cial, if inte-
gratedin amicroarraydataanalysisapplication.

In mostfreely availablemicroarraydataanalysisapplicationgeviewedin Chapter
2, thevisualizationof the datais static. In this context, staticmeansthatthereis
no way to adddatato the plot or to changethe size of the plot without resizing
the applicationwindow. The useris usuallynot offeredary possibility to interact
with the visualization. However, interactve featuredike selectingelementsf a
visualizationor clicking on them, yields a greatbene t for the dataanalysis,if
doneright.

Otheraspects$o beconsideredre,for instancethedisplayof grid linesandscales,
aswell asthatof legendsandcaptions.The rst two arevery helpfulduringthedata
analysisasthey preventmisinterpretatiorof the dataandgive a clearerideaof the
structureof thedata.Anotherfunction,thathelpsto interpretthedatawithoutbeing
led astrayis azoomingfunctionthatmaintaingheaspectatio of avisualization jf
thatis relevantto thevisualizatiodt. Anotheruserfriendly featureis the possibility
to scrollvisualizationsijf they donot t into thewindow area.

But mostimportant,the usershouldbe enabledto interactwith a visualization.
Suchinteractionis, for instanceselectiorof elementof avisualizationfor further
inspectionmay beusinganotherkind of visualization.Furthermoretheusermust
be provided with functionsthat allow her or him to obtain detailedinformation
aboutdisplayedelementdike genepro les, for exampleby clicking them. Thus,
theusercanvisually detectandidentify suchgeneshatshav atypicalor extreme
expressionpro les, which is usually not possiblein static visualizations. Using
selectionandgroupingfeaturesthe datamight even be partitionedinto clustersof
relatedgenesasdoneby Choetal. [10].

Exportingresultsof visualizationsto standardmageformats(pixel- and vector
based)s anotherimportantfeaturethat supportshe userin publishingheror his
work. Not only publicationthough,but alsodocumentatiorof a procedurds im-
proved and clari ed by illustrating visualizationsexported from the microarray
dataanalysissoftware.

3.2.1 Differentvisualizations

In generaltherearemary differentwaysto visualizedata. For example,imagine
an electionday TV programmeon the outcomeof the elections. Differenttypes
of diagramsall basedon the sameunderlyingdata,areusedfor differentcontexts

11t is relevantto maintainthe aspecratioin pro le plots,but notin expressiorimages.
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of the results. Pie charts and bar charts are two very typical diagramsfor the
visualizationof suchelectionresults. A pie chartis more suitableto displaythe
amountof votesa party receved, with respecto the total numberof votes,while
a bar chartworks betterif the votesof one party areto be comparedo thoseof
anothermparty

The sameappliesfor geneexpressiondata. In geneexpressiondataanalysispie
andbar chartsarenot socommon,you will ratherseepro le plots heatmapsor
expressionimages box plots parallel coodinate plots and scatterplots justto
namea few. Thesegraphicalrepresentationkelp the userto geta notion of the
structureof the datasetwithin shorttime. Usuallythe graphicalrepresentatiomns
not as preciseasthe original data, but it coversall relevant aspectof the data.
Goodgraphicarepresentationsmphasizéheimportantaspect®f thedata,which
is just the idea behindgraphicalrepresentatioof data. The usershouldnot be
distractedby unnecessargetails. However, laterit may be appropriateo consult
a table or spread-sheatontainingthe datain numericalform, which is the most
detailed yetleastintuitive form of datavisualization.

In mary casesa datasetis a compoundf a collectionof subsetsin the election
day example, the nation-wideoutcomemight for instancebe the supersebf all
state-wideelectionresults. Equally in geneexpressiondataanalysis,wherefor
examplethe clustersof a datasetmale up the datasetitself. Oftenit is desirable
to display visual representationsf subsetsaswell, both in an electionday TV
programmendin geneexpressiordataanalysissoftware.

In aniterative processthe usermay explore the dataandits subsetdy repetitive
applicationof differentkinds of visualizations. Thus, sheor he may be ableto
detectspeci ¢ patternsand structuresin the data,that may lead to conclusions
aboutthe outcomeof the microarrayexperiment.

3.2.2 Supporting techniques

Datavisualizationis supported by classicalgeneexpressiondataanalysistech-
niguesas clusteringalgorithmsand statisticalmethodsas describedn Chapters
1 and?2. Filters areanotherusefultool to classifyandgroup genesaccordingto
differentcriteria. Essentially the principal obsenation concerningsuchsupport-
ing techniquess, thattherearemary of themandthattheir numberis constantly
increasing.

3.3 Conclusion

Dueto the specialrequirementslescribedn the previous section,the designand
implementatiorof amicroarraydataanalysisapplicationsupportinghesdeatures,
is highly desirable.

20f coursethe otherdirectionappliesaswell, thatstatisticalmethodsandclusteringalgorithms
aresupportedyy datavisualization.Probablythis is eventhe morecommonway to look at microar
ray dataanalysisgechniques.
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Mayday shortfor MicroarrayDataAnalysis,wasdevelopedto addresshe afore-
mentionedrequirements.Mayday provides both, differenttypesof diagramsor

visualizationtools, aswell asthe possibility to view only subsetf the original

data.All visualizationsffer zooming,scrolling,export to pixel- andvectorbased
imageformatsandcreationof arbitrarygroups,that may representlusters,user

de ned groupsor othergroups. The creationand managemendf thesegroupsis

very generalandhighly e xible. Interactve featuresasdescribedn the previous
sectionareintegratedaswell, andvisualexplorationof the datais fostered.

The programis designedo be extendedby plug-insin the future, which arein-

tendedto provide supportingechniquessclusteringalgorithms, lters andstatis-
tical tests justto namea few.

Maydayis written in the Java programminglanguage,as in mostbiological or

clinical laboratorieheterogeneousardvareervironmentsareprevailing. Mayday
hasa graphicaluserinterfacebasedn the Java Swing GUI toolkit.
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4

Designand implementation of
generaldata organization
concepts

4.1 Conceptsof data organization

In this section,the dataorganizationstructuresmplementedn Maydayare in-
troducedanddescribed.It is importantto getthe ideabehindthe key principles
illustratedin this section to beableto understandhe following chapters.

4.1.1 Representingthe expressionmatrix

In geneexpressiondataanalysis,either genepro les or experimentpro les are
evaluated. Thesecorrespondo the rows and columnsof the expressionmatrix,
respectiiely (seeFigure4.1). At the momentMaydaysupportonly evaluationof
genepro les, notthatof experimentpro les!. Sothe expressiormatrix is consid-
eredto bealist of genepro les or probes Hence,a probeis a vector whereeach
entryrepresentthe expressionvalueof ageneor ESTin adistinctexperiment.
Currently the expressiormatrix is readinto Maydayfrom a tab-delimited input
le, whereeachrow (probe)is labeledwith aprobeidenti er. Theprobeidenti er
is astringthatmustbeuniquein theexpressiomrmatrix andis partof theannotation
of aprobe.Theannotatiorof a probeconsistsf a name,a shortdescription(usu-
ally asinglesentencer asetof keywords)andamorecomprehense description,
which might be plain or HTML-formattedtext. Sincethetab-delimitedle format
is only aninterim solution,the shortdescriptionandthe extensve descriptioncan-
notbeloadedfrom le. Chapter6 containsa sectionaboutdatasourceshatmight
beaccesseth thefuture.

IHowever, the expressiormatrix might be transposedprior to loadingit into Mayday

2A tab-delimitedle isaplaintext le, thatcontainssereraldatacolumnsseparatedby tabulator
charactersSincethetalulatorcharacterepresenta kind of metacharactein such les, it mustnot
be containedn thedata,otherwisethe columnwould be preliminarily terminated Tab-delimitedle
formatsareoftenusedto storetakular data.
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probes

IR

probe experiments
identifiers

Figure4.1: An expressionmatrix as analyzedby Mayday Rows represenprobesand columns
experimentsThe rst columncontaingprobeidenti ers.

After a probehasbeenreadfrom theinput le, it is storedin the so-calledmaster
table The mastertableis an unorderedsetof probes. Within the mastertable,
a probeis identi ed by its probeidenti er. Maydaydistinguishesbetweentwo
typesof probes:implicit probesandexplicit probes Thelatterarethosereadfrom
theinput le. Implicit probesaresuchprobesthatareimplicitly containedn the
expressiommatrix or mastertable,respectrely. The meanover all explicit probes
is animplicit probe,for instance Centergprototypespf SOM or k-mean<lusters
areconsideredo beimplicit probestoo.

4.1.2 Organizingprobes

Eachmastertable belongsto exactly one data set which is the topmostorgani-
zationalunit in Mayday Maydayis ableto manageseveral datasets,which are
completelyindependenof eachotherandstrictly separatedSoit actuallydoesnot
malke a difference whethertwo datasetsareanalyzedn a singleor two different
instanceof Mayday Besidesa mastertable,so-calledprobelists areassociated
with eachdataset.

Probelists are one of the mostimportantconceptsn Mayday A probelist is a
setof probeidenti ers in a mathematicatensethis meansthata probeidenti er
occursno morethanoncein a probelist®. The mastertableof a datasetis divided
into (not necessarilydisjunct) subsetdy the probelists associatedvith the data
set. A specialprobelist, calledglobal probelist, containsall probesof the master
table. The sameprobemight be containedin more than one probelist, while it
is containednot morethanoncein the sameprobelist. Therelationshipbetween
masteitable,probesandprobelistsis shavn in Figure4.2.

Probelists arevirtually independentf datasets,the only prerequisiteo attacha
probelist to adatasetis, thatall probeidenti ers of theprobelist mustbecontained
in the mastettableof thedataset. This requirements usuallyful lled, if thesame

3Theterm probesetwould be moresuitedto describethis conceptbut probesetis a termcom-
monly usedin the context of Affymetrix GeneChipswith acompletelydifferentmeaning.
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user-defined probe list 1 user-defined probe list 2 probe lists assigned to probes
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Figure4.2: Therelationshipbetweermastertable,probesandprobelists. Herethe mastertable (a)

is representetly a cube probesarelistedalongthex- andthey-axis,the z-axislists the experiments.
Thegrid shavn onthefront of thecubeis notto beconfusedvith therows andcolumnsof atable,but

eachcell of thegrid represents probeof the masteitable. (b) and(c) shav two differentclusterings
of themastertable,or of the global probelist, respectiely. (d) and(e) representiserde ned probe
listsand(f) shavsthe probelists associateavith selectegprobesof the mastertable.

chip modelhasbeenusedin a seriesof experiments. Probelists have the same
annotatiorasprobesjncludinga name which hasto beuniquewithin adataset,a
shortdescriptionanda morecomprehense description.Additionally, eachprobe
list is assigned color, whichis usedfor visualization.A moredetaileddescription
onthepurposeandusageof this colorwill begivenlater

Using the extensiblemarkuplanguage(XML), a le formathasbeendeveloped
for probelists. This meansthata probelist canbesavedin andloadedfrom a le,
which enableghe userto keepprobelists for several sessionsMaydaysavesthe
completeannotatiorandthe color of the probelist alongwith the setof probesin
the le. The le formatis explainedin detailin AppendixB. The documentype
de nition (DTD) is shavn thereaswell.

The conceptof probelistsis very e xible and powerful. To illustratethis, some
examplesaregivenon how probelists canbeappliedin Mayday
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Clustering A clusteringalgorithmtakesa setof probesasinput anddetermines
a partition of that setwith respectto certaincriteria. Seealso Chapterl for a
descriptionof clusteringin generandcommaonclusteringtechniques.

In Maydayboththeinput setandthe outputsetsof a clusteringalgorithmwill be
representedly probelists. Beside<lustersa clusteringalgorithmmightalsoyield
asetof clustercentergonefor eachcluster).Clustercenterswill rst beaddedo
the mastertable asimplicit probes. Secondthe clusteringalgorithmwill create
oneprobelist for eachof the clustercentersandreturntheseprobelists alongwith
theclusterprobelists. SeealsoFigure4.2 (b) and(c).

Genesof particular interest A userof Maydaymightconsiderasetof geneghat
he or sheis particularlyinterestedn, sothe usermight createa probelist of those
genesandassigrthis probelist aseparateolor. Maydaycanthenbe con guredto
markthe probesof this probelist with the givencolorwheneer they aredisplayed
in aviewer. Theinvolved mechanismareexplainedin detailin Chapters.

Statistical information  Probelists andimplicit probescanalsobe usedto hold
and display statisticalinformation vectorsthat describea set of probelists. For
instancemean,median,standarddeviation or varianceof a setof probelists can
be computedandstoredin animplicit probe. Thena probelist is createdwhich
holdsonly thisimplicit probe.Alternatively, a setof relatedstatisticalinformation
vectorssuchas minimum, maximumandmeancanbe assignedo a single probe
list. If this probelist is plottedalongwith the probelists of explicit probes,the
statisticalinformation vectorscan be displayedon top of all otherprobesin the
color assignedo the correspondingprobelist. Again, detailscan be found in
Chapters.

