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Abstract. Oligonucleotidemicroarraysareableto performalargequantityof simulta-
neousexperimentsyesultingin adigitalimageto be analyzedWe describeheimage
analysisstepof a systemdesignedior HLA typing basedon microarraytechnology
andemplgying anadaptve fuzzy systemwhich canlearnfrom userhints. The fuzzy
modelingapproachallows usingthelife scientists languageandconceptgo describe
andclassifytheprobeactivationsin anaturalway, andallows robustinteractiveimage
filtering thanksto the adaptve behaiour of thefuzzy system.

1 Introduction

Oligonucleotidemicroarrayq2] areableto performa large quantity (100-10000)of simul-
taneousexperimentsEachexperimentcorrespond$o a givenoligonucleotideprobe(a DNA
strandof 20-30baseshybridizingwith atargetRNA sample The probesareaffixedto spe-
cific positionsof a chip’s surface.The tametis fluorescentliyiabelled. Thereforea fluores-
cencemeasuremertty laserscanninggivesinformationabouttheamountof RNA hybridized
ateachspecificlocationon the chip (spot).

We aredevelopinga DecisionSupportingSystemfor HLA typing [9] usingthe oligonu-
cleotidemicroarraytechnology The HumanLeukocyte Antigens(HLA) systemconsistsof
threeregionsin the humangenomeln transplantationthe matchbetweendonors andre-
ceiver’'s HLA s critical for histocompatibility HLA typing is the problemof matchingthe
HLA systemof donorandrecever.

Themainconstituent®f the systemwe aredevelopingare:

Supportto theoligonucleotideprobedesign;
Spottersystemprogramming;

DNA microarrayhybridationmeasurement;
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Genotyping.

The first subsystenof our DecisionSupportingSystemis basedon the analysisof the
allelesof genef theHLA (HumanLeukocyte Antigens)systemwhich databases available
at http://www.ebi.ac.uk/imgt/hla/ andis in continuousup-dating.The taskis the selectionof



stringsof ologonucleotidespf about20 basesableto discriminategroupsof alleles(in high
or low resolution).The orderedist of probescorrespondso the codesassociatedo groups
of allelesto bediscriminated.

The secondsubsystemnteractswith the userin orderto programa spotterto print the
selectedprobeson thetargetmicroarrayswith anassignededundance.

TheDNA Microarrayhybridationmeasuremersubsystenis devotedto classifytheprobe
activationson the basisof theinformationcomingfrom the microarrays scanner

The last subsystentomputesthe probe activation codesand compareshem with the
codesassociatedo groupsof allelesto be discriminatedsuppliedby thefirst subsystensup-
portingthe oligonucleotidgorobedesign.

In this paper after a sketchof the hardwareandsoftwareenvironments(Sect.2) we will
describethe DNA microarrayhybridationmeasuremergubsystemAs reportedin the liter-
ature[5, 4] the analysisof the informationembeddednto a DNA microarrayis a comple
task.In this work, we addressn particularthe presencef outliersand the possibility that
a probecanproducespotswith intermediateactivation that, in principle, could be ascribed
eitherto the positive or negative activationclasses.

2 Hardware and software environments

The DecisionSupportingSystemhasbeendevelopedon a 500MHz PCPentiumin SunJava

2, andis basedon aninteractve graphicaluserinterface,makingextensve useof pure Sun

Java Swinggraphicalcomponentsuchastables trees menusandimage panels
Theinstrumentatiorsetupconsidereds asfollows:

¢ aspotPackard-BelBioscienceDivision SpotArray 24 printing systemthatprints,on one
or moreslides(DNA microarrays)the probeso beusedin the hybridizationprocess;

e aPackard-BellBioscienceDivision ScanArray Express slidelaserscanningsystem.

The available driversfor thoseinstrumentsare designedor the MicrosoftWindowsNT
operatingsystem.

In the spottingtask,redundancelaysa relevantrole. In facts,the spotterrobot cannot
print singlespotsbut only groupsof 5 adjacenspots,in orderto preventprinting errorsand
to consumall theprobe“ink” loadedby pins.Moreover, it is importantto programtherobot
to spotthesameprobein severaldifferentzonesof theslide,in orderto preventthe effectsof
local problemsdueto low quality zonesin hybridizationprocess.

