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Abstract

Barrett's esophaguss a premalignantonditionthatarisesdueto chronicacidre ux in which
the normalsquamouspitheliumof the esophaguss replacedby a metaplasticcolumnarepithe-
lium. A fundamentafuestionis the distinctionbetweemeoplastidBarrett’s epitheliumandsur
roundingnormaltissuesof the uppergastrointestinalract. For example,althoughit arisesin the
esophagugheBarrett's epitheliummorecloselyresembleshe epitheliumof the duodenunatthe
histologiclevel. Thereforewe comparedhetranscriptionapro le of the Barrett's epitheliumto
thoseof normaluppergastrointestinalissuesjncluding gastricepithelium,squamoupithelium
of the esophagusndduodenakpithelium. We found that the Barrett's epitheliumhascompara-
ble similaritiesto the threenormalgastrointestinalissuesat the expressionievel. In addition,we
proposeda novel approachto Iter outnon-tissuespeci ¢ genes.We searchedor tissuespeci ¢
patternsandidenti ed mary tissuespeci ¢ genes.Furthermorewe developeda novel algorithm
to identify geneghatdrive the similarity (or dissimilarity) betweerdifferenttissuesamples.

Equalcontritutionto this work.



1 Intr oduction and Moti vation

Barretts esophagus a metaplasidhatdevelopsasa complicationin 10-20%of patientswith chronic
gastroesophagesd ux diseasandpredisposet thedevelopmeniof adenocarcinomas the esoph-
agusandthe gastriccardia([Hamiltonetal., 198§, [Phillips andWong,1991). Sincethemid 1970s,
theincidenceof Barretts-associateddenocarcinombasincreasedanorerapidly thanthatof ary other
cancelin theUnitedStategBlot etal., 1991]. Unfortunatelymostpatientsvhodevelopanesophageal
adenocarcinomaresentwhenthe canceris advancedandincurable,andmorethan90% will die of
their diseasdSilverbeg etal., 1990. Patientswith Barretts esophagusypically have symptomsof
gastroesophageed ux, suchasheartlurn or indigestionandthey frequentlyseekmedicalattention
beforethey develop cancer The Barretts epitheliumcan be safely visualizedand biopsiedduring
uppergastrointestinabndoscop At the presentime, total removal of Barretts epitheliumrequires
esophagectomya procedurewith substantiamorbidity and mortality However, a systematigroto-
col of endoscopitbiopsiescandetectearly curablecancersarisingin Barretts esophagusTherefore,
the standardf carefor mary patientsncludesendoscopidiopsysuneillancefor the early detection
of cancer A fundamentabjuestionis the distinctionbetweemeoplastidBarretts epitheliumandthe
surroundingnormaltissuesof the uppergastrointestinatract. For example,althoughit arisesin the
esophagusBarretts epitheliummore closelyresembleghe epitheliumof the duodenumat the cyto-
logical level. Thereforewe areinterestedo comparethetranscriptionapro le of Barretts epithelium
to thoseof normaluppergastrointestinalissuesncluding gastricepithelium,squamougpitheliumof
the esophaguandduodenakpithelium. Endoscopidiopsiesfrom eachtissuewerecollectedfrom a
seriesof patientsduring routinesuneillance. Poly RNA waspreparedrom pooledsampleq2-4
patients/poolpf Barretts epithelium(4 pools),esophageaquamougpithelium(4 pools),gastric(3
pools)andduodenun{3 pools).Eachpoly  samplevasusedio preparedouble-strandedDNA with
aT7 promoter SubsequentlyuorescentlylabeledcRNA, generatedby in vitro transcription(IVT) of
the cDNA templatewasusedto interrogateAffymetrix HU6800andFL6800chips.
Therearethreebasicquestionsve would like to address$n our analysis:

Which normal gastrointestinatissues(squamousepithelium,duodenumepitheliumor gastric
epithelium)is the neoplastiBarretts epitheliummostsimilarto?

Are thereary tissuespeci ¢ geneclusters?

Whatarethe geneghat make Barretts epitheliumsimilar (or dissimilar)to eachof the normal
gastrointestinaissue?

Sincewe usedbothAffymetrix HU6800andFL6800chipsin our experimentstherearesomenor
malizationissuedor combiningthedata. Thedatapre-processingsuewill bediscusseih Section2.
The similarity analysiswill be discussedn Section3. Section4 will discussthe clusteranalysison
this dataset. Finally, a novel algorithmthatidenti es geneghatareresponsibldor the similarity (or
dissimilarity) betweertissuesampleswill bepresentedn Section5.

2 Experimentsand Data Sets

2.1 Detailsof the Experiments

In our experiments tissuesampleswvere pooledfrom two to four patients. Thereare a total of four
separat@oolsof Barretts epithelium(BE), four poolsof esophageaquamougpithelium(Sq),three
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poolsof gastricepithelium(GAS) andthreepoolsof duodenurnrepithelium(DUO). In our rst setof

experimentsfour poolsof Barretts epithelium,four poolsof squamougpithelium,1 pool of gastric
epitheliumand1l pool of duodenunepitheliumwereusedto interrogatahe Affymetrix Hu6800chips
(atotal of 10 experiments)Let usdenotethe rst setof experiments BE1,BE2,BE3,BE4,Sql,Sq2,
Sq3,5g4,GAS1,DUO1 . In oursecondsetof experimentspnepool of Barretts epithelium,onepool

of squamougpithelium,two poolsof duodenunepitheliumandtwo poolsof gastricepitheliumwere
usedto interrogatehe Affymetrix FL6800chips(atotal of 6 experiments).Let us denotethe second
setof experiments BE5, Sg5,GAS2,GAS3,DUO2,DUO3 . The poolsof Barretts epitheliumand
squamougpitheliumusedin thesecondsetof experimentq{the FL6800chips)wereidenticalto oneof

thefour poolsusedin the rst setof experimentgthe Hu6800chips).In particular BE4 andBE5 was
derived from the samepool of tissuesamplesof Barretts epithelium,and Sq2and Sq5wasderived

from thesamepool of tissuesamplesNotethateachof thetwo setsof experimentsover all four types
of tissuesamples.

