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CHAPTER1

Alternative ProbeseDefinitionsfor
CombiningMicroarrayDataAcross
StudiesUsing DifferentVersionsof
Affymetrix OligonucleotideArrays

Jefrey S. Morris, ChunleiWu, Kevin R. CoombesKeith A. Baggerly
JingWang,& Li Zhang
Universityof TexasMD AndersonCancerCenter
Houston,TX, USA

1.1 Intr oduction

Marny publishedmicroarraystudieshave smallto moderatesamplesizes,andthus
have low statisticapowerto detectsignificantrelationshipdetweergeneexpression
levels and outcomesof interest.By pooling dataacrossmultiple studies,however,

we cangain power, enablingusto detectnew relationshipsThis type of poolingis

complicatedy thefactthatgeneexpressiormeasuremenfsom differentmicroarray
platformsarenot directly comparable.

In this chaptey we discusstwo methodsfor combininginformation acrossdiffer-
entversionsof Affymetrix oligonucleotidearrays Eachinvolvesa new approactor
combiningprobesonthearrayinto probesetsThefirst approachnvolvesidentifying
"matchingprobes”presenbn bothchips,andthenassemblingheminto new probe-
setshasedon Unigeneclusters We demonstrat¢hatthis methodyields comparable
expressionlevel quantificationsacrosschipswithout sacrificingmuch precisionor
significantlyalteringtherelative orderingof the samplesWe appliedthis methodto
combineinformationacrosgwo lung cancerstudiesperformedusingthe HuGeneFL
andU95Av2 chips,revealingsomegeneselatedto patientsurvival. It appearghat
the gainin statisticalpower from the pooling waskey to identifying mary of these
genessincemostwerenotfoundby equivalentanalyseperformedseparatelynthe
two datasets.We have foundthatthis approachs not feasiblefor combininginfor-
mationacrosghe U95Av2 andU133A chips,which sharefewer probesn common.
Oursecondnethoddefinegprobesetassetsof probesmatchingthe samefull-length
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2 ALTERNATIVE AFFYMETRIX PROBESETDEFINITIONS

MRNA transcriptsn currentgenomicdatabasedie foundthis methodyieldedcom-
parableexpressiorlevelsacrosdJ95Av2 andU133A chip types,andhadbettercor-
relationacrosschip typesthanAffymetrix’s matchingprobesetefinitions.

1.2 Combining Micr oarray Data acrossStudiesand Platforms

In recentyears microarrayshave beenusedextensiely in biomedicalresearchThis
is evidentfrom thefactthatthereareover 9000articlespublishedsince2000thatin-
volve microarrayswith over3000publishedn 2004alone(http://www.ncbi.nim.nih.
gov/entrez/querycgi?do=PlbMed). Generally thesestudiesinvolve the identifica-
tion of individual genesor setsof geneswhoseexpressionprofiles are relatedto
clinical or biologicalfactorsof interest,ncludingtissuetype, diseasestatus disease
subtype patientprognosisandbiological pathway; to list a few. While microarrays
measurehe expressionlevels for thousandof genesbecauseof costlimitations,
moststudiesare performedusingonly a small numberof samplesAs a result,in-
dividual studiesoften have limited power for detectingrelevantbiological relation-
ships.

More recently therehasbeena movementwithin the scientificcommunityto make
datafrom microarraystudiespublically available. This movementhas beenpro-
pelled by the establishmenbf standardgor minimal informationto provide when
posting data(MIAME, Brazma,et al. 2001) and the requirementof mary major
journalsto make suchdatapublically available. There are currently a numberof
public repositoriesin which microarraydata are posted,including ArrayExpress
(http://lwww.ebi.ac.uk/arraygress/)and GeneExpressionOmnitus (GEO; http://
www.nchi.nIm.nih.ge/ged). This explosion of publically-available datamakes it
possibleto considemeta-analysethatcombineinformationacrosanultiple studies,
which allow oneto assesshe reliability of resultsreportedin theindividual studies
andalsoto uncovernew biologicalinsightsnotdiscoveredin ary individual study If
doneproperly thispoolingof informationacrossstudiescanprovideincreasegower
to detectsmallconsistentelationshipghatmayhave goneundetectedh theindivid-
ual analysesandcanprovide resultsthataremorelik ely to provereproducible.

Thereis a smallbut growing numberof studiesin existing literaturethatattemptto
combineinformationacrosamultiple datasets.Generallytherearethreeapproaches
thatareused:1. Identify anintersectiorof geneghataresignificantacrosamultiple
studies2. Validateresultsfrom a singleindividual studyusingdatafrom otherstud-
ies,or 3. Performa singleanalysisafter combiningdataacrossmultiple studiesWe
now briefly discusgshe meritsanddravbacksof eachapproach.

The ideabehindthe first approachis thatif a geneis truly differentially expressed,
thenthis differentialexpressionshouldbe manifestacrossmultiple datasets.How-
ever, this Venndiagram-basedpproactoftenrevealsa shockinglysmall numberof
genesthatarefound to be differentially expressedn multiple datasets.In a study
comparinghormalandCLL B-cells,Wangetal. (2004)foundthatonly 9 genesvere
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found to be differentially expressedn all three studiesconductedon threediffer-

ent microarrayplatforms,out of 1172that were differentially expressedn at least
onestudy Similarly, in a studyinvolving pancreaticacells, Tan et al. (2003) found

only 4 genesdifferentially expressedacross3 different platforms,amongthe 185
deemeddifferentially expressecon at leastone platform. While perhapsidentify-

ing the mostreliably differentially expressedyenes this approachactually results
in reducedsensitvity for detectingbiologicalrelationshipssinceeach(perhapsun-

derpavered)studymustfind the genesignificantbeforeit is declaredso. Otherless
consenrativeapproachefocusednidentifying genedhatareconsistenaicrossstud-
iesincludemethodgliscusseih Rhodestal. (2002)andRhodestal. (2004),which

involve combiningp-valuesacrossstudies andtheintegrative correlationmethodof

Parmigiani,etal. (2004),which involvescomputinggene-gen@airwisecorrelations
on the expressionlevels and/ortestsstatisticsfor eachindividual study thencom-

putinga”correlationof correlations’acrossstudiesThis approactresultsin alist of

reproduciblegenesvhoseabsoluteor relative expressiorlevelsarecorrelatedacross
studiesandplatforms.It doesnot, however, provide additionalpower for detecting
biologicalrelationships.