The ScanArray Express readsthe DNA microarrayby laserscanningand producesan
highresolutionmagewith spotscorrespondingo thehybridizationactivity resultsof oligonu-
cleotideprobes(seee.g.,Fig. 1). Moreover, the scannedriver providesa databaseassoci-
atingeachspotto avectorof featuresto be usedfor classificationjncluding:

e the evaluationof intensitylevel, backgroundevel, diametey area,footprint, circularity,
spotuniformity, backgroundiuniformity andsignal-to-noiseatio and

¢ thepositionof spotcentersandothergeometricalnformationcomingfrom the spotprint-
ing system.



Figurel: A sampleimageproducedy the scannerlt is possibleto distinguishspotswith positive or interme-
diateactivactionandoutliers,asfor instancethe bright spotsin the bottomareaof theimage.

3 DNA microarray hybridization measurement subsystem

We have to considertwo sub-problems:

1. Theclassificatiorof theactvity measurethy eachspotonthebasisof thescanneputputs.

2. Theintegration(or fusion of the actwvities of spotscorrespondindo the sameprobe,in
orderto obtainarobustevaluationto theresultsof the hybridizationprocess.

3.1 Spotactivity evaluation

Concerningthe first sub-problemon the basisof the featuresmeasuredy the scannes

driver, we definethe following classesf spotactivaction: Positive Intermediate Negative

andOutlier. Eachclassis modelledasafuzzy setusingthe adaptve fuzzy systemdescribed
in the AppendixA. Intermediatduzzy setcanpossiblybe splitinto morefuzzy sets,in order
to modeldifferentintermediateactivactionlevelsof probehybridization.

In the assessmentf the overall DNA microarraygenotypingsystem,the learningca-
pability of the fuzzy systemadoptedis exploited to automaticallymodelthe shapewf the
membershidunctionson the basisof a setof examplesproposedoy the userthroughthe
interactve graphicalinterface.

Fig. 2 shovsanexampleof thegraphicalinterface. Theusercanselectasmallsetof sam-
plesfor eachclassandin few secondsheadaptve fuzzy systengeneralizesheclassification
to all spotin theimage.Spotswith low membershigo eachassigneclasswill berejected
(i.e., assignedo a Rejectclass).Outlier and Rejectspotswill not be consideredn the fol-
lowing fusionstep.The usercanaccepthe classificationpr elsehe/shecaneitherpreparea
new training set,or explicity changehe membershiglassof eachspot.

3.2 Classificationfusion

The Fusion Module allows the userto integratethe actities of the redundanspotscorre-
spondingto the sameprobe andto obtainin sucha way a more robust evaluationto the
resultsof hybridizationprocessFor eachprobe,the fusion canbe obtainedby a choiceof
operatorsuchasmaximum,minimum, averaging,voting, etc.,possiblyreferredto eachse-
quentialgroupof spotsandbetweergroupsof spots.
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Figure 2: The userinterfaceusedin the DNA microarrayHybridization MeasuremenSubsystemEachrow
of the table correspondso a spotand containsthe featurevaluescomputedby the scannedriver, plus other
information, suchasthe classof membership(activity). On the bottom, on the scannedmage, the squares
representhe positionof spots,andthe colourof their contourss relatedto the classto which eachspothasthe
highestmembership.

4 Discussion and conclusions

We have describedpartsof a DecisionSupportingSystemwhich is beingdevelopedfor the
taskof HLA typing. ThesubsystenpresentedlassifiegshespotsonaDNA microarrayimage
on the basisof userhints. The subsequenprocessingtepstransformthelist of classmem-
bershipsof probehybridizationactivationinto codes.Thenthecomputectcodesarecompared
with whosedesignedisingthe OligonucleotideProbeDesignSubsystem.

In thecodingprocessprobeshelongingto Positve andNegative fuzzy setswill becoded,
respectrely, as1 andO. The probesbelongingto the Intermediatguzzy set(s)could be as-
signedeithercode(1 or 0) dependingon domainknowledgeobtainedby aninteractionwith
theuser This pieceof knowledgewill berecordedn the probedatabase.