The Affymetrix Hu6800and FL6800 chips consistof approximately7000genes.The two types
of chipsconsistof the samegenes. However, the Hu6800format divides the 7000 genesinto four
separatghysicalchips (namely A,B,C,D), while the FL6800format hasall the 7000geneson one
physicalchip. The probesetsof the two formatsarealsodifferent. Figure 1l is a cartoonof the data
set. The rst setof experimentsare shawvn in red, while the secondsetin black. In the rst setof
experimentsapproximatelyonequarterof the 7070genesareon eachof the A,B, C, D chips,andthe
A, B, C, D chipscontainthe samegenesacrosdifferentexperiments.Fromour experiencethe four
chipsin the Hu6800format can have very different overall intensities. For example,in experiment
BE1,theA chipcanbemuchbrighterthanthe D chip, while in experimentBE2,theD chipis brighter
thanthe A chip. Both experiment8BE1 andBE2 arepooledsamplef the Barretts epithelium.Thus,
the challengss thatthe datafrom the four separatehipsin the Hu6800formathave to be normalized
beforedataanalysison all the 7070genescanbe performed.Our goalis to combinethe datafrom all
the 16 experimentgboththe Hu6800andthe FL6800formats).

experimental conditions
]

GAS1 DUOL BE1 BE2 BE3 BE4 Sl Sq2 Sq3 SqBAS2 GAS3 DUO2 DUO3 BE5 Sq5
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Figurel: TheBarretts esophagudataset

2.2 Datanormalization

The goal of this pre-processingtepis to normalizethe expressiorlevels of the geneson separate,
B, C, D chipsin the Affymetrix Hu6800chipssoasto performdataanalysison all thegenesLet
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denotetheraw expressiorievel (beforenormalization)of gene underexperiment . To motivatethe
importanceof this datanormalizationstep,let us considerthe following scenarioLet experiments

and beexperimentsrom the Hu6800format. Supposehe overall expressionevels of chip A in
experiment  aremuchhigherthanchip D in thesameexperiment . Letgene beageneon chip

A, andgene beageneonchipD, andsupposdurtherthat . However, in experiment
, Which is the sametissuetype asexperiment , the overall expressionlevels of chip A is much
lower thanthat of chip D underexperiment , and . A discrepang is obsenred:

underthe sametissuetype, gene is higherexpressedhangene underone experimentbut not
another Without normalization,we cannotdecideif the discrepang is an artifact of chipsA andD
having differentsignalintensitiesunderthetwo experiments and , or aresultof heterogeneitpf
tissuesamplesn thetwo experiments.

One dif culty of normalizationis that the setsof geneson the four separatechips are mostly
disjoint. Thereareonly a few control genesthat arein commonamongthe four chips. We cannot
obtainrobustestimate®f themeanandthe standardleviation of chip intensitywith only afew control
genes.

Our normalization approach: Thebasicideaof our normalizationapproachs to usethe dataon the
FL6800formatto determingherelatie intensitiesof geneson eachof the A,B, C, D chipsin orderto
compardheexpressiorievelsof geneondifferentchipsunderthe sameexperiment. Thedistributions
of the raw expressiorlevels from eachexperimentare highly skewed andhave a very long tail.
An exampleis shavn in Figure2, which s the histogramof thedistribution of the expressiorlevelsin
experimentSqgz2. In the rst stepof normalizationwe took the logarithmof all the expressiorlevels
from all 16 experiments After thelog transform thedistrikbution of theexpressiorevelsmoreclosely
resembleshe normaldistribution. The distribution of the log of the expressionevelsin experiment
Sqg2is shavn in Figure3. Then,we normalizedthe log-transformedxpressiorevels of eachof the
six experimentdrom the FL6800formatto mean50 andstandarddeviation 10 (the choiceof 50 and
10is arbitrary).For eachof the secondsetof experiments from the FL6800format(where =BES5,
Sqg5,DUO02, DUO3, GAS2 or GAS3), the averageexpressionlevels and standarddeviations

(where ) of correspondingieneson the A, B, C, D chipsarecomputed.The
expressionevelsof the rst setof experimentsverenormalizedo have the correspondingnean
andstandardieviations of the sametissuetype. For example,the expressiorievels of genesn

chip A from experimentsSql,Sqg2,Sqg3andSg4werescaledo have mean andstandardieviation
. The nal distribution of experimentSqg2is shavn in Figure4. In the caseof the duodenum

epithelium,two experimentdDUO2, DUO3) weredoneon the FL6800chips. The averageof
and , andtheaverageof and (where ) wereusedto normalize
experimentDUOL. Similarly, GAS1wasnormalizedwith theaverageof GAS2andGAS3.

After thisnormalizationwe cancompareexpressiorievelsof genesacrosglifferentchipsfromthe
rst setof experimentsin termsof our motivating scenariowe cannov comparethe expressiorievel
of gene onchip A to thatof gene on chip D. The disadantageof this approachs thateventhe
sametype of tissuesamplesanbe heterogeneougspeciallyfor the neoplastidBarretts epithelium.
This normalizeddatasetis usedin all of theanalysisdescribedn this technicalreport.

An alternative normalization approach: Our approacho normalizationonly appliesto situationsin
which the secondsetof experimentsusingthe FL6800 chipscoversall typesof tissuesamples.We
alsoexperimentedvith analternatve normalizationapproachin which the dataon the Hu6800chips
is normalizedwithout usingthe dataon the FL6800 chips. The basicideaof this approachs that
the averageintensity and standarddeviation of eachof the A,B,C,D chipsare scaledto be the same
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Figure2: Histogramof thedistribution of the expressiorievelsin Sg2
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Figure3: Histogramof thedistribution of the expressionievelsafterlog transformin Sq2
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Figure4: Histogramof thedistribution of the expressiorievels afternormalizationn Sg2

acrosdifferentexperimentsn the Hu6800format so asto comparesxpressionevels acrosdifferent
experiments Again,we took thelogarithmof all theexpressiorievelsfrom all theexperiments Genes
within the sameA,B, C or D chipsfrom experimentsunderthe Hu6800formatswere normalizedto
have the samemean(0) andstandarddeviation (1). Genesrom the FL6800formatwerenormalized
to have the samemean(0) andstandardieviation (1) acrosghe 7000genes After this normalization,
genesn thesamechip (A, B, C, or D) have approximatelythe samedistribution asgenesn the same
respectie chip acrossdifferent experiments. With respectto our motivating scenario,we cannow
comparethe expressionlevels of genesin chip A underexperiment  andthe expressionlevels of
geneson chip A under . However, we still cannotcomparethe expressionlevels of genesacross
differentchips(A,B, C or D) in the rst setof experiments.In termsof our scenariowe still cannot
compareheexpressiorevelsof genedn chip A andthosein chip D. Thisis becauseave did notscale
therelative intensitiesacrosdlifferentchips.

