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CHAPTER1

Alternative ProbesetDefinitionsfor
CombiningMicroarrayDataAcross
StudiesUsingDifferentVersionsof
Affymetrix OligonucleotideArrays

Jeffrey S.Morris, ChunleiWu, Kevin R. Coombes,KeithA. Baggerly,
JingWang,& Li Zhang

Universityof TexasMD AndersonCancerCenter
Houston,TX, USA

1.1 Intr oduction

Many publishedmicroarraystudieshave small to moderatesamplesizes,andthus
havelow statisticalpowerto detectsignificantrelationshipsbetweengeneexpression
levels andoutcomesof interest.By pooling dataacrossmultiple studies,however,
we cangainpower, enablingus to detectnew relationships.This typeof pooling is
complicatedby thefactthatgeneexpressionmeasurementsfrom differentmicroarray
platformsarenot directlycomparable.

In this chapter, we discusstwo methodsfor combininginformation acrossdiffer-
entversionsof Affymetrix oligonucleotidearrays.Eachinvolvesanew approachfor
combiningprobesonthearrayinto probesets.Thefirst approachinvolvesidentifying
”matchingprobes”presentonbothchips,andthenassemblingtheminto new probe-
setsbasedon Unigeneclusters.We demonstratethat this methodyieldscomparable
expressionlevel quantificationsacrosschipswithout sacrificingmuchprecisionor
significantlyalteringtherelativeorderingof thesamples.We appliedthis methodto
combineinformationacrosstwo lungcancerstudiesperformedusingtheHuGeneFL
andU95Av2 chips,revealingsomegenesrelatedto patientsurvival. It appearsthat
the gain in statisticalpower from thepoolingwaskey to identifying many of these
genes,sincemostwerenot foundby equivalentanalysesperformedseparatelyonthe
two datasets.We have foundthat this approachis not feasiblefor combininginfor-
mationacrosstheU95Av2 andU133A chips,which sharefewerprobesin common.
Oursecondmethoddefinesprobesetsassetsof probesmatchingthesamefull-length
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2 ALTERNATIVE AFFYMETRIX PROBESETDEFINITIONS

mRNA transcriptsin currentgenomicdatabases.Wefoundthismethodyieldedcom-
parableexpressionlevelsacrossU95Av2 andU133Achip types,andhadbettercor-
relationacrosschip typesthanAffymetrix’smatchingprobesetdefinitions.

1.2 Combining Micr oarray Data acrossStudiesand Platforms

In recentyears,microarrayshavebeenusedextensively in biomedicalresearch.This
is evidentfrom thefactthatthereareover9000articlespublishedsince2000thatin-
volvemicroarrays,with over3000publishedin 2004alone(http://www.ncbi.nlm.nih.
gov/entrez/query.fcgi?db=PubMed). Generally, thesestudiesinvolve the identifica-
tion of individual genesor setsof geneswhoseexpressionprofiles are relatedto
clinical or biologicalfactorsof interest,includingtissuetype,diseasestatus,disease
subtype,patientprognosis,andbiologicalpathway, to list a few. While microarrays
measurethe expressionlevels for thousandsof genes,becauseof cost limitations,
moststudiesareperformedusingonly a small numberof samples.As a result,in-
dividual studiesoftenhave limited power for detectingrelevantbiological relation-
ships.

More recently, therehasbeena movementwithin thescientificcommunityto make
data from microarraystudiespublically available. This movementhas beenpro-
pelledby the establishmentof standardsfor minimal informationto provide when
postingdata(MIAME, Brazma,et al. 2001) and the requirementof many major
journals to make suchdatapublically available. Thereare currently a numberof
public repositoriesin which microarraydataare posted,including ArrayExpress
(http://www.ebi.ac.uk/arrayexpress/)and GeneExpressionOmnibus (GEO; http://
www.ncbi.nlm.nih.gov/geo/). This explosion of publically-availabledatamakes it
possibleto considermeta-analysesthatcombineinformationacrossmultiplestudies,
which allow oneto assessthereliability of resultsreportedin theindividual studies
andalsoto uncovernew biologicalinsightsnotdiscoveredin any individualstudy. If
doneproperly, thispoolingof informationacrossstudiescanprovideincreasedpower
to detectsmallconsistentrelationshipsthatmayhavegoneundetectedin theindivid-
ualanalyses,andcanprovideresultsthataremorelikely to provereproducible.

Thereis a smallbut growing numberof studiesin existing literaturethatattemptto
combineinformationacrossmultipledatasets.Generally, therearethreeapproaches
thatareused:1. Identify anintersectionof genesthataresignificantacrossmultiple
studies,2. Validateresultsfrom asingleindividualstudyusingdatafrom otherstud-
ies,or 3. Performa singleanalysisaftercombiningdataacrossmultiple studies.We
now briefly discussthemeritsanddrawbacksof eachapproach.