Filtering Besidestlusteringalgorithms thereareothertechniquesndmethods,
thatcanbe appliedto probelists. Amongthesearefor instancelters, which can
be considerechsa kind of very simpleclassi ers. They take one or more probe
lists asinput and assigneachprobeof the input seta binary ag (eithertrue or
false)accordingto userde ned criteria. The Iter will createa new probelist of
thoseprobeghathave beenassigned “true” ag andmalke it availableto theuser
Alternatively, the usercansetupthe lter to returnthe complemenbf this probe
list with respecto the input probelists. This meansthatit will returnall probes
labeledwith a“false” ag. Filterswill berealizedasplug-insandprovide awide
rangeof differentcriteria. Exampledor ltering criteriaaregivenin Chapter6.

Settheoretic operations Sinceprobelists are equivalentto mathematicatets,
settheoreticoperationdike unions,intersectionsandnegationscanbe appliedto
probelists. This malkesit possiblefor the userto performmorecomple lterings
andanalyses.

At rst glanceall thisseemdo bemorecomplicatedhanit hasto be. Onemightfor
exampleask,“Why not color anddisplaystatisticalinformationvectorsor cluster
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centersdirectly?”. The answerto this questionis simple. Maydayis (currently)
completelyaimedatthe processingf probelists. On theonehand,probelists are
amorepowerful concepthansingleprobesandon the otherhand,everythingthat
canbedonewith specializedlatavectorsandsingle probescanalsobe donewith
probelists. Furthermorea single conceptmakesthe sourcecodemore ef cient
andmorestablein particular At thetime of this writing, the visualizationtools of
Maydayare alsoexclusively basedon probelists. Accordingly the userrequests
the programto visualizea probelist - not probesasonemight think. Eventually
theresultis the same,as Maydaydisplaysthe probescontainedn the visualized
probelists.

4.1.3 Organizingprobelists

A datasetstoresandorganizests associategbrobelists in a probelist manager.
Theprobelist manageinducesatotal orderingd in the setof probelists associated
with the dataset. In otherwords, the probelists are storedin alist, sothateach
probelist hasadistinctpositionin thelist. The positionin thelist assigns priority
to eachprobelist. Probelists atthetop of thelist have high priority, while thoseat
thebottomhave only low priority. This priority is referredto asthe color priority,
sinceit is usedto determinethe color of a probewhenit is displayed. Mayday
enableghe userto changethe orderof the probelists in the probelist manager
which might subsequentlghangehe color of someprobes.

The orderinginducedby the probelist managerde nes a so-calledtop priority
probelist for probescontainedn themasteitable,whichis determinedasfollows.
Eachprobeis associatedvith a setof probelists. Of this set,oneprobelist can
be determinedthat hasthe highestcolor priority with respecto the orderingin-
ducedby the probelist managerThis probelist is thetop priority probelist of the
correspondingprobe.lts coloris usedto markthe probewhenit is displayed.If a
probeis notassociateavith ary probelist, it doesnothave atop priority probelist
andfrom this it follows, thatit doesnot have ade ned color. However, this is not
aproblem,sincea probethatis not containedn a probelist, cannotbe displayed
(seeprevioussectionandChapters).

Thein uence of the probelist manageion the previously describedelationship
betweemmastettable,probelists andprobeis illustratedin Figure4.3.

4.2 Further generalfeatures

4.2.1 Datatransformation

In Maydaya datasetcanbe assignedh data modeby thetime it is loaded. The
datamodedescribesvhetherthe datarepresentsbsolutesxpressionvaluesor ra-
tios. Modi cations of the datamight be representedby the datamode aswell.

4A binaryrelationR in a setA thatis antisymmetriq ab A:aRb bRa a b), reexive
( a A:aR9,transitve( abc A:aRb bRc aRg andlinear( ab R:aRb bR3is
calledatotal orderingin A.
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Figure4.3: In additionto theinstanceshawvn in Figure4.2,the probelist managerndits in uence
on the color of a probeis displayed.(a) and (b) shav the mastertableandall available probelists.
The unorderedprobelists associatedvith selectedorobesof the mastertableareshavn in (c). (d)
and(e) representwo differentorderingsof the probelists by the probelist manager(d) giveshigher
priority to the clusters,while (e) placesthe userde ned probelists at the top of the list. This is
probablythe morerealistic setup,sincein generalthe speci city of a probelist will determineits
color priority. (f) shawvs the colorsof the selectedorobesas determinechy the probelist manager
setupsl and2. “T” identi es top priority probelists.

For instance suchmodi cations (or transformationsgrelog,, l0g, or In (natural
logarithm).

However, the datamodeis nothing elsethana descriptionprovided by the user
which is displayedin viewers. On the otherhand,expressiornvaluesof probesin
the mastertablecanalsobetransformed.This is describedn detailin Chapters,
sincetransformationgrea featurelinkedto the visualizationtools of Mayday

4.3 Implementation

4.3.1 Relationshipsbetweenclasses

Figure 4.4 shaws the dependenciegssociationsindthe inheritancehierarchyof
theabove conceptasimplementedn Mayday Thediagramsmplg elementf
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theuni ed modelinglanguaggUML)®

Figure4.4: Therelationshippetweertheclassesmplementingheconceptsiescribedn theprevious
sections.

5The Uni ed Modeling Language(UML) is a visual modelinglanguagefor the speci cation,
constructionand documentatiorof the artifactsof a system-intense process.In the contet of a
system-intensie processthe UML is appliedasa processo derive or evolve asystem[2]. In order
to supportthe modelingprocessthe UML offers a wide rangeof diagramtypeslike activity, use
case sequencestatetransitionandclassdiagrams.The latterdiagramtype canbe seenin Chapters
4 and5. The UML hasbeenapproed asa standardy the ObjectManagemenGroup (OMG) and
is supportedy mostsoftwareengineeringools.
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4.3.2 Summary of important classes

This sectiondescribeshe mostimportantclasseghatimplementthe generalcon-
ceptsof Mayday

Probe TheclassProbe representshe smallestunit within Mayday Probe con-
tainsa list (java.util.ArrayList) of expressiorvalues,whereeachlist elementrep-
resentsan experiment. Expressiorvaluesare storedas doubleprecision oating
point numbers(java.lang.Double). Thelengthof the list mustmatchthe number
of experimentsasde ned by the correspondingasterTable object(seenext para-
graph).Sincetheexpressionvaluesmightalsobe missingasmentionedn Chapter
1, thelist of expressionvaluesis ableto hold null values which represenmissing
values.FurthermoreProbe hasa ag indicatingits mode,whetherit is anexplicit
probeor animplicit probe. This value of this ag is returnedby both isimplicit-
Probe() andisExplicitProbe(). Besidesxpressiorvalues,Probe maintainsalist of
the probelists in whichit is contained.Note thatthis is not a conceptuatequire-
ment,but providesanenormousspeedup whena probeis to bedisplayed.Onthe
otherhand,this requiresextra work at the time the probeis addedto or removed
from aprobelist. However, thesearerareeventscomparedo the numberof times
aprobegetsvisualized sothis solutionrepresenta goodtrade-of.

To avoid accumulatiorof unreferencedr danglingprobesn themastetable,im-
plicit probesarecurrentlyremosedfrom the mastertable,whenthey arenolonger
containedin ary probelist. This is implementedby classProbe, thusobjectsof
this classwill remove themselesfrom the mastertableif they areno longeras-
sociatedwith a probelist. The conditionis checled wheneer the function re-
moveProbelList() is called,which will subsequentlyemove the Probe objectfrom
themastertable.

To identify and describea probe,Probe hasan associatednnotation object(see
furtherdown).

MasterTable MasterTable is theinstancan Maydaythat representshe expres-
sionmatrix. It maintainsanunorderedist of Probe objectswhich canbeaccessed
by their name asstoredin the correspondinginnotation object. Whena DataSet
objectis loaded,it callstheread() function of its MasterTable object. The read()
functionis appliedto a tab-delimited le, wherethe rst columnrepresentshe
probeidenti er andsubsequentolumnsrepresenexpressiorvaluesof the probe
in theexperimentsTheprobeidenti er maycontainblanks.If anexpressiorvalue
is missing,the read() functionwill storea null valueinstead. The numberof ex-
pecteddatacolumnsin eachrow is determineddy the headerrow, which contains
the experimentnames Experimenthamesnayalsocontainsblanks.If arow con-
tainslessthanthe expectednumberof datacolumns,it is automatically lled up
with null values.However, the probeidenti er mustnot be missing.If arow con-
tainsmorethanthe expectednumberof datacolumns Maydaywill fail to loadthe
le anddisplayanerrormessage.The samewill happenf thereareprobeiden-
ti ers thatoccurmorethanonce. This is consistentith the setpropertiesof the
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mastertable.

MasterTable providesa functiongetGlobalProbelList() to retrieve the global probe
list, comprisingall explicit probest contains.

Two utility functions,getMinValue() andgetMaxValue() canbe usedto querythe
minimumandmaximumvalueof all explicit, implicit or bothtypesof probes.In
casethatthereareno probesof eithertype,anull valuewill bereturned.

ProbeList The ProbeList classholdsan unorderedset (java.util.Map) of refer
encedo Probe objects.Thelist of Probe objectscontainedn a ProbeList may be
eitherreadfrom a le (asdescribedn AppendixB) or addedusingthe functions
addProbe() or setProbes(), respectrely.

To readthe XML-basedprobelist le, the org.xml.sax.XMLReader is emplo/ed.
It implementsthe interface de ned by the Simpli ed API for XML 2 (SAX2),
which is a de facto standardfor parsingXML les [19, Chapter24] andis in-
cludedin all release®f the Java programminganguageasof versionl.4. SAX2
is anevent-driven API andthereforerequiredessmemorythanotherXML parsing
APIs, which male thewholedocumentreeavailable.

While parsingthe probelist le, ProbelList looksup eachreadprobein theassoci-
atedMasterTable object.If aprobecannotbefoundin theMasterTable, theprocess
terminatesandtheprobelist le is rejected.

Besidegheread() function, ProbeList offers a functionwrite() thatcanbe usedto
write the ProbeList to a le.

Probe objectsassociatedvith a ProbeList canbe eitherqueriedusingtheir probe
identi er or theProbe objectitself. Thelatteris usedto determinevhethera given
probeis containedn the probelist or not.

If analgorithmis requiredto iterateover all probesof a ProbelList, the function
toCollection() shouldbeusedto obtainajava.util. Collection objecf of all contained
probeswhich subsequentlynay be transformednto anarrayof java.lang.Object
objectsusingjava.util.Collection.toArray(). Assumedhatthistransformations per
formedbeforetheiteration,the executionof the codeis muchfasterthanit would
beif anexplicit transformatiorwasdonein eachstepof theiteration.

Objectsof classProbeList may be eitherstidky or non-stiky. Sticky probelists
addthemselesto the Probe objectsthey areassignedThis meansthatthe Probe
knows aboutthe ProbeList, while in the caseof non-sticly probelists, the Probe
doesnot know aboutthe correspondindProbeList. This separationnto two types
of probelists with differentbehaior is necessaryor instanceo enabletheimple-
mentatiorof temporaryprobelists, which arerepresentetly non-sticky probelists
(seealsoChapter5).

A ProbeList objectis associatedvith an Annotation objectand a java.awt.Color
object. The color is usedto visualizethoseProbe objects,wherethis ProbeList
representghetop level probelist.

8java.util.Collection is aninterface,which is implementecby a coupleof classesn the Java pro-
gramminglanguage.
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ProbeList providesa coupleof functions,thatwerefoundto be helpful in theim-
plementatiorof Mayday Ontheonehand,thesearefunctionsto obtainstatistical
informationaboutthe Probe objectscontainedn the ProbeList. Amongtheseare
getMaxValue() andgetMinValue(). Both of themareoverloadedpneimplementa-
tion requiremo agumentsandreturnsthemaximumor minimumof all expression
valuesof the containedprobes.The otherimplementatiortakesan experimentas
amgumentandyields the maximumor minimum of the correspondingxperiment
over the containedorobes getStatistics(), getMean(), getMedian andgetQuartile()
areanothercoupleof functionsto evaluatestatisticalpropertiesof Probe objects
associatedvith the ProbeList. getStatistics() is a combinationof the otherthree
functionsandyieldsa ProbeList.Statistics object,which containaneanmedian,1.
quartileand3. quartileof the probesover all experiments.If eachof thesevalues
is required,it is moreef cient to call getStatistics() insteadof subsequentalls of
the specializedunctions.Thisis becausdor computatiorof boththe medianand
the quartilesthe probeshave to be sorted. getStatistics() hasto sortthe probes
only once while eachcall of aspecializedunctionrequireghe probeso besorted
again.

Setoperationsarealsoimplementedy classProbelList. At thetime of thiswriting
theseinclude “and”, “or” and “xor”, which are provided by setOperation() and
“not”, whichis realizedby invert(). The negationof a probelist is with respecto
all probescontainedn themastetable,includingbothimplicit andexplicit probes.

Store, ProbelListStore and ProbeListManager Store representthe mostbasic
containerthatis implementedn Mayday However, it is an abstractclass,that
cannotbe instantiated. All objectsto be storedin a Store mustimplementthe

Storable interface, which demandgwo functions, getAnnotation() and setAnno-

tation(). getAnnotation() is requiredto ensurethat an objectis uniquewithin a
Store. Theidentity of a Storable objectis determinedy its nameascontainedn

its associatednnotation object. Classeshatimplementthe Storable interfaceare
ProbeList andDataSet. As canbe seenin Figure4.4,therealsoexistsa DataSet-

Store andaDataSetManager. Sincetheseclasseglayonly minorrolesin Mayday

they arenot explainedin this document.