This alternatve approactimplicitly assumeshatthe averageog-transformeaxpressiorievelson
eachof the A,B,C, D chipsarecomparablelUsingthis alternatve normalizeddatasetin the similarity
analysideadsto similar conclusionsasthe datasetnormalizedwith the FL6800chips.

3 Similarity betweentissuesamples

Oneof our fundamentafuestiongs the distinction betweenneoplasticBarretts epitheliumandthe
surroundingnormaltissuef theuppergastrointestinaract. We usedthe Pearsors correlationcoef-
cient[Pearson1894 to compareghe pairwisesimilaritiesbetweertissuesamplesUsingthe notations
in Figurel. Thesimilarity (Pearsorcorrelationcoefcient) betweerexperiment andexperiment is

1)
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where ———. The normalizeddatais usedto computethe correlationcoefcients. The
theoryof Pearsors correlationhasanimplicit assumptioron normalityof the data. Thedistribution of
normalizeddatafrom approach. resembleshenormaldistribution (anexampleis shavn in Figure4).
Sincewe have multiple experimentson eachtissuetype, we averagedthe normalizedexpression
levels acrossexperimentswith the sametissuetype in the samesetof experimentsin orderto sum-
marizethe similaritiesbetweendifferenttissuetypes. Then,the Pearsors correlationcoefcient was
appliedto eachpair of tissuetypesandin eachsetof experiments.The resultsareshavn in Tablel.
Dueto thedifferentprobesetsusedby the Hu6800andthe FL6800formatsin the two setsof experi-
ments,we restrictour comparisorwithin the samesetof experiments.In Table 1, the notationE(r-s)
(where ) meanghatthe expressiorevelsin experiments wereaveraged.For exam-
ple, BE(1-4)representshe expressiorievelsin experimentsBE1, BE2, BE3 andBE4 wereaveraged.
The rst setof experimentds shavn in red. Tablel shavs the point estimate®f the correlationcoef-
cients. We alsocomputedhe 95%con denceintenalsfor the correlationcoefcients usingFishers
transform[SnedecoandCochran,198(Q (notshawvn here).

GAS1 DUO1 BE(1-4) Sq(1-4) GAS(2-3) DUO(2-3) BE5 Sg5
GAS1 1.000 0.807 0.851 0.751 0.864 0.763 0.805 0.741
DUO1 0.807 1.000 0.841 0.732 0.761 0.872 0.792 0.719
BE(1-4) | 0.851 0.841 1.000 0.830 0.810 0.782 0.865 0.795
Sq(1-4) | 0.751 0.732  0.830 1.000 0.732 0.689 0.729 0.892
GAS(2-3) | 0.864 0.761 0.810 0.732 1.000 0.861 0.863 0.777
DUO(2-3)| 0.763 0.872 0.782  0.689 0.861 1.000 0.872 0.748
BE5 0.805 0.792 0.865 0.729 0.863 0.872 1.000 0.796
Sg5 0.741 0.719 0.795 0.892 0.777 0.748 0.796 1.000

Tablel: Averagecorrelationcoefcients betweertissuetypesin the samesetof experiments.

Let be the pairwisesimilarity betweenexperiment andexperiment . From Table 1,
, and . There-
fore, the gastricepitheliumandthe duodenumepitheliumare more similar to eachotherthanto the
squamougpithelium(because and
). Eventhelow endof the con denceinterval for is greater
thanthe high endof thecon denceintenal for and . Sim-

ilarly, the correlationcoefcients in the secondsetof experimentssupportthe sameconclusion.The
comparisorof theexpressiorpro les of thethreenormalgastrointestinalissuess consistenwith the
more similar morphologyand physiologicalrole (secretory)of gastricand duodenalepithelia,when
comparedo the differentmorphologyof non-secretorgsophageaquamougpithelium.

For the rst setof experiments,the point estimatesof the correlationcoefcients betweenthe
Barretts epitheliumandeachof thegastricepithelium,duodenunepitheliumandsquamougpithelium
arecomparable.The con denceintenals for the correlationcoefcients alsooverlap. However, for
the secondsetof experimentsthe Barretts epithelium,BE5, is moresimilar to the gastricepithelium,
GAS(2-3),andthe duodenunepithelium,DUO(2-3), thanto the squamougpithelium,Sqgb. It turns
outthatthisdiscrepang is dueto theheterogeneitpf theneoplasti®arretts epithelium.Table2 in the
Appendixshavs the point estimate®f the correlationcoefcients betweerall 16 experimentswvithout
averagingtheexpressiorevelsoverthesameissuetype. Again,the rst setof experimentsareshavn
in red, while the secondsetis shavn in black. (We alsocomputedthe 95% con denceinterval, but
the resultsare not shawn here). From Table 2, we canseethat experimentBE1 from the rst setof



experimentshaslower similarity to the gastricepithelium(GAS1) thanto the squamouspithelium
(591,502,5093,Sg4). Onthe otherhand,experimentBE4 (alsofrom the rst setof experimentshas
highersimilarity to the gastricepithelium(GAS1) thanto the squamouspithelium(Sql, Sg2,Sq3,

Sqg4). In the secondsetof experimentsexperimentBES shavs the samerelative similaritiesasBE4,

i.e., and . In fact, experiments
BE4 andBES5 usedthe samepooledtissuesample but they areinterrogatedo the HuU6800andFL6800
formatrespectiely. Thereforethediscrepang we obseredusingthe averagesxpressionevelsacross
tissuetypesin Tablel merelyre ects the heterogeneitpf the neoplastidBarretts epithelium.

From Table 2, experimentBE5 is most similar to experimentBE4 acrossall the experiments,
eventhoughBE4 and BE5 wereinterrogatedo differentchip formats. Similarly, experimentSqg5is
mostsimilar to experimentSg2acrossall the experiments.This shavs that our normalizeddataand
similarity comparisonsare robust becausesxperimentsBE4 and BE5, Sg2 and Sg5 usedthe same
pooledtissuesamples.

