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Abstract

Barrett's esophagusis a premalignantconditionthatarisesdueto chronicacidre�ux in which
thenormalsquamousepitheliumof theesophagusis replacedby a metaplasticcolumnarepithe-
lium. A fundamentalquestionis thedistinctionbetweenneoplasticBarrett's epitheliumandsur-
roundingnormaltissuesof theuppergastrointestinaltract. For example,althoughit arisesin the
esophagus,theBarrett'sepitheliummorecloselyresemblestheepitheliumof theduodenumat the
histologiclevel. Therefore,we comparedthe transcriptionalpro�le of theBarrett's epitheliumto
thoseof normaluppergastrointestinaltissues,includinggastricepithelium,squamousepithelium
of theesophagusandduodenalepithelium. We found that theBarrett's epitheliumhascompara-
ble similaritiesto thethreenormalgastrointestinaltissuesat theexpressionlevel. In addition,we
proposeda novel approachto �lter out non-tissuespeci�c genes.We searchedfor tissuespeci�c
patterns,andidenti�ed many tissuespeci�c genes.Furthermore,we developeda novel algorithm
to identify genesthatdrive thesimilarity (or dissimilarity)betweendifferenttissuesamples.

�

Equalcontribution to this work.

1
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1 Intr oduction and Moti vation

Barrett's esophagusis ametaplasiathatdevelopsasacomplicationin 10-20%of patientswith chronic
gastroesophagealre�ux diseaseandpredisposesto thedevelopmentof adenocarcinomasof theesoph-
agusandthegastriccardia([Hamiltonetal., 1988], [Phillips andWong,1991]). Sincethemid 1970s,
theincidenceof Barrett's-associatedadenocarcinomahasincreasedmorerapidly thanthatof any other
cancerin theUnitedStates[Blot etal., 1991]. Unfortunately, mostpatientswhodevelopanesophageal
adenocarcinomapresentwhenthe canceris advancedandincurable,andmorethan90% will die of
their disease[Silverberg etal., 1990]. Patientswith Barrett's esophagustypically have symptomsof
gastroesophagealre�ux, suchasheartburn or indigestionandthey frequentlyseekmedicalattention
beforethey develop cancer. The Barrett's epitheliumcan be safely visualizedand biopsiedduring
uppergastrointestinalendoscopy. At the presenttime, total removal of Barrett's epitheliumrequires
esophagectomy, a procedurewith substantialmorbidity andmortality. However, a systematicproto-
col of endoscopicbiopsiescandetectearlycurablecancersarisingin Barrett's esophagus.Therefore,
thestandardof carefor many patientsincludesendoscopicbiopsysurveillancefor theearlydetection
of cancer. A fundamentalquestionis thedistinctionbetweenneoplasticBarrett's epitheliumandthe
surroundingnormaltissuesof the uppergastrointestinaltract. For example,althoughit arisesin the
esophagus,Barrett's epitheliummorecloselyresemblestheepitheliumof theduodenumat thecyto-
logical level. Thereforewe areinterestedto comparethetranscriptionalpro�le of Barrett's epithelium
to thoseof normaluppergastrointestinaltissuesincludinggastricepithelium,squamousepitheliumof
theesophagusandduodenalepithelium.Endoscopicbiopsiesfrom eachtissuewerecollectedfrom a
seriesof patientsduringroutinesurveillance.Poly

���

RNA waspreparedfrom pooledsamples(2-4
patients/pool)of Barrett's epithelium(4 pools),esophagealsquamousepithelium(4 pools),gastric(3
pools)andduodenum(3 pools).Eachpoly

�
�

samplewasusedto preparedouble-strandedcDNA with
a T7 promoter. Subsequently�uorescentlylabeledcRNA, generatedby in vitro transcription(IVT) of
thecDNA template,wasusedto interrogateAffymetrix HU6800andFL6800chips.

Therearethreebasicquestionswewould like to addressin ouranalysis:

� Which normalgastrointestinaltissues(squamousepithelium,duodenumepitheliumor gastric
epithelium)is theneoplasticBarrett's epitheliummostsimilar to?

� Are thereany tissuespeci�c geneclusters?

� Whatarethegenesthatmake Barrett's epitheliumsimilar (or dissimilar)to eachof thenormal
gastrointestinaltissue?

SinceweusedbothAffymetrix HU6800andFL6800chipsin ourexperiments,therearesomenor-
malizationissuesfor combiningthedata.Thedatapre-processingissueswill bediscussedin Section2.
The similarity analysiswill be discussedin Section3. Section4 will discussthe clusteranalysison
this dataset. Finally, a novel algorithmthat identi�es genesthatareresponsiblefor thesimilarity (or
dissimilarity)betweentissuesampleswill bepresentedin Section5.

2 Experimentsand Data Sets

2.1 Detailsof the Experiments

In our experiments,tissuesampleswerepooledfrom two to four patients.Therearea total of four
separatepoolsof Barrett's epithelium(BE), four poolsof esophagealsquamousepithelium(Sq),three
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poolsof gastricepithelium(GAS) andthreepoolsof duodenumepithelium(DUO). In our �rst setof
experiments,four poolsof Barrett's epithelium,four poolsof squamousepithelium,1 pool of gastric
epitheliumand1 pool of duodenumepitheliumwereusedto interrogatetheAffymetrix Hu6800chips
(a totalof 10experiments).Let usdenotethe�rst setof experiments

�

BE1,BE2,BE3,BE4,Sq1,Sq2,
Sq3,Sq4,GAS1,DUO1� . In oursecondsetof experiments,onepoolof Barrett'sepithelium,onepool
of squamousepithelium,two poolsof duodenumepitheliumandtwo poolsof gastricepitheliumwere
usedto interrogatetheAffymetrix FL6800chips(a total of 6 experiments).Let usdenotethesecond
setof experiments

�

BE5, Sq5,GAS2,GAS3,DUO2, DUO3� . Thepoolsof Barrett's epitheliumand
squamousepitheliumusedin thesecondsetof experiments(theFL6800chips)wereidenticalto oneof
thefour poolsusedin the�rst setof experiments(theHu6800chips).In particular, BE4 andBE5 was
derived from the samepool of tissuesamplesof Barrett's epithelium,andSq2andSq5wasderived
from thesamepoolof tissuesamples.Notethateachof thetwo setsof experimentscoverall four types
of tissuesamples.