Store allows objectsto be storedin the containerthey canbe addedat the top of

theinternallist or atthe endof it. Additionally, objectscanbe removed andthe
containercan be queriedwhetherit containsa given object (either by the object
itself or by its name)or not.

The specializedclassProbelListStore offers more functionality by implementing
the functionsmoveDownProbeList() and moveUpProbelList(). By applyingeither
of thesefunctionto a ProbelList, the positionof the ProbeList within the ProbeList-

Store canbealtered.Anotherfunction,getPosition(), yieldsthe currentpositionof

aProbelList.

The nal classin thisinheritancehierarchy ProbeListManager, providesfunction-
ality to reactto messagesentby the ProbeList objectscontained.However, Pro-

beListManager only forwardsreceved messaget his own interestedisteners.
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Annotation The classAnnotation is a basicdatastructure,thatis usedto de-
scribeobjectsin Mayday It hascapabilitiesto storea name,a shortdescription
(quick info) anda morecomprehense description(info). The latter may alsobe
HTML-formattedtext, while the shortdescriptionis usuallyno morethanoneor
two sentence®f unformattedtext. All attributesof an Annotation objectare of
typejava.lang.String.

An Annotation objectmaybeeitheraninstancevariable(asin Probe, ProbeList or
DataSet) or aclassvariable.
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5

Designand implementation of
Interactive visualization features

5.1 Viewers

A viewer is to beunderstoodisa meanf visualizingthedatamodel,represented
by the probesin the mastertable, which are structuredby probelists. Mayday
offers several differentviewers. Therearetwo major classef viewers, tabular
viewers andgraphicalviewers. Graphicalviewersarealsoreferredto asplots.

In Maydayone single takular viewer implementatiorexists, which is realizedas
a table. Graphicalviewers, on the otherhand,can be further split up into three
subclasses.

1. Graphicalviewers,thatvisualizethe datain a Cartesiarcoordinatesystem.
The horizontalaxis representgxperimentsandthe vertical axis shavs cor
respondingxpressionvalues.Pro le plot andboxplot belongto this class.

2. Graphicalviewers, that emplo/ a matrix-like datastructureto displaythe
data.The expressionimage or heatmapis aninstanceof this class.

3. Graphicalviewers, that are composedf one or more viewers of the rst
class.Multi plotsbelongto this class.

Theseclassesredescribedn depthin Section5.1.2.

5.1.1 Commonviewer features

All viewersintegratedinto Maydayprovide somebasicfunctionality that canbe
foundin all viewer classes.

Oneof thecentralaspect®f Maydayis theinteractve explorationof thedata,thus
all viewersexceptthebox plot supportthe selectionof oneor moreprobes A new

probelist canbe createdrom selectegrobes.Thebox plot doesnot supportthese
featuressinceit visualizegrobelistsasawhole,nottheprobescontainedn them.
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The possibility to createnewn probelists from selectedprobessupportsthe user
whenexploringthedataset. Forinstancetheusemmayselectprobeshaving atyp-
ical behaior or extremeexpressiornvaluesandcreatea new probelist from them.
Theseprobelists canthenbevisualizedin othertypesof viewers,or be processed
further Selectedprobesmay alsobe looked up in appropriateveb databasegp
obtaindetailedinformationaboutthem.

Anotherfeaturecommonto all viewer classess the export of a viewer. Export
of a viewer canbe comparedo taking a “snap-shot’of the currentstateof the
visual representationf the data. However, the marksindicatinga selectionwill
not be exported. Takular viewers can be exportedto text les (referto Section
5.1.3for details). Graphicalviewers canbe exportedto vector and pixel-based
imageformatsasdescribedn Section5.1.2.

Probelists canbe addedto andremaoved from all viewersinteractvely, while the
datais beingdisplayed.Thisfeatureis alsoimportantto theinteractive exploration
of thedata.

Datatransformations a commontechniqueappliedto datathatspansover alarge
range. Taking the logarithmof the valuescompactghe dataand ts it into aless
extensve range. Mayday supportsdatatransformationon the level of viewers,
which is a more e xible approactthantransformationof the mastertableitself.
Hence theuseris ableto displaythe samedatatransformedanduntransformedhn
two differentviewers.But it remaingo note,thatthe log-transformatioris limited
to datasetscontainingonly positive values.

The speci ¢ featuresand propertiesof the differentviewer classesare described
belav in Sections.1.2and5.1.3.

5.1.2 Graphical viewers

A mainfocusduringthedevelopmenbf Maydaywastheimplementatiorof graph-
ical viewers. In particularinteractve featuresthat supportthe userin the explo-
ration of the dataand maximal e xibility were addressed.Static plots may be
sufcient in somecaseshowever they lack importantmechanismghat are fun-
damentato the visual detectionandidenti cation of interestingprobesin a data
set. For instancejn a pro le plot, theremight be a singlepro le with anexpres-
sionlevel higherthanthatof all othergenesn all experiments.A staticplot will

displaythis pro le, but with that plot alone,the userwill beunableto gure out
which probeexactly is responsibldor this extremepro le. In interactve plotsas
providedby Mayday the usercanselectthepro le to obtaininformationaboutthe
probe. Further if thereare several genesthat shav behaior differentfrom that
of all otherprobesthe usermight selecttheseandgroupthemtogetherasa new
probelist anduseit asa startingpointfor amoreprofoundanalysis.

All viewersin Maydayaredesignedo displayprobelists. But rememberdisplay-
ing a probelist is equvalentto displayingthe probescontainedn thatprobelist.

How theprobesaredisplayeddepend®nthetypeof plot. Pro le plotsandexpres-
sionimagesdisplayanexplicit graphicalrepresentativéor eachprobe.Graphical
representates are usedto visualize probesor probelists in plots. A graphical
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representate is usuallya compoundof severalgraphical primitives thatmayfor

examplebelines,boxesor circles. They mustdealwith missingexpressiornvalues,
for instanceby displayinga specialsymbol. A box plot summarizeshe informa-

tion of all probescontainedn the probelists to be displayedand plots graphical
representatesfor the summarizednformationinsteadof onefor eachprobe.De-

tailed informationaboutthe differenttypesof plotsimplementedn Maydaycan
befoundbelow.

Wherever thereis a scalecontainedn a plot, it rangesfrom the minimal expres-
sion value to the maximal expressionvaluein the mastertable. Implicit probes
areincluded,whenthesevaluesare dynamicallydetermined. This approachal-

lows the userto comparetwo plots of the samedatasetdirectly, without running
therisk of misinterpretingexpressionlevels. Figure5.1 shavs sucha misleading
con guration,whichis ruledoutin Mayday

10 5

(2)

(b)

-10 -10

Figure5.1: A misleadingcon guration of expressiorpro les. Thetoprow (a) shavs pro le plotsas
they would bedrawn if they adoptedo therangeof displayedprobelists. Thebottomrow (b) shavs
pro le plots,thatalwaysscaleto the globalmaximumandminimum,asimplementedn Mayday

Every plot consistsof several layers. Eachprobelist in a plot de nes one such
layer The graphicalrepresentates of the probesare plottedin the layer of the
correspondingrobelist. Thushereandin the following theterm layeris equi-
alentto probelist, but to avoid confusionandaluseof the probelist conceptthe
layerconcepts introduced.

How the layersare interpreted dependson the viewer class. But in general the
orderof thelayersmayberearranged@ntheonehand,andontheotherhand single
layerscanbe hidden.Similar conceptareoftenimplementedn imageeditingand
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desktopublishingsoftware.Rearrangingheorderof thelayersmakessensavhen
thereare probelists, thathave a high priority andshouldbe plottedon top of all
others.

Hiding a layer can be thoughtof temporarilyremaoving a probelist from a plot.
However, thereis a minor differencebetweenhiding a layerandremaoving probe
list from a plot. Detailson this areexplainedin Section5.2.

As mentionedn Section5.1.1,graphicalviewerscanbeexportedto variousimage
formats.Currently thefollowing imageformatsaresupported.

PNG (PortableNetworkGraphicg, apixel-basedle formatcommonlyused
on the WWW. A lossycompressioralgorithmis appliedto reducethe le
size.PNGis arecommendationf the World Wide Web Consortium(W3C)
andawebstandard56].

JPEG(Joint Photagraphic ExpertsGroup), pixel-basedike PNGandalsoa
commonimageformaton the WWW. Equalto PNG images, JPEGimages
arecompressedsingalossycompressiomlgorithm.

TIFF (Tagged Image File Forma), a pixel-basedle formatthatstoresim-
agedatausuallyuncompressed-owever, therearevariants,which apply a
losslessompressiomlgorithmto reducethe le size.

SVG (ScalableVector Graphic9, a vectorbasedmageformat. This image
formatis basedn XML (extensiblemarkuplanguage) andstoregheimage
datain plaintext les, thatarehuman-readabl® someextent. Usingtypical
losslessompressiorlgorithmsthe le sizecanbesigni cantly reducedn
mostcases.Like PNG, SVG is a recommendatiomnf the W3C anda web
standard58].

Vectorbasedmageformatshave agreatadvantagecomparedo pixel-basedmage
formats.Imageshatarestoredin avectorbasedormatcanberesizedarbitrarily
withoutlossof information. Pixel-basedmagesthough,will look fuzzy whenre-
sized.Vectorbasedmagesremainclearandexact,whichis importantif exported
plotsareto be preparedor publicationsor presentationsA further advantageof
vectorbasedimagesis the relatvely small le size,if comparedo pixel-based
images.

Export of graphicalprobelist viewersis basedon the Batik SVG Toolkit from
the ApacheXML Project[47]. This toolkit offers a wide rangeof functionality
to generate manipulateand transcodeSVG images. The latter is emplo/ed in
Maydayto exportimagesto the aforementionegixel-basedmageformats. Batik
offersatranscodeAPI aswell, which provides supportof otherthanthe built-in
transcodersk-or instancegxportinto PDFformatcanbe achiezed usingthis API.

5.1.2.1 Prole plot

Pro le plotsarevery commonin geneexpressiordataanalysis A pro le of agene
or probeis theexpressiorevel asafunctionof theexperimen{31]. Theexpression
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valuesare connectedy line sgmentsandin consequence “pro le” is created.
However, connectinghe expressiornvaluesinducesanassociatiorabouttheexper
iments thatis nottrueandmisleadingasusuallythe experimentsareindependent
of eachother The orderof the experimentdn the pro le plotis arbitraryin most
caseshut thepro le plot displaysslopeswherein reality thereareno slopes.The
usermustbe awareof this, otherwisesheor he might drav wrongconclusions.
Figure5.2shavs atypical pro le plot ascreatecby Mayday

Figure5.2: A pro le plotincludinglegendsanda caption. The datashavn is from the sampledata
deliveredwith Mayday

The color of a probepro le is de ned by the color associatedvith the top level

probelist of the correspondingrobe.

If apro le plotis zoomedtheaspectatiois maintainedThisis to avoid misinter

pretationwhencomparingiwo pro le plots.

Graphicalrepresentates usedin pro le plots are compoundsof line sgments
(polylines). Eachsegmentconnectdwo adjacenexpressionvalues.|If anexpres-
sion valueis missingin an experiment,the correspondindine sggmentsare not
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 sometimesecomes
necessaryo move the layersof interestto the top of the stack. This is shavn in
Figure5.3.

Figure5.3: Making useof the layersconcepto view a probelist of interest.In theleft plot thelayer
of theredprobelist haslower priority thanthelayerof thegreenprobelist. Thereforetheredprobes
arehiddenbehindthe greenones.Theright plot shavs the situationafterthe layer of thered probe
list hasbeenmovedto thetop of the stack.

5.1.2.2 Boxplot

The box plot (seeFigure 5.4), or box-and-whiskr plot, asintroducedby Tukey
[52] is a plot with a wide-rangeof application,particularlyin statisticalanalysis.
Theversionimplementedn Maydayis from Chamberstal. [8] though,whichis
slightly differentfrom Tukey's original versionandmorewidely usedtoday

Box plots area very goodtool for conveying informationof location and varia-
tion in datasets,particularlyfor detectingandillustrating locationandvariation
differencesetweenseveral groupsof data. Locationis the expectedvaluebeing
measuredExamplesf numericaimeasuresf locationaremeanandmedian[36].
Five differentcharacteristicef the dataareshavn in a box plot for eachexperi-
ment. Thesearemaximum,minimum, median,1. quartileand3. quartile. Figure
5.5explainsthisin detaif'.

Whena box plot is resized the aspectatio is maintainedfor the samereasoras
in pro le plots: to avoid misinterpretationvhencomparingtwo plots.

A box plot usestwo differentgraphicalprimitivesto construcigraphicalrepresen-
tatives. Boxesareusedto drav the boxesandline segmentsareemployed for the
whiskers.

