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Abstract. Oligonucleotidemicroarraysareableto performalargequantityof simulta-
neousexperiments,resultingin adigital imageto beanalyzed.We describetheimage
analysisstepof a systemdesignedfor HLA typing basedon microarraytechnology
andemploying anadaptive fuzzy systemwhich canlearnfrom userhints.Thefuzzy
modelingapproachallowsusingthelife scientist’s languageandconceptsto describe
andclassifytheprobeactivationsin anaturalway, andallowsrobustinteractiveimage
filtering thanksto theadaptivebehaviour of thefuzzysystem.

1 Introduction

Oligonucleotidemicroarrays[2] areableto performa large quantity(100-10000)of simul-
taneousexperiments.Eachexperimentcorrespondsto agivenoligonucleotideprobe(aDNA
strandof 20-30bases)hybridizingwith a targetRNA sample.Theprobesareaffixedto spe-
cific positionsof a chip’s surface.The target is fluorescentlylabelled.Thereforea fluores-
cencemeasurementby laserscanninggivesinformationabouttheamountof RNA hybridized
at eachspecificlocationon thechip (spot).

We aredevelopinga DecisionSupportingSystemfor HLA typing [9] usingtheoligonu-
cleotidemicroarraytechnology. TheHumanLeukocyte Antigens(HLA) systemconsistsof
threeregions in the humangenome.In transplantation,the matchbetweendonor’s andre-
ceiver’s HLA is critical for histocompatibility. HLA typing is the problemof matchingthe
HLA systemof donorandreceiver.

Themainconstituentsof thesystemwe aredevelopingare:

1. Supportto theoligonucleotideprobedesign;

2. Spottersystemprogramming;

3. DNA microarrayhybridationmeasurement;

4. Genotyping.

The first subsystemof our DecisionSupportingSystemis basedon the analysisof the
allelesof genesof theHLA (HumanLeukocyteAntigens)systemwhichdatabaseis available
at http://www.ebi.ac.uk/imgt/hla/ andis in continuousup-dating.The taskis theselectionof



stringsof ologonucleotides,of about20 bases,ableto discriminategroupsof alleles(in high
or low resolution).Theorderedlist of probescorrespondsto thecodesassociatedto groups
of allelesto bediscriminated.

The secondsubsysteminteractswith the userin orderto programa spotterto print the
selectedprobeson thetargetmicroarrays,with anassignedredundance.

TheDNA Microarrayhybridationmeasurementsubsystemisdevotedto classifytheprobe
activationson thebasisof theinformationcomingfrom themicroarray’sscanner.

The last subsystemcomputesthe probeactivation codesand comparesthem with the
codesassociatedto groupsof allelesto bediscriminatedsuppliedby thefirst subsystemsup-
portingtheoligonucleotideprobedesign.

In this paper, aftera sketchof thehardwareandsoftwareenvironments(Sect.2),we will
describetheDNA microarrayhybridationmeasurementsubsystem.As reportedin the liter-
ature[5, 4] the analysisof the informationembeddedinto a DNA microarrayis a complex
task.In this work, we addressin particularthe presenceof outliersandthe possibility that
a probecanproducespotswith intermediateactivation that, in principle,could be ascribed
eitherto thepositiveor negativeactivationclasses.

2 Hardware and software environments

TheDecisionSupportingSystemhasbeendevelopedona500MHzPCPentiumin SunJava
2, andis basedon an interactive graphicaluserinterface,makingextensive useof pureSun
JavaSwinggraphicalcomponentssuchastables, trees, menusandimagepanels.

Theinstrumentationsetupconsideredis asfollows:� aspotPackard-BellBioscienceDivisionSpotArray 24 printingsystemthatprints,onone
or moreslides(DNA microarrays),theprobesto beusedin thehybridizationprocess;� a Packard-BellBioscienceDivision ScanArray Express slidelaserscanningsystem.

The availabledriversfor thoseinstrumentsaredesignedfor the MicrosoftWindowsNT
operatingsystem.

In the spottingtask,redundanceplaysa relevant role. In facts,the spotterrobot cannot
print singlespotsbut only groupsof 5 adjacentspots,in orderto preventprinting errorsand
to consumeall theprobe“ink” loadedby pins.Moreover, it is importantto programtherobot
to spotthesameprobein severaldifferentzonesof theslide,in orderto preventtheeffectsof
local problemsdueto low quality zonesin hybridizationprocess.