TheAffymetrix Hu6800andFL6800chipsconsistof approximately7000genes.The two types
of chipsconsistof the samegenes.However, the Hu6800format divides the 7000genesinto four
separatephysicalchips(namely, A,B,C,D), while the FL6800format hasall the 7000geneson one
physicalchip. Theprobesetsof the two formatsarealsodifferent. Figure1 is a cartoonof thedata
set. The �rst setof experimentsareshown in red, while the secondset in black. In the �rst setof
experiments,approximatelyonequarterof the7070genesareon eachof theA,B, C, D chips,andthe
A, B, C, D chipscontainthesamegenesacrossdifferentexperiments.Fromour experience,thefour
chips in the Hu6800format canhave very differentoverall intensities. For example,in experiment
BE1,theA chipcanbemuchbrighterthantheD chip,while in experimentBE2,theD chip is brighter
thantheA chip. BothexperimentsBE1andBE2arepooledsamplesof theBarrett'sepithelium.Thus,
thechallengeis thatthedatafrom thefour separatechipsin theHu6800formathave to benormalized
beforedataanalysison all the7070genescanbeperformed.Our goalis to combinethedatafrom all
the16 experiments(boththeHu6800andtheFL6800formats).

1
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Figure1: TheBarrett's esophagusdataset

2.2 Data normalization

Thegoalof this pre-processingstepis to normalizetheexpressionlevelsof thegeneson separateA,
B, C, D chipsin theAffymetrix Hu6800chipssoasto performdataanalysisonall thegenes.Let ����� �
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denotetheraw expressionlevel (beforenormalization)of gene
�

underexperiment� . To motivatethe
importanceof this datanormalizationstep,let usconsiderthefollowing scenario.Let experiments���

and ��� be experimentsfrom theHu6800format. Supposetheoverall expressionlevels of chip A in
experiment��� aremuchhigherthanchipD in thesameexperiment��� . Let gene	 � beageneon chip
A, andgene	 � beageneonchipD, andsupposefurtherthat ��
�� � 
���� ��
�� � 
�� . However, in experiment

��� , which is thesametissuetype asexperiment��� , the overall expressionlevelsof chip A is much
lower thanthat of chip D underexperiment ��� , and ��
�� � 
���� ��
�� � 
�� . A discrepancy is observed:
underthe sametissuetype, gene 	 � is higherexpressedthangene 	 � underoneexperimentbut not
another. Without normalization,we cannotdecideif the discrepancy is an artifact of chipsA andD
having differentsignalintensitiesunderthetwo experiments��� and ��� , or aresultof heterogeneityof
tissuesamplesin thetwo experiments.

One dif�culty of normalizationis that the setsof geneson the four separatechips are mostly
disjoint. Thereareonly a few control genesthat are in commonamongthe four chips. We cannot
obtainrobustestimatesof themeanandthestandarddeviationof chip intensitywith only afew control
genes.

Our normalization approach: Thebasicideaof ournormalizationapproachis to usethedataon the
FL6800formatto determinetherelative intensitiesof genesoneachof theA,B, C, D chipsin orderto
comparetheexpressionlevelsof genesondifferentchipsunderthesameexperiment.Thedistributions
of the raw expressionlevels � � � � from eachexperimentarehighly skewed andhave a very long tail.
An exampleis shown in Figure2, which is thehistogramof thedistribution of theexpressionlevelsin
experimentSq2. In the �rst stepof normalization,we took the logarithmof all theexpressionlevels
from all 16experiments.After thelog transform,thedistribution of theexpressionlevelsmoreclosely
resemblesthe normaldistribution. The distribution of the log of the expressionlevels in experiment
Sq2is shown in Figure3. Then,we normalizedthe log-transformedexpressionlevelsof eachof the
six experimentsfrom theFL6800format to mean50 andstandarddeviation 10 (thechoiceof 50 and
10 is arbitrary).For eachof thesecondsetof experiments� from theFL6800format(where� =BE5,
Sq5, DUO2, DUO3, GAS2 or GAS3), the averageexpressionlevels ���� 

�"!




andstandarddeviations
#

�� 

� !




(where $&%

�('*)

��+-,.+0/�+21

) of correspondinggeneson theA, B, C, D chipsarecomputed.The
expressionlevelsof the�rst setof experimentswerenormalizedto have thecorrespondingmean�3�� 

�"!




andstandarddeviations #

�� 

� !




of thesametissuetype. For example,theexpressionlevelsof genesin
chipA from experimentsSq1,Sq2,Sq3andSq4werescaledto havemean��4 576�8 andstandarddeviation

#

4
596�8 . The �nal distribution of experimentSq2 is shown in Figure4. In the caseof the duodenum

epithelium,two experiments(DUO2,DUO3) weredoneon theFL6800chips.Theaverageof �
�� 

� !

:<;>=

�

and �?�� 

�"!

:<;>=A@ , andtheaverageof #

�� 

�"!

:<;>=

�

and #

�� 

� !

:<;>=A@ (where$&%

�('B)

�C+-,.+0/�+21

) wereusedto normalize
experimentDUO1. Similarly, GAS1wasnormalizedwith theaveragesof GAS2andGAS3.

After thisnormalization,wecancompareexpressionlevelsof genesacrossdifferentchipsfrom the
�rst setof experiments.In termsof ourmotivatingscenario,wecannow comparetheexpressionlevel
of gene	 � on chip A to thatof gene	 � on chip D. Thedisadvantageof this approachis thateventhe
sametypeof tissuesamplescanbeheterogeneous,especiallyfor theneoplasticBarrett's epithelium.
This normalizeddatasetis usedin all of theanalysisdescribedin this technicalreport.

An alternative normalization approach: Ourapproachto normalizationonly appliesto situationsin
which the secondsetof experimentsusingthe FL6800chipscoversall typesof tissuesamples.We
alsoexperimentedwith analternative normalizationapproachin which thedataon theHu6800chips
is normalizedwithout using the dataon the FL6800chips. The basicideaof this approachis that
the averageintensityandstandarddeviation of eachof the A,B,C,D chipsarescaledto be the same
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Figure2: Histogramof thedistribution of theexpressionlevelsin Sq2
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Figure3: Histogramof thedistribution of theexpressionlevelsafterlog transformin Sq2
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Figure4: Histogramof thedistribution of theexpressionlevelsafternormalizationin Sq2

acrossdifferentexperimentsin theHu6800formatsoasto compareexpressionlevelsacrossdifferent
experiments.Again,wetookthelogarithmof all theexpressionlevelsfrom all theexperiments.Genes
within thesameA,B, C or D chipsfrom experimentsundertheHu6800formatswerenormalizedto
have thesamemean(0) andstandarddeviation (1). Genesfrom theFL6800formatwerenormalized
to have thesamemean(0) andstandarddeviation (1) acrossthe7000genes.After this normalization,
genesin thesamechip (A, B, C, or D) have approximatelythesamedistribution asgenesin thesame
respective 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 scenario,we still cannot
comparetheexpressionlevelsof genesin chipA andthosein chipD. This is becausewedid notscale
therelative intensitiesacrossdifferentchips.