The ideabehindthefirst approachis that if a geneis truly differentiallyexpressed,
thenthis differentialexpressionshouldbemanifestacrossmultiple datasets.How-
ever, this Venndiagram-basedapproachoftenrevealsa shockinglysmallnumberof
genesthat arefound to be differentially expressedin multiple datasets.In a study
comparingnormalandCLL B-cells,Wangetal. (2004)foundthatonly 9 geneswere
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found to be differentially expressedin all threestudiesconductedon threediffer-
ent microarrayplatforms,out of 1172that weredifferentially expressedin at least
onestudy. Similarly, in a study involving pancreaticcells, Tan et al. (2003) found
only 4 genesdifferentially expressedacross3 differentplatforms,amongthe 185
deemeddifferentially expressedon at leastone platform. While perhapsidentify-
ing the most reliably differentially expressedgenes,this approachactually results
in reducedsensitivity for detectingbiological relationships,sinceeach(perhapsun-
derpowered)studymustfind thegenesignificantbeforeit is declaredso.Otherless
conservativeapproachesfocusedonidentifyinggenesthatareconsistentacrossstud-
iesincludemethodsdiscussedin Rhodesetal. (2002)andRhodesetal. (2004),which
involvecombiningp-valuesacrossstudies,andtheintegrativecorrelationmethodof
Parmigiani,etal. (2004),which involvescomputinggene-genepairwisecorrelations
on the expressionlevels and/ortestsstatisticsfor eachindividual study, thencom-
putinga”correlationof correlations”acrossstudies.Thisapproachresultsin a list of
reproduciblegeneswhoseabsoluteor relativeexpressionlevelsarecorrelatedacross
studiesandplatforms.It doesnot, however, provide additionalpower for detecting
biologicalrelationships.

A numberof studiestake the secondapproach,identifying biological relationships
using the datafrom a single study, then using datafrom other studiesfor valida-
tion of theserelationships(Beeret al. 2002,Sorlieet al. 2003,Stecet al. 2005,and
Wright et al. 2003).Sincethestudiesmaydiffer with respectto their patientpopu-
lations,microarrayplatforms,andsamplehandlingandprocessing,resultssurviving
thisstringentform of validationarelikely to bereal.However, likethefirst approach,
this useof multiple datasetsdoesnot yield any additionalpower for detectingbio-
logical relationshipssinceonly asingledatasetis usedin thediscoveryprocess.

In thethird approach,thedatais actuallycombinedacrossstudiesanda singleanal-
ysis is performedon thepooleddataset.This is our primaryinterestin this chapter.
Theclearadvantageof thisapproachis thepossibilityof increasedpower for detect-
ing biologicalrelationships,sincethepooleddatasetis significantlylargerthanany
of the individual datasets.The difficulty is that thereareimportantdifferencesbe-
tweenthestudiesthatmustbetakeninto accountbeforeit is possibleto successfully
pool thedata.Thestudiesmaydiffer with respectto their patientpopulations,sam-
ple handling,or samplepreparations.Thesedifferencescanbemanifestin boththe
clinical outcomesandthemicroarraydata,andmayaffect thegenesin a differential
manner. It hasbeenshown that it is possibleto obtaincomparablemicroarraydata
from differentlaboratoriesonacommonplatformif rigorousexperimentalprotocols
areestablishedandfollowedacrossthedifferentsites(Dobbinetal. 2005).However,
posteddatafrom differentstudieswere likely generatedusingdifferentprotocols,
so thesefactorscomeinto play in the meta-analysiscontext. Theseproblemsare
further exacerbatedif the studiesareconductedon differentmicroarrayplatforms,
which have technicaldifferencesthatmake their geneexpressionlevels fundamen-
tally incomparable(Kuoetal. 2002,Tanetal. 2003,Mahetal. 2004,Marshall2004,
Mechemet al. 2004a).

Someof this heterogeneitycanbehandledby modelingstudyeffectsfor eachgene
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usingfixedor randomeffectsin thecontext of mixedmodelsor Bayesianhierarchi-
calmodels,standardapproachesusedin meta-analysis(Normand1999,Ghosh2004,
Wanget al. 2004).Theseapproachesappropriatelyaccountfor the study-to-study
variability when performinginferencein the meta-analysis,and provide a simple
first-ordercorrectionfor eachgenethatalignsthemeanexpressionlevelsfor thedif-
ferentstudies.Otherapproachesinvolvefirst-ordercorrections,but usemethodsthat
aremoresophisticatedmathematically. Oneis basedonthesingularvaluedecompo-
sition (Alter, Brown andBotstein2000,Nielsenet al. 2002),andnormalizestheraw
expressionlevelswithin studiesusingthefirst eigenvectorsfor thegenesandarrays.
This approachassumesthattheseeigenvectorsrepresentthestudy-to-studyvariabil-
ity, which is assumedto dominateall other factors.Another approach(Benito, et
al. 2004)normalizesusinga new methodcalled”distanceweighteddiscrimination”
(DWD), which performssuperviseddiscriminationto identify linear combinations
of genesassociatedwith thestudyeffect,which is subsequentlyremoved.However,
theseapproaches,whenappliedto theraw expressionlevels,donotappearto besuf-
ficient to makedatacomparableacrossdifferentplatforms.For one,they only adjust
the meanof the distributionsfor the two studies,but do not adjustfor higherorder
distributional propertieslike the variancesor quantiles.In a studycomparingdata
from spottedcDNA glassarraysandAffymetrix oligonucleotidearrays,Kuo et al.
(2002)concludedthat ”data from spottedcDNA microarrayscould not be directly
combinedwith datafrom synthesizedoligonucleotidearrays”,andfurther, that it is
unlikely thatthedatacouldbenormalizedusinga commonstandardizingindex.