4 Cluster Analysis

In orderto identify tissuespeci ¢ clustersof genesthe entirenormalizeddatasetis ltered to focus
on genegthat aredifferentially expressedn differenttissuetypes. After we determineda setof dif-
ferentially expressedjeneswe needto choosea clusteringalgorithm. Finally, we appliedthe chosen
clusteringalgorithmto obtaintissuespeci c clusters.

4.1 Filtering

Our procedureo identify geneghataredifferentially expressedn differenttissuetypesis similar to
the standardprocedureof the analysisof variance(ANOVA) [Zar, 1984. Supposeve have indepen-
dentsampledrom eachof the differentpopulations,andthe samplesize from population is

(where ). Let be anexpressiorlevel from population , where and
. In the standardANOVA procedure, 'sareassumedo beindependentpnormal,
, andthe null hypothesis versus

is falseis tested Notethatthe populationvariancesareassumedo be equal. Let
, . The teststatisticin the standardANOVA
proceduras theratio of the between-populatiomeansquardo theresidualmeansquarej.e.,

)

which follows the F-distritution with (k-1, n-k) degreesof freedom.

For eachgene we testedhenull hypothesis versus is
false A geneis saidto bedifferentially expressedf thenull hypothesis s rejected.Therearefour
tissuetypesin our experimentstheBarretts epithelium,gastricepithelium,duodenunepitheliumand
squamougpithelium,i.e., is 4. Thesizesof thetissuetypes, areb, 5, 3, and3 for the Barretts,
squamousgastricandduodenunepitheliumrespectiely.

Our ideais to usethe teststatisticin Equation2, but insteadof assuminghat the test statistic
follows the F-distritution with (k-1, n-k) degreesof freedom,an empirical distribution for the test
statisticis computed.Dueto the small samplesizes(3 or 5), the assumptiorof the F distribution can
potentially have a large impacton the hypothesigesting. In the derivation of the test statistic, the
normalityassumptions usedto shav thatthedistribution of theteststatisticin Equation2 follows the
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F-distritution. Therefore,by generatingan empirical distribution to computethe signi cance level,
our approachdoesnotassumehe normality of theexpressiorievels  'sfrom eachtissuetype.

An empiricaldistribution for eachgeneis simulatedoy randomlypermutingthe expressiorievels
of that genefrom all the experiments,and by repeatingthe randompermutationmary mary times
(3000timesin ourimplementation).If theteststatisticof Equation2 from the empiricaldistribution
of agene is greateithanthe obseredteststatisticfrom thedatalessthan5%in all therandontrials,
thenwerejectthenull hypothesis  atthe0.05signi cancelevel. Thegene passeshe lter, andis
consideredn theclusteranalysis.

Fora xed (=4)anda x ed (=16),theteststatisticin Equation2 is equivalentto the ratio of
the betweertissuetype meansquareto the residualmeansquare.Sinceour goalis to identify genes
thataredifferentially expressedn differenttissuetypes,alarge ratio of the betweertissuetype mean
squardo theresidualmeansquareas preferred.Intuitively, our empiricaltestingproceduredetermines
whetherthe obseredratio from the datais large enoughsothatit is not easilyobtainedoy chance.

We appliedthe abore modi ed ANOVA procedureto the thresholdedhormalizeddatasetfrom
approach?. Datavalueswith very low expressionevelsthatare marked with low con denceby the
Affymetrix software were not consideredn the normalizationstep. After normalizingthe datawith
approact?, wethresholdeall thelow con dencedatawith avaluethatis slightly lowerthanthelowest
expressionevel marked with con dence. For 1095genegout of 7070genes)the equalpopulation
meannull hypothesiss rejectedat the 0.05signi cancelevel, andhencepassinghe lter.

4.2 Choosinga clustering algorithm

With the Itered dataset,thenext problemis to choosea clusteringalgorithmfor thedata.We usedthe
gur e of meritmethodologyin [Yeungetal., 2000 to compareghe performancef differentclustering
algorithms.Thebasicideaof the gure of merit(FOM) methodologys to applyaclusteringalgorithm
to the datafrom all but one experiment. The remainingexperimentis usedto assesshe predictve
power of the resulting clusters—meaningfutlustersshould exhibit lessvariationin the remaining
experimentthanclustersformedby chance.The predictve power of theresultingclusterss measured
by thewithin-clustervariance andis calledthe gur e of merit (FOM). A clusteringresultwith asmall
FOM implieslow within-clustervariancewhichin turnis anindicationof high predictve power. The
de nition of FOM doesnot allow directcomparisonver differentnumbersof clusters. Therefore,
the FOM is plottedagainsthe numberof clustersn typical FOM analyses.

Figure 5 shavs the resultof applyingthe FOM methodologyto the Itered Barretts esophagus
data(1095genes).Correlationcoefcient wasusedto computepairwisesimilaritiesof genes.Three
hierarchicalclusteringalgorithms[JainandDubes, 1988 (average-link,single-link, complete-link),
two partitional algorithms(k-means[JainandDubes, 1988, and ClusterAf nity SearchTechnique
(CAST) [Ben-DorandYakhini, 1999), andthe randomalgorithmwerecompared.Therandomalgo-
rithmis abenchmarkn whichall genesarerandomlyassignedo clusters. A goodclusteringalgorithm
shoulddo muchbetterthanthe randomalgorithm. In ourimplementationk-meanss initialized with
the resultsfrom hierarchicalaverage-link. From Figure 5, the single-link algorithm achieses only
slightly lower FOM thantherandomalgorithm,which meanghatthe performancef single-linkis not
satishctory The k-meansandCAST algorithmsachiese the lowestFOM, andhave comparablger
formance.TheFOM declinesdrasticallyup to around3 clusterssothenumberof clusterds estimated
to beapproximately8.
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Figure5: FOM analysisonthe Barretts esophagudata