Thisalternative approachimplicitly assumesthattheaveragelog-transformedexpressionlevelson
eachof theA,B,C, D chipsarecomparable.Usingthisalternative normalizeddatasetin thesimilarity
analysisleadsto similarconclusionsasthedatasetnormalizedwith theFL6800chips.

3 Similarity betweentissuesamples

Oneof our fundamentalquestionsis the distinctionbetweenneoplasticBarrett's epitheliumandthe
surroundingnormaltissuesof theuppergastrointestinaltract.WeusedthePearson'scorrelationcoef�-
cient[Pearson,1896] to comparethepairwisesimilaritiesbetweentissuesamples.Usingthenotations
in Figure1. Thesimilarity (Pearsoncorrelationcoef�cient) betweenexperiment� andexperiment

�

is

���


�� ���

�

 � �	�

�
��

�

�

�
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�
�
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where � �

)

�

�

��� �

�

���

�

�

. The normalizeddatais usedto computethe correlationcoef�cients. The
theoryof Pearson'scorrelationhasanimplicit assumptiononnormalityof thedata.Thedistributionof
normalizeddatafrom approach1 resemblesthenormaldistribution (anexampleis shown in Figure4).

Sincewe have multiple experimentson eachtissuetype,we averagedthenormalizedexpression
levels acrossexperimentswith the sametissuetype in the samesetof experimentsin orderto sum-
marizethesimilaritiesbetweendifferenttissuetypes.Then,thePearson's correlationcoef�cient was
appliedto eachpair of tissuetypesandin eachsetof experiments.Theresultsareshown in Table1.
Dueto thedifferentprobesetsusedby theHu6800andtheFL6800formatsin thetwo setsof experi-
ments,we restrictour comparisonwithin thesamesetof experiments.In Table1, thenotationE(r-s)
(where � �	� ) meansthattheexpressionlevels in experiments�
�

+������ +

�
� wereaveraged.For exam-
ple,BE(1-4)representstheexpressionlevelsin experimentsBE1,BE2,BE3 andBE4 wereaveraged.
The�rst setof experimentsis shown in red.Table1 shows thepointestimatesof thecorrelationcoef-
�cients. Wealsocomputedthe95%con�denceintervalsfor thecorrelationcoef�cients usingFisher's
transform[SnedecorandCochran,1980] (notshown here).

GAS1 DUO1 BE(1-4) Sq(1-4) GAS(2-3) DUO(2-3) BE5 Sq5
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
Sq5 0.741 0.719 0.795 0.892 0.777 0.748 0.796 1.000

Table1: Averagecorrelationcoef�cients betweentissuetypesin thesamesetof experiments.

Let
�

���

+��


 be the pairwisesimilarity betweenexperiment
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. There-
fore, the gastricepitheliumandthe duodenumepitheliumaremoresimilar to eachotherthanto the
squamousepithelium(because

�

���

�
� �

+21,�-�
�



�

�

���

�
� �

+
�(!

�

�

�.# 
 
 and
�

���

�
���

+21����
�



�

�

�

1,�-�
�

+
�(!

�

�

�.# 
 
 ). Eventhelow endof thecon�denceinterval for
�

���

�
� �

+21,�-�
�


 is greater
thanthehighendof thecon�denceinterval for

�

���

�
� �

+
�"!

�

�

��# 
 
 and
�

�

1����
�

+
�(!

�

�

��# 
 
 . Sim-
ilarly, thecorrelationcoef�cients in thesecondsetof experimentssupportthesameconclusion.The
comparisonof theexpressionpro�les of thethreenormalgastrointestinaltissuesis consistentwith the
moresimilar morphologyandphysiologicalrole (secretory)of gastricandduodenalepithelia,when
comparedto thedifferentmorphologyof non-secretoryesophagealsquamousepithelium.

For the �rst set of experiments,the point estimatesof the correlationcoef�cients betweenthe
Barrett'sepitheliumandeachof thegastricepithelium,duodenumepitheliumandsquamousepithelium
arecomparable.The con�denceintervals for the correlationcoef�cients alsooverlap. However, for
thesecondsetof experiments,theBarrett's epithelium,BE5, is moresimilar to thegastricepithelium,
GAS(2-3),andtheduodenumepithelium,DUO(2-3), thanto thesquamousepithelium,Sq5. It turns
outthatthisdiscrepancy isdueto theheterogeneityof theneoplasticBarrett'sepithelium.Table2 in the
Appendixshows thepointestimatesof thecorrelationcoef�cients betweenall 16experimentswithout
averagingtheexpressionlevelsover thesametissuetype.Again,the�rst setof experimentsareshown
in red,while thesecondsetis shown in black. (We alsocomputedthe 95% con�denceinterval, but
the resultsarenot shown here). From Table2, we canseethat experimentBE1 from the �rst setof



7

experimentshaslower similarity to the gastricepithelium(GAS1) thanto the squamousepithelium
(Sq1,Sq2,Sq3,Sq4).On theotherhand,experimentBE4 (alsofrom the�rst setof experiments)has
highersimilarity to the gastricepithelium(GAS1) thanto the squamousepithelium(Sq1,Sq2,Sq3,
Sq4). In thesecondsetof experiments,experimentBE5 shows thesamerelative similaritiesasBE4,
i.e.,
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� �

)


 . In fact, experiments
BE4andBE5usedthesamepooledtissuesample,but they areinterrogatedto theHu6800andFL6800
formatrespectively. Therefore,thediscrepancy weobservedusingtheaverageexpressionlevelsacross
tissuetypesin Table1 merelyre�ects theheterogeneityof theneoplasticBarrett's epithelium.

From Table 2, experimentBE5 is most similar to experimentBE4 acrossall the experiments,
even thoughBE4 andBE5 wereinterrogatedto differentchip formats. Similarly, experimentSq5is
mostsimilar to experimentSq2acrossall theexperiments.This shows thatour normalizeddataand
similarity comparisonsare robust becauseexperimentsBE4 and BE5, Sq2 and Sq5 usedthe same
pooledtissuesamples.

4 Cluster Analysis

In orderto identify tissuespeci�c clustersof genes,theentirenormalizeddatasetis �ltered to focus
on genesthat aredifferentially expressedin differenttissuetypes. After we determineda setof dif-
ferentiallyexpressedgenes,we needto choosea clusteringalgorithm.Finally, we appliedthechosen
clusteringalgorithmto obtaintissuespeci�c clusters.