Rearrangindayersin a box plot doesnot affect the visualization. However, if a
layer becomeshidden, a recalculationof the visualizedcharacteristicwill take

1Box plotsoftenhave smallhorizontalbarsindicatingminimumandmaximum,but as Tufte [51]
statesjt is not necessaryo plot them. Tufte introducedthe data-inkratio, which is de ned asthe
ratio of the ink usedto plot the actualdataandthe total ink usedin the plot. The data-inkratio is
thereforea measureof redundantiecorationsn a plot. Maximizing the data-inkratio is a general
principlein thevisualdisplayof data.
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Figure5.4: A box plot including legendsand a caption. The datashavn is from the sampledata
deliveredwith Mayday Notethatthesearethe sameclustersasshavn in Figure5.2.

(@) ——»
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Figure5.5: Anatomyof a box plot. (a) maximum,(b) 3. quartile (75-percentile){c) median,(d)
1. quartile (25-percentileland(e) minimum. Note thatthe box drawvn from the 1. quatrtileto the 3.

quartilerepresent§0% of thedata.

place.In this recalculatiorthe dataof the probelist de ning the hiddenlayerwill
beignored.

51



Designandimplementatiorof interactivevisualizationfeatues

5.1.2.3 Expressionimage

An expressionimageis similar to a pro le plot, however in this caseexpression
levels arecolorcoded. Thereforeprobepro les arerepresentetdy (moreor less)
one-dimensionabbjectsin expressiorimageswhile in pro le plotsthey areplot-
ted as two-dimensionakurves. Sincethe colorcodedprobepro les cannotbe
dravn ontop of eachother(the topmostpro le would hide all otherpro les), an
expressionimageresembles matrix, whereeachrow represent®ne probeand
eachcolumnrepresent®ne experiment. The cells of the matrix are coloredac-
cordingto the expressiorlevel of the genein the correspondingexperiment. An
expressionmageascreatedby Maydayis shavn in Figure5.6. In literature,the
term“heatmap’is oftenusedinsteadof expressiorimage.

Figure5.6: An expressiorimageincludinglegendsanda caption.Thedatashavn is from thesample
datadeliveredwith Mayday The displayedprobesare sorteddescendingccordingto experiment
“alpha7”.

Theuseof expressiorimagesn geneexpressiordataanalysiswvas rst introduced
by Eisenetal. [18]. They developedtheexpressiorimage havingin mindthelarge
tablesof dataproducedy suchhigh-throughpuaipproacheasmicroarrays Eisen
et al. wereawareof the problem,thatthe rate-limiting stepin readingandunder
standingsuchtableswerethe numberswhich make theinformationcontainedn
thetablehardto graspfor humans.Hencethey gured outtheexpressiorimage,
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thatpreserestheinformationrepresentetty the numberausingcolors. However,
the informationis displayedsuchthatit canbe graspednuchbetterby a human
viewer.

In expressionmages,compoundof boxesare usedasgraphicalrepresentates,
eachof themcoloredusingoneout of 256 colors,representinghe corresponding
expressionvalue. The color rangeis symmetricalandde ned asfollows. enax is
the maximalexpressiorvaluein the mastertable, ey, is the minimal expression
valuein the mastertable. Both casesnclude explicit aswell asimplicit probes.
Further thefollowing de nitions apply:

d : max €max €min

n: O

i :  max emax ©min
d is representedby the color D de ned for down-regulated(decreasedprobes,
i is representedby the color | de ned for up-regulated(increasedprobesandn
is representedby the color N for probesthat do not changein expressionlevel
(no change).Expressiorvaluesin d n arerepresentetby a color from the color
gradientof D to N andexpressiorvaluesin n i arerepresentethy a color from
the color gradientof N to I. In addition, eachrow of the matrix canbe labeled
with the correspondingrobeidenti er, printedusingthe color of the respecire
top priority probelist.
Eisenetal. chosea“naturalisticcolor scale”for expressionmageswhichdisplays
down-regulatedgenesin green,up-regulatedgenesin red andgenesthatdid not
changetheir expressiorevelsin black. Apparently this color scalebecamea kind
of standardatherquickly. However, thatscaleis not asintuitive asfor examplea
codingof blueto red,with unchangedxpressionvaluesbeingindicatedby white.
Using thesecolorswould be muchmore intuitive, sincewe are usedto them by
their applicationto temperaturescales for instance. Sucha color scaleis used
by Tamayoet al. [45] in their programGeneCluster It is alsoadwantageougo
usewhite asneutralcolor, in caseswherethe expressionimageis to be printed.
Printing of white is muchcheapethanprinting of black. Thisbecomesvenmore
relevant,whenwe assumehe expressionvaluesbeingnormallydistributed,which
meansthat mostexpressiorvaluesarecloseto 0 (no change)andthereforewill
printedin white, light blueor light red.
In expressionmagesthe layer conceptis implementecasfollows. Layersatthe
top of the stackwill occupy thetop rows of the matrix, layersat the bottomof the
stackwill occupy the bottomrows of the matrix. Thus,layerswith a high priority
will bevisible to theuserat rst sight.
Usually the numberof probesin a microarrayexperimentexceedshe numberof
rows in anexpressiorimage,that canbe displayedon a regular computerscreen.
Hence the matrix is separatednto pages thatcanbe browvsedlike the pagesof a
book. Theexpressiorimageshavn in Figure5.6featuresonly onepage.
Dueto the matrix-like structureof anexpressiorimage,probescanbe sorted.For
instance probesmight be sortedaccordingto expressionvaluesof a given experi-
mentor accordingo theprobeidenti er. In additionto theseoptions,it is possible
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to groupprobesby their respectie top priority probelist andsortthesegroupsac-

cordingto the positionin the layer stack. Within thesegroups,probesare sorted
accordingto their probeidenti er. All sortingscanbe displayedeitherascending
or descending.

5.1.2.4 Multi plots

Multi plots arethe third classof graphicalprobelist viewers. Their namearises
from thefact,thatthey actuallyconsistof multiple plots. To be moreprecise they

displaya grid of graphicalviewersof the rst class,pro le plotsor box plots. In

theorya multi plot may recursvely displayfurther multi plots. The plotting area
is the crucialcriterionfor decidingwhethera particularviewer classcanbe shavn

in amulti plot or not. All datamustbe plottedon a singlepage otherwiseit is not
possibleto useaviewer classin amulti plot. Thisis thereasonwhy anexpression
imagecannotbe shavn in amulti plot.

Figure5.7: A multi plot shaving a 3x3 grid of pro le plots, a so-calledmulti pro le plot. Herethe
topologyof a SOMis re ected by the arrangemenof the plotsin the grid (seetext for details). The
datashawn is from the sampledatadeliveredwith Mayday

The multi pro le plot shawvn 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 meansthatsimilar
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clustersarelocatedin adjacentells of the grid. The moredifferenf two clusters
are,thelargeris their distancan thegrid. In Figure5.7thisis very well illustrated
by theredclusterin thetop left cornerandthe magenteaclusterin the bottomright

corner Particularly in experimentsalpha7”through*alpha35”themajority of the

genesdn thered clusteris up-rggulated,while in the magenteclusterthe majority

is down-regulated.

Multi pro le plotscanbeemplgedto visually compareiwo differentclusterings.
Both clusteringsaredisplayedin a singlemulti plot. Eachof the individual plots
represents clusterof the rst clustering,but the probesarecoloredusingthetop

priority probelistsfrom theseconctlustering.Usuallythiswill revealthoseprobes
thathave migratedfrom oneplot to another If thistechniques appliedto a setof

clusteringgthat were createdusingthe sameclusteringmethodbut with different
parametersthoseprobescanbeidenti ed, thattendto oscillatebetweerclusters
andthusarehardto classify How thisis doneis describedn Section5.2.1.

Besidesmulti pro le plots,therearealsomulti box plots asshovn in Figure5.8.
Theplotsarebasednthe samedataastheplotin Figure5.7.

Figure5.8: A multi plot shaving a 3x3 grid of box plots, a so-calledmulti boxplot. The plotsshav
thesamedataasin Figure5.7. Thedatashovn is from the sampledatadeliveredwith Mayday

2Note that the de nition of “different” dependsn the distancemeasurechosento clusterthe
data.In this casethe Euclideandistancehasbeenappliedto computethe distances.
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5.1.3 Tabular viewers

The only implementatiorof a takular probelist viewer integratedinto Maydayis
realizedasa table. In this table,eachcolumnrepresent®ne experiment,except
for the rst column, which containsthe correspondingprobeidenti ers. Probe
identi ers areprintedusingthe color of therespectie top priority probelist.
Likein anexpressiorimage probesnaybesorted.Availableoptionsarethesame
asin expressiorimages- expressiorvaluein adistinctexperimentprobeidenti er
or top priority probelist.

The layer conceptis realizedin the table aswell, however it is only possibleto
rearrangéayers,but notto hidethem.

5.2 Managing viewers

The numberof probelists containedin the probelist manageiof a datasetmay
grow quite large. However, in mostcasest is not necessarand,even moreim-
portant,notdesiredo view all probelists atthesametime. Usuallya subsebf the
availableprobelistsis of particularinteresto theuserandis to bevisualized.May-
day enableghe userto createsubsetf the probelists in the probelist manager
andto visualizethesedistinctsubsetseparately

Subsetf probelists arestoredin probelist viewers®. Eachprobelist viewer is
linkedto avisualizer A visualizeris agraphicalfront-endhandlingaccesgo both
takular andgraphicalviewers. A graphicalor takular viewer calledby avisualizer
will displaythe probelists of the probelist viewer associatedavith thevisualizer

In the context of a viewer, the de nition of thetop priority probelist is limited to
thoseprobelists, thatarecontainedn theunderlyingprobelist viewer. SeeFigure
5.9 for detailsandcompareto Figure4.3. Figure5.9illustratesthe layer concept
aswell.

As it is possibleto call several differentviewersfrom a visualizer thatall access
the associategrobelist viewer, someof the featuresof the viewers have been
pulled down to the probelist viewer. In particularthesearethe layer priority and
the selectionof probes. Dueto the latter, the probesselectedn oneviewer, will
be alsomarked asselectedn the otherplots. To mark a selectedorobe,the color
associateavith the selectionprobelist is employed.

The probelist viewer storesthe currenttransformatiormode ,hencea transforma-
tion affectsall viewerslinkedto thecorrespondingisualizer Sincethelayerprior-
ity is alsocentrallyadministeredy the probelist viewer, every viewer (graphical
or takular) usesthe sameinformationto determinehow the layersshouldbe ar
ranged.Thevisibility of alayerin graphicalviewersthough,dependsolelyonthe
viewer. If alayeris hiddenin aviewer, all probesof thede ning probelist become
invisible. However, thereis one exception: if a probeis containedn morethan
oneprobelist in theassociategrobelist viewer, the probelist will remainvisible

SHereandin the following sectionsthe term probe list viewer is usedto refer to a probelist
viewer, while thetermviewer remainsresenedfor bothgraphicalandtabular viewers
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Figure5.9: Relationshipbetweenprobelist manager probelist viewers, top priority probelists
andlayersof a viewer. In additionto theinstanceshawvn in Figure 4.3, the probelist viewer and
its in uence on the top priority probelist in the contet of a viewer (eithergraphicalor tatular)

areshavn. (a) and (b) shav the mastertable and all available probelists. The unorderedprobe
lists associatedvith selectedprobesof the mastertableareshawvn in (c). (d) and(e) representwo

differentorderingsof the probelists by the probelist managealongwith the subsetsaindthe layer
orderinducedby the probelist viewer. (d) giveshigherpriority to the clusterswhile (e) placesthe

userde ned probelistsatthetop of thelist. (f) shavsthecolorsof theselectegprobesasdetermined
by the probelist manageandprobelist viewer setupsl and2. “T” identi es top priority probelists.

The orderof the layersis shavn aswell. A probeis dravn on the layerde ned by its top priority

probelist. More detailson this aregivenin Section5.3.3,ParagraplProbeListVewer”.

andmarked with the color of its top priority probelist. Whatseemsaunnecessar
ily complicatedat rst glance,is anintegral featureof the probelist visualization
functionalityin Mayday

In agraphicalor takular viewer, a Probe is exclusively displayedonthelayerof its

top priority probelist. If thislayeris hidden,two differentcasesnustbe consid-
ered:

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

2. 1.is nottrue andtherearefurtherprobelists associatedvith this probeand
thesearebeingvisualizedusingthe correspondingprobelist viewer aswell.
The probewill not be hidden,but remaindisplayedon the original layer of
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thetop priority probelist, markedwith thecolorof thetop priority probelist.

At rst sight,thebehaior describedor the secondcaseseemsstrange.However,
this is necessaryvhentwo differentclusteringsareto be comparedusinga sin-
gle multi plot viewer (seeSection5.2.1). In future, the usermay switch between
two visualizationmodes,the currentoneanda new one, that behaes alwaysas
describedor the rst case.

5.2.1 Visual comparisonof partitions

As mentionedbefore,a visual comparisorof equallysizedpartitions,which were
eitherobtainedby clusteringalgorithmsor othermethodsgcanbe performedusing
amulti (pro le) plot.

Both partitionsareloadedinto a probelist viewer, which is passedverto a multi
plot. Themulti plotis setupto displayoneplot for eachclusterof the rst partition.
As amatterof fact,eachof theindividual plotsin a multi plot comprisesall probe
lists containedn the underlyingprobelist viewer. But whenthe userselectsthe
probelists from the probelist viewer, that areto be displayedin the individual
plots, the layersof the otherprobelists are hiddenin the respeciie plots. Thus,
only oneprobelist is visible in eachof theindividual plots. In acomparisorof two
partitions thiswould betheprobelists of the rst partition. Butif thecolor priority
of the probelists is sethigher thanthatof the probelists of the rst partition,the
probesn theindividual plotsappeaiin the color of the correspondingrobelist of
thesecondoartition.