4.3 Tissuespeci c clusters

Fromthe FOM analysis,we appliedthe CAST algorithmto the Itered Barretts esophaguslataset
(1095genes}o obtain8 clusters.Tissuespeci ¢ clustersvereobtained.For example,Figure6 shavs
the expressionpro le of a Barrettspeci c cluster and Figure 7 shavs a squamousspeci ¢ cluster
In Figures 6 and 7, the x-axis representsll the 16 experiments,andthe y-axis shavs the normal-
ized expressionevels. Thesolid line representshe averageexpressiornievel in eachexperiment,and
the dottedlines shav one standarddeviation abore andbelow the averageexpressionlevel in each
cluster Fromthe gures, genesn the Barrettspeci ¢ cluster(Figure6) shav relatvely high expres-
sionlevelsin the ve experimentsusingthe Barretts epitheliumtissue while genesn the squamous
speci c cluster(Figure7) shav relatively highexpressiorievelsin the ve experimentsaisingthesqua-
mousepitheliumtissuesample Mary interestinggenesverefoundfrom thesetissuespeci c clusters.
The Barrettspeci c clusterincludedgenesassociatedvith cell cycle progressior{P1cdc47PCM-1),
cell migration(urokinase-typglasminogemeceptor) growth regulation (TGF-betasuperamily, am-
phiregulin, Cyr61) stressresponsescaloy/clin, ATF3, TR3 orphanreceptor)aswell asepithelialcell
surfaceantigengepsilon-BPHumansurfaceantigen,integrin beta4). The squamouspeci c cluster
includedoncogenegpim-1, met,P47LBC), anumberof proteinasenhibitors (maspin,ela n, mono-
cyte/neutrophikelastasenhibitor, cystatinM, cystatinB, squamougell carcinomaantigen,urokinase
inhibitor), proteasegproteaseVl, calciumdependenproteasepanda seriesof small prolinerich pro-
teins (sprl, sprll, SPRR2B,SPR2-1,SPRR1A)implicatedin variouscellular stressresponses.For
moredetailedbiologicalinterpretationpleaseeferto our paperfBarrettetal., 2004.

4.4 Discussion

A carefulinspectiorof theclusteran Figures 6 and 7 shavs thatthe experimentausingthe samepool
of tissuesamplegBE4 and BE5, Sq2 and Sg5) do not have identicalnormalizedexpressionlevels.
The differenceshetweenthe normalizedexpressionlevels of the sametissuesampleshybridizedto
both HU6800 and FL6800 chipsre ect the experimentalvariation in using either the samecDNA
(BE4 andBED5) or thesamepoly A+ (Sq2andSqg5)asstartingmaterialto generatehe separatgools
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4 CLUSTERANALYSIS

Cluster #4 (size 38)

GAl1 GA2 GA3 DUl DU2 DU3 BE1 BE2 BE3 BE4 BE5 Sql Sq2 Sq3 Sg4 Sq5
tissue samples

Figure6: Barrettspeci c cluster

Cluster #7 (size 203)
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Figure7: squamouspeci c cluster
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of cRNA for eachhybridization.

In our ltering procedurethe expressionlevels of the experimentscorrespondingo eachtissue
type wereassumedo be independentThis is not the casefor the experimentswith the samepool of
tissuesamplegBE4 andBES5, Sg2andSqg5). It would beinterestingo modify our currentapproactto
accountfor thedependencbetweertissuesamples.

5 Genesdriving the similarity betweentissuesamples

In thecalculationof the pairwisesimilaritiesbetweertissuesamplesn Section3, theexpressiorevels
of all the 7070genesweretakeninto consideration.Oneinterestingquestionwould be to determine
thegeneghatdrive the similarity betweertissuetypes.For example whatarethe geneghatmake the
Barretts epithelium(BE) similar to the squamougpithelium(Sq)? Whatarethe genesghatmale the
Barretts epithelium(BE) differentfrom the squamougpithelium(Sq)?

In orderto answerthis questionwe developeda novel algorithm,the GENEEXTRACT algorithm.
Thisalgorithmis motivatedby theideasbehindtheKendalls coefcient of concordance[gndall, 1970,
whichis ameasuref rankassociation.

5.1 Kendall'scoef cient of concordance

In this subsectionthe Kendalls coefcient of concordancandthe necessarpotationsareintroduced.
Using the notationsin Figurel, let bethe expressionlevel of gene underexperiment , where

, and . In the caseof the Barretts esophagudata, =7070and =
16.

De nition 1 A pair of genes and are concodant with respectto experiments  and if
De nition 2 A pair of genes and are discodant with respectto experiments  and if

In otherwords,if genes and areconcodant eithergene hashigherexpressiorievelsthan
gene in bothexperimentsor gene haslower expressiorlevelsin both experiments.For a pair of
discodantgenestheirexpressiorevelsgoup or down in oppositedirectionin bothexperimentsNote
thatthemagnitude®f expressiorlevelsarenotnecessaryo determingf apair of geneds concordant
or discordantpnly therelative ranksarenecessaryThe rank of anobjectis therelative positionof a
setof objectsif all the objectsarearrangedn increasingorderof agivenmeasurelet bethe
rankof agene in experiment . It is clearthatthefollowing threeconditionsaretrue:

if andonly if
if andonly if
if andonly if

Therefore the magnitudesf expressionlevels of genesin De nition 1 andDe nition 2 canbe
replacedoy therelative ranksof genes.
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Example 1 Table3 showsgherelativeranksof expressionevelsof genesG1to G8with respecto two
experiments and . For example G2 hasthe lowestexpressionlevelin experiment  becauset
hasrank1, while G1 hasthelowestexpressionlevelin experiment

In this example,geneqG7, G8) areconcordanbecause . Similarly, genes
(G3,G4) arediscordanbecause

Experiment Experiment

G1
G2
G3
G4
G5
G6
G7
G8 7

Table3: An exampleshaving Kendalls coefcient of concordance.

A O WONEO

A W~NOINO ©F

Let bethe numberof pairsof genesthatareconcordantand be the numberof discordant
pairsof genesSupposéahereareatotal of  objects(genesn ourcase).TheKendalls coefcient of
concordancé ) is de ned to bethedifferenceof the numberof concordancgairsandthe numberof
discordangpairsdivided by thetotal numberof possiblepairs,i.e.,

— (3)
Fromthede nition in Equation3, it is clearthat lies betweenl1 andl ( when , and
when ). Whenthe numberof concordanpairsis equalto the numberof discordant
pairs(i.e., ), which hasthe interpretatiorthatthe two experimentsareuncorrelatedin
Examplel, =10, =18,and =28,sotheKendallscoefcient of concordancéor experiments

and , ,is-0.286.