For this reason,many studiesdo not attemptto combinethe raw expressionpro-
files acrossplatforms,but insteadonly combineunitlesssummarymeasuresderived
from the raw data.The assumptionis that,while the raw expressionlevels for the
different studiesmay not be comparable,theseunitlessstatisticsshouldbe, since
they are at leaston a commonscale.For example,Wang et al. (2004) and Choi
(2003)first computethestandardardizedlog fold changesbetweentwo experimental
conditions,thencombinetheseacrossstudiesusinghierarchicalmodels.Similarly,
Ghoshet al. (2003)andTan et al. (2003)first computet-statisticscomparingtwo
experimentalconditions,thencombinetheset-statisticsacrossstudies.Shen,Ghosh,
andChinnaiyan(2004)combinetheposteriorprobabilitiesof beingover-expressed,
under-expressed,or similarly expressedbetweentwo experimentalconditionsacross
datasets.Theseapproachesarepromisingandall result in increasedpower to de-
tectbiologicalrelationshipsin thedata,andcanin principlebeusedacrossdifferent
platforms.However, we believe it would be inherentlybetterto work with the raw
expressionlevels, if we could get themto be comparable.In that case,we would
not be limited to dichotomouscomparisons,but couldrelategeneexpressionlevels
with any type of outcome(e.g. survival or time to progression).Also, thesesum-
marymeasuresmake implicit assumptionsaboutthecomparabilityof thereference
populationsin thedifferentstudiesthat, if not true,mayadverselyaffect inference.
For example,usingt-statisticsassumesthat the meanandstandarddeviation of the
truegeneexpressionlevelsshouldbethesameacrossstudies,andareonly different
becauseof technicalreasons.By using the raw expressionlevels, onecould avoid
makingsuchassumptions.
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Somestudieshave explicitly usedsequenceinformationto try to obtaincomparable
expressionlevelsacrossplatforms(Morris et al. 2005,Mechamet al. 2004a,Mah et
al.2004,Wu etal.2005,Ji etal.2005).Thisideaisnatural,sincemuchof thesystem-
atic variability betweenexpressionlevel measurementsbetween(andeven within)
platformsis attributableto sequence-relatedfactors,suchascross-hybridization,al-
ternative splicing, inaccurateannotationof genesequences,andRNA degradation.
Cross-hybridizationoccurswhena genehybridizesto ”nearmatches”on the array,
which canattenuateestimatesof geneexpression.Certainsequencesaremorelikely
to cross-hybridize(Zhanget al. 2003),so may result in lessreliablemeasurements
of geneexpression.Also, single genesmay be transcribedinto multiple different
mRNA variants.Thesealternatively splicedvariantsmaycausesomesequencescor-
respondingto differentexonsfrom thesamegeneto bediscordant.Additionally, not
all probeson microarraysmap to annotatedsequencesin public databases.These
probestendto be lessreliable(Mechamet al. 2004b),which may explain someof
thelack of concordanceacrossplatforms.In a studyinvolving matchedsamplesrun
on Affymetrix andnylon cDNA arrays,Ji et al. (2005)showed that the correlation
of expressionlevels theseplatformswasgreaterfor sequenceswith matchesin the
RefSeqdatabase.Finally, RNA degradationcan affect probesdifferentially, since
sequencescloserto theendpointsof thegenemaybemoresusceptibleto thisdegra-
dationthansequencesnearthe middle.Thesefactorsarerelevant whencomparing
completelydifferent technologies,e.g. spottedglasscDNA arraysandAffymetrix
oligonucleotidearrays,aswell as whencomparingdifferentversionsof the same
technologies,e.g.differentversionsof Affymetrix arraysor glasscDNA arrayscon-
structedusingdifferentclones.We believe thatmethodsthatexplicitly take into ac-
counttheseknown biologicalandtechnologicalfactorsultimatelywill resultin the
mostsuccessfulmethodsfor combininginformationacrossplatforms.

1.3 Overview of Affymetrix OligonucleotideArrays

Generallyspeaking,thereare two major typesof microarrays,cDNA arraysand
oligonucleotidearrays.One key differencebetweenthesetechnologiesis that on
cDNA arrays,genesarerepresentedby a singlecDNA clonespottedon the array,
while on oligonucleotidearrays(Lockhart et al. 1996), genesare representedby
”probes”,or shortsequencesof nucleotidesfromthetargetgenesequence.Affymetrix,
Inc. (SantaClara,CA) is the largestproducerof oligonucleotidearrays,which they
call GeneChips.Affymetrix GeneChipscontainmultiple probesfor eachgene.For
theremainderof this chapter, we focusour attentionon Affymetrix oligonucelotide
arrays,which in practicearethemostcommonlyusedarraystoday.

TheAffymetrix probeseachconsistof a sequenceof 25 basesfrom thetargetgene,
whichgenerallycontainsa totalof severalhundredor thousandbasepairs.Sincenot
all sequencesbind equallywell, thereis naturalvariability betweenthe expression
level measurementsfor differentprobestaken from the samegene.In order to av-
erageoversomeof this variability, eachgeneis representedby a numberof probes,
which togetherform a ”probeset.” Theseprobesarescatteredacrossthe array. For
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eachprobe,thereis alsoacorresponding”mismatch”probe,whichcontainstheiden-
tical sequenceexceptwith the13

���
basereplacedby its Watson-Crickcomplement.