4.1 Filtering

Our procedureto identify genesthataredifferentiallyexpressedin differenttissuetypesis similar to
thestandardprocedureof theanalysisof variance(ANOVA) [Zar, 1984]. Supposewe have indepen-
dentsamplesfrom eachof the

�

differentpopulations,andthe samplesize from population
�

is �

�

(where
� )

�
+

+

+������ +

�

). Let
�

� � � beanexpressionlevel from population
�

, where
� )

�
+

+

+������ +

�

and
�

)

�
+

+

+������ +

�

� . In the standardANOVA procedure,
�

��� � 's areassumedto be independent,normal,
���
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��� ���
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� � , �����	�
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�

)

#

� , andthe null hypothesis�
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� . The teststatisticin the standardANOVA
procedureis theratioof thebetween-populationmeansquareto theresidualmeansquare,i.e.,
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which follows theF-distribution with (k-1, n-k) degreesof freedom.
For eachgene,wetestedthenull hypothesis�����9��� 


)

�

596

)

���

4

5

)

�

:<;>= versus� ������� is
false. A geneis saidto bedifferentially expressedif thenull hypothesis��� is rejected.Therearefour
tissuetypesin ourexperiments:theBarrett'sepithelium,gastricepithelium,duodenumepitheliumand
squamousepithelium,i.e.,

�

is 4. Thesizesof thetissuetypes, �

� are5, 5, 3, and3 for theBarrett's,
squamous,gastricandduodenumepitheliumrespectively.

Our idea is to usethe test statisticin Equation2, but insteadof assumingthat the test statistic
follows the F-distribution with (k-1, n-k) degreesof freedom,an empirical distribution for the test
statisticis computed.Dueto thesmallsamplesizes(3 or 5), theassumptionof theF distribution can
potentiallyhave a large impacton the hypothesistesting. In the derivation of the test statistic,the
normalityassumptionis usedto show thatthedistribution of theteststatisticin Equation2 follows the
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F-distribution. Therefore,by generatingan empiricaldistribution to computethe signi�cance level,
ourapproachdoesnotassumethenormalityof theexpressionlevels

�

��� � 's from eachtissuetype.
An empiricaldistribution for eachgeneis simulatedby randomlypermutingtheexpressionlevels

of that genefrom all the experiments,andby repeatingthe randompermutationmany many times
(3000timesin our implementation).If theteststatisticof Equation2 from theempiricaldistribution
of agene	 is greaterthantheobservedteststatisticfrom thedatalessthan5%in all therandomtrials,
thenwerejectthenull hypothesis��� at the0.05signi�cancelevel. Thegene	 passesthe�lter , andis
consideredin theclusteranalysis.

For a �x ed
�

(=4) anda �x ed � (=16), the teststatisticin Equation2 is equivalentto theratio of
thebetweentissuetypemeansquareto theresidualmeansquare.Sinceour goal is to identify genes
thataredifferentiallyexpressedin differenttissuetypes,a largeratio of thebetweentissuetypemean
squareto theresidualmeansquareis preferred.Intuitively, ourempiricaltestingproceduredetermines
whethertheobservedratio from thedatais largeenoughsothatit is noteasilyobtainedby chance.

We appliedthe above modi�ed ANOVA procedureto the thresholdednormalizeddataset from
approach2. Datavalueswith very low expressionlevels thataremarkedwith low con�denceby the
Affymetrix softwarewerenot consideredin the normalizationstep. After normalizingthe datawith
approach2,wethresholdedall thelow con�dencedatawith avaluethatis slightly lowerthanthelowest
expressionlevel marked with con�dence. For 1095genes(out of 7070genes),the equalpopulation
meannull hypothesisis rejectedat the0.05signi�cancelevel, andhencepassingthe�lter .

4.2 Choosinga clustering algorithm

With the�ltered dataset,thenext problemis to chooseaclusteringalgorithmfor thedata.Weusedthe
�gure of meritmethodologyin [Yeungetal., 2000] to comparetheperformanceof differentclustering
algorithms.Thebasicideaof the�gure of merit (FOM) methodologyis to applyaclusteringalgorithm
to the datafrom all but oneexperiment. The remainingexperimentis usedto assessthe predictive
power of the resultingclusters—meaningfulclustersshouldexhibit lessvariation in the remaining
experimentthanclustersformedby chance.Thepredictive powerof theresultingclustersis measured
by thewithin-clustervariance,andis calledthe�gure of merit (FOM). A clusteringresultwith asmall
FOM implieslow within-clustervariance,which in turn is anindicationof highpredictive power. The
de�nition of FOM doesnot allow direct comparisonsover differentnumbersof clusters.Therefore,
theFOM is plottedagainstthenumberof clustersin typicalFOM analyses.

Figure5 shows the resultof applyingthe FOM methodologyto the �ltered Barrett's esophagus
data(1095genes).Correlationcoef�cient wasusedto computepairwisesimilaritiesof genes.Three
hierarchicalclusteringalgorithms[JainandDubes,1988] (average-link,single-link, complete-link),
two partitionalalgorithms(k-means[JainandDubes,1988], andClusterAf�nity SearchTechnique
(CAST) [Ben-DorandYakhini,1999]), andtherandomalgorithmwerecompared.Therandomalgo-
rithm is abenchmarkin whichall genesarerandomlyassignedto clusters.A goodclusteringalgorithm
shoulddo muchbetterthantherandomalgorithm. In our implementation,k-meansis initialized with
the resultsfrom hierarchicalaverage-link. From Figure 5, the single-link algorithm achieves only
slightly lowerFOM thantherandomalgorithm,whichmeansthattheperformanceof single-linkis not
satisfactory. Thek-meansandCAST algorithmsachieve the lowestFOM, andhave comparableper-
formance.TheFOM declinesdrasticallyupto around8 clusters,sothenumberof clustersis estimated
to beapproximately8.
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Figure5: FOM analysison theBarrett's esophagusdata