This canbeusedto visually analyzewhetherthe partitionsaresimilar or not. Sim-
ilar partitionscan be identi ed by their homogeneouslgolored clusters,while
partitionsthat are not similar produceclusterswith mary differentcolors. If the
partitionsare similar, it is possibleto identify single probes,that migratedfrom
oneclusterto another If the partitionsarenot similar, thatmay be a hint, thatthe
numberof classesvaschoserincorrectlyor thatthe appliedalgorithmsyield very
differentresults.An exampleof acomparisorof two differentclusteringss shavn
in Figure5.10.

5.3 Implementation

5.3.1 A few noteson the design

The relationshipsand associationglescribedin the previous sectionsuggestan
implementatiorusing the model-viav-contoller (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,the modeldoesnot know, which viewersdisplayits data. However, the view

knows exactly which modelit obseresandcanreactto change®f themodel. The
controllerknows boththemaodelit controlsandtheview it is associateavith.
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Figure5.10: The gure shaws (a) the original SOM clustering,(b) the original k-meansclustering
and (c) both clusteringscombinedfor a visual comparisonas describedn the text. The k-means
clusteringde neswhich probesaredisplayedn theindividual plotsandthe SOM clusteringde nes
the colorsof the probes.The clusteringsarenot very similar, asmostclustersshavn in (c) contain
probesof several probelists. However, it is obvious thatthe bright greencluster(top row, middle
position) of the k-meansclusteringconsistsof probesfrom the yellowish-greenandthe dark cyan
clusterof the SOM clustering(bottomrow, left andmiddlepositions).Thisobsenationsuggestshat
the probesof the bright greenclusterin the k-meansclusteringmay have anexpressiorpro le, that
is signi cantly differentfrom theotherpro les, astwo differentclusteralgorithmsindependentlyput
theminto asinglecluster
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Maydays implementations basedntheMVC architectureDueto theseparation
of the model (representedby the probelist viewer) andthe view (representedby
the graphicalandtakular viewers),it is possibleto createseveraldifferentviewers
that all obsere the samemaodel. In Maydayviews may also act as controllers.
This behaior corresponds$o a simpli ed variantof the MVC architectur&nown
asmodel-delgate architecturewhich is basedon the obsenration, that view and
controlleraretightly connectedo eachother[4]. For instance SunMicrosystems
GUI Toolkit Java Swingusesthis variantfor GUI elementg33].

5.3.2 Relationshipsbetweenclasses

Figure5.11shavs the dependenciegssociationsndtheinheritancehierarchyof
theabove conceptsaasimplementedn Mayday

Figure5.11: Therelationshipbetweerthe classesmplementingthe conceptdescribedn theprevi-
oussections.

Figure5.12is adetailedview of thegraphicalrepresentatesandgraphicalprimi-
tivesconcept.Both diagramemplgy elementof the UML.

5.3.3 Summary of important classes

The following paragraphsummarizethe mostimportantclasseghatimplement
thevisualizationtoolsintegratedinto Mayday
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Figure5.12: Therelationshipbetweerthe classesmplementingthe conceptof graphicalrepresen-
tativesandgraphicalprimitivesasdescribedn the previoussections.

ProbeListViewer ClassProbelListViewer is like ProbeListManager a specializa-
tion of classProbeListStore. Thereforeit hasthe ability to inducean ordering
in the setof its associategrobelists. This total orderingis usedto de ne the

layer priority of the probelists, whenthey areto be displayedin a graphical
(GraphicalProbeListViewer, seebelav) or takular viewer (TabularProbeListViewer,

seebelow).

The selectionfor the viewersassociatedvith a visualizer(Visualizer, seebelow),

is representely anon-sticlk/ ProbeList object(seeSection4.3.2). This probelist

canbe copiedand addedto the ProbeListManager asa new ProbeList object. It

may alsobe obtainedusingthe getSelection() function.

ProbeListViewer has a function getTopPriorityProbelList() that takes a list

(java.util.List) of ProbeList objectsasagumentandthenreturnsthe probelist with

the highestcolor priority with respecto the ProbeListManager andin the context

of the ProbelListViewer. Typically the agumentis the returnvalue of the getPro-

belLists() functionof a Probe object,whichreturnsall sticky ProbeList objectsthat
includethe correspondingprobe.

The algorithm that performsthe searchfor the top priority probelist is shavn

below.
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ToPPRIORITYPROBELIST

Input A probelist viewer P, asetof probelists L anda probelist manager
M. It is assumedthatL containsatleastoneprobelist.

Output A probelist from L, thathasthetop color priority with respecto
the currentsetupof probelist manageM andprobelist viewer P.

ToOPPRIORITYPROBELIST( P, L, M)
m: orderedist of probelistsin M
n: numberof probelistsin m
Fori 1 nDo
IFm; L THEN
IFmy P THEN
RETURN my
END
END
END
END

The utility functionssortByExperiment(), sortByTopPriorityProbelList() and sort-

ByProbeldenti er() yield lists (java.util.List) of sortedprobes that canbe usedin

expressionmages(Expressionimage) or tatular viewers. Thesefunctionstake a
list of uniqueprobesasamgument.A list of uniqueprobesis createdandreturned
by getUniqueProbes(). Thealgorithmusedto determinethe list of uniqueprobes
in context of aviewer anda probelist viewer is givenbelow.

UNIQUEPROBES

Input A probelist viewer P anda setof hiddenprobelistsH, representing
theviewer. For takularviewersH 0.

Output A orderedist of uniqueprobesin the context of P andH, sorted

ascendindpy probelist (probesfrom the topmostprobelist areat the endof
thereturnedist).

UNIQUEPROBES( P, H )
init probelist u
init list s
n: numberof probelistsin P
Fori 1 nDo
pi: i probelistin P
init probelist t

IFH OTHEN
t: U p
u: u p
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ELsE
IFpi H THEN
t: U pi
u: u p
END
END
insertt atthebeginningof 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” denoteghe processof
creatinga new, emptyprobelist or list object.

Visualizer Visualizer is aninterfacebetweertheback-enctlasseandthegraph-
ical userinterface (GUI). The maintaskof a Visualizer objectis to handlea set
of graphicalviewers and one tatular viewer. It administersexactly one Tabu-
larProbeListViewer objectand an (theoretically)arbitrary numberof Graphical-
ProbeListViewer objects. The Visualizer objectprovidesaccesdo its associated
ProbeListViewer for thehandledviewer objects.

Handlingof viewersincludeghecreationof windows (javax.swing.JFrame) for the
viewersandthe forwarding of noti cations sentfrom logically lower classedike
ProbeList objectstheProbeListManager or theassociate®robeListViewer object.
More on noti cations canbefoundin Section5.3.4.

GraphicalProbeListViewer GraphicalProbeListViewer istheabstracbaseclass
for the complete hierarchy of graphical probe list viewers. It extends
javax.swing.JComponent, which is one of the basicclassesf the Swing toolkit
andsenesasaguidingframewvork for Swingcomponent$33].
GraphicalProbeListViewer hasan associatedava.awt.image.Bufferedimage data
structure,that containsthe currentplot. Typically GUI componentdave to be
repainted,if, for example,anotherwindow temporarily hid them. If a Graphi-
calProbeListViewer is repaintedthejava.awt.image.Bufferedimage is dravn onto
the component For ef ciency, thejava.awt.image.Bufferedimage is only updated
whennecessarylueto changesn the model. Zoomingor changingthe color a
probelist may resultin the java.awt.image.Bufferedimage beingupdated. With-
out emplg/ing 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 use of
java.awt.image.Bufferedimage enabledastdisplayof thedata.
GraphicalProbeListViewer requiresits specializationdo implementthe function
plot(), which is calledevery time the java.awt.image.Bufferedimage hasto be up-
dated.To updatetheplot, ajava.awt.Graphics2D graphicscontet is retrievedfrom
thejava.awt.image.Bufferedimage andpassedo the plot() function. Additionally,
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aseriesof utility functionsis provided,thatshouldbeusedto queryandto modify
the dimensionsof the differentareasof a plot. Theseareasareshawvn in Figure
5.13.
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Figure5.13: Theareaof agraphicalprobelist viewer. GraphicalProbeListViewer providesfunctions
to query and modify the dimensionsof the shawvn areas. For instance getTopSpacer() yields the
heightof thetop spacelarea,or setRightAnnotation() setsthewidth of theright annotatiorarea.

Thespacemareasareindentedo represent framearoundthe plotting andannota-
tion areathatis left blank. Theannotatiorareausuallycontainsscales|egendsor
captionswhile theplotting areais reseredfor theactualplot.

Someof thedimensionshavn in Figure5.13arecompletelydependenbn other
areasandthuscannotbe modi ed explicitly. Thesearethe top, left, bottomand
right borderaswell asthe horizontaland vertical borders. The plotting areais
de ned by the specializedlot classesA programmemustquerythe dimensions
of the annotationand spacerareasto determinethe position of the plotting area.
Finally, the positionof the whole plot structureas shavn in Figure5.13 canbe
placedwithin the JComponent representinghe GraphicalProbeListViewer, if the
availableareais largerthanthe plot itself. The positioncanbe queriedusingget-
Top(), getLeft(), getRight() andgetBottom(), while the respeciie settef functions
modify theposition.

4Setterfunctionsand getter functionsare two termscommonlyusedto refer to the set...() and
get...() functions thatmodify adistinctattribute of a class.

64



Designandimplementatiorof interactivevisualizationfeatues

GraphicalProbeListViewer de nes threeelementsof a plot, thataredrawvn in the
annotationareas.The individual elementsarea caption,a probelist legendanda
transformatiormodelegend. GraphicalProbeListViewer de nes only functionsto
turntheseelement®nandoff, how orif they aredrawvn, dependenthespecialized
implementations.

The ProbeListViewer objectassociatedvith Visualizer objectsprovidesthe getU-
niqueProbes() function, which is accessedby GraphicalProbeListViewer ob-
jects. As the computationof unigue probesis time-consumingGraphicalPro-
belListViewer buffersa copy of thelist of uniqueprobesandupdatest only when
it is requestedy the correspondinisualizer. Thisis handledby sendingnoti -
cationswhich areexplainedbelow in Section5.3.4.

Thefollowing algorithmis a generalizedrersionof the functionsusedby special-
izedviewersto plot Probe objects.

PLoTPROBE

Input A probep, a ag s indicatingwhetherselectedprobesshouldbe
plottedor notandasecondag h indicatingwhethera selectegrobeshould
be plottedusingthe color of the selectionprobelist (*highlighted”) or using
the color of the correspondingop priority probelist. Sis thesetof selected
probesand| is the setof invisible probes(their correspondindop priority

probelists arehiddenandthey arenot containedn ary otherprobelist).

PLOTPROBE( p, S, S, h, 1)
init representate r
init colorc
P: probelist viewer of p
M : probelist viewer of p
L: probelistsassociateavith p
t: ToPPRIORITYPROBELIST (P,L, M)
IFp STHEN
IFs TRUE THEN
IFp | THEN
ExiT
END
setr selected
IFh TRUE THEN
c: colorofS
ELSE
c: coloroft
END
ELSE
ExiIT
END
ELsE
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c: coloroft
END
constructr from graphicalprimitivesusingdatafrom p
setcolorto c
plotr
END

Exporting a graphical viewer is very much simplied using the Batik SVG
Toolkit. The transcoderAPI offered by the toolkit can be accessedo cre-
ate either a java.awt.image.Bufferedimage (pixel-basedimage format export)
or a org.apache.batik.svggen.SVGGraphics2D (vectorbased 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 contet, it sufces to passthesegraphicscontets to the plot() function
of a graphicalviewer. After the viewer has plotted the data in the graph-
ics contet, 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 contet, associated with
an org.apache.batik.svggen.SVGGeneratorContext object) from which the
java.awt.image.Graphics2D graphicscontet originated,can be written to a le
encodedn therespectie image le format.

GraphicalPrimiti ve, GPLine, GPBox GraphicalPrimitive is aninterfaceimple-
mentedby both GPLine and GPBox. Theseclassesareusedto constructGraph-
icalRepresentative objects(seenext paragraph).Each GraphicalPrimitive object
keepsareferenceo the GraphicalRepresentative objectit belongso, which itself
referenceshe objectit representgeithera Probe objector a ProbeList). Thusthe
correspondingpart of the modelcanbe obtainedfrom a GraphicalRepresentative
object,asrequiredwhena GraphicalPrimitive is selectedn aplot.

GPLine is derived from java.awt.geom.Line2D.Double andGPBox is derivedfrom
java.awt.geom.Rectangle2D.Double.

GraphicalRepresentatve, GraphicalProbeRepesentatve, GraphicalPro-
belListRepresentative, ProbePro le, ProbeExpressionimage GraphicalRep-
resentative objectsare representationsf distinct parts of the datamodel, like
Probe objectsor ProbelList objects. GraphicalRepresentative objectsare used
in GraphicalProbelListViewer visualizations, where the user can select these
representation@isuallyby clicking them),to gainaccesso themodel.