A numberof studiestake the secondapproachjdentifying biological relationships
using the datafrom a single study then using datafrom other studiesfor valida-
tion of theserelationshipgBeeretal. 2002,Sorlie et al. 2003, Stecet al. 2005,and
Wright et al. 2003). Sincethe studiesmay differ with respecto their patientpopu-
lations,microarrayplatforms,andsamplehandlingandprocessingresultssurviving
this stringentform of validationarelik ely to bereal.However, lik e thefirst approach,
this useof multiple datasetsdoesnot yield any additionalpower for detectingbio-
logical relationshipssinceonly a singledatasetis usedin thediscovery process.

In thethird approachthe datais actuallycombinedacrossstudiesanda singleanal-
ysisis performedon the pooleddataset. This is our primaryinterestin this chapter
Theclearadvantageof this approachs the possibility of increasegower for detect-
ing biologicalrelationshipssincethe pooleddatasetis significantlylargerthanary
of the individual datasets.The difficulty is thatthereareimportantdifferencede-
tweenthe studieshatmustbetakeninto accounteforeit is possibleto successfully
pool the data.The studiesmay differ with respecto their patientpopulationssam-
ple handling,or samplepreparationsThesedifferencescanbe manifestin boththe
clinical outcomesandthe microarraydata,andmay affect the genesn adifferential
manner It hasbeenshown thatit is possibleto obtaincomparablemicroarraydata
from differentlaboratorieon acommonplatformif rigorousexperimentaprotocols
areestablishe@ndfollowedacrosghedifferentsites(Dobbinetal. 2005).However,
posteddatafrom differentstudieswere likely generatedising different protocols,
so thesefactorscomeinto play in the meta-analysisontext. Theseproblemsare
further exacerbatedf the studiesare conductedon differentmicroarrayplatforms,
which have technicaldifferenceghat make their geneexpressionevels fundamen-
tally incomparabléKuoetal. 2002, Tanetal. 2003,Mah etal. 2004,Marshall2004,
Mechemetal. 2004a).

Someof this heterogeneitganbe handledby modelingstudyeffectsfor eachgene
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usingfixedor randomeffectsin the context of mixed modelsor Bayesiarhierarchi-
calmodels standaragpproachessedn meta-analysigNormandl999,Ghosh2004,
Wang et al. 2004). Theseapproachesppropriatelyaccountfor the study-to-study
variability when performinginferencein the meta-analysisand provide a simple
first-ordercorrectionfor eachgenethatalignsthe meanexpressiorlevelsfor thedif-
ferentstudies Otherapproachesvolve first-ordercorrectionsput usemethodshat
aremoresophisticateagnathematicallyOneis basednthe singularvaluedecompo-
sition (Alter, Brown andBotstein2000,Nielsenet al. 2002),andnormalizeghe raw
expressiorievelswithin studiesusingthefirst eigervectorsfor the genesandarrays.
This approactassumeshattheseeigervectorsrepresenthe study-to-studyariabil-
ity, which is assumedo dominateall other factors.Another approach(Benito, et
al. 2004)normalizesusinga new methodcalled”distanceweighteddiscrimination”
(DWD), which performssupervisedliscriminationto identify linear combinations
of genesassociatedavith the studyeffect, which is subsequentlyemoved. However,
theseapproachesyhenappliedto theraw expressiorievels,do notappeato be suf-
ficientto make datacomparablecrosdifferentplatforms.For one,they only adjust
the meanof the distributionsfor the two studies but do not adjustfor higherorder
distributional propertieslik e the variancesor quantiles.In a study comparingdata
from spottedcDNA glassarraysand Affymetrix oligonucleotidearrays,Kuo et al.
(2002) concludedthat "data from spottedcDNA microarrayscould not be directly
combinedwith datafrom synthesizealigonucleotidearrays”,andfurther, thatit is
unlikely thatthe datacould be normalizedusinga commonstandardizingndex.