The mismatchprobesare intendedfor normalization,althoughthey have not been
shown to beclearlyusefulfor thatpurpose(Popeet al. 2004).

The probesareconstructedbasedon sequenceinformationcontainedin GenBank
(http://www.psc.edu/general/software/packages/genbank/genbank.html), apublic
archiveof DNA sequenceinformation,Unigene(http://www.ncbi.nlm.nih.gov/entrez/
query.fcgi?db=unigene),whichpartititionsthesesequencesinto non-redundantclus-
terspresumablycorrespondingto genes,andRefSeq(http://www.ncbi.nlm.nih.gov/
RefSeq/),whichisconstructedby theNCBI to representthestateof theartin termsof
thesequencesof knowngenes.As thisinformationhasevolvedovertime,Affymetrix
hasproduceddifferentversionsof its GeneChip.Themostcommonlyusedchiptypes
usedin humanstudiesincludetheHuGeneFL,theU95Av2, andtheU133A.

The HuGeneFLwas introducedin November1998,and its sequenceclustersare
baseduponUnigenebuild 18. It containsinformationon roughly 5600genes,and
eachgeneis representedby roughly20probepairs.Theprobescorrespondingto the
sameprobesetareplacedtogetherin thesameregion of thearray. TheU95Av2 was
introducedin April 2000,andisbaseduponUnigenebuild 95.It containsinformation
onroughly10,000genes,eachof which is representedby 16probepairs.Theprobes
arerandomlydistributedacrossthearray. TheU133Awasfirst introducedin January
2002,andis baseduponUnigenebuild 133.It containsinformationon14,500genes,
andcontains11probespergene.Theprobesarearrangedon thearrayin suchaway
asto optimizetheprobesynthesisefficiency.

Frequently, researcherswish to combineinformationacrossexperimentsconducted
usingdifferentversionsof Affymetrix GeneChips.As new studiesareconductedus-
ing morerecentversionsof thechips,researcherswantto still useinformationfrom
previous studiesperformedusing older generations.Also, someresearchersmay
want to performmeta-analyseson datacollectedfrom multiple studiesperformed
at differentinstitutions.It is not easyto mergeinformationacrosschip types,since
therearesomegenesrepresentedonnewerchipsthatwerenotonpreviousones,and
even thecommongenesarerepresentedby differentsetsof probeson thedifferent
chips,sotheir expressionlevelsarenot generallycomparable.

In the remainderof this chapter, we describein detail two methodswe have devel-
oped(Morris etal.2005,Wu etal.2005)to combineinformationacrossstudiesusing
differentAffymetrix chip types.Thesemethodsusesequenceinformationto define
new probesetsthat yield comparableexpressionlevels acrossdifferentchip types.
Our hopeis that theraw expressionlevel valuesusingtheseredefinedprobesetsare
sufficiently comparablethatthey canbecombinedacrossversions.For eachmethod,
wedescribethemethodanduseanexampledatasetto demonstratetheconcordance
of expressionlevelsacrossdifferentarraytypes.
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1.4 Partial Probesets

The incompatibility of expressionlevelsacrosschip typesis largely dueto the fact
thatdifferentsetsof probesareusedto representthesamegeneson differentchips.
We expect,however, that individual probespresenton multiple chipsshouldyield
comparableexpressionlevels acrosschips.Thus,oneapproachfor obtainingcom-
parableexpressionlevelsacrossstudiesusingtwo differentchip typesis to only use
”matchingprobes”thatarepresentonbothchip types.

For example,supposewe have microarraydatafrom two studies,one performed
on the HuGeneFLchip and the other on the U95Av2. The HuGeneFLcontainsa
total of roughly130,000probespartitionedinto 6,633probesets,eachcontaining20
probepairs,while theU95Av2 containsatotalof roughly200,000probespartitioned
into 12,625probesets,eachcontaining16 probepairs.Therearea total of 34,428
”matchingprobes”thatarepresentonbothchip types.

After identifying thesematchingprobes,we thenrecombinedtheseinto new probe-
setsbasedon themostcurrentbuild of Unigene.We referto thesenew probesetsas
”partial probesets”.Notethatbecausethey areexplicitly basedon Unigeneclusters,
theseprobesetswill not preciselycorrespondto Affymetrix-determinedprobesets.
Frequently, multipleAffymetrix probesetsmapto thesameUnigenecluster. Wethen
eliminatedany probesetscontainingjust oneor two probes,sincewe expectedthe
geneexpressionmeasurementsbasedonsofew probesto belessreliable.Whenper-
formedbasedonUnigenebuild 160,this left uswith 4,101partialprobesets.In gen-
eral,we expecttheseprobesetsto besmallerthantheAffymetrix-definedprobesets,
sincethey only usethematchingprobes.Figure1.1containsa plot of thenumberof
probeswithin eachof thesepartialprobesets.Mostof theprobesets(84%)contained
10 or fewer probes,and the medianprobesetsize was seven. Therewere several
probesetscontainingmorethan20 probes.