Usually several classesmplementingthe GraphicalPrimitive interfaceareusedto
constructa GraphicalRepresentative. GraphicalProbeRepresentative is the gen-
eralizationof both ProbePro le (usedin Pro lePlot) and ProbeExpressionimage
(usedin ExpressionimagePlot). GPBox objectsarecurrentlyusedn BoxPlot view-
ers,but they might be replacedoy a GraphicalRepresentative objectcomposeaf
a GPBox object(the “box”) and GPLine objects(the “whiskers”). In the current
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implementationthe whiskers are not interactve, asthey are not representedy
GraphicalPrimitive objects.

CoordinateSystemPlot,Pro lePlot, BoxPlot CoordinateSystemPlot is the ab-
stractbaseclassof Pro lePlot andBoxPlot. Both viewersdisplaythe datain atwo
dimensionalCartesiancoordinatesystemthat hasa y-axis dependentn the ex-
pressiorvaluesof the probesn theexperiments.The experimentsarelistedonthe
X-axis.

A CoordinateSystemPlot is partitionedinto segmentswhich arede ned by adja-
centpairsof experimentson the x-axis. Pro lePlot objectsrepresensggmentsby
line segmentsjn BoxPlot objectsa box represents.segment.In Pro lePlot Probe
objectsarerepresentetly ProbePro le objectswhile BoxPlot emplo/s simpleGP-
Box objectsfor eachexperiment.However, the numberof segmentsdiffersin Pro-
lePlot andBoxPlot. ProlePlot hasn 1 sggmentsandBoxPlot hasn segments,
wheren is the numberof experiments.The function getNumberOfSegments() is
overwrittenin Pro lePlot andBoxPlot andyieldsthe numberof sggmentsn aspe-
cic plot.

The segmentatiorof CoordinateSystemPlot objectsis in particularrelevantto the
performancef Pro lePlot . If theuserclicksinto theplotting area,a searchs per
formedto nd the clicked GPLine objectwhich is subsequentlyisedto retrieve
the correspondingprobefrom the model. In a pro le plot though,the numberof
GPLine objectsis often greaterthan 100 000°. As the GPLine objectsare stored
perplot segment,the rst stepis to computethe segmentwheretheclick occurred
andonly the secondstepis to nd the clicked GPLine objectin the correspond-
ing sggment. Using this approachan 1-fold reductionof the searchspaceis
achiered,wheren is the numberof experiments.

ExpressionimagePlot The ExpressionimagePlot classimplementsexpression
imagesasdescribedn Section5.1.2.3.ExpressionimagePlot emplg/s the Probe-

Expressionimage classas representates for the displayedprobes. Like Coor-

dinateSystemPlot, ExpressionimagePlot is partitionedinto segmentswhereeach
experiment,or columnof the expressiormatrix, is representetly a sggment. This

saves a considerableamountof time, when a GraphicalRepresentative is to be
identi ed.

As the expressiormatrix usuallydoesnot t ona singlescreernpage Expression-

ImagePlot is split into several pagesthatcanbe brovsed. The numberof probes,
or rows of the expressiormatrix, canbe variedby theuser soit is possibleto dis-

play the completematrix on a singlepage assumedheuserhaschosera zooming
factorsmallenough.

Thecolorsusedin a Expressionimage arefrom eithera two- or athree-colomgra-
dient. Both gradienttypesconsistof 256 colors. For athree-colorgradienta color

5For instancea microarrayexperimentcomprisingall openreadingframes(ORFs)in yeastthat
emplays 20 chipswould resultin morethan114 000line segmentsf visualizedin aPro lePlot
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for down-regulation,a colorfor up-regulationanda color for no changan expres-
sionhave to besupplied.For eachof thethreecomponentsed,greenandblue,the
distancebetweerthe dovn-regulationandthe no changecolor, aswell asthedis-

tancebetweerthenochangeandtheup-regulationcoloris computed.Thesevalues
aredivided by 128 andsubsequenthaddedto rst the down-regulatedcolor, and
thento the no changecolor, whichin consequencgieldsalist of 256 colors. The
sameappliesto two-colorgradientsthatdo notfeatureanexplicit no changecolor.

Thereforghedistancebetweerdown-regulatedandup-regulatedcoloris computed
andthesedistancesredivided by 256. The overloadedunctioncomputeColors()

computeghe color gradients Theplotting functionplotProbe() accessethelist of

colors (“the gradient”)when plotting ProbeExpressionimage objects,after map-
ping the expressiorlevel onto a scalefrom 0 (global minimum expressiornvalue)
to 255(globalmaximumexpressiorvalue).

MultiPlot  ClassMultiPlot manages setof viewersandarrangeshemin a grid.
The viewersmustimplementthe MultiPlottable interface. At the moment,the re-
quirementf this interfacearemetonly by Pro lePlot andBoxPlot, which unlike
the ExpressionimagePlot needonly a x ed-sizeplotting areato displaythe data.
Whena MultiPlot objectis constructedit is passed java.lang.Class object,repre-
sentinga MultiPlottable class(thatis a classimplementingMultiPlottable). Of this
classa so-called‘prototypeviewer” objectis constructedthatis usedto storethe
informationaboutthe displayedplots. Suchinformationis for examplewhether
thegrid is turnedon or off, if scalesareto bedisplayedor the captionof the Mul-
tiPlot viewer. A list holdingthe actualMultiPlottable viewer objectsis maintained,
too. Theseplotsremembepnly thevisibility stateof the containedorobelists, all
othersettingsarecentrallyadministeredy the prototypeviewer. How this feature
canbeusedis describedn Section5.2.1. Thegrid is lled with theplotsin thelist
columns- rst.

Mouse-clickeventsare sentto the plotsin thelist after determiningthe plot that
wasclicked. Theclickedplot is determinedy mappingtheclick coordinatento
thegrid of theMultiPlot andthencalling therespecire plot object. Theclickedplot
may be obtainedthroughgetClickedViewer().

While at the momentit is only possibleto manageeither Pro lePlot objectsor
BoxPlot objects,in futureit shouldbe possibleto managealifferentviewersat the
sametime. This would enablethe userto composecomprehense overviensin a
singleMultiPlot viewer. Finally, it hasto be noted,thatMultiPlot couldimplement
theinterfaceMultiPlottable aswell andbeincludedin anoverview plot asdescribed
before.

TabularProbeListViewer Class TabularProbeListViewer is derved 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-
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stance TabularProbeListViewer objectsdisplaysandmodi es the selectionasde-
ned by theProbeListViewer objectassociateavith theVisualizer. An exportfunc-
tion is addedaswell, which supportsxportto plaintext les.

5.3.4 Sendingnoti cations

The MVC architecturerequiresthat messagesr noti cations are sentfrom the
modelto the viewers,whenthe modelis updated The modelcannotcall thefunc-
tions of the viewers directly, asin generalthe model doesnot know aboutthe
viewersobservingt. Figure5.14shavs themessageo w in Maydayin detail.

Figure5.14: This UML collaborationdiagramillustrateswhich classesaresendingnoti cations to
otherclass. Or, to put it the otherway round, this diagramshaws the listenersassociatedvith the
shavn classes. Arrows on the connectinglines indicate the direction of information o w, labels
associateavith arrovs represenevents thattriggerthe sendingof noti cations. If notindicatedoth-
erwise,alabelcanbethoughtof followed by “changed”(for example,“layout changed’or “content
changedontheline connectingProbeList andProbeListManager).

Maydayrelieson the Java Swing eventmodel. The concepiof this eventmodelis
basednobjectsthat” re” or initiate events,whicharerecevedby previously reg-
isteredlistenerobjects. The eventssentmight be representedy separatelasses,
hencethey canbe handledseparately Classesnustimplementthe correspond-
ing listenerinterface,to be ableto registerthemselesat an event-initiatingclass.
Registeringis achieved by calling add...Listener(), the dotssubstitutingthe name
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of the event class. De-ragisteringis also supportedand performedthroughre-
move...Listener() [16].
Themostfrequentupdatef the modelin Maydayarechangesoncerningeither
probelists or the selectionin viewers. For instance gachselectionor deselection
of a probein a plot mustbe propagatedy the ProbeListViewer (which handles
the selection)andto all GraphicalProbeListViewer objectsandto the TabularPro-
beListViewer.
Marny classesene asreplicatorsthatmeansthatthey forwardnoti cations from
containedobjectswhich cannotbe accessedlirectly or only with a large effort.
For instancetheclassProbeListManager forwardsnoti cations from themanaged
ProbeList objects. Hence,classeshatwantto receve the ProbeListEvent events
red by ProbeList objects,only have to registerwith a single ProbeListManager
object,insteadof with a possiblylarge numberof ProbeList objects.
De-rggisteringmustnotbe neglected asillustratedby thefollowing example.Fig-
ure5.14shaws, that GraphicalProbeListViewer objectsreceve messagefom the
MasterTable andthe ProbeListViewer. If aviewer is closed,it shouldde-raister
from both instancesptherwiseit would still receve noti cations, even thoughit
is neithervisible nor accessibl@ny more. The actionsfollowing the eventwould
be performedanyways, which is unnecessarilyime-consumingand might under
certaincircumstancesesultin unde nedbehaior.
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6

Discussionand futur e
developmentof Mayday

6.1 Discussion

Visual inspectionand exploration of microarraydatais animportantstepin mi-
croarraydataanalysis. With Maydaya tool hasbeendeveloped,that setsa high
valueon interactve visualization,andthus promotesvisual inspectionand explo-
ration of the data.Besideghe infrastructurenecessaryo managehe data,typical
visualizationdike pro le plots, box plotsandexpressionimages(heatmapshave
beenimplementedAdditionally, Maydayhassupportfor multi plots,which opens
up new possibilities, like visual comparisorof differentclusteringsasdescribed
in Section5.2.1. Sinceboth the visualizationtools and the datamanagemenin-
frastructureare highly e xible, it is irrelevant how the clusteringwas obtained,
whetherit wasloadedfrom a le or createdy the programitself usinganarbitrary
clusteringplug-in (seeSection6.2.3).

Maydays intendedaudiencearenot exclusively usersof microarraydataanalysis
methodslike biologists, but also developersof suchmethodslike computersci-
entistsor mathematiciansTo supportdevelopers,Maydaywill be equippedwith
a plug-in interface (seeSection6.2.3) that enablegshem, aswell asusers,to ex-
tendMaydaywith a multitudeof dataanalysistechniquesind lters. As plug-ins
canaccesshe completenfrastructureprovided by Mayday synegy effectsin the
developmentof new dataanalysismethodsareto be expected. Developersare
enabledo concentraten the algorithmicaspectsyhile Maydayprovidesessen-
tial functionality to testandapply nev methods.The uniform controlinterfaceof
Maydayallows easyanduncomplicatecccesgor users.

Beingimplementedn Jara, Maydaycanbe usedon avarietyof hardwareandsoft-
wareplatformswithoutary extraeffort for porting. Thisis in particularimportant,
asin biologicalandclinical laboratoriesheterogeneousardwareandsoftwareen-
vironmentsareprevailing.
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6.1.1 Somecritical thoughtson performance

Concerningeenderingcapabilities Maydaystill canbeimproved. Dependinghe
availablehardwareandthe type of plot, the sizeof the datasetto be displayedis
limited. Evenon astate-of-the-a® Cworkstationtherenderingof aplot with over
5 000 probepro les maytake up to 5 secondsFor interactie exploration,thisis
unbearablong. Onthe onehand,this is dueto the Maydayspeci ¢ algorithms
anddatastructuresappliedduring rendering,but on the otherhand,the limits of
the Java renderingengineare reachedwhen5 000 probepro les with about20
measuredxpressionvalueseachareto be plotted. This meansthat thereabout
100 000 line segmentsto be plottedin caseof a singlepro le plot. In caseof a
multi pro le plot,theremightbeover1l 000 000segmentghathaveto berendered.
It is the sheercompleity of the data, that causeshe trouble. Thereforeit is
stronglyrecommendetb reducesize of the datasetprior to visualization.Meth-
odsto selectprobesor genesf interestrangefrom userde ned subsetdasedon
expertknowledgeandsimple lters to statisticaltestsandclusteringsof arbitrary
compleity. Evenif theusertakesthetime andwaitsfor a plot of 5 000 probesto
berenderedtheresultswill be oftenunsatishctory asFigure6.1lillustrates.
However, if the datasetis reducedto the mostinformative genes yvisualization
workswell, asshavn in Figure6.2. This exampleillustrates thatmicroarraydata
analysids aniterative processthatrequiregepeatedpplicationof differentmeth-
odsto yield sensibleresults.

Anyways, the visualizationcould be spedup by more extensve useof the layer
concept.While currentlyall layersaredravn on the samebufferedimage,which
hasbe repainted,wheneer ary of the layerschangesijt may be more ef cient
to draw eachlayer on an individual buffered image. Consequentlya layer has
to beredravn only whenit is actuallyconcernedyy a changeof the selectionor
other events. This would make the visualizationsfastey but on the other hand,
memoryusagewould increase sincemore bufferedimageshadto be stored. A
redesignof the algorithmsinvolved in plotting probesand improvementof the
internalimplementatiorof datastructuredike mastertable and probelist might
contribute to fasterrenderingof plotsaswell.