The ScanArray Express readsthe DNA microarrayby laserscanningandproducesan
highresolutionimagewith spotscorrespondingto thehybridizationactivity resultsof oligonu-
cleotideprobes(see,e.g.,Fig. 1). Moreover, thescannerdriver providesa databaseassoci-
atingeachspotto avectorof features,to beusedfor classification,including:� the evaluationof intensity level, backgroundlevel, diameter, area,footprint, circularity,

spotuniformity, backgrounduniformity andsignal-to-noiseratio and� thepositionof spotcentersandothergeometricalinformationcomingfrom thespotprint-
ing system.



Figure1: A sampleimageproducedby thescanner. It is possibleto distinguishspotswith positive or interme-
diateactivactionandoutliers,asfor instancethebright spotsin thebottomareaof theimage.

3 DNA microarray hybridization measurement subsystem

Wehave to considertwo sub-problems:

1. Theclassificationof theactivity measuredbyeachspotonthebasisof thescanneroutputs.

2. The integration(or fusion) of theactivities of spotscorrespondingto thesameprobe,in
orderto obtaina robustevaluationto theresultsof thehybridizationprocess.

3.1 Spotactivityevaluation

Concerningthe first sub-problem,on the basisof the featuresmeasuredby the scanner’s
driver, we definethe following classesof spotactivaction:Positive, Intermediate, Negative
andOutlier. Eachclassis modelledasa fuzzy setusingtheadaptive fuzzy systemdescribed
in theAppendixA. Intermediatefuzzysetcanpossiblybesplit into morefuzzysets,in order
to modeldifferentintermediateactivactionlevelsof probehybridization.

In the assessmentof the overall DNA microarraygenotypingsystem,the learningca-
pability of the fuzzy systemadoptedis exploited to automaticallymodel the shapesof the
membershipfunctionson the basisof a setof examplesproposedby the userthroughthe
interactivegraphicalinterface.

Fig. 2 showsanexampleof thegraphicalinterface.Theusercanselectasmallsetof sam-
plesfor eachclassandin few secondstheadaptivefuzzysystemgeneralizestheclassification
to all spotin the image.Spotswith low membershipto eachassignedclasswill be rejected
(i.e., assignedto a Rejectclass).Outlier andRejectspotswill not be consideredin the fol-
lowing fusionstep.Theusercanaccepttheclassification,or elsehe/shecaneitherpreparea
new trainingset,or explicity changethemembershipclassof eachspot.

3.2 Classificationfusion

The FusionModuleallows the userto integratethe activities of the redundantspotscorre-
spondingto the sameprobeand to obtain in sucha way a more robust evaluationto the
resultsof hybridizationprocess.For eachprobe,the fusion canbe obtainedby a choiceof
operatorssuchasmaximum,minimum,averaging,voting,etc.,possiblyreferredto eachse-
quentialgroupof spotsandbetweengroupsof spots.



Figure2: The userinterfaceusedin the DNA microarrayHybridizationMeasurementSubsystem.Eachrow
of the tablecorrespondsto a spotandcontainsthe featurevaluescomputedby the scannerdriver, plus other
information,suchas the classof membership(activity). On the bottom,on the scannedimage,the squares
representthepositionof spots,andthecolourof theircontoursis relatedto theclassto which eachspothasthe
highestmembership.

4 Discussion and conclusions

We have describedpartsof a DecisionSupportingSystemwhich is beingdevelopedfor the
taskof HLA typing.ThesubsystempresentedclassifiesthespotsonaDNA microarrayimage
on thebasisof userhints.Thesubsequentprocessingstepstransformthe list of classmem-
bershipsof probehybridizationactivationinto codes.Thenthecomputedcodesarecompared
with whosedesignedusingtheOligonucleotideProbeDesignSubsystem.

In thecodingprocess,probesbelongingto PositiveandNegativefuzzysetswill becoded,
respectively, as1 and0. Theprobesbelongingto the Intermediatefuzzy set(s)couldbeas-
signedeithercode(1 or 0) dependingon domainknowledgeobtainedby aninteractionwith
theuser. Thispieceof knowledgewill berecordedin theprobedatabase.

As a generalcomment,theproposedapproachto HLA typing basedon fuzzy modeling
providesseveral advantages.In particular, it allows using the life scientist’s languageand
conceptsto describeandclassifytheprobeactivationsin anaturalway. Furthermore,it allows
robustinteractive imagefiltering thanksto theadaptivebehaviour of thefuzzysystem.