4.3 Tissuespeci�c clusters

From the FOM analysis,we appliedthe CAST algorithmto the �ltered Barrett's esophagusdataset
(1095genes)to obtain8 clusters.Tissuespeci�c clusterswereobtained.For example,Figure6 shows
the expressionpro�le of a Barrett speci�c cluster, andFigure7 shows a squamousspeci�c cluster.
In Figures 6 and 7, the x-axis representsall the 16 experiments,andthe y-axis shows the normal-
izedexpressionlevels. Thesolid line representstheaverageexpressionlevel in eachexperiment,and
the dottedlines show onestandarddeviation above andbelow the averageexpressionlevel in each
cluster. Fromthe�gures, genesin theBarrettspeci�c cluster(Figure6) show relatively high expres-
sion levels in the � ve experimentsusingtheBarrett's epitheliumtissue,while genesin thesquamous
speci�c cluster(Figure7) show relatively highexpressionlevelsin the� veexperimentsusingthesqua-
mousepitheliumtissuesample.Many interestinggeneswerefoundfrom thesetissuespeci�c clusters.
TheBarrettspeci�c clusterincludedgenesassociatedwith cell cycle progression(P1cdc47,PCM-1),
cell migration(urokinase-typeplasminogenreceptor),growth regulation(TGF-betasuperfamily, am-
phiregulin, Cyr61) stressresponses(calcyclin, ATF3, TR3 orphanreceptor)aswell asepithelialcell
surfaceantigens(epsilon-BP, Humansurfaceantigen,integrin beta4). Thesquamousspeci�c cluster
includedoncogenes(pim-1,met,P47LBC), a numberof proteinaseinhibitors(maspin,ela�n, mono-
cyte/neutrophilelastaseinhibitor, cystatinM, cystatinB, squamouscell carcinomaantigen,urokinase
inhibitor), proteases(proteaseM, calciumdependentprotease)anda seriesof smallprolinerich pro-
teins (sprI, sprII, SPRR2B,SPR2-1,SPRR1A)implicatedin variouscellular stressresponses.For
moredetailedbiologicalinterpretation,pleasereferto ourpaper[Barrettetal., 2000].

4.4 Discussion

A carefulinspectionof theclustersin Figures6 and 7 shows thattheexperimentsusingthesamepool
of tissuesamples(BE4 andBE5, Sq2andSq5)do not have identicalnormalizedexpressionlevels.
The differencesbetweenthe normalizedexpressionlevels of the sametissuesampleshybridizedto
both HU6800 and FL6800 chips re�ect the experimentalvariation in using either the samecDNA
(BE4 andBE5) or thesamepoly A+ (Sq2andSq5)asstartingmaterialto generatetheseparatepools



10 4 CLUSTERANALYSIS

Cluster #4 (size 38)

tissue samples

no
rm

al
iz

ed
 e

xp
re

ss
io

n 
le

ve
ls

-2
-1

0
1

2
3

GA1 GA2 GA3 DU1 DU2 DU3 BE1 BE2 BE3 BE4 BE5 Sq1 Sq2 Sq3 Sq4 Sq5

Figure6: Barrettspeci�c cluster
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of cRNA for eachhybridization.
In our �ltering procedure,the expressionlevels of the experimentscorrespondingto eachtissue

typewereassumedto beindependent.This is not thecasefor theexperimentswith thesamepool of
tissuesamples(BE4andBE5,Sq2andSq5).It wouldbeinterestingto modify ourcurrentapproachto
accountfor thedependencebetweentissuesamples.

5 Genesdri ving the similarity betweentissuesamples

In thecalculationof thepairwisesimilaritiesbetweentissuesamplesin Section3, theexpressionlevels
of all the7070genesweretaken into consideration.Oneinterestingquestionwould be to determine
thegenesthatdrive thesimilarity betweentissuetypes.For example,whatarethegenesthatmake the
Barrett's epithelium(BE) similar to thesquamousepithelium(Sq)?Whatarethegenesthatmake the
Barrett's epithelium(BE) differentfrom thesquamousepithelium(Sq)?

In orderto answerthis question,we developeda novel algorithm,theGENEEXTRACT algorithm.
Thisalgorithmismotivatedby theideasbehindtheKendall'scoef�cient of concordance[Kendall,1970],
which is ameasureof rankassociation.

5.1 Kendall's coef�cient of concordance

In thissubsection,theKendall's coef�cient of concordanceandthenecessarynotationsareintroduced.
Using thenotationsin Figure1, let � ��� � be theexpressionlevel of gene

�

underexperiment� , where
�3)

�
+

+

+������ +

�

, and �

)

�
+

+

+������ +��

. In thecaseof theBarrett's esophagusdata,
�

= 7070and
�

=
16.

De�nition 1 A pair of genes 	 � and 	 � are concordant with respectto experiments� � and ��� if
�

��
�� � 

�

�
��
�� � 


�


 �

�

��
�� � 
��
�

��
�� � 
��



�

�

.

De�nition 2 A pair of genes 	 � and 	 � are discordant with respectto experiments� � and ��� if
�

�

�� � 
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�

�

�� � 


�

 �

�

�

�� � 
�� �

�

�� � 
�� 


�

�

.

In otherwords,if genes	 � and 	 � areconcordant, eithergene	 � hashigherexpressionlevelsthan
gene	

� in bothexperimentsor gene	
� haslower expressionlevels in bothexperiments.For a pair of

discordantgenes,theirexpressionlevelsgoupor down in oppositedirectionin bothexperiments.Note
thatthemagnitudesof expressionlevelsarenotnecessaryto determineif apairof genesis concordant
or discordant,only therelative ranksarenecessary. Therankof anobjectis therelative positionof a
setof objectsif all theobjectsarearrangedin increasingorderof agivenmeasure.Let �

�

	

+

�

 bethe

rankof agene	 in experiment� . It is clearthatthefollowing threeconditionsaretrue:
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 .
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	 �

+
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 if andonly if ��
�� � 


)

��
�� � 
 .

Therefore,the magnitudesof expressionlevels of genesin De�nition 1 andDe�nition 2 canbe
replacedby therelative ranksof genes.
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Example 1 Table3 showstherelativeranksof expressionlevelsof genesG1to G8with respectto two
experiments��� and ��� . For example, G2 hasthelowestexpressionlevel in experiment��� becauseit
hasrank1, whileG1hasthelowestexpressionlevel in experiment�C� .

In this example,genes(G7, G8) areconcordantbecause
�

# �

�


 �

�

)

� # 
 �

�

. Similarly, genes
(G3,G4)arediscordantbecause

�

+

�

�



�

�

�

�

+


 �

�

.

Experiment��� Experiment���

G1 5 1
G2 1 8
G3 2 6
G4 6 2
G5 3 5
G6 8 7
G7 4 3
G8 7 4

Table3: An exampleshowing Kendall's coef�cient of concordance.

Let
/

be the numberof pairsof genesthat areconcordant,and
1

be the numberof discordant
pairsof genes.Supposetherearea total of

�

objects(genesin ourcase).TheKendall's coef�cient of
concordance( � ) is de�ned to bethedifferenceof thenumberof concordancepairsandthenumberof
discordantpairsdividedby thetotalnumberof possiblepairs,i.e.,

�

)

/

�

1

�

�

+��

(3)

Fromthede�nition in Equation3, it is clearthat � lies between-1 and1 ( �

)

�

when
1

) �

, and
�

)

�

�

when
/

) �

). Whenthe numberof concordantpairsis equalto the numberof discordant
pairs(i.e.,

/

)

1

), �

) �

which hasthe interpretationthat thetwo experimentsareuncorrelated.In
Example1,

/

= 10,
1

= 18,and
�

= 28,sotheKendall's coef�cient of concordancefor experiments
��� and ��� , � , is -0.286.