In Examplel, the ranksof the genesin eachexperimentare distinct, i.e., thereareno ties In
generalfor ary pair of genesthey mustbe concordanor discordanbr tied. In the numeratoiin the
formulafor the Kendalls coefcient of concordanc€Equation3), tiesarenot consideredTherefore,
in the caseof ties,the denominatoin Equation3 hasto be adjusted.Speci cally, the numberof pairs
of tied pairsfrom eachexperimenthasto be subtractedrom the denominatar

5.2 Reductionto agraph problem (max-clique)

From the de nitions in Section5.1, it is clearthat concordanigenescontritute to the similarity of
two experiments,while discordantgenescontritute to the dissimilarity of two experiments. If we
computethe Kendalls coefcient of concordancewithin a subsetof genesthat are all concordant
with eachother the Kendalls coefcient of concordancewill be 1. One of the questionghat we
would like to addressn this expressiorstudyis to identify genesthat make the Barretts epithelium
distinct from other normal gastrointestinatissues. Motivated by the conceptsof concordanceand
discordancan Kendalls coefcient of concordancea subsetof genesthat are concordanto each
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otherin two experimentdss saidto make the two experiments'similar”. Similarly, a subsef genes
thatarediscordanto eachotherin two experimentds saidto make thetwo experiments'dissimilar”.

Specialcase:two experimentsLet us rst considetheproblemof determininga subsebf concordant
genesn two experiments and . With the notion of concordangeneswe canidentify pairsof
geneswvhoseexpressiorevelsgo up or down in the samedirection. The problemwith the concordant
notionis thatit is a pairwiseconcept.In orderto nd asubsebf geneghatareall concordanto each
other we canreducethis problemto a graphproblem.Let , Where isthesetof vertices
and isthesetof edges.Thegraph has vertices(eachvertex corresponds$o a gene). Edge
is in thegraphif genes and areconcordantvith respecto experiments and . We

canreduceExamplel to the graphin Figure8 with a vertex for eachof the eightgenesandanedge
for eachpair of concordangenes.

Figure8: Examplel is reducedo agraphproblem.

After reducingour problemto a graph,the next stepis to nd a subsetof genes(or verticesin
the graph)thatareall concordantj.e., to nd the largestsubsetof genesthatareall connected.In
the computersciencditerature,this is knowvn asthe max-cliqueproblem. A subgraphs a subsetof
verticesandedgesn agraph.A cliqueis acompletesubgraphi.e., eachvertex in acliqueis connected
to every othervertex in theclique. A max-cliqueis a cliquewith the maximumnumberof vertices.In
Examplel above, G1,G4,G6, G8 formsa max-clique.For our problem,the max-cliqueis a subsebf
maximumnumberof geneqvertices)suchthatthey areall concordantor discordantfo eachotherin
thesubset.

The max-cliqueproblemis shavn to be NP-completeandis knowvn to be a very dif cult problem
evento approximatgHastad,1994. However, thereare mary approximationheuristicsthat canbe
usedto solve the max-cliqueproblem.We usedthereactivelocal seach (RLS) implementatiordevel-
opedby [Battiti andProtasi,200J. Thebasicideaof theRLS algorithmis thatit is alocal searchalgo-
rithm with techniquego prohibit movesthatwould createcyclesin the searchrajectoryandto exploit
new partsof thetotal searctspace.The RLS implementatiorachiezed signi cantly betterresultsthan
all othermax-cliquealgorithmsatthe DIMA CSimplementatiorchallengdJohnsorandTrick, 1996.
Moreover, theirimplementations easyto useandis availableontheworld wide weh

Fortheproblemof nding asubsebf geneghatareall discordanto eachotherin two experiments,
anedge is addedto thegraph if genes and arediscordanwith respecto the
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two experiments.The max-cliqueonthe graph with discordaniedgesepresentshe largestsubset
of geneghatareall discordanto eachotherin thesubset.

Thereductionto max-cliqueallows usto nd a subsetof genesthat areeitherall concordanbor
all discordantto eachother If we allow weightson the edgesof the graph,we canrepresenboth
concordantanddiscordanigenepairsin the samegraph. Let be a weightedgraph,
and be the weighton edge , Where . If genes and areconcordant
with respectto experiments and , weight is 1. Ontheotherhand,if genes and are
discordantweight  is-1.

Theorem1 Ignoring ties, nding the largest subgaph in sud that

is maximizedor minimized)s equivalento nding thelargestsubsebf genesfor which
the Kendall's coefcient of concodanceis maximizedor minimized)with respecto experiments
and

Proof Outline: Thetheoremfollows directly from the following two obserations. With weightson
concordanpairsof genesbeingl andweightson discordanpairsof genesheing-1, it is easyto see
that , where and arethe numberof pairsof concordantanddiscordant

genesn thesubgraph . If therearenoties, is acompletegraphwith edges.

Theformulationin Theoreml establishethereductionof our problemof nding asubsebf genes
with the maximum(or minimum) Kendalls coefcient of concordancéo aweightedgraph . The
following two corollariesshavs that the formulationin Theorem1l is equivalentto the max-clique
formulation.

Corollary 1 Let beagraphsud thatthesetof verticesarethesetof genes Let
Edee if genes and are concodant with respectto experiments and . Let
beanothergraphwith thesamesetof verticesas , buttheedgesare weighted Edge
hasweight 1if genes and areconcodantwith respecto experiments and
, andhasweight-1if genes and are discodant. Finding thelargestsubgaph

in sud that —— is maximizeds equivalento nding themax-cliquein

Proof Outline: The maximumvalue of is 1, which canonly be obtainedby having

for all edge , which in turn implies that only concordantgenepairs are allowed in the
subgraph . It follows thatthe largestsubgraph in suchthat is maximizedis the sameas
themax-cliquein

Corollary 2 Let beagraphsud thatthesetof verticesarethesetof genes Let
Edee if genes and are discodant with respectto experiments and . Let
beanothergraphwith thesamesetof verticesas , buttheedgesare weighted Edge
hasweight 1if genes and areconcodantwith respecto experiments and
, andhasweight-1if genes and are discodant. Finding thelargestsubgaph

in sud that ——— isminimizeds equivalento nding the max-cliquen

The proof of Corollary 2 is very similar to thatof Corollary 1, andsois not shavn here. From
Theoreml, Corollaries 1 and 2, the problemof nding a subgraphn whichthe Kendalls coefcient



5.3 TheGeneExtracAlgorithm 15

of concordancés maximized(or minimized)is equivalentto nding themax-cliquefor concordanfor
discordantpairsof genes.