For this reasonmary studiesdo not attemptto combinethe raw expressionpro-
files acrossplatforms,but insteadonly combineunitlesssummarymeasureslerived
from the raw data.The assumptioris that, while the raw expressionlevels for the
different studiesmay not be comparabletheseunitlessstatisticsshould be, since
they are at leaston a commonscale.For example, Wang et al. (2004) and Choi
(2003)first computethestandardardizelbg fold changedetweertwo experimental
conditions,then combinetheseacrossstudiesusing hierarchicalmodels.Similarly,
Ghoshet al. (2003) and Tan et al. (2003)first computet-statisticscomparingtwo
experimentakonditions thencombinetheset-statisticsacrossstudies Shen Ghosh,
andChinnaiyan(2004)combinethe posteriorprobabilitiesof beingover-expressed,
underexpressedor similarly expressedyetweertwo experimentakonditionsacross
datasets.Theseapproachesire promisingandall resultin increasedbower to de-
tectbiologicalrelationshipsn thedata,andcanin principle be usedacrosdifferent
platforms.However, we believe it would be inherentlybetterto work with the raw
expressionlevels, if we could getthemto be comparableln that case,we would
not be limited to dichotomousomparisonsbhut could relategeneexpressionievels
with ary type of outcome(e.g. survival or time to progression)Also, thesesum-
mary measuresnake implicit assumptiongboutthe comparabilityof the reference
populationsn the differentstudiesthat, if not true, may adwerselyaffectinference.
For example,usingt-statisticsassumeshat the meanandstandardieviation of the
true geneexpressionevels shouldbethe sameacrossstudiesandareonly different
becausef technicalreasonsBy usingthe raw expressionlevels, one could avoid
makingsuchassumptions.
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Somestudieshave explicitly usedsequencénformationto try to obtaincomparable
expressiorievelsacroslatforms(Morris etal. 2005,Mechametal. 2004a,Mah et
al. 2004,Wu etal. 2005,Ji etal. 2005).Thisideais natural sincemuchof thesystem-
atic variability betweenexpressionlevel measurementsetween(and even within)
platformsis attributableto sequence-relatefdictors,suchascross-hybridizational-
ternative splicing, inaccurateannotationof genesequencesand RNA degradation.
Cross-hybridizatiomccurswhena genehybridizesto "near matches’on the array
which canattenuatesstimate®f geneexpressionCertainsequencearemorelik ely
to cross-hybridizgZhanget al. 2003),so may resultin lessreliable measurements
of geneexpression.Also, single genesmay be transcribedinto multiple different
MRNA variants.Thesealternatvely splicedvariantsmay causesomesequencesor-
respondingdo differentexonsfrom the samegeneto be discordantAdditionally, not
all probeson microarraysmapto annotatedsequencefn public databasesThese
probestendto be lessreliable (Mechamet al. 2004b),which may explain someof
thelack of concordancacrossplatforms.In a studyinvolving matchedsamplesun
on Affymetrix andnylon cDNA arrays,Ji et al. (2005) shoved thatthe correlation
of expressionlevels theseplatformswasgreaterfor sequencewith matchesn the
RefSeqdatabaseFinally, RNA degradationcan affect probesdifferentially, since
sequencesloserto the endpointf thegenemaybe moresusceptibleo this degra-
dationthansequencesearthe middle. Thesefactorsarerelevantwhencomparing
completelydifferenttechnologiesg.g. spottedglasscDNA arraysand Affymetrix
oligonucleotidearrays,as well as when comparingdifferentversionsof the same
technologiese.g.differentversionsof Affymetrix arraysor glasscDNA arrayscon-
structedusingdifferentclones.We believe thatmethodghat explicitly take into ac-
counttheseknown biological andtechnologicafactorsultimately will resultin the
mostsuccessfumethodgor combininginformationacroslatforms.

1.3 Overview of Affymetrix Oligonucleotide Arrays

Generallyspeaking there are two major typesof microarrays,cDNA arraysand

oligonucleotidearrays.One key differencebetweenthesetechnologiess that on

cDNA arrays,genesare representedby a single cDNA clone spottedon the array

while on oligonucleotidearrays(Lockhart et al. 1996), genesare representedy

"probes”,or shortsequencesf nucleotidesrom thetargetgenesequenceAffymetrix,
Inc. (SantaClara,CA) is the largestproducerof oligonucleotidearrays,which they

call GeneChipsAffymetrix GeneChipsontainmultiple probesfor eachgene.For

the remainderof this chapterwe focusour attentionon Affymetrix oligonucelotide
arrayswhichin practicearethe mostcommonlyusedarraystoday

The Affymetrix probeseachconsistof a sequencef 25 basesrom thetargetgene,
which generallycontainsa total of severalhundredor thousandasepairs.Sincenot
all sequencebind equallywell, thereis naturalvariability betweenthe expression
level measurementtor differentprobestaken from the samegene.In orderto av-
erageover someof this variability, eachgeneis representethy a numberof probes,
which togetherform a "probeset. Theseprobesare scatteredacrossthe array For
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eachprobe thereis alsoa correspondingmismatch”probe which containgheiden-
tical sequencexceptwith the 13" basereplacedy its Watson-Crickcomplement.
The mismatchprobesareintendedfor normalization,althoughthey have not been
shawn to beclearlyusefulfor thatpurposePopeetal. 2004).

The probesare constructechasedon sequencénformation containedin GenBank
(http://lwww.psc.edu/general/softwe/packges/genkrk/genbank html), a public
archiveof DNA sequencenformation,Unigene(http://www.ncbi.nlm.nih.g@/entrez/
queryfcgi?db=uniger),which partititionsthesesequencemto non-redundantlus-
terspresumablycorrespondindo genesandRefSeq(http://www.ncbi.nim.nih.ge/
RefSeqg/)whichis constructedy theNCBI to representhestateof theartin termsof
thesequencesf known genesAs thisinformationhasevolvedovertime, Affymetrix
hasproducedifferentversionsof its GeneChipThemostcommonlyusedchiptypes
usedin humanstudiesncludethe HuGeneFLthe U95Av2, andthe U133A.

The HuGeneFLwas introducedin November1998, and its sequencelustersare

basedupon Unigenebuild 18. It containsinformationon roughly 5600genesand

eachgeneis representetly roughly 20 probepairs. Theprobescorrespondingo the

sameprobesetreplacedtogethelin the sameregion of thearray The U95Av2 was

introducedn April 2000,andis baseduponUnigenebuild 95.It containdnformation

onroughly10,000genesgachof whichis representetly 16 probepairs.Theprobes
arerandomlydistributedacrosghearray TheU133Awasfirstintroducedn January
2002,andis baseduponUnigenebuild 133.It containanformationon 14,500genes,
andcontainsl1 probespergene.The probesarearrangedn thearrayin suchaway

asto optimizethe probesynthesisfficiengy.

Frequentlyresearchersvish to combineinformationacrossexperimentsconducted
usingdifferentversionsof Affymetrix GeneChipsAs new studiesareconductedis-

ing morerecentversionsof the chips,researchers/antto still useinformationfrom

previous studiesperformedusing older generationsAlso, someresearchergnay
wantto perform meta-analysesn datacollectedfrom multiple studiesperformed
at differentinstitutions.It is not easyto meigeinformationacrosschip types,since
therearesomegenegepresentedn newer chipsthatwerenoton previousonesand
eventhe commongenesarerepresentedy differentsetsof probeson the different
chips,sotheir expressiorievelsarenotgenerallycomparable.