In Example1, the ranksof the genesin eachexperimentaredistinct, i.e., thereareno ties. In
general,for any pair of genes,they mustbeconcordantor discordantor tied. In thenumeratorin the
formulafor theKendall's coef�cient of concordance(Equation3), tiesarenot considered.Therefore,
in thecaseof ties,thedenominatorin Equation3 hasto beadjusted.Speci�cally, thenumberof pairs
of tiedpairsfrom eachexperimenthasto besubtractedfrom thedenominator.

5.2 Reduction to a graph problem (max-clique)

From the de�nitions in Section5.1, it is clear that concordantgenescontribute to the similarity of
two experiments,while discordantgenescontribute to the dissimilarity of two experiments. If we
computethe Kendall's coef�cient of concordancewithin a subsetof genesthat are all concordant
with eachother, the Kendall's coef�cient of concordancewill be 1. One of the questionsthat we
would like to addressin this expressionstudyis to identify genesthat make theBarrett's epithelium
distinct from other normal gastrointestinaltissues. Motivatedby the conceptsof concordanceand
discordancein Kendall's coef�cient of concordance,a subsetof genesthat are concordantto each
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otherin two experimentsis saidto make the two experiments“similar”. Similarly, a subsetof genes
thatarediscordantto eachotherin two experimentsis saidto make thetwo experiments“dissimilar”.

Specialcase:two experimentsLet us�rst considertheproblemof determiningasubsetof concordant
genesin two experiments�C� and ��� . With thenotionof concordantgenes,we canidentify pairsof
geneswhoseexpressionlevelsgo up or down in thesamedirection.Theproblemwith theconcordant
notionis thatit is a pairwiseconcept.In orderto �nd a subsetof genesthatareall concordantto each
other, we canreducethis problemto a graphproblem.Let

�

)

�

�

+

� 
 , where � is thesetof vertices
and � is the setof edges.The graph

�

has
�

vertices(eachvertex correspondsto a gene). Edge
�

	 �

+

	 � 
 is in thegraphif genes	 � and 	 � areconcordantwith respectto experiments��� and ��� . We
canreduceExample1 to thegraphin Figure8 with a vertex for eachof theeightgenes,andanedge
for eachpairof concordantgenes.

G1

G6

G7
G8

G4

G3G5

G2

Figure8: Example1 is reducedto agraphproblem.

After reducingour problemto a graph,the next stepis to �nd a subsetof genes(or verticesin
the graph)that areall concordant,i.e., to �nd the largestsubsetof genesthat areall connected.In
the computerscienceliterature,this is known asthe max-cliqueproblem. A subgraphis a subsetof
verticesandedgesin agraph.A cliqueis acompletesubgraph,i.e., eachvertex in acliqueis connected
to every othervertex in theclique.A max-cliqueis a cliquewith themaximumnumberof vertices.In
Example1 above,G1,G4,G6,G8formsamax-clique.For ourproblem,themax-cliqueis asubsetof
maximumnumberof genes(vertices)suchthatthey areall concordant(or discordant)to eachotherin
thesubset.

Themax-cliqueproblemis shown to beNP-completeandis known to bea very dif�cult problem
even to approximate[Hastad,1996]. However, therearemany approximationheuristicsthat canbe
usedto solve themax-cliqueproblem.Weusedthereactivelocal search (RLS) implementationdevel-
opedby [Battiti andProtasi,2000]. Thebasicideaof theRLSalgorithmis thatit is alocalsearchalgo-
rithm with techniquesto prohibitmovesthatwouldcreatecyclesin thesearchtrajectoryandto exploit
new partsof thetotal searchspace.TheRLS implementationachievedsigni�cantly betterresultsthan
all othermax-cliquealgorithmsat theDIMACSimplementationchallenge[JohnsonandTrick, 1996].
Moreover, their implementationis easyto useandis availableon theworld wide web.

For theproblemof �nding asubsetof genesthatareall discordantto eachotherin twoexperiments,
anedge

�

	
�

+

	
� 
 is addedto thegraph

�

)

�

�

+

�

 if genes	

� and 	
� arediscordantwith respectto the
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two experiments.Themax-cliqueon thegraph
�

with discordantedgesrepresentsthe largestsubset
of genesthatareall discordantto eachotherin thesubset.

The reductionto max-cliqueallows us to �nd a subsetof genesthat areeitherall concordantor
all discordantto eachother. If we allow weightson the edgesof the graph,we canrepresentboth
concordantanddiscordantgenepairsin thesamegraph. Let

�

�

�

)

�

�

+

�

�

�


 be a weightedgraph,
and �

� � be the weight on edge
�

	 �

+

	 � 
 , where
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� +

+

+������ +

�

. If genes	 � and 	 � areconcordant
with respectto experiments�C� and ��� , weight �

� � is 1. On the otherhand,if genes	 � and 	 � are
discordant,weight �

� � is -1.

Theorem 1 Ignoring ties, �nding the largest subgraph
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�

� is maximized(or minimized)is equivalentto �nding thelargestsubsetof genesfor which
theKendall's coef�cient of concordanceis maximized(or minimized)with respectto experiments�.�

and ��� .

Proof Outline: The theoremfollows directly from the following two observations. With weightson
concordantpairsof genesbeing1 andweightson discordantpairsof genesbeing-1, it is easyto see
that
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, where
/

and
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arethe numberof pairsof concordantanddiscordant

genesin thesubgraph
�
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. If thereareno ties,
�

�

� is acompletegraphwith
�
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+ � edges.�

Theformulationin Theorem1 establishesthereductionof ourproblemof �nding asubsetof genes
with themaximum(or minimum)Kendall's coef�cient of concordanceto a weightedgraph

�

�

� . The
following two corollariesshows that the formulation in Theorem1 is equivalent to the max-clique
formulation.
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Proof Outline: Themaximumvalueof
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The proof of Corollary 2 is very similar to that of Corollary 1, andso is not shown here. From
Theorem1, Corollaries 1 and 2, theproblemof �nding asubgraphin which theKendall's coef�cient
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of concordanceis maximized(or minimized)is equivalentto �nding themax-cliquefor concordant(or
discordant)pairsof genes.

Moregeneralcase:more than oneexperimentfor eachtissuetype In Theorem1, edgeseitherhave
weight1 or -1 dependingon whethera pair of genesareconcordantor discordantwith respectto two
experiments.In thecaseof theBarrett's esophagusdataset,our goal is to identify genesdriving the
similarity betweendifferenttissuetypes,andtherearemorethanoneexperimentfor eachtissuetype,
i.e., therearethreeexperimentsfor eachof theduodenumepitheliumandgastricepithelium,and� ve
experimentsfor eachof theBarrett'sepitheliumandsquamousepithelium.Onenaturalmeasureof the
similarity of two tissuetypesover variousexperimentsis the averagesimilarity betweenall pairsof
experimentsfrom eachtissuetype. In this formulationwith multiple experimentsin eachtissuetype,
theedgesin thegraphhave weightsotherthan1 and-1.