A The adaptive fuzzy system

FuzzyLogic Systemswith singletonfuzzification,max-productcomposition,productinfer-
enceandheightdefuzzificationcanberepresentedas[8]	�
��������
 �� � � � 	 � � � ����� (1)



where	 � denotethecenterof gravity of theoutputfuzzyset,and
� � ����� arecalledfuzzybasis

functionsandaregivenby � � ������
 ��� � � �! #"%$& ��' � �( �� � � � � � � �  " $& ��' � � (2)

where ) 
+*-,/.!,1020302,/4 . We canrefer to thoseFLS as fuzzybasisexpansionsor networksof
fuzzybasisfunctions(FBFnetwork.)

It is worth noting that the FLS with universalfunction propertystudiedby Mendeland
Wang[11], which is a singletonFLS usingproductinference,productimplication,Gaussian
membershipandheightdefuzzification,canbe rewritten asa FBF network expansion.The
universalfunctionapproximationpropertygivesa strongmathematicalgroundwhenapply-
ing FLSsin critical applications,rangingfrom control, to time seriesprediction,to pattern
recognition.

Let usconsidera fuzzy logic systembasedon a multi-input-multi-outputversionof this
FBFnetwork. Specifically, if thereare 5 unitsin theinput layer, 6 fuzzy inferencerulesand7

outputs,the rule activationscanbe expressedas 8:9 
 �<;  9 ; ��' ; � , wherethe quantity 9 ; ��' ; � representsthe valueof the membershipfunction of the component' ; of the input
vectorfor the = th ruleandis definedas: 9 ; ��' ; �>
@?BA!CEDGF ��' ; FIH 9 ; � �.KJ �9 ; L , (3)

and H 9 ; and J �9 ; are the meansandvariancesof the Gaussianmembershipfunctions.The
valuesof theoutputunitsare: 	 � 
 ( 9 8M9 	 � 9( 9 8M9 
 � 9 	 � 9 � 9 �����N, (4)

where 	 � 9 is the centerof gravity of the output fuzzy membershipfunction of the = th rule
associatedwith theoutput 	 � , and � 9 
 � ;  9 ; ��' ; �( 9 � ;  9 ; ��' ; � (5)

is thefuzzybasisfunctionassociatedto rule j, andrepresentsits normalizedactivation.(With-
out lossof generality, we couldassumethat thefuzzy membershipfunctionsaresingletons:	 � 9PORQ � 9 .)

TheFBFnetwork canberegardedasafeedforwardconnectionistsystemwith onehidden
layerwhoseunitscorrespondto thefuzzyrules.It canbeidentified[6] bothby exploiting the
linguistic knowledgeavailable(structure identificationproblem) or by usingtheinformation
containedin a dataset (parameterestimationproblem), which is the approachfollowed in
thepresentcontext.

As shown in [7], in orderto obtaina ”fuzzy” classifierapproximatingtheBayesdiscrim-
inant functionsin the largetrainingsetsizelimit, we mustfind thevaluesof theparameters
(or weights) thatminimizethemeansquareerror (MSE)definedas4S>TU
 ( ; � V �W	 V; FYX V; � �Z , (6)



where
Z

is the sizeof the training set, [ V 
\�W	 V; � is the network output,and ] V 
^��X V; � is
then-th labelof theassociative pair of thetrainingset.Thecomponentsof ] V aredefinedas
follows: X 9 
`_ * if thepatternbelongsto class= ,a

otherwise.
(7)

The cost function (6) canbe minimizedby many different techniques.In our experiments,
theFBF network parameters(i.e., H 9 ; , J 9 ; and 	 � 9 ) wereobtainedby performinga gradient
descentwith respectto theMSEacrossthetrainingset.Thelearningformulasareasfollows
[3, 10]: b 	 � 9 
dcfeBghX � FI	 �3i � 9 (8)b H 9 ; 
jcKk � 9 � � ghX � FI	 �li g 	 � 9 Fm	 �li g ' ; FIH 9 ; i�n J �9 ; (9)b J 9 ; 
jc-o � 9 � � ghX � FY	 �li g 	 � 9 FI	 �li gh' ; FIH 9 ; i � n J �9 ; (10)

wherecfe , cKk , and c-o arethelearningratesof 	 � 9 , H 9 ; , and J 9 ; .
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