In the remainderof this chapteywe describein detail two methodswe have devel-
oped(Morris etal. 2005,Wu etal. 2005)to combineinformationacrosstudiesusing
differentAffymetrix chip types.Thesemethodsusesequencénformationto define
new probesetghat yield comparableexpressionlevels acrossdifferent chip types.
Our hopeis thattheraw expressiorlievel valuesusingtheseredefinedprobesetare
sufficiently comparablehatthey canbe combinedacrossrersionsFor eachmethod,
we describeghemethodandusean exampledatasetto demonstratéhe concordance
of expressionlevelsacrosdifferentarraytypes.
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1.4 Partial Probesets

The incompatibility of expressionevels acrosschip typesis largely dueto the fact
thatdifferentsetsof probesareusedto representhe samegeneson differentchips.
We expect, however, thatindividual probespresenton multiple chipsshouldyield
comparablesxpressionlevels acrosschips. Thus,oneapproacHor obtainingcom-
parableexpressiorievelsacrossstudiesusingtwo differentchip typesis to only use
"matchingprobesthatarepresenbnbothchip types.

For example,supposewe have microarraydatafrom two studies,one performed
on the HuGeneFLchip andthe otheron the U95Av2. The HuGeneFLcontainsa
total of roughly 130,000probespartitionedinto 6,633probesetsgachcontaining20
probepairs,while the U95Av2 containsatotal of roughly 200,000probespartitioned
into 12,625probesetseachcontaining16 probepairs. Thereare a total of 34,428
"matchingprobes”thatarepresenpn bothchip types.

After identifying thesematchingprobeswe thenrecombinedheseinto new probe-
setshasedon the mostcurrentbuild of Unigene We referto thesenew probesetas
"partial probesets’Notethatbecause¢hey areexplicitly basedon Unigeneclusters,
theseprobesetswill not preciselycorrespondo Affymetrix-determinedprobesets.
Frequentlymultiple Affymetrix probesetsnapto the sameUnigenecluster We then
eliminatedary probesetsontainingjust oneor two probes,sincewe expectedthe
geneexpressiommeasurementsasedn sofew probego belessreliable.Whenper
formedbasedbn Unigenebuild 160, this left uswith 4,101partialprobesetsin gen-
eral,we expecttheseprobeset$o be smallerthanthe Affymetrix-definedprobesets,
sincethey only usethe matchingprobes Figurel.1 containsa plot of the numberof
probeswithin eachof thesepartialprobesetsMost of the probeset$84%)contained
10 or fewer probes,and the medianprobesetsize was seven. There were several
probesetgontainingmorethan20 probes.

1.5 Example: CAMD A 2003Lung Cancer Data

Two independenstudiesvereperformedat Harvard University (Bhattacharjeetal.
2001)andMichiganUniversity(Beeretal. 2002),bothfocusingonthesameguestion
of relatinggeneexpressiordatato survival in lung cancepatients.Thesedatawere
partof the 2003 critial assesssmeiatf microarraydataanalysisifCAMDA) compe-
tition (http:/www.camda.duk.educamda2@®3). ThesestudiesbhothusedAffymetrix
GeneChipsput the Michigan study usedthe HuGeneFLwhile the Harvard study
usedthe U95Av2. Our goal in analyzingthesedatawasto combineinformation
acrosshothdatasetsto identify prognosticgeneswhoseexpressiorievels provided
prognosticinformationon patientsurvival over andabove whatis alreadyprovided
by known clinical factors We usedpartial probeset$o quantifythe geneexpression
levels,anddemonstratethatthis resultedn comparablexpressiorevelsacrosghe
two chip types,withoutary lossof precisionfrom usingonly a subsebf theprobes.
We identifieda numberof prognostiogenesn our pooledanalysishatwerenotdis-
coveredin the analyseperformedon theindividual studies highlighting the benefit
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Figurel.1 Histogramof numberof probesin eac "partial probeset”.

of pooling dataacrossstudies We first summarizehesedatasets thendescribeour
analysego validatethe partial probesemethodandobtainprognosticgenes More
detailsof this analysiscanbefoundin Morris etal. (2005).

1.5.1 Overviav of Data Sets

The Harvard study analyzed186 lung tumor samplesusing U95Av2 Affymetrix
GeneChipsFromthese, 125 wereadenocarcinoma®r which clinical information
onthecorrespondingatientswasavailable,includinggenderage,stageof disease,
andsurvival time. Applying hierarchicaklusteringto thesedata,Bhattacharjeetal.
(2001)identifiedfour distinct subtypesf adenocarcinomeith differentmolecular
profiles, and further demonstratedhat thesesubtypeshad different survival prog-
noses.

The Michigan study analyzed86 lung adenocarcinomaamplesusing HuGeneFL
Affymetrix GeneChipsAll of thesesamplesalsohadcorrespondinglinical infor-

mation,including gendey age,stageof diseaseandsurvival time. Using univariate
Cox regressionsthey identified a numberof geneswhoseexpressionlevels were
associatedavith patientsurvival. They subsequentlgonstructed "risk index” using
thetop50genesanddemonstratethatthisrisk index helpedpredictpatientsurvival

bothin their own dataandin independentlybtaineddatafrom anotherexperiment
(Bhattacharjeetal. 2001).

In our own analysiswe first performedvariousquality control checks after which
we removed 10 arraysfrom the Michiganstudyandonefrom the Harvard studythat
demonstrategoor quality. This left uswith atotal of 200arrays,124from the Har-
vard study and 76 from the Michigan study Using the partial probesetefinitions
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describedabove, we quantifiedthe geneexpressionlevels for eachpartial probe-
setusingthe PositionalDependentNearestNeighbor(PDNN) model (Zhanget al.

2003). Other quantificationmethodscould have beenused,but we chosethis one
becausave believe its useof probesequencénformationto predictpatternsof spe-
cific andnonspecifichybridizationintensitiescanleadto morereliableandaccurate
guantifications.