Let
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, where
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experimentsin which genes	 � and 	 � areconcordantminusthenumberof pairsof experimentsover
thetwo tissuetypesin whichgenes	 � and 	 � arediscordant.Let
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Theorem 2 Ignoring ties, the problemof �nding a subsetof genessuch that the average Kendall's
coef�cient of concordanceovermultipleexperimentsfromeach tissuetypeis maximized(or minimized)
is equivalentto �nding a subgraph
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in which
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����� is maximized(or minimized).

Proof: Let us considera pair of experimentsover the two tissuetypes, �
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5.3 The GeneExtractAlgorithm

In orderto �nd thelargestsubsetof genesthatareconcordant(or discordant)to eachotherin thesubset
over multiple experimentsfrom two differenttissuetypes,we can�nd themax-cliqueby considering
only edges

�

	 �

+

	 �

 suchthatgenes	 � and 	 � areconcordant(or discordant)in all pairsof experiments

from two differenttissuetypes.This is avery restrictive condition.In termsof theweightedgraph
�

�
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formulation,edge
�

	 �

+

	 � 
 hasweight � �����

� �

)

�

if andonly if genes	 � and 	 � areconcordantin all pairs
of experimentsfrom two differenttissuetypes.It follows that therestrictive formulationdescribedis
equivalentto �nding a subgraph

�

�

in
�

�

suchthat
�

����� (andhence �� from Theorem2) is 1. Noise
from experimentsmaymakeapairof genesnotconcordantunderonepairof experiments.Consideran
exampleof aweightedgraph

�

�

in Figure9. Therearesix vertices(genes),andedgesarelabeledwith
their weights � �����

� �

. For clarity of the�gure, edgeswith weight1 areshown in red,edgeswith weight
@

� areshown in blue,edgeswith weight �

� areshown in black,andedgeswith weight �

�

� areshown
in dottedlines. If we wantto �nd thelargestsubgraph

�

�

suchthatall pairsof genesin thesubgraph
areconcordantto eachotherover all pairsof experimentsfrom the two tissuetypes,only edgeswith
weight1 will beconsidered,i.e.,, theresultingsubgraphconsistsof genesG1,G2andG3. However, if
we relaxour formulationandwantto �nd thelargestsubgraphfor which �� is at least0.8,theresulting
subgraphconsistsof genesG1,G2,G3,G4 andG5. In thecaseof theBarrett's esophagusdata,there
are25pairsof experimentsover theBarrett'sepitheliumandthesquamousepithelium.Restrictingour
attentionto thelargestsubsetof genesfor whichthegenesarediscordantwith respectto all the25pairs
of experimentsresultsin only 5 genes(out of a total of 7070genes).Therefore,our implementation
aimsto �nd a subgraphof very “high” or “low” averageKendall's coef�cient of concordance,��


 �������

( �� 
 ������� is speci�edby theuser).

1
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Figure9: An exampleillustrating.

In theGeneExtractalgorithm,we startby �nding a subsetof genesfor which thegenesarecon-
cordant(or discordant)to eachotherwith respectto all pairsof experimentsfrom thetwo tissuetypes.
Then,verticesthat arehighly connectedto the initial subsetaregreedilyadded. The detailsof the
algorithmfor �nding asubsetof genesthatarehighly concordantor discordantareshown below.
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GeneExtractalgorithm for concordantgenes

� Usetheunweightedformulationto form a graph
�

)

�

�

+

� 
 : edge
�

	 �

+

	 � 
 �*� if genes
	 � and 	 � areconcordantin all pairsof experimentsfrom thetwo differenttissuetypes.

� UsetheRLS algorithmto �nd amax-clique,
�

/

, in
�

.

� Usethe weightedformulationin Theorem2 to form a graph
�

�

, i.e., edge
�

	 �

+

	 � 
 has
weight � �����

� �

)

�

!

6

, where
�

is thenumberof pairsof experimentsthatgenes	 � and 	 � are
concordantminusthenumberof pairsof experimentsover thetwo tissuetypesthatgenes

	 � and 	 � arediscordant.

� For each vertex � not in the max-clique
�

/

, compute total weight
���

�

� 


)

���

���

�

�

�

� in
�

�

.

� The clique
�

/

shouldhave the averageKendall's coef�cient of concordanceover all
pairsof experimentsfrom differenttissuetypes, �� , equalto 1.

� Let
�

/

�	�

�

� ��


)

�

�

�

+

�

�


 be the extendedsubgraphreturnedby this algorithm,where

�

���

� . Initialize
�

/

�
�

�

����

to be
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. De�ne
�

�����

�
�

�

����


)

���

�

�

���	��
��

�
�����

� �

�




�

� . FromTheo-
rem2,

�

�����

�	�

�

� ��


is equalto theaverageKendall's coef�cient of concordanceof thesetof
genesin

�

/

�	�

�

� ��

. Initially,

�

�����

�	�

�

� ��


)

��

)

�

.

� Repeatuntil
�

�����

�	�

�

����


� �� 
 ����� � ,

– Add vertex � that is not currentlyin
�

/

�
�

�

����

thathasthehighesttotal weight to

theoriginal clique
���

�

�

 .

– Recompute
�

�����

�
�

�

����


with theadditionalvertex � .

� Return
�

/

�
�

�

����

with thesmallest

�

�����

�	�

�

� ��


thatexceeds��&
 � � � � .
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GeneExtractalgorithm for discordant genes

� Usetheunweightedformulationto form a graph
�

)

�

�

+
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 : edge
�

	 �

+

	 � 
 �*� if genes
	 � and 	 � arediscordantin all pairsof experimentsfrom thetwo differenttissuetypes.

� UsetheRLS algorithmto �nd amax-clique,
�

/

, in
�

.

� Usethe weightedformulationin Theorem2 to form a graph
�

�

, i.e., edge
�

	 �

+

	 � 
 has
weight � �����

� �

)

�

!

6

, where
�

is thenumberof pairsof experimentsthatgenes	 � and 	 � are
concordantminusthenumberof pairsof experimentsover thetwo tissuetypesthatgenes

	 � and 	 � arediscordant.

� For each vertex � not in the max-clique
�

/

, compute total weight
���

�

� 


)

���

���

�

�

�

� in
�

�

.

� The clique
�
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shouldhave the averageKendall's coef�cient of concordanceover all
pairsof experimentsfrom differenttissuetypes, �� , equalto -1.
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 be the extendedsubgraphreturnedby this algorithm,where
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�	�

�

� ��
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.