Mor e generalcase:more than oneexperimentfor eachtissuetype In Theoreml, edge<itherhave
weightl or -1 dependingon whethera pair of genesareconcordanbr discordanwith respecto two
experiments.In the caseof the Barretts esophaguslataset,our goalis to identify genesdriving the
similarity betweerdifferenttissuetypes,andtherearemorethanoneexperimentfor eachtissuetype,
i.e., therearethreeexperimentgor eachof the duodenunepitheliumandgastricepithelium,and ve
experimentdor eachof theBarretts epitheliumandsquamougpithelium.Onenaturalmeasuref the
similarity of two tissuetypesover variousexperimentss the averagesimilarity betweenall pairsof
experimentdrom eachtissuetype. In this formulationwith multiple experimentsn eachtissuetype,
theedgesn thegraphhave weightsotherthanl and-1.
Let and bedifferenttissuetypes.Let be experimentgdoneon tissuetype
, and beexperimentgdoneontissuetype . Let beagraphwith
genesasthe setof vertices. Edge hasweight —, where is the numberof pairsof
experimentsn whichgenes and areconcordanminusthe numberof pairsof experimentsover
thetwo tissuetypesin whichgenes and arediscordantLet and bethe numberof
concordanainddiscordanpairsof geneswith respecto experiments and , where

and . — canberewritten as . Let be

asubgrapltof . De ne

Theorem 2 Ignoring ties, the problemof nding a subsetof genessud that the aveiage Kendall's
coefcient of concodanceover multipleexperimentdromead tissuetypeis maximizedor minimized)
is equivalento nding asubgaph in in which is maximizedor minimized).

Proof: Let us considera pair of experimentsover the two tissuetypes, and , where
and . The Kendalls coefcient of concordancédetweenthis pair of ex-

periments, ,iIs—— where and arethenumberof pairsof concordant

and discordantgeneswith respectto experiments  and respectiely. The averageKendalls

coefcient of concordancever all pairsof experimentdrom eachtissuetype, , is

5.3 The GeneExtract Algorithm

In orderto nd thelargestsubsebf genegshatareconcordanfor discordant}o eachotherin thesubset
over multiple experimentsrom two differenttissuetypes,we can nd the max-cliqueby considering
only edges suchthatgenes and areconcordan{or discordant)n all pairsof experiments
from two differenttissuetypes.Thisis avery restrictve condition.In termsof theweightedgraph
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formulation,edge hasweight if andonlyif genes and areconcordantn all pairs
of experimentdrom two differenttissuetypes. It follows thatthe restrictive formulationdescribeds
equvalentto nding asubgraph in suchthat (andhence from Theorem?2)is 1. Noise
from experimentsmaymalke a pair of genesiotconcordantinderonepair of experiments Consideian
exampleof aweightedgraph  in Figure9. Therearesix vertices(genes)andedgesarelabeledwith
their weights . For clarity of the gure, edgeswith weight1 areshavn in red,edgeswith weight
- areshavn in blue, edgeswith weight - areshavn in black, andedgeswith weight - areshavn
in dottedlines. If wewantto nd thelargestsubgraph suchthatall pairsof genesn the subgraph
areconcordanto eachotherover all pairsof experimentsrom the two tissuetypes,only edgeswith
weight1 will beconsideredi.e.,, theresultingsubgrapltonsistof geness1, G2 andG3. However, if
we relaxour formulationandwantto nd thelargestsubgraphor which is atleast0.8,theresulting
subgraptconsistof genesG1, G2, G3, G4 andG5. In the caseof the Barretts esophagudata,there
are25 pairsof experimentover the Barretts epitheliumandthe squamougpithelium.Restrictingour
attentionto thelargestsubsebf genedor whichthegenesarediscordantvith respecto all the25 pairs
of experimentsesultsin only 5 geneg(out of atotal of 7070genes).Therefore,our implementation
aimsto nd asubgraplof very “high” or “low” averageKendalls coefcient of concordance,

( is speci ed by theuser).

Figure9: An exampleillustrating.

In the GeneExtractlgorithm,we startby nding a subsetof genedor which the genesare con-
cordant(or discordant}Yo eachotherwith respecto all pairsof experimentsrom thetwo tissuetypes.
Then, verticesthat are highly connectedo the initial subsetare greedilyadded. The detailsof the
algorithmfor nding asubsebf geneghatarehighly concordanbr discordantireshavn below.
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GeneExtractalgorithm for concordantgenes

Usethe unweightedormulationto form a graph . edge if genes
and areconcordantn all pairsof experimentsrom thetwo differenttissuetypes.

UsetheRLS algorithmto nd a max-clique, ,in
Usethe weightedformulationin Theorem2 to form agraph , i.e., edge has
weight —, where isthenumberof pairsof experimentshatgenes and are

concordantninusthe numberof pairsof experimentsover thetwo tissuetypesthatgenes
and arediscordant.

For eachvertec  not in the max-clique , compute total weight
in
The clique shouldhave the averageKendalls coefcient of concordancever all
pairsof experimentdrom differenttissuetypes, , equalto 1.
Let be the extendedsubgraphreturnedby this algorithm, where
. Initialize to be . De ne — . FromTheo-

rem2, is equalto the averageKendalls coefcient of concordancef the setof
genesn . Initially,
Repeauntil ,

— Add vertex thatis not currentlyin that hasthe highesttotal weightto

theoriginal clique
— Recompute with theadditionalvertex

Return with thesmallest thatexceeds

17
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GeneExtractalgorithm for discordant genes

Usethe unweightedormulationto form a graph . edge if genes
and arediscordanin all pairsof experimentdrom thetwo differenttissuetypes.

UsetheRLS algorithmto nd a max-clique, ,in
Usethe weightedformulationin Theorem2 to form agraph , i.e., edge has
weight —, where isthenumberof pairsof experimentshatgenes and are

concordantninusthe numberof pairsof experimentsover thetwo tissuetypesthatgenes
and arediscordant.

For eachvertec  not in the max-clique , compute total weight
in

The clique shouldhave the averageKendalls coefcient of concordancever all
pairsof experimentdrom differenttissuetypes, , equalto -1.