We alsoperformedotherpreprocessingteps We removedthe half of the probesets
with the lowestmeanexpressionevels acrossall samplesthennormalizedthe log
expressiorvalueshy usinga lineartransformatiorto force eachchip to have acom-
monmeanandstandardieviation acrosggenesWe next removedthe probesetsvith
the smallestvariability acrosschips (standarddeviation < 0.20), sincewe consid-
eredthemunlikely to be discriminatoryandmorelik ely to be spuriouslyflaggedas
prognostic.Finally, we removedthe probesetsvith poorrelative agreemen(Spear
mancorrelation< 0.90) betweerthepartialprobeseaindfull probesetuantifications
(seenext section).After this preprocessindgl 036 probesetsemainedandwerecon-
sideredn our subsequerdnalyses.

1.5.2 Validation of Partial Probesets

Beforeanalyzinghemicroarraydatato identify prognostiggenesye assessedhether
our methodfor combininginformation acrossdifferent Affymetrix chip typesper
formedacceptablyFirst, we checled whetherthe expressionevels appearedo be
comparableacrosschip types. Specifically we computedthe medianand median
absolutedeviation (MAD) log expressionlevel for eachpartial probeseticrossthe
Michigan samplesun on the HuGeneFLchip andalsofor the Harvard samplesun
on the U95Av2 chip. Sincethe patientpopulationsin the two studiesappearedo
reasonablgimilar, we expectedo seehigh concordancén thesequantitieshbetween
thetwo chipsif the expressiorievelswerecomparableWe did not, however, expect
perfectconcordancesincedifferentpatientsvereusedin thetwo studiesFigurel.2
containsa plot of thesequantitiesanddemonstrategoodconcordancéetweerthe
centerandspreadn thedistribution of geneexpressiorvaluesonthetwo chips.The
concordanceetweerthesevalueswas0.961for themedianand0.820for the MAD,
soit appearghatusingthe partial probesemethodyielded reasonablycomparable
expressiorievelsacrosshetwo chips.

Recallthat partial probesetsiseonly the matchingprobeswhile completelyignor-
ing expressiorevel informationfor thenon-matchingprobesThis meanghatpartial
probesetare generallysmallerthanthe Affymetrix-definedprobesetsThe median
sizeof our partial probesetsvas seven, while the Affymetrix-definedprobesetgor
the HuGeneFLand U95Av2 chipshave 20 and 16 probes,respectiely. Since ad-
ditional probescanincreasethe precisionin measuringhe expressionlevel of the
correspondinggene,one might expect a loss of precisionwhen using the partial
probesetso quantify expressiorievels. To investigatethis possibility, we quantified
the expressiorievelsfor the full probeset®f the Harvard sampleausingthe PDNN
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(a) Median (b) MAD
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Figure1.2 Median(a) and medianabsolutedeviation (b) expressionlevelsfor ead partial
probesethasedon the Harvard samplesun on the U95A/2 chips vs. the Michigan samples
run onthe HuGeneFLchip. Thehigh concodancein thesemeasuessugestswe obtainrea-
sonablycompaable expressionlevelsby usingthe matdhedprobes.

model. The full probesetzonsistedf all probeson the array mappingto the Uni-
genecluster i.e., not just the matchingones.We plottedthe standarddeviation for
eachgeneusingthefull probesetersushe standardieviation for the partialprobe-
set,givenin Figurel.3.If thepartialprobesetjuantificationsvereconsiderabljess
precise,we would expectmeasuremengrror to causethe standarddeviation to be
larger for the partial probesetsTherewasno evidenceof significantprecisionloss
in this plot, asthereis strongagreemenbetweenthe standarddeviationsfor each
geneusingthetwo methodqconcordance=0.942This may seemsurprisingatfirst,
but uponfurtherthoughtis reasonablesincewe expectthat the probesAffymetrix
retainedn formulatingthe new chipsmayin somesensebethe"best” ones.

We computedspearmarorrelationdetweerthepartialandfull probesetuantifica-
tionsfor eachprobeseto confirmthatour methodpreseredtherelative orderingof
thesamplesi.e., theranks.For example,we expectedthata samplewith thelargest
expressiorevel for agivengeneusingthefull setof probeswill alsodemonstratéhe
largestexpressiorievel for thatgenewhenusingonly the matchedorobesThe me-
dianSpearmartorrelationacrossall probesetsvas0.95,suggestinghatour method
did agoodjob of preservingherelative orderingof thesampleslnterestinglybut not
surprisingly mostof the lower Spearmarcorrelationsoccurfor probesetsvith less
heterogeneousxpressiorlevelsacrosssamplesand/orprobesetgontainingsmaller
numbersf probeslt appearshatour partial probesemethodworked quite well.
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Standard Deviation of Full
vs. Partial Probesets, Harvard Data
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Figurel.3 Standad deviation acrossHarvard samplegor eat genebasednfull andpartial
probesetsA "full probeset” containsall probeson the U95A/2 chip mappingto a unique
UnigenelD, while the correspondingpartial probeset.

1.5.3 Pooling AcrossStudiedo Identify PrognosticGenes

We pooledthedataacrosshesewo studiego identify prognostiqyenesffering pre-
dictive informationon patientsurvival. We were not primarily interestedn finding

genesthat were simply surrogatesor known clinical prognosticfactorslike stage,
sincethesefactorsare easily available without collecting microarraydata.Rather
we wereinterestedn finding geneshatexplainedthe variability in patientsurvival

that remainedafter modelingthe clinical predictors.Thus,we fit multivariablesur

vival models,includingclinical covariatesin all survival modelswe usedto identify

prognostiaggenes.