As a generalcommentthe proposedapproacho HLA typing basedon fuzzy modeling
provides several advantagesin particular it allows usingthe life scientists languageand
conceptgo describeandclassifythe probeactivationsin anaturalway. Furthermoreit allows
robustinteractve imagefiltering thanksto the adaptve behaiour of the fuzzy system.

A Theadaptive fuzzy system

FuzzyLogic Systemswith singletonfuzzification,max-poductcomposition productinfer-
enceandheightdefuzzificationcanberepresenteds[8]

y=rf(x)=Y 7'¢(x) (1)



wherey ! denotethe centerof gravity of the outputfuzzy set,and¢;(x) arecalledfuzzybasis
functionsandaregivenby

Hf:l pp ()
n(x) = =3 =5 2)
> Il HF! (zi)
wherel = 1,2, ..., M. We canreferto thoseFLS asfuzzybasisexpansionsor networksof
fuzzybasisfunctions(FBF network.)

It is worth noting thatthe FLS with universalfunction propertystudiedby Mendeland
Wang[11], whichis asingletonFLS usingproductinference productimplication, Gaussian
membershignd heightdefuzzification,canbe rewritten asa FBF network expansion.The
universalfunction approximationpropertygivesa strongmathematicagjroundwhenapply-
ing FLSsin critical applicationsrangingfrom control, to time seriesprediction,to pattern
recognition.

Let usconsidera fuzzy logic systembasedon a multi-input-multi-outputversionof this
FBF network. Specifically if thereare K unitsin theinputlayer, J fuzzy inferencerulesand
I outputs,the rule activationscanbe expressedasr; =[], p;x(zx), Wherethe quantity
Lk (xx) representshe value of the membershigunction of the componentz;, of the input
vectorfor the jth rule andis definedas:

1jk(Tk) = exp (‘M) ) (3)

Qij

andm,,, ando?, arethe meansandvariancesof the Gaussiarmembershigunctions.The
valuesof the outputunitsare:

o T]y,u
Yi = Z 7“] - Z z](b] ’ (4)

wherey;,; is the centerof gravity of the outputfuzzy membershigunction of the jth rule
associatedvith the outputy;, and

Hk 1k (k)
Zj Hk ik (k)

is thefuzzybasisfunctionassociatetb rule j, andrepresentgs normalizedactivation.(With-
out lossof generality we could assumehatthe fuzzy membershigunctionsaresingletons:
Vij = Sij-)

’ The FBF network canberegardedasafeedforwardconnectionissystenmwith onehidden
layerwhoseunitscorrespondo thefuzzyrules.It canbeidentified[6] bothby exploiting the
linguistic knowledgeavailable(structure identificationproblem) or by usingthe information
containedin a dataset(parameterestimationproblen), which is the approachollowed in
the presentontext.

As showvnin [7], in orderto obtaina”fuzzy” classifierapproximatinghe Bayesdiscrim-
inantfunctionsin the largetraining setsizelimit, we mustfind the valuesof the parameters
(or weightg thatminimizethe meansquae error (MSE) definedas

no_ n 2
MSE — Zk,n(y]l\c[ k:) : (6)

¢ =

(5)




whereN is the sizeof thetraining set,y™ = (y7) is the network output,andt™ = (¢}) is
then-th label of the associatie pair of thetraining set. The component®f t” aredefinedas
follows:

o if the patternbelongsto classj, @)
771 0 otherwise.

The costfunction (6) canbe minimized by mary differenttechniquesin our experiments,
the FBF network parametergi.e., m;x, o;; andy;;) wereobtainedby performinga gradient
descentvith respecto the MSE acrosghetrainingset. Thelearningformulasareasfollows
[3, 10

A?z‘j =1Ts [ti - Z/z]¢g (8)
Amyjy = Nm@; Z[ti - yi][gij — yillzy — mjk]/%?'k )
Aojp = nsd; Z[tz’ — Uil[Ti; — villek — mal? /o (10)

wherer;, 1, andn, arethelearningratesof j;;, mx, ando .
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