1.5 Example: CAMDA 2003Lung CancerData

Two independentstudieswereperformedat HarvardUniversity(Bhattacharjeeetal.
2001)andMichiganUniversity(Beeretal.2002),bothfocusingonthesamequestion
of relatinggeneexpressiondatato survival in lung cancerpatients.Thesedatawere
part of the 2003critial assesssmentof microarraydataanalysis(CAMDA) compe-
tition (http:/www.camda.duke.edu/camda2003). ThesestudiesbothusedAffymetrix
GeneChips,but the Michigan study usedthe HuGeneFLwhile the Harvard study
usedthe U95Av2. Our goal in analyzingthesedatawas to combineinformation
acrossbothdatasetsto identify prognosticgenes,whoseexpressionlevelsprovided
prognosticinformationon patientsurvival over andabove what is alreadyprovided
by known clinical factors.We usedpartialprobesetsto quantifythegeneexpression
levels,anddemonstratedthatthisresultedin comparableexpressionlevelsacrossthe
two chip types,withoutany lossof precisionfrom usingonly a subsetof theprobes.
We identifieda numberof prognosticgenesin ourpooledanalysisthatwerenotdis-
coveredin theanalysesperformedon theindividual studies,highlightingthebenefit
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Figure1.1 Histogramof numberof probesin each ”partial probeset”.

of poolingdataacrossstudies.We first summarizethesedatasets,thendescribeour
analysesto validatethe partialprobesetmethodandobtainprognosticgenes.More
detailsof thisanalysiscanbefoundin Morris et al. (2005).

1.5.1 Overview of Data Sets

The Harvard study analyzed186 lung tumor samplesusing U95Av2 Affymetrix
GeneChips.From these,125 wereadenocarcinomasfor which clinical information
on thecorrespondingpatientswasavailable,includinggender, age,stageof disease,
andsurvival time.Applying hierarchicalclusteringto thesedata,Bhattacharjeeetal.
(2001)identifiedfour distinctsubtypesof adenocarcinomawith differentmolecular
profiles,and further demonstratedthat thesesubtypeshaddifferentsurvival prog-
noses.

The Michigan study analyzed86 lung adenocarcinomasamplesusingHuGeneFL
Affymetrix GeneChips.All of thesesamplesalsohadcorrespondingclinical infor-
mation,includinggender, age,stageof disease,andsurvival time. Usingunivariate
Cox regressions,they identified a numberof geneswhoseexpressionlevels were
associatedwith patientsurvival. They subsequentlyconstructeda ”risk index” using
thetop50genes,anddemonstratedthatthisrisk index helpedpredictpatientsurvival
both in their own dataandin independentlyobtaineddatafrom anotherexperiment
(Bhattacharjeeet al. 2001).

In our own analysis,we first performedvariousquality control checks,afterwhich
weremoved10arraysfrom theMichiganstudyandonefrom theHarvardstudythat
demonstratedpoorquality. This left uswith a total of 200arrays,124from theHar-
vard studyand76 from the Michigan study. Using the partial probesetdefinitions
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describedabove, we quantifiedthe geneexpressionlevels for eachpartial probe-
setusingthe PositionalDependentNearestNeighbor(PDNN) model(Zhanget al.
2003).Otherquantificationmethodscould have beenused,but we chosethis one
becausewe believe its useof probesequenceinformationto predictpatternsof spe-
cific andnonspecifichybridizationintensitiescanleadto morereliableandaccurate
quantifications.

We alsoperformedotherpreprocessingsteps.We removedthehalf of theprobesets
with the lowestmeanexpressionlevelsacrossall samples,thennormalizedthe log
expressionvaluesby usinga lineartransformationto forceeachchip to havea com-
monmeanandstandarddeviationacrossgenes.Wenext removedtheprobesetswith
the smallestvariability acrosschips(standarddeviation ����� �	� ), sincewe consid-
eredthemunlikely to bediscriminatoryandmorelikely to bespuriouslyflaggedas
prognostic.Finally, we removedtheprobesetswith poor relative agreement(Spear-
mancorrelation�
��� �
� ) betweenthepartialprobesetandfull probesetquantifications
(seenext section).After this preprocessing,1036probesetsremainedandwerecon-
sideredin oursubsequentanalyses.

1.5.2 Validationof Partial Probesets

Beforeanalyzingthemicroarraydatato identifyprognosticgenes,weassessedwhether
our methodfor combininginformationacrossdifferentAffymetrix chip typesper-
formedacceptably. First, we checked whetherthe expressionlevelsappearedto be
comparableacrosschip types.Specifically, we computedthe medianand median
absolutedeviation (MAD) log expressionlevel for eachpartial probesetacrossthe
Michigansamplesrun on theHuGeneFLchip andalsofor theHarvardsamplesrun
on the U95Av2 chip. Sincethe patientpopulationsin the two studiesappearedto
reasonablysimilar, weexpectedto seehighconcordancein thesequantitiesbetween
thetwo chipsif theexpressionlevelswerecomparable.We did not,however, expect
perfectconcordance,sincedifferentpatientswereusedin thetwo studies.Figure1.2
containsa plot of thesequantities,anddemonstratesgoodconcordancebetweenthe
centerandspreadin thedistributionof geneexpressionvalueson thetwo chips.The
concordancebetweenthesevalueswas0.961for themedianand0.820for theMAD,
so it appearsthatusingthe partialprobesetmethodyieldedreasonablycomparable
expressionlevelsacrossthetwo chips.