We screenedhe 1036 genesto find potentially prognosticonesby fitting a series
of multivariableCox modelscontainingage,stage(dichotomizedas low, staged-
II, andhigh, stagedlI-IV), institution, andthe log-expressionof one of the genes
aspredictors.Theinstitution effect wasincludedin the modelto accountfor differ-
encesin survival that were evident betweenthe two studies,even after accounting
for known clinical covariates We obtainedthe exact p-valuesfor eachgenes coef-
ficient using a permutationapproachin this approachye first generated.00,000
datasetdy randomly permutingthe geneexpressionvaluesacrosssampleswhile
keepingthe clinical covariatesfixed. We subsequentlypbtainedthe permutationp-
valuefor eachgeneby countingthe proportionof fitted Cox coeficientsthatwere
more extremethanthe coeficient for the true datasetA small p-valuefor a given
geneindicatedpotentialfor thatgeneto provide prognosticinformationon survival
beyondtheclinical covariatesWe alsoobtainedp-valuesusingasymptotidik elihood
ratio tests(LRT) andthebootstrapo assessobustnes®f our results.
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If therewereno prognostigenesstatisticatheorysuggestshatahistogranmof these
p-valuesshouldfollow a uniform distribution. An overalundanceof small p-values
would indicate the presenceof prognosticgenes.We fit a Beta-Uniform mixture
modelto this histogranof p-valuesusinga methodcalledthe Beta-UniformMixture
method(BUM, PoundsandMorris, 2003),which partitionsthe histograminto two
componentsa Betacomponentontainingthe prognosticgenesand Uniform com-
ponentcontainingthe non-significanbnes We usedthis modelto identify a p-value
cutoff thatcontrolledthefalsediscoveryrate(FDR, BenjaminiandHochbeg, 1995)
to be no more than 0.20. This meansthat of the genesflaggedas prognostic,we
expectatmostl in 5 werefalsepositives.

Permutation Test
for Prognostic Genes

Frequency
40 60 80 100 120
L L L I}

20
I

r T T T T 1
0.0 0.2 0.4 0.6 0.8 1.0

p-value

Figure 1.4 Histogram of p-valuesfrom permutationtest on gene coeficientin Cox model
containingclinical covariatesand ead oneof the 1036 candidategenes.Thecorresponding
histagramfor the LRTis nearlyidentical.

Figure 1.4 containsthe histogramof permutatiortestp-values.The overalundance
of verysmallp-valuesindicateghepresencef somegenegproviding informationon
patientprognosisbeyondwhatis offeredby the modeledclinical factors.Table1.1
containsa setof 26 geneghatare flaggedby the BUM methodusingFDR< 0.20,
which arethosegeneswith p-valuedessthan0.0025.Many of thesegenesappeato
be biologically interestingandworthy of future considerationWe wereableto link
10 of our 26 prognosticgenesto lung cancerbasedon the existing literature.Four
otherscould be linked to cancerin generalor otherlung diseasdn the literature.
Thesegenesarediscussedn moredetailin Morris etal. (2005).

Noneof thegeneswve identifiedappearedh thelist of top 100genesrom theMichi-
gananalysis(Beer, et al., 2002),andwe only found one (CPE)thatwasmentioned
in theHanardpaper(Bhattacharjeegtal.,2001).CPEwasoneof thegenedefining
aneuroendocrinelusterthatthey identifiedandassociateavith poorprognosisWe
repeateaur analysisseparatelyor the HarvardandMichigandatasets,i.e., without
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Table 1.1 Setof genesflagged as prognosticby applyingBUM on the permutationp-values
with FDR < 0.20. Alsoincludedare the LRT and bootstap p-valuesand estimatef the
Coxmodelcoeficient. A™ indicatesthe p-valuewasbelowthe BUM significancethreshold.
Theidentity of the genesis alsogiven.A negative coeficientindicatesthat larger expression
levelsof that genecorrespondo a bettersurvivaloutcome

Geneldentity Coef PrognostidP-values
Permut. LRT  Bootstrap
FCGRr -2.07 < 0.00001* 0.00014* 0.0006*
ENO2 1.46 0.00001*  0.00002* < 0.0001*
NFRKB -2.81 0.00001* 0.00435 0.00404*
RRM1 1.81 0.00002*  0.00008* < 0.0001*
TBCE -2.35 0.00004*  0.00069* 0.0006*
Phosphmutasel  1.92 0.00008*  0.00020* 0.0004*
ATIC 1.81 0.00009*  0.00153* 0.0004*
CHKL -1.43 0.00010* 0.02305 0.0260
DDX3 -2.37 0.00017*  0.00012* 0.0002*
OSsT -1.64 0.00020*  0.00010* 0.0010*
CPE 0.72 0.00031*  0.00053* 0.0010*
ADRBK1 -2.20 0.00044* 0.00678 0.0030*
BCL9 -1.64 0.00067* 0.03602 0.0460
BZW1 1.33 0.00068*  0.00279* 0.0006*
TPS1 -0.64 0.00106*  0.00217* < 0.0001*
CLU -0.52 0.00109*  0.00239* 0.0024*
OGDH -2.19 0.00118* 0.00405 0.0020*
STK25 2.29 0.00122* 0.00152* 0.0080
KCC2 -1.70 0.00143* 0.00988 0.0220
SEPW1 -1.29 0.00145* 0.01026 0.0160
FSCN1 0.66 0.00150*  0.00241* 0.0103
MRPL19 1.12 0.00211*  0.03213 0.0340
ALDH9 -1.18 0.00223*  0.00378* 0.0020*
PFN2 0.63 0.00248*  0.00351* 0.0020*
BTG2 -0.75 0.00232*  0.00580 0.0140

pooling,andonly eightandoneof the 26 genesrespectiely, wereflaggedashaving
p-valueslessthan0.0025,while 17 arenotflagged,ncludingthetop genein ourlist
(FCGRY). Thus,it appearghatour pooledanalysisrevealednew biologicalinsights
containedn thesedatathatwerenotidentifiedwhenanalyzingthemseparately
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1.6 Full-Length Transcript BasedProbesets

Theanalysepresentedh theprevioussectionsuggesthatby usingpartialprobesets,
we were able to obtain comparablesxpressionlevels acrossstudiesconductedat
differentinstitutionsusingdifferentchip types(HuGeneFLand U95Av2), allowing
usto performapooledanalysighatrevealednew biologicalinsightsinto lungcancer
Unfortunately this approactis not feasiblewhencombininginformationacrosshe
U95Av2 and U133A chips, sincethesechips sharefewer probesin commonthan
the HuGeneFlandU95Av2. Thereare34,428probes(14%)onthe U95Av2 thatare
alsopresenbnthe HuGeneFIwhile thereareonly 11,582probeg6%) thatarealso
presenbntheU133A.If weform partialprobesetsindeliminatethosewith lessthan
3 probeswe areleft with only 628 probesetsThus,we have exploredlessstringent
alternatve approacheso usefor combininginformationacrosshesechip types.