Let be the extendedsubgraphreturnedby this algorithm, where
. Initialize to be . De ne — . FromTheo-

rem2, is equalto the averageKendalls coefcient of concordancef the setof
genesn . Initially,
Repeauntil ,

— Addvertex thatis notcurrentlyin thathasthelowesttotal weightto the

original clique

— Recompute with theadditionalvertex

Return with the highest thatis belov

5.4 Preliminary Results

With the abore implementationwe identi ed a few interestinggenesthat drive the similarity and
dissimilarity betweenthe Barretts epitheliumand the squamouspithelium. The genesthat drive
the dissimilarity betweerthe squamougpitheliumandthe Barretts epitheliumincludedHumangas-
trointestinaltumorassociate@ntigenGA733-1,a marker associateavith coloncancerandAf-17, a
putative memberof a family of genesnvolvedin cytokinesisandcell cycle control. Geneghatdrive
thesimilarity betweerthetwo tissuesncludeda seriesof ribosomalsutunits (Humanacidicribosomal
phosphoproteif0,HumanribosomalproteinL21, Humangenefor heterogeneousuclearribonucle-
oproteincore protein Al, HumanribosomalproteinsS5, S17,and S29), early stressresponsa&jenes
(Human90 kD heatshockprotein), metabolicenzymegHumanliver mRNA for glyceraldehyde-3-
phosphatalehydrogenaseand grownth factorresponsie genes(Metallopanstimulinl). The genes
thatdrive thesimilarity areconsistentvith the needfor cell turnoverin theselissuesasaresultof their
constanexposureto acidre ux.
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5.5 Directionsfor Extensions

OurcurrentGENEEXTRACT algorithmis still in its infang/ stage . Therearemary directionsfor future
improvement.

In our currentimplementationthe total weight from eachvertex notin the max-clique

to verticesin the max-cliqueare not updatedafter verticesare addedto the extendedsubgraph
. Onepossiblemprovements to updatethetotal weightto theextendedsubgraph
everytime afteravertex is added.

We assumeno tiesarepresenin both Theoreml andTheorem2. The proofof Theoreml should
go throughevenif tiesarepresent.However, the proof of Theorem2 would not go throughwith the
presencef ties. Onedirectionof futurework is to modify Theorem?2 to take tiesinto consideration.
However, if weassumehatexpressiorevelsarerealnumbersthenotie assumptions notasigni cant
concern.

In our currentimplementationthe algorithmstartswith a approximatanax-cliqueusingthe un-
weightedformulation,andthenextendsthe clique consideringhe weightson edges.Onealternatve
approachs to directly look for an approximateveightedmax-clique,which is a completesubgraph
with the maximumtotal weighton its edgeginsteadof the maximumnumberof nodes).The current
RLS implementatiorio nd max-cligueassumeso weightson edges.

Theremay be mary disjoint subsetof geneswith high similarity or dissimilarity to eachother
Currently ourimplementatioronly returnsonesuchsubset.We would like to extendour implemen-
tation to rank the disjoint subsetsandto returnmorethanone. We canalso changethe formulation

to look for densesubgaphsinsteadof cliques,i.e., —— sothatlarge subset®f genes
are automaticallypreferredin the objective function. Yet anotherpossibility is to searchfor highly
connectedubgraphs.

In the formulation of the weightedgraphin Theorem2, the weightsof edgesdo not take into
accountthe degreeof concordancer discordancef a pair of genes.Sincethe Kendalls coefcient
of concordancés arankassociatiormeasurepnly therelative ranksmatter For our purposewe can
imagineassignindigher(or lower)weightsto pairsof geneghatarehighly concordanfor discordant).

5.6 Comparisonwith other approaches

Therearemary approacheto identify geneghataredifferentially expressedn two or moretypesof
tissue. Claverie gave mary examplesof statisticalapproache# his review article [Claverie,1999.
Identifying genesthat distinguishtwo or moretissuetypesis also known asthe featue extraction
problemin classi cation. The ideais thatthe subsetf geneshatdistinguishthe two classegtissue
types)shouldbe usedasclasspredictor For example,[Golubetal., 1999 usedthe differenceof the
meansn two classeslivided by the sumof the standarddeviationsin thetwo classesasan estimate
for thedistinguishingpower of agene.

Our approachis very different: insteadof usingthe distribution of expressiorevelsin eachtissue
typeandin eachgenewe comparedheexpressiorievelsof pairsof geneaunderthe sameexperiment.
Ourapproachdoesnotassuméhe expressiorevelsin differentexperimentgo benormalized In other
words,our approachwould work evenif the overall signalintensitiesof differentchips(experiments)
arevery different.

In the caseof the Barretts esophaguslata, we do not expectthe tissuesamplesto have very
different variations. Usually cancertissuesamplesare expectedto be more heterogenous.n the
Barretts esophagudata,we have threenormaltissuesamplesandBarretts esophaguis premaligant
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(not cancer). Moreoever, thereare not enoughtissuesamplegonly 3 or 5) from eachtissuetype to
computerohustestimate®f thestandardleviations. Thereareonly 623genegoutof 7070genes}that
have high con denceexpressiorevelsin all ve Barretts tissuesamplesandall ve squamousissue
samplesThedistributionsof standarddeviationsin those623 genesrom the Barretts andsquamous
tissuesamplesarecomparableThereforewe believe thatour GENEEXTRACT algorithmis applicable
to the Barretts esophagudata.

6 Conclusions

In this report,we addressedhe threebasicquestionghat motivatedthis study (seeSectionl). We

proposecdchormalizationstratgiesto pre-processhe datafrom two formatsof Affymetrix chips,and

usedthe normalizeddatain our analysis. Pearsors correlationcoefcient was usedto investigate
the similarities of differenttissuesamples.A novel approachis proposedo Iter out genesthatare
not differentially expressedetweerdifferenttissuetypes.Clusteranalysiswasusedto identify tissue
speci ¢ geneclusters.In addition,anovel algorithmis developedto identify geneghat“make Barretts

Barretts”, i.e., geneghatmake the Barretts epitheliumdistinctfrom (or similar to) eachof the other
normal gastrointestinatissues. In termsof future work, we would like to incorporatethe extension
ideasin Section5.5. We alsobelieve that our approacho identify genesdriving the similarity (or

dissimilarity) betweendifferentexperimentsor tissuetypes)hasmary applications.We would also
like to explore otherapplicationsof our algorithm.
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Table2: Correlationcoefcients betweerall 16 experimentqfor Section3).