Recallthatpartialprobesetsuseonly thematchingprobes,while completelyignor-
ing expressionlevel informationfor thenon-matchingprobes.Thismeansthatpartial
probesetsaregenerallysmallerthanthe Affymetrix-definedprobesets.Themedian
sizeof our partial probesetswasseven,while the Affymetrix-definedprobesetsfor
the HuGeneFLandU95Av2 chipshave 20 and16 probes,respectively. Sincead-
ditional probescanincreasethe precisionin measuringthe expressionlevel of the
correspondinggene,one might expect a loss of precisionwhen using the partial
probesetsto quantifyexpressionlevels.To investigatethis possibility, we quantified
theexpressionlevelsfor thefull probesetsof theHarvardsamplesusingthePDNN
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Figure1.2 Median(a) and medianabsolutedeviation (b) expressionlevelsfor each partial
probesetbasedon the Harvard samplesrun on the U95Av2 chips vs. the Michigan samples
run on theHuGeneFLchip. Thehigh concordancein thesemeasuressuggestsweobtainrea-
sonablycomparableexpressionlevelsbyusingthematchedprobes.

model.The full probesetsconsistedof all probeson the arraymappingto the Uni-
genecluster, i.e., not just the matchingones.We plottedthe standarddeviation for
eachgeneusingthefull probesetversusthestandarddeviation for thepartialprobe-
set,givenin Figure1.3.If thepartialprobesetquantificationswereconsiderablyless
precise,we would expectmeasurementerror to causethe standarddeviation to be
larger for the partial probesets.Therewasno evidenceof significantprecisionloss
in this plot, as thereis strongagreementbetweenthe standarddeviationsfor each
geneusingthetwo methods(concordance=0.942). Thismayseemsurprisingatfirst,
but uponfurther thoughtis reasonable,sincewe expectthat the probesAffymetrix
retainedin formulatingthenew chipsmayin somesensebethe”best” ones.

WecomputedSpearmancorrelationsbetweenthepartialandfull probesetquantifica-
tionsfor eachprobesetto confirmthatour methodpreservedtherelativeorderingof
thesamples,i.e., theranks.For example,we expectedthata samplewith thelargest
expressionlevel for agivengeneusingthefull setof probeswill alsodemonstratethe
largestexpressionlevel for thatgenewhenusingonly thematchedprobes.Theme-
dianSpearmancorrelationacrossall probesetswas0.95,suggestingthatourmethod
didagoodjobof preservingtherelativeorderingof thesamples.Interestingly,but not
surprisingly, mostof the lower Spearmancorrelationsoccurfor probesetswith less
heterogeneousexpressionlevelsacrosssamplesand/orprobesetscontainingsmaller
numbersof probes.It appearsthatourpartialprobesetmethodworkedquitewell.
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Figure1.3 Standard deviationacrossHarvard samplesfor each genebasedonfull andpartial
probesets.A ”full probeset” containsall probeson the U95Av2 chip mappingto a unique
UnigeneID, while thecorresponding”partial probeset.

1.5.3 PoolingAcrossStudiesto IdentifyPrognosticGenes

Wepooledthedataacrossthesetwo studiesto identify prognosticgenesofferingpre-
dictive informationon patientsurvival. We werenot primarily interestedin finding
genesthat weresimply surrogatesfor known clinical prognosticfactorslike stage,
sincethesefactorsareeasilyavailablewithout collectingmicroarraydata.Rather,
we wereinterestedin finding genesthatexplainedthevariability in patientsurvival
that remainedaftermodelingthe clinical predictors.Thus,we fit multivariablesur-
vival models,includingclinical covariatesin all survival modelswe usedto identify
prognosticgenes.

We screenedthe 1036genesto find potentiallyprognosticonesby fitting a series
of multivariableCox modelscontainingage,stage(dichotomizedas low, stagesI-
II, andhigh, stagesIII-IV), institution, andthe log-expressionof oneof the genes
aspredictors.Theinstitutioneffect wasincludedin themodelto accountfor differ-
encesin survival that wereevident betweenthe two studies,even after accounting
for known clinical covariates.We obtainedtheexactp-valuesfor eachgene’s coef-
ficient usinga permutationapproach.In this approach,we first generated100,000
datasetsby randomlypermutingthe geneexpressionvaluesacrosssampleswhile
keepingthe clinical covariatesfixed.We subsequentlyobtainedthe permutationp-
valuefor eachgeneby countingthe proportionof fitted Cox coefficientsthat were
moreextremethanthe coefficient for the true dataset.A small p-valuefor a given
geneindicatedpotentialfor thatgeneto provide prognosticinformationon survival
beyondtheclinical covariates.Wealsoobtainedp-valuesusingasymptoticlikelihood
ratio tests(LRT) andthebootstrapto assessrobustnessof our results.
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If therewerenoprognosticgenes,statisticaltheorysuggeststhatahistogramof these
p-valuesshouldfollow a uniform distribution. An overabundanceof small p-values
would indicate the presenceof prognosticgenes.We fit a Beta-Uniformmixture
modelto thishistogramof p-valuesusingamethodcalledtheBeta-UniformMixture
method(BUM, PoundsandMorris, 2003),which partitionsthe histograminto two
components,a BetacomponentcontainingtheprognosticgenesandUniform com-
ponentcontainingthenon-significantones.We usedthismodelto identify a p-value
cutoff thatcontrolledthefalsediscoveryrate(FDR,BenjaminiandHochberg,1995)
to be no more than 0.20. This meansthat of the genesflaggedas prognostic,we
expectat most1 in 5 werefalsepositives.