Oneof the primary reasongprobesyield discordantmeasurements thatthey may
berespondingdo differenttranscriptsalternatiely splicedfrom thesamegene When
the transcriptsare differentially regulated the correspondingrobescanyield con-
flicting signals.The currentdesignof arraysignoresthe effectsof alternatie splic-
ing. Thus,if we differentiatethe probesthatmatchsetsof alternatvely splicedtran-
scripts,we may be ableto resohe the discordanimeasurement8asedon this idea,
we developeda new methodto regroupthe probesinto probesetsin our new defini-
tion of a probesetall probesin the probesetmustmatchthe samesetof full-length
genesequencesWe refer to sucha probesetas a "Full-Length TranscriptBased
Probeset(FLTBP, Wu et al. 2005). Assumingcompleteinclusion of alternatvely
splicedtranscriptswe canin principle ensureconcordantehaior of the probes
within theseprobesets.

We now describehow we obtainedthesetranscript-basegrobesetsFirst, we con-
structedacomprehensielibrary of full-lengthmRNA transcriptsequences thehu-
mangenomeby combiningrecordsn RefSedhttp://www.ncbi.nim.nih.ge/RefSeq/)
andHinvDB (http:// hinvdb.ddbj.nig.ac.jpindex.jsp) databasess of January2005,
RefSeq(build 111504,humansection)contained28,712full-length transcriptse-
guencesepresenting23,809 genes.H-InvDB (version 1.7) contained41,118se-
guencegepresentin@1,037genesAll of the sequencem this databasevereval-
idatedby full-length cDNA clones.We estimatethat collectively the two databases
represenapproximately29,000geneswith 50,000non-redundantranscripts.

We usedthis library asthe basisfor definingour probesetsi-or eachprobesequence
usedon the U133A andU95Av2 arrays,we identifiedall matchingfull-length tran-
scriptsusingthe Blastprogram(http://www.ncbi.nlm.nih.ge/blast/).We aggreyated
the IDs of thosetranscriptswith exactmatchego construcia matchedargetlist. We
foundthat 15% of the probeson the U95Av2 and13% of the probeson the U133A
hadno exactmatchin our library, and38% of the probeson the U133A and33% of
theprobesonthe U95Av2 matchedmorethantwo targetsin our library, demonstrat-
ing thatit wasvery commonfor oneprobeto matchmultiple targets.

By groupingthe probeswithin the samematchedarnetlists, we formed23,972and
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14,148probeset®n the U133A andU95Av2, respectiely. We call theseprobesets
"Full-Length TranscriptBasedProbesets{FLTBPs).Becausemultiple probesin a
probesetare essentialto reducenoise and bias, we discardedall small probesets
containinglessthan 3 probes,leaving us with 18,011and 11,228FLTBPs on the
U133AandU95Av2, respectiely. Collectively, theseFLTBPscontainedB2% of the
probesonthearrays.

Thesenew probesetsverevery differentfrom the original ones.Only 9,8930f the
original probesetson U133A and 5,257 original probesetson U95Av2 were the
sameafter regrouping. Figure 1.5 shows a histogramof the numberof probesin
eachFLTBPs.The probeset®utsideof the major peaksreflectdivision andfusion
of the original probesetsDetailedinformation of our probesetsare storedon our
web site (http://odin.mdacc.tmc.eduizhargli/FLTBP). This websitealso contains
chip designfiles (CDF) usingFLTBPsfollowing the formatdesignedy Affymetrix
(http://wvww. affymetrix.com/inde.affx). TheseCDF files canbeusedto run MASS5,
RMA anddChipalgorithmsin Bioconductor(http://www.bioconductoiorg/).

10000
—6— HG-U95AV2
1000 - —e— HG-U133A
<
é 100 -
10
3 9 15 21 27 33
Size

Figurel.5 Histogramof numberof probesper FLTBP

By matchingthe matchedargetlists of FLTBPson thetwo arrays,we found 9,642
pairsof FLTBPsthatcanbe mappedetweenthe U133A andU95Av2. Affymetrix
hastheirown methodfor mappingprobesetbetweerdifferentchiptypes(http://www.
affymetrix.com/Auth/suppdrdownloads/conpaisons/bst match.zip) whichyields
9,480pairsof probesetbetweerthe U95Av2 andU133A chips.Therearenumerous
differencedetweertheseAffy-definedmappingsandour FLTBPs.Only 52%of the
probesetson the U133A and48% of the probeset®n the U95Av2 aremappedhe
sameway asour FLTBPs.
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1.7 Example: Lung Cell Line Data

To compareour mappingmethodwith that of Affymetrix, we useda datasetcon-
sistingof 28 pairedmeasurementsbtainedoy hybridizingidenticalsamplen both
the U133A andU95Av2 arrays.Becauseof this paireddesign,we expectvery little

biological variability betweenpairedmeasurementsn the two arrays,so ary dif-

ferencebsenedshouldbe attributableto technicalsourcesWe now describethis
datasetinduseit to demonstratehatthe FLTBPsresultsin quantificationghatare
morecomparablecrosschip typesthanAffymetrix- basedorobesets.