6.2 Futuredevelopment

6.2.1 Somegeneralextensionsto Mayday

The further developmentof Mayday shouldimprove someexisting features,of
which atthe momentonly basicimplementationgxist.

In particular thisis thelookupof probeidenti ers in WWW databaseslhecurrent
implementationprovides accessonly to two databaseshut future extensionsof
Maydayshouldtake into accountthatusersoftenwantto acces®rganism-speci ¢
or local databasesAn interface,thatenableghe userto addnev databaseandto
de ne how they canbeaccessedyouldyield agreatbene t for analysis.

User preferencesre currently only very weakly supportedwhich shouldbe im-
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Figure6.1: Thedatashowvn is from Golubetal. (1999). The plot containghe completedatasetwith
5508probes.

provedin thefuture. If the userwasenabledo storedefault settingsfor viewers,
directoriesandcolors,Maydaywould becomemoreuserfriendly. Additionally; it
would be usefulto integratea projectconceptinto Mayday which allows the user
to managea coupleof datasets probelists andvisualizations.Sucharrangements
maybestoredin a le andbeloadedagainin futuresessions.

6.2.2 Further visualization options

Thevisualizationtoolsimplementedn Maydayareamongthe mostcommonvisu-
alizationsin microarraydataanalysis. However, thereexist mary otherapproaches
to display suchdata. Someof them have beenmentionedin Chapter2, further
techniquesirelistedbelow.
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Figure6.2: In comparisorto Figure 6.1, this plot containsthe 25 mosthighly expressedjenesin
ALL andthe25mosthighly expressedjenesn AML. For detailspleasaeferto Golubetal. (1999).

6.2.2.1 Display of multivariate data

Microarraydatais high dimensional Eachexperimentaddsanotherdimensionto
a probe,probepro les of up to 30 dimensionsare quite common. Especiallyin
time seriesexperimentsthe numberof dimensionss very high.

Methodsof multivariate datavisualizationhave long beensubjectto exhaustve
research.Inselbeg [28] hasproposedo useso-calledparallel coordinateplots.
While in a Cartesiancoordinatesystemall axes are mutually perpendicularin
a parallel coordinatesystemthe axes are parallel with equaldistanceshetween
them. Hence,a pointin n-dimensionakpacebecomes polyline with n sampling
points. The strengthof parallelcoordinatess in modelingrelationsbetweenthe
variables[29], which s very useful,if geneexpressiondatais beinganalyzed.A
self-containedeview onthetechniquehasbeenpublishedby Inselbeg [30].
Scatterplots are a commontool for visualizationof dependenciebetweentwo
variables. However, a seriesof scatterplots, arrangedn a grid or matrix, may
be usedto display multivariatedata. If a scatterplot visualizationhasbeenim-
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plementedn Mayday a scattemlot matrix could be achievzed by creatinga multi

scattemplot, basedntheexisting multi plot visualizationtool describedn Section
5.1.2.4.

Developmentof completelynew visualizationmethods|ik e proposediy Tanget
al. [46], may help to understandnicroarraydatabetter Thesemethodsshould
particularlyemphasizehe relationshipbetweerprobeswhich is importantto un-
derstandyeneregulatorynetworks andinteractiondetweergeneproducts.

6.2.2.2 Specializedvisualizations

Besideghe generalapproachedescribedn the previous section,somemorespe-
cializedvisualizationsmight probablybebene cialto differentaspect®f microar
ray dataanalysis.

For instance,the resultsof a PCA are often visualizedin a two- or three-
dimensionakoordinatesystem. Suchvisualizationsare currently not possiblein
Mayday but theintegrationof suchtools shouldbe consideredasPCA is a stan-
dardproceduran microarraydataanalysis.On the otherhand,Yeungetal. [59]
have shawvn, thatPCA doesnotnecessarilymprove theresultsof amicroarraydata
analysis.

Another specializedvisualizationis an extendedexpressionimage, that features
anattachedlendrogramTheresultsof a hierarchicaklusteringareusuallyrepre-
sentedby adendrogramAnotherextensionof anexisting viewer is thefencedoox
plot, thatallows easielidenti cation of outliersin thedata.

Animatedtwo- or three-dimensionalisualizationsnayalsoprovide deepeinsight
into thestructuresaindpatternsontainedn thedata.Suchanimatedrisualizations
couldincluderotationsof 3-dimensionakcattemlotsin spaceor displayhow the
dataevolvesin time or acrossa seriesof experiments.

6.2.3 Towards a plug-in basedframe-work

As mentionedin earlier chaptersMaydaywill featurea plug-in interfacein the
future. The following paragraphillustrate how plug-inswill be integratedinto
Mayday

Whenprobelists wereintroducedn Chapted, sometaskswerelisted,thatcanbe
accomplishedisingprobelists. The mainideais, thatmary algorithmstake a set
of probelists asinput andreturnanothersetof probelists asoutput. To this group
belongin particularclusteringtechniquesthat createa partition of theinput set.
Othersmethodghat canbe abstractedo this level are lters andsettheoreticop-
erationdike “and”, “or”, “not” (with respecto theglobalprobelist or the master
table)and“exclusive-or”. Filters arein particularinteresting,sincethey canbe
thoughtof representindpinaryclassi ers. A binaryclassi eris emplo/edto sepa-
ratea datasetinto two groups,accordingto someclassi cationcriterion. A lter
doesthe same allowing someelementdo 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-
tainingthe classi ed objects.
A plug-inthatperformsPCA or SVD would be especiallyusefulfor visualization.
However, the reductionof dimensionalityperformedby thesemethodsraisesa
conceptuaproblem. Maydayis not ableto manageheresults,asit only handles
probesthat have the samenumberof dimensions.Visualizationof the resultsis
problematicfor similar reasonsHence,a PCA or relatedplug-in mustprovide its
own visualizationandif required,a possibilityto write theresultsto a le.
Anotherproblemwith the currentimplementatiorof Maydayis, thatit is not de-
signedto storeotherinformationthanannotatiorandexpressionvaluesfor probes.
For instancea possibility shouldexist, to mark estimatedexpressionvaluesor to
storethe level of signi cance asresultof a statisticaltest. The rst caseis hard
to achieve without extensionof the mastertabledesign. The latter casehowever,
couldbesolvedby addingtheresultsof thetestto theannotatiorof theprobe.This
solutioncanbeappliedto mary similar problems.
In summaryplug-insarea valuableextensionto Maydayandshouldbefocusedn
thefurtherdevelopmenif theapplication.The sectiondelow give anoverview of
plug-insthatmay beimplemented.The separatiorninto threecateoriesis neither
nal nor completelyfeasiblein implementationsbut shouldgive an ideaof the
differentwaysof communicatiorbetweerMaydayandplug-ins.

6.2.3.1 Plug-insworking on probelists

Generally plug-inscanbe thoughtof small applicationsthat communicatewith
Maydayby exchangeof datastructuresprobelistsin this particularcase.ln addi-
tion, plug-insmay accesgunctionality provided by Mayday

The following list shouldgive an ideaof whatkind of plug-inscould be imple-
mented pasedn thebinaryclassi cationconcept.

A lter plug-in, thatallows the userto de ne anupperanda lower bound
expressionlevel for eachexperimentasa criterion. The plug-in separates
thoseprobes,which lie within the given bounds,from thosethatdo not. A
graphicaluserinterfaceasintegratedin the “Pro ler” tool of J-Expess(see
Section2.2.5)mightbeemploredin sucha plug-in.

As missingexpressionvaluesposesersereproblemson mary analysismeth-
ods, a simple plug-in, which lters out thoseprobes,that containmissing
values,andallow thoseto passthatdo not, would be very valuable.

A plug-in, that separateshoseprobes,which have a variation or standard
deviation, thatlies within given boundsof a given variationor standardde-
viation, from thosethathave a variationor standardieviation lying beyond
thegivenbounds.Suchkind of plug-inshouldbeusedonly onunnormalized
data.

To obtainthoseprobesthatlie within prede neddistanceo a givenpro le
(eitheruserde ned or a selectedprobefrom the input set),a plug-in could
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bewritten, thatusessomedistanceor similarity measurg¢o computethedis-
tancefrom thegivensubjectprobeto aqueryprobe,andclassifyit according
to auserde ned limit.

However, it hasto be noted,thatthe de nition of distanceandsimilarity is
not x ed. Plentyof distanceandsimilarity measuregareknowvn andmary of
themarein usein microarraydataanalysis.Hencejt is reasonabléo enable
the userto selectfrom a variety of distanceor similarity measures.Since
othermethods|ike for instanceclustering,rely on distanceand similarity
measurestoo, they shouldbe implementedas plug-insthemseles. The
interfaceis very straightforvard, asa distanceor similarity measureequires
two probesasinputandreturnsadistancenbject. A distanceobjectis usually
a oating pointnumberbut mightbede ned differentin somespecialkcases.

A widely usedbinary classi er aresupportvectormachinefSVMs)! asin-
troducedby Vapnik[53]. Implementatiorof a SVM plug-inwould be bene-
cial, asSVMsareacommonlyusedclassi erin microarraydataanalysis.

Thet-testknown from statisticalhypothesigestingmay be appliedto iden-
tify differentially expressedjenesat a given level of signi cance. In the
sensef binaryclassi cation,at-testcanbeconsiderediclassi er, thatsep-
arateghoseprobesthataredifferentiallyexpressedfrom thosethatarenot.

Herethet-testis mentionechecausd is astandargrocedurebut of course,
otherstatisticaltestsmaybeimplemented{oo.

The previously describedlug-in conceptusedfor binary classi cationcanbe ex-
tendedto a more generalform that allows more thantwo classesandthus more
thantwo returnedprobelists. As mentionecearlier suchplug-insmayimplement
clusteringalgorithmsask-meansor SOM clustering.Hierarchicallusteringmight
beimplementedswell, hoveverthenumberof probelistsreturnedoy hierarchical
clusteringis usuallytoo largefor furtherprocessingTo avoid this, the hierarchical
clusteringplug-in shouldallow the userto seta level wherethetreeis to be cut.
Theplug-inwill returnonly thoseclustersabore thecut.

A strengthof a plug-in extensibleapplicationis, thatit canbe equippedwith im-
provedalgorithmswith only little effort. Furthermorethe programmustnotneces-
sarily be updatedoy the original authors put every userwho hasbasicknovledge
of theJava programminganguages ableto extendthe programwith custom-made
algorithms.For example the original k-meansclusteringalgorithmby Hartiganet
al. [26] hasbeenimproved by Alsabti etal. [3]. While the original algorithmas
integratedinto mostapplicationss sufcient for everydaytasks,somelarge-scale
projects,that heavily rely on the k-meansclusteringalgorithm, would probably
bene t from animplementatiorof the new versionasa plug-in for Mayday

SOM clusteringand k-meansclusteringalgorithmsyield clusterrepresentates
(clustercenters)esidesa partition of the input set. A clusterrepresentate can

10originally, SVMsarebinaryclassi ers,althoughmorerecentpproachealsosupporiseparation
of morethantwo classes.
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be consideredisa specialprobe. To enablethe userto accesshe representates,
theplug-in muststorethemin themastertableasimplicit probes.Further anextra
setof probelists containingtheseimplicit probesshouldbe createdandreturned
togethemwith the probelists representinghe partition.

6.2.3.2 Plug-insworking on the mastertable

Besidesplug-ins basedon probe lists, anotherplug-in interface will be imple-
mentedthatgrantsplug-insaccesso themasteitable. Thisclassof plug-inscanbe
usedto implementa coupleof functions thatarefrequentlyrequiredin microarray
dataanalysis.Theinputandoutputof theseplug-insis a mastertableobject.
Datanormalization for instance s a fundamentaktepin ary dataanalysis. To
be ableto differentiatebetweenbiological variation and variation causedby the
measuremernprocessor to comparethe dataof several microarrayexperiments,
normalizationis required[55]. Hence,the developmentof a plug-in performing
normalizationof the mastertablehashigh priority.
Plug-insthatestimatemissingexpressionvaluesareof similarimportance As mi-
croarrayexperimentsarestill relatively expensve, in particularwhencommercial
microarraysare used,thereis often no replicationof the experiment,on which a
calculationof the missingvaluescanbe based.However, althoughthis is a rather
small eld in microarraydataanalysigesearchanumberof approachet missing
valueestimationareknowvn. Theserangefrom calculationof row meango highly
sophisticatednethodghatemplag k-nearesheighborslassi ersor singularvalue
decompositiori50]. Anotherapproacttouldbebasedn Gaussiaprocessef34].
Datatransformationdijke takingthelogarithmor othersmight be usefulfor some
analysesndcould beimplementedasplug-ins,too.

6.2.3.3 Plug-insfor dataimport and export

A majorproblemin relatvely new andfast-changingelds asthemicroarraytech-
nology arequickly emeping storageanddatainterchangdormats. The microar
ray geneexpressiommarkuplanguaggMAGE-ML) [42], hasbeenproposedasa
standardle formatfor microarraydata. However, probablybecausehe proposal
of MAGE-ML asa standarchasonly beenrecentlypublishedthereis still agreat
variety of different le formats.