Permutation Test 
 for Prognostic Genes
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Figure 1.4 Histogram of p-valuesfrom permutationtest on genecoefficient in Cox model
containingclinical covariatesandeach oneof the1036candidategenes.Thecorresponding
histogramfor theLRTis nearlyidentical.

Figure1.4 containsthe histogramof permutationtestp-values.The overabundance
of verysmallp-valuesindicatesthepresenceof somegenesproviding informationon
patientprognosisbeyondwhat is offeredby themodeledclinical factors.Table1.1
containsa setof 26 genesthatareflaggedby the BUM methodusingFDR����� �
� ,
whicharethosegeneswith p-valueslessthan0.0025.Many of thesegenesappearto
bebiologically interestingandworthy of futureconsideration.We wereableto link
10 of our 26 prognosticgenesto lung cancerbasedon the existing literature.Four
otherscould be linked to cancerin generalor other lung diseasein the literature.
Thesegenesarediscussedin moredetail in Morris et al. (2005).

Noneof thegenesweidentifiedappearedin thelist of top100genesfrom theMichi-
gananalysis(Beer, et al., 2002),andwe only foundone(CPE)thatwasmentioned
in theHarvardpaper(Bhattacharjee,etal.,2001).CPEwasoneof thegenesdefining
a neuroendocrineclusterthatthey identifiedandassociatedwith poorprognosis.We
repeatedouranalysisseparatelyfor theHarvardandMichigandatasets,i.e.,without
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Table1.1 Setof genesflagged as prognosticby applyingBUM on thepermutationp-values
with ��������������� . Also includedare the LRT and bootstrap p-valuesand estimatesof the
Coxmodelcoefficient.A ’*’ indicatesthep-valuewasbelowtheBUM significancethreshold.
Theidentityof thegenesis alsogiven.A negativecoefficient indicatesthat larger expression
levelsof thatgenecorrespondto a bettersurvivaloutcome.

GeneIdentity Coef PrognosticP-values
Permut. LRT Bootstrap

FCGRT -2.07 ����� �
�
�	��� * ��� �	�
� �"! * ��� �
�
�	# *
ENO2 1.46 ��� �
�
�	��� * ��� �	�
�	�
� * �$��� �
�
� � *
NFRKB -2.81 ��� �
�
�	��� * ��� �
�
!	%
& ��� �	�
!
�	! *
RRM1 1.81 ��� �
�
�	�
� * ��� �	�
�	�
' * �$��� �
�
� � *
TBCE -2.35 ��� �
�
�	�
! * ��� �	�
�	#
� * ��� �
�
�	# *
Phosph.mutase1 1.92 ��� �
�
�	�
' * ��� �	�
�	�
� * ��� �
�
�	! *
ATIC 1.81 ��� �
�
�	�
� * ��� �	���(&
% * ��� �
�
�	! *
CHKL -1.43 ��� �
�
� �"� * ��� �
�
%	�
& ��� �
�	#
�
DDX3 -2.37 ��� �
�
� �
) * ��� �	�
� �"� * ��� �
�
�	� *
OST -1.64 ��� �
�
�	�
� * ��� �	�
� �"� * ��� �
���(� *
CPE 0.72 ��� �
�
�	%�� * ��� �	�
�	&
% * ��� �
���(� *
ADRBK1 -2.20 ��� �
�
�	!
! * ��� �
�
# )"' ��� �
�
%	� *
BCL9 -1.64 ��� �
�
�	#�) * ��� �
%
#	�
� ��� �
!	#
�
BZW1 1.33 ��� �
�
�	#
' * ��� �	�
� )"� * ��� �
�
�	# *
TPS1 -0.64 ��� �
���(�
# * ��� �	�
� �
) * �$��� �
�
� � *
CLU -0.52 ��� �
���(�
� * ��� �	�
�	%
� * ��� �
�
�	! *
OGDH -2.19 ��� �
���	�"' * ��� �
�
!	�
& ��� �
�
�	� *
STK25 2.29 ��� �
���(�
� * ��� �	���(&
� * ��� �
�	'
�
KCC2 -1.70 ��� �
���(!
% * ��� �
�
�	'
' ��� �
�	�
�
SEPW1 -1.29 ��� �
���(!
& * ��� ���"�	�
# ��� ���(#
�
FSCN1 0.66 ��� �
���(&
� * ��� �	�
�	!�� * ��� ���(�
%
MRPL19 1.12 ��� �
�
� �
� * ��� �
%
� �"% ��� �
%	!
�
ALDH9 -1.18 ��� �
�
�	�
% * ��� �	�
% )"' * ��� �
�
�	� *
PFN2 0.63 ��� �
�
�	!
' * ��� �	�
%	&�� * ��� �
�
�	� *
BTG2 -0.75 ��� �
�
�	%
� * ��� �
�
&	'
� ��� ���(!
�

pooling,andonly eightandoneof the26genes,respectively, wereflaggedashaving
p-valueslessthan0.0025,while 17 arenotflagged,includingthetop genein our list
(FCGRT). Thus,it appearsthatour pooledanalysisrevealednew biologicalinsights
containedin thesedatathatwerenot identifiedwhenanalyzingthemseparately.
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1.6 Full-Length Transcript BasedProbesets