1.7.1 Overviav of Data Set

Thirty RNA samplesfrom variantlung canceror normallung cell lines and one
humanreferencesamplewere hybridizedon both U133A and U95Av2 arrays.Our
quality control proceduresevealedthatthreearrayimageshadobvious defects so
werediscardedThis left uswith 28 pairsof sampleghatwe usedin this study

We preprocessedndquantifiedthe geneexpressionsvith PDNN (Zhangetal. 2003)
usingthe PerfectMatctsoftware (ver2.2)(http://odin.mdacc.tmc.eduizhargli/ Per
fectMatch).For comparisonwe alsopreprocessedndquantifiedthedatausingother
competingnethodsRMA (Irizarry etal. 2003),MASS5 (http://www. affymetrix.com/
products/softwre/specific/mas.&) anddChip (Li andWong 2001),usingbiocon-
ductor (v1.5, http://www.bioconductoiorg/), following the default settingsin the
"affy” package.

1.7.2 Validation of Transcript-BasedProbesets

In orderto assessomparabilityacrosschip types,for eachgene,we computedthe
correlationshetweerthe pairedU95Av2 andU133A measurementacrosssamples.
To enhancéhecontrasbetweertwo differentmappingmethodsin our comparisons
we focusedon the probesetshat differedbetweerthe two methods Approximately
1/3 of the probesetsvere mappeddifferently, which resultedin 3,309 and 3,527
pairedprobeset$or FLTBP methodandAffymetrix method respectiely.

Figure 1.6 containsa histogramof thesecorrelationsacrossprobesetdor the two
mappingmethodsandfour quantificatiormethodsThesehistogramsummarizehe
obseneddistribution of the pairedcorrelationsacrosgprobesetsi-igure1.6A clearly
demonstrateshat, whenusing the PDNN quantificationmethod,the FLTBP map-
ping tendsto yield bettercorrelationsthanthe Affymetrix mapping(p < 0.00001,
Kolmogoros-Smirnov [KS] test). Notice the two peaksevidentin the distribution
of correlationsfor the Affymetrix mapping.The minor peakcontainsa large group
of probesetsvith poorcorrelationacrosschip types.With otherquantificationrmeth-
ods,thereis alsoevidencethatthe FLTBP methodtendsto resultin bettercorrelation
acrosghip typesthanthe Affymetrix method althoughthis evidenceis notasstrong
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Figure 1.6 Distribution of gene-to-gne correlation betweerprobeseton two U95A/2 and
U133Aarrays,combininginformationover all samplesusingboth Affymetrix-definegbrobe-
setsand FLTBPs.Thecorrelationswere computedusingfour differentquantificationmethods,
(A) PDNN, (B) RMA,(C) MAS5.0and (D) dChip.

(Figures1.6B-D,p = 0.00031, 0.00575, and0.00005 respectrely). This improve-
mentfrom usingthe FLTBPsis likely dueto thefactthatthe FLTBP adjustsfor some
of theheterogeneityhatis dueto alternatve splicing.

Note alsothat, whencomparedwith Figure 1.6A, the distributionsin Figure 1.6B-
D areshiftedmoretowardslow correlationsThis suggestshat, for thesedata,the
PDNN quantificationtendedto yield generallyhigher correlationsthanthe RMA,
MASS5, or dChipquantificationsThisis evenmoreevidentin the sample-by-sample
correlationshetweerthe chip typescomputedacrossgenesasshown in Figurel1.7.
This increaseccorrelationobsened from the PDNN methodmay reflectthe man-
nerin which the PDNN modelestimatesand adjustsfor the effects of non-specific
binding.

FromFigure 6A, we seethatevenwhenusingthe FLTBPs, not all geneddisplayed
high correlationsacrosschip types.Many of theselow correlationswere obsened
for genesthat appearedo have low biological variability in thesedata.Low vari-
ability would make the noisecomponenbf themeasurementdominate yesultingin
low correlationsThereare,however, someprobesetwith low correlationghat do
not have smallvarianceslt is possiblethat someof the sequencesorrespondingo
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Figure 1.7 Distribution of sample-to-sampleorrelation betweenprobesetson two U95A/2
and U133A arrays, combining information over all genes,using both Affymetrix-defined
probesetsand FLTBPs.The correlationswere computedusing four different quantification
methodsPDNN,RMA,MAS5.0,anddChip,respectively

theseprobesetsvere strongly affectedby RNA degradation,or the currently avail-

able collectionof transcriptsmay not include certainalternatvely splicedvariants
thatweredifferentially expressedcrosshe sampletests causingthe correlationgo

becomeattenuatedFurtherwork needsto be doneto further reducethe effects of

cross-hybridizatiorand RNA degradationwhich will hopefully leadto even more
comparablexpressionievelsacrosplatforms.

1.8 Summary

In this chapter we have illustratedthe benefitof pooling dataacrossmultiple mi-
croarraystudies We performeda pooledanalysisover two lung cancermicroarray
studiesandidentifiednew prognosticgeneghatwerenot detectedy separatanal-
ysesperformedon theindividual datasets We alsodescribedwo new probesetlef-
initions that resultin more comparable=xpressionlevels acrossdifferentversions
of Affymetrix oligonucleotidechips.Thefirst methodis basedon partial probesets,
which only useprobespresenion both chip typesandcombinethemtogethemased
on Unigeneclusterinformation. This approactworksvery well, but haslimited ap-
plicability, sinceit is only feasibleto applyacrosschip typesthatsharemary probes
in common.The secondmethoddoesnot restrictus solelyto matchingprobes but
works by recombiningprobesbasedon the setof full-length mRNA transcriptsto
which they map. In this way, the probesetamap to the sameset of alternatvely
splicedtranscriptsCombinedwith the PDNN quantificatiormethodwhich accounts
for non-specifidinding, this approactappeargo resultin morecomparablexpres-
sion levels acrosschip typesthan Affymetrix’'s matchedprobesetsThe benefitof
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this approachs thatit doesnotrestrictattentionto matchedorobessocanbewidely
appliedto combinedataacrossary chip types.It may even be possibleto usethis
principleto matchup oligonucleotidearray datawith cDNA data,althoughthis re-
mainsto beseen.
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