� Repeatuntil
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�
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 .

– Recompute
�

�����

�
�

�

����


with theadditionalvertex � .

� Return
�

/

�
�

�

����
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thatis below �� 
 ����� � .

5.4 Preliminary Results

With the above implementation,we identi�ed a few interestinggenesthat drive the similarity and
dissimilarity betweenthe Barrett's epitheliumand the squamousepithelium. The genesthat drive
thedissimilaritybetweenthesquamousepitheliumandtheBarrett's epitheliumincludedHumangas-
trointestinaltumor-associatedantigenGA733-1,a marker associatedwith coloncancer, andAf-17, a
putative memberof a family of genesinvolved in cytokinesisandcell cycle control. Genesthatdrive
thesimilarity betweenthetwo tissuesincludedaseriesof ribosomalsubunits(Humanacidicribosomal
phosphoproteinP0,HumanribosomalproteinL21, Humangenefor heterogeneousnuclearribonucle-
oproteincoreproteinA1, HumanribosomalproteinsS5, S17,andS29),early stressresponsegenes
(Human90 kD heatshockprotein),metabolicenzymes(Humanliver mRNA for glyceraldehyde-3-
phosphatedehydrogenase),and growth factor responsive genes(Metallopanstimulin1). The genes
thatdrive thesimilarity areconsistentwith theneedfor cell turnover in thesetissuesasaresultof their
constantexposureto acidre�ux.
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5.5 Dir ectionsfor Extensions

OurcurrentGENEEXTRACT algorithmis still in its infancy stage.Therearemany directionsfor future
improvement.

In our currentimplementation,the total weight
���

�

� 
 from eachvertex � not in themax-clique
�

/

to verticesin the max-cliquearenot updatedafter verticesareaddedto the extendedsubgraph
�

/

�
�

�

����

. Onepossibleimprovementis to updatethetotalweightto theextendedsubgraph

�

/

�	�

�

� ��


every time afteravertex is added.
Weassumeno tiesarepresentin bothTheorem1 andTheorem2. Theproofof Theorem1 should

go througheven if tiesarepresent.However, theproof of Theorem2 would not go throughwith the
presenceof ties. Onedirectionof futurework is to modify Theorem2 to take ties into consideration.
However, if weassumethatexpressionlevelsarerealnumbers,thenotie assumptionis notasigni�cant
concern.

In our currentimplementation,thealgorithmstartswith a approximatemax-cliqueusingtheun-
weightedformulation,andthenextendsthecliqueconsideringtheweightson edges.Onealternative
approachis to directly look for an approximateweightedmax-clique,which is a completesubgraph
with themaximumtotal weighton its edges(insteadof themaximumnumberof nodes).Thecurrent
RLS implementationto �nd max-cliqueassumesno weightsonedges.

Theremay be many disjoint subsetsof geneswith high similarity or dissimilarity to eachother.
Currently, our implementationonly returnsonesuchsubset.We would like to extendour implemen-
tation to rank the disjoint subsetsandto returnmorethanone. We canalsochangethe formulation

to look for densesubgraphsinsteadof cliques,i.e.,
�

�

)

�
�

�

�

���	��

�

�

� �

�

�

�

� , so that largesubsetsof genes
areautomaticallypreferredin the objective function. Yet anotherpossibility is to searchfor highly
connectedsubgraphs.

In the formulation of the weightedgraphin Theorem2, the weightsof edgesdo not take into
accountthedegreeof concordanceor discordanceof a pair of genes.SincetheKendall's coef�cient
of concordanceis a rankassociationmeasure,only therelative ranksmatter. For our purpose,we can
imagineassigninghigher(or lower)weightstopairsof genesthatarehighlyconcordant(ordiscordant).

5.6 Comparisonwith other approaches

Therearemany approachesto identify genesthataredifferentiallyexpressedin two or moretypesof
tissue. Claverie gave many examplesof statisticalapproachesin his review article [Claverie,1999].
Identifying genesthat distinguishtwo or more tissuetypesis also known as the feature extraction
problemin classi�cation. The ideais that thesubsetof genesthatdistinguishthe two classes(tissue
types)shouldbeusedasclasspredictor. For example,[Golubet al., 1999] usedthedifferenceof the
meansin two classesdividedby thesumof thestandarddeviationsin the two classesasanestimate
for thedistinguishingpower of agene.

Our approachis very different: insteadof usingthedistribution of expressionlevelsin eachtissue
typeandin eachgene,wecomparedtheexpressionlevelsof pairsof genesunderthesameexperiment.
Ourapproachdoesnotassumetheexpressionlevelsin differentexperimentsto benormalized.In other
words,our approachwould work evenif theoverall signalintensitiesof differentchips(experiments)
areverydifferent.

In the caseof the Barrett's esophagusdata,we do not expect the tissuesamplesto have very
different variations. Usually, cancertissuesamplesare expectedto be more heterogenous.In the
Barrett's esophagusdata,wehave threenormaltissuesamples,andBarrett's esophagusis premaligant
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(not cancer).Moreoever, therearenot enoughtissuesamples(only 3 or 5) from eachtissuetype to
computerobustestimatesof thestandarddeviations.Thereareonly 623genes(outof 7070genes)that
have high con�denceexpressionlevelsin all � veBarrett's tissuesamplesandall � ve squamoustissue
samples.Thedistributionsof standarddeviationsin those623genesfrom theBarrett's andsquamous
tissuesamplesarecomparable.Therefore,webelieve thatourGENEEXTRACT algorithmis applicable
to theBarrett's esophagusdata.

6 Conclusions

In this report,we addressedthe threebasicquestionsthat motivatedthis study(seeSection1). We
proposednormalizationstrategiesto pre-processthedatafrom two formatsof Affymetrix chips,and
usedthe normalizeddatain our analysis. Pearson's correlationcoef�cient was usedto investigate
the similaritiesof differenttissuesamples.A novel approachis proposedto �lter out genesthat are
not differentiallyexpressedbetweendifferenttissuetypes.Clusteranalysiswasusedto identify tissue
speci�c geneclusters.In addition,anovel algorithmis developedto identify genesthat“makeBarrett's
Barrett's”, i.e., genesthatmake theBarrett's epitheliumdistinct from (or similar to) eachof theother
normalgastrointestinaltissues.In termsof future work, we would like to incorporatethe extension
ideasin Section5.5. We alsobelieve that our approachto identify genesdriving the similarity (or
dissimilarity) betweendifferentexperiments(or tissuetypes)hasmany applications.We would also
like to exploreotherapplicationsof ouralgorithm.
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Table2: Correlationcoef�cients betweenall 16 experiments(for Section3).