In Maydaythis problem can be approachedising plug-ins for dataimport and
export. In this contect, datarefersto bothexpressiommatricesandprobelists.
Plug-insthatimport expressiomrmatricestake oneor more les asinputandyield
a mastertableobjectasoutput. The plug-insmay rangefrom straightforvard ap-
proacheswhich for examplereadcomma-delimitedles (insteadof tab-delimited
les, asthe standardexpressionmatrix loaderof Maydaydoes). Otherimport
plug-insfor expressiomrmatricesmay concatenatseveral expressiommatricesthat
containthe sameprobes but differentexperiments.Plug-insthat take expression
matricesof replicatedexperimentsandcomputeaverageexpressiorievels may be
implementedtoo. An importplug-in,thatenablesheuserto selectednly speci ¢
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experimentdrom an(possiblyvery large) expressiommatrix would bebene cialto
someusers.The sameconceptcould be appliedto probesinsteadof experiments.
As plug-insmay call their own dialogsandcreatenen windows asneededsome
plug-insmaybeimplementedas“applicationswithin theapplication”. Suchcom-
plex plug-ins could provide supportfor loadingraw datafrom two-color cDNA
microarrayexperimentswhereonly spotand backgroundntensitiesare known.
Import from proprietaryformatsor MAGE-ML les could be achiezed with such
plug-insaswell.

With the increasingnumberof microarrayexperimentsbeing performedin labo-
ratories the dataobtainedfrom theseexperimentshasto be storedin databaseto
remainmanageable.This is essentiain large facilities, wherethe datamustbe
accessibléor mary differentpeople oftenthroughdifferentuserinterfacesor pro-
grams.To beapplicablen suchenvironmentsMaydayhasto beextendedoy plug-
ins, thatprovide accesdo thesedatabasesAccesstio public WWW databasekke
ArrayExpresg5] andthe StanfordMicroarrayDatabas¢23] would beinteresting,
too. However, while thereareno commonlyusedstandardizedatabasschemes,
mostuserswill have to write their own plug-into accessa speci ¢ database.
Plug-insfor export of expressionmatricesto different le formatsare required,
whenMaydayis only usedin anintermediatestepof ananalysis.Both exportto a
single le orto multiple les maybeimplementedExportof theexpressiormatrix
usinga plug-inis differentto export usingthe export function of a takular viewer.
While a plug-in hasalwaysaccesgo the completemastertable,a viewer usually
representsnly a subsebf the masteitable.

Assumingthereexist correspondingmport and export plug-ins, Maydaymay be
alsousedasa corverter For suchtasks,in particularwhenthereis alarge number
of les to be corverted,it would be efcient to createa command-linenterface
thatprovidesaccesgo importandexport plug-ins.

Plug-insfor importandexportof probelists make Maydaymoreef cient in hetero-
geneousoftwareervironmentswherea variety of toolsis usedfor dataanalysis.
Probelists maybeimportedfrom eitherdatabaseser locally stored les. Virtually
every le format canbe the sourceof probelist information. On the one hand,
theremay be plaintext les, thatcontainalist of probeidenti ers in ary form or
Microsoft Excel sheetson the otherhand, may be usedto storedatathat canbe
interpretedasprobelists.

Sinceprobelists areonly setsof probeidenti ers, plug-inscouldbeimplemented,
thataccessourcedike GeneOntology[48], to retrieve speci ¢ setsof probes.Us-
ing GeneOntology it is possibleo obtainalist of all yeastORFs thatareinvolved
in somebiologicalprocessr thatarelocatedin a particularcellularcompartment.
Besidesthe mappingfrom yeastORFsto GeneOntology mary other mappings
exist, thatassignprobeidenti ers to eachof thetreeparts of GeneOntology
Exportof probelists to databasesyherethey will be accessibléo local working
groupsor to aglobalcommunity couldbeimplementedy plug-ins,too.

2GeneOntologyconsistof threeparts,namelybiological processmolecularfunctionandcellu-
lar component.
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6.2.3.4 Further plug-ins and concludingremarks

A lot of microarraydataanalysismethodshave beenimplementedn the R statis-
tical programmindanguagd?27]. Especiallythe Bioconductorprojectasa partof
the R projectincludesa multitudeof highly sophisticateanethodso analyzemi-
croarraydata.Probablyalot of researchersave implementedheir own, problem-
speci c clustering, Itering or testalgorithmsin R aswell. Thusit is desirableto
implementaninterface thatprovidesaccesso R functions. TheOmegaproject[9]
providesa coupleof Java classeshatenabledevelopergo call R from Java. These
classesrelicensedunderthe BSD public licenseor the GNU public andthusare
freely available.If theseclassesvereintegratedinto a plug-in or anotheiinterface,
it would be possibleto call R methodswithin Mayday
Anothertype of analysis,that canbe appliedto examinemicroarraydata, is the
analysisof regulatoryregionsin theupstreamanddowvnstreansequencesf genes.
Implementationof such methodsas plug-ins is useful to identify co-regulated
genes,for instancein clustersof geneswith highly similar expressionpro les.
A plug-inthatprovidesanalysisof regulatoryregionsmustaccesshe sequencesf
thetamget sequencesn the microarray Thesecould be eitherloadedfrom alocal
le ordirectly from databasesitherlocal or Internet-based.
To comebackto visualization,it is alsopossibleto createvisualizationplug-ins.
Theessentialdeais to passaprobelist viewer objectto the plug-in, whichin con-
sequencevill displaythe probelists containedn the probelist viewer. Addition-
ally, the plug-in mustbe ableto receve noti cations from the probelist manager
and otherinstanceswithin Mayday Virtually ary type of visualizationcould be
implementedasa plug-in, someexamplesaregivenin Section6.2.2.
Finally, Maydaymaybealsousedn teachingdueto its plug-ininterface.Students
areenabledo implementtheir own algorithmsandmethodsput they do not nec-
essarilyhave to provide their own visualizations.Dataloadingand management
is performedby Maydayaswell. Integrationof anR interfacewould be alsovery
bene cial to theapplicationof Maydayin teaching.

80



Appendix A

UML diagrams

A.1 Noti cations

FigureA.1 shavs themessageo w in Mayday Thediagramis explainedin detail
in Section5.3.4.

FigureA.1: Themessageo w in Mayday Arrows on the connectingines indicatethe directionof
information o w, labelsassociatedvith arrons representvents,thattrigger the sendingof noti -
cations. If notindicatedotherwise,a label canbe thoughtof followed by “changed”(for example,
“layout changed'or “contentchanged’on theline connectingProbelList andProbeListManager).
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UML diagrams

A.2 Classdependencies

FigureA.2 shavs how the UML diagramsn Figures4.4,5.11and5.12arecon-
nected.

FigureA.2: Overview of themostimportantclassesn Maydayandtheir dependenciesThe classes
andtheir dependencieareexplainedin 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 the extensiblemarkuplanguage XML)
[57]. XML is avery e xible andplatform-independenimeta)markuplanguage.
Asthelanguagaisedagsto describeandstructurghe le content XML is usually
human-readabl® someextent.

Java offersgoodsupportof XML by providing XML parsersandclasseso access
XML data,like for instancethe SAX2 classes.

The following codeshaws a typical probelist, asstoredin the probelist le for-
mat. Note thatthe probeidenti ers in this examplehave beenmodi ed to protect
unpublishedlataandthatthe annotatioris also ctitious.

<?xml version="1.0"?>

<l--  Created by Mayday. -->

<IDOCTYPE 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>
<I[CDATA[
<htmI>SOME HTML-FORMATTEIDESCRIPTION HERE ...</htm|>
1>
</info>
</annotation>

<layout>

<color>
13408512
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Probelist le format

</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 associatedvith the
correspondingprobelist. The color valuec shavn is obtainedfrom the following
simplecalculation:c r 256 g 256 b 25@. r, g andb arethered,green
andbluevaluesof thecorrespondingolor(0 rgb 256).If aprobelist le is
createdby handor by anotheprogramthe colormayalsobegivenin hexadecimal
notation:0XRRGGBBHereRR GG andBBrepresentherespectie red,greenand
bluevaluesin hexadecimahotation.

B.2 Documenttype de nition

Shavn belov is thedocumentypede nition (DTD) of the XML-based le format
emploed by Maydayto storeprobelists.

<?xml version="1.0" encoding="IS0-8859-1"?>
<IELEMENT probelist (annotation, layout, probe*)>
<IELEMENT annotation (name, quickinfo, info)>

<IELEMENT name (#PCDATA)>
<IELEMENT quickinfo (#PCDATA)>
<IELEMENT info  (#PCDATA)>
<IELEMENT layout  (color)>
<IELEMENT color (#PCDATA)>
<IELEMENT 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
ANOVA
API

BMP
BSD

CA

cDNA

CT

DNA
DTD

EBI

EST
FCRDC
FL

GATC
GIF

GUI
HTML
JPEG
MA
MAGE-ML
MAYDAY
MD

MDS

MIT
MRNA
MVvC
NCBI

NCI

Description

AnalysisOf Variance
AdvancedProgrammingdnterface

Bitmap (imageformat)

Berkeley SoftwareDesign

California
ComplementarpeoxyribonucleicAcid
Connecticut

DeoxyribonucleidAcid

Documen(TypeDe nition
EuropearBioinformaticsinstitute
Expressed®equencdag
FrederickCancemResearctandDevelopmenitCenter
Florida
GeneticAnalysisTechnologyConsortium
Graphicdnterchangd-ormat(imageformat)
GraphicalUserInterface

Hypertext MarkupLanguage
JointPhotographi&xpertsGroup(alsoimageformat)
Massachusetts
MicroarrayGeneExpressiorMarkupLanguage
MicroarrayDataAnalysis

Maryland

Multi-DimensionalScaling
Massachusettgistituteof Technology
MessengeRibonucleicAcid
Model-View-Controller

NationalCenterfor Biotechnologyinformation
NationalCancernnstitute
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Abbrviations

NJ
NY
ODBC

OMG
ORF
PCA
PICT
PNG
PDF
RNA
SAX2
SLR
SOM
SQL
SVD
SVM
TIFF
UML
USA
VRML
W3C
XML

New Jersg

New York
OpenDatabase€onnectyity,
Object-Orientedatabase€onnectiity
ObjectManagemenGroup
OpenReadingFrame
PrincipleComponenAnalysis
imageformatdevelopedby Apple Computerinc.
PortableNetwork Graphicsimageformat)
PortableDocumentFormat
RibonucleicAcid

Simpli ed API for XML 2

SignalLog Ratio
Self-OganizingMap
StructuredQueryLanguage
SingularValueDecomposition
SupportVectorMachine
TaglmageFile Format(imageformat)
Uni ed ModelingLanguage

United Statesof America

Virtual RealityModelingLanguage
World Wide Web Consortium
ExtensibleMarkupLanguage

86



Appendix D

Systemrequirementsand legal
notes

D.1 Systemrequirements

The following sectionsdescribethe software and hardware componentgo run
Mayday

D.1.1 Software

Maydayrequiresthefollowing softwareto run.

An operationsystemsupportedoy the Java runtime ervironment(standard
edition) versionl.4.1or later Suchoperatingsystemsarefor instanceMi-
crosoftWindows, SunSolaris,Apple Mac OS X anda wide rangeof UNIX
andLinux platforms.

TheJavaruntimeenvironment(standardedition) 1.4.1or later

The ApacheXML Projects Batik SVGToolkit [47] versionl1.1.1or later
Thispadage is optionalandonly requiredfor export of graphicalprobelist
viewers.

Hint It isstronglyrecommendetb setthemaximalmemoryavailableto theJava
virtual machineto a valueof 128 MB or larger. In somecaseghe default size of
thememoryavailableto the Java virtual machines not sufcient.

D.1.2 Hardware

Thereareno specialhardwarerequirementfor Mayday asthoseimposedby the
software requirementsisted abore. However, it is recommendedo run Mayday
on machinesvith morethan128 MB of RAM anda fastprocessocomparabléo
atleastan AMD Athlon 700 MHz. A high-resolutioncomputerscreenis useful
aswell, sinceMaydayis very graphicsintense. The larger the resolutionof the
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Systemrequirmentsandlegal notes

screenthe moreplotscanbedisplayedsimultaneouslyTherecommendedcreen
resolutionis 1280 1024pixelsor higher

D.2 Trademarks

Adobe is a registeredtrademarkof Adobe Systemsincorporatedin the United Statesand other
countries.

Java, Java 2D andJava 3D aretrademark®r registeredtrademark®f SunMicrosystemsinc. in the
United Statesandothercountries.

UNIX is aregisteredirademarkgexclusively licensedthroughX/OpenCompary, Ltd. in the United
Statesandothercountries.

Windows and Excel are trademarksor a registeredtrademarksof Microsoft Corporationin the
United Statesand/orothercountries.

GeneSights aregisteredrademarlof BioDiscovery, Inc.
GeneSpringandGeNetareregisteredrademarkor trademark®f Silicon Genetics.

Mac OS, Macintoshand QuickDrawn are registeredtrademarksof Apple Computey Inc. in the
United Stateandothercountries.

Affymetrix, GeneChipand NetAffx are registeredtrademarksf Affymetrix, Inc. in the United
Statesandothercountries.

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

BSDis aregisteredrademarlof Berkeley SoftwareDesign,Inc.
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