Theanalysespresentedin theprevioussectionsuggestthatby usingpartialprobesets,
we were able to obtain comparableexpressionlevels acrossstudiesconductedat
differentinstitutionsusingdifferentchip types(HuGeneFLandU95Av2), allowing
usto performapooledanalysisthatrevealednew biologicalinsightsinto lungcancer.
Unfortunately, this approachis not feasiblewhencombininginformationacrossthe
U95Av2 andU133A chips,sincethesechipssharefewer probesin commonthan
theHuGeneFlandU95Av2. Thereare34,428probes(14%)on theU95Av2 thatare
alsopresenton theHuGeneFl,while thereareonly 11,582probes(6%) thatarealso
presentontheU133A.If weform partialprobesetsandeliminatethosewith lessthan
3 probes,we areleft with only 628probesets.Thus,we have exploredlessstringent
alternativeapproachesto usefor combininginformationacrossthesechip types.

Oneof theprimary reasonsprobesyield discordantmeasurementsis that they may
berespondingto differenttranscriptsalternativelysplicedfrom thesamegene.When
the transcriptsaredifferentially regulated,the correspondingprobescanyield con-
flicting signals.Thecurrentdesignof arraysignorestheeffectsof alternative splic-
ing. Thus,if we differentiatetheprobesthatmatchsetsof alternatively splicedtran-
scripts,we maybeableto resolve thediscordantmeasurements.Basedon this idea,
we developeda new methodto regrouptheprobesinto probesets.In our new defini-
tion of a probeset,all probesin theprobesetmustmatchthesamesetof full-length
genesequences.We refer to sucha probesetas a ”Full-Length TranscriptBased
Probeset”(FLTBP, Wu et al. 2005).Assumingcompleteinclusionof alternatively
splicedtranscripts,we can in principle ensureconcordantbehavior of the probes
within theseprobesets.

We now describehow we obtainedthesetranscript-basedprobesets.First, we con-
structedacomprehensivelibrary of full-lengthmRNA transcriptsequencesin thehu-
mangenomebycombiningrecordsin RefSeq(http://www.ncbi.nlm.nih.gov/RefSeq/)
andHinvDB (http:// hinvdb.ddbj.nig.ac.jp/index.jsp) databases.As of January2005,
RefSeq(build 111504,humansection)contained28,712full-length transcriptse-
quencesrepresenting23,809genes.H-InvDB (version1.7) contained41,118se-
quencesrepresenting21,037genes.All of the sequencesin this databasewereval-
idatedby full-length cDNA clones.We estimatethatcollectively the two databases
representapproximately29,000geneswith 50,000non-redundanttranscripts.

We usedthis library asthebasisfor definingourprobesets.For eachprobesequence
usedon theU133A andU95Av2 arrays,we identifiedall matchingfull-length tran-
scriptsusingtheBlastprogram(http://www.ncbi.nlm.nih.gov/blast/).Weaggregated
theIDs of thosetranscriptswith exactmatchesto constructamatchedtargetlist. We
foundthat15%of theprobeson theU95Av2 and13%of theprobeson theU133A
hadno exactmatchin our library, and38%of theprobeson theU133A and33%of
theprobeson theU95Av2 matchedmorethantwo targetsin our library, demonstrat-
ing thatit wasverycommonfor oneprobeto matchmultiple targets.

By groupingtheprobeswithin thesamematchedtargetlists,we formed23,972and
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14,148probesetson the U133A andU95Av2, respectively. We call theseprobesets
”Full-Length TranscriptBasedProbesets”(FLTBPs).Becausemultiple probesin a
probesetare essentialto reducenoiseand bias, we discardedall small probesets
containinglessthan3 probes,leaving us with 18,011and 11,228FLTBPs on the
U133AandU95Av2, respectively. Collectively, theseFLTBPscontained82%of the
probeson thearrays.

Thesenew probesetswerevery differentfrom the original ones.Only 9,893of 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 probesetsoutsideof the major peaksreflectdivision andfusion
of the original probesets.Detailedinformation of our probesetsare storedon our
web site (http://odin.mdacc.tmc.edu/* zhangli/FLTBP). This websitealso contains
chip designfiles (CDF)usingFLTBPsfollowing theformatdesignedby Affymetrix
(http://www. affymetrix.com/index.affx).TheseCDFfilescanbeusedto runMAS5,
RMA anddChipalgorithmsin Bioconductor(http://www.bioconductor.org/).

Figure1.5 Histogramof numberof probesper FLTBP.

By matchingthematchedtarget lists of FLTBPson thetwo arrays,we found9,642
pairsof FLTBPsthatcanbemappedbetweentheU133A andU95Av2. Affymetrix
hastheirownmethodfor mappingprobesetsbetweendifferentchiptypes(http://www.
affymetrix.com/Auth/support/downloads/comparisons/best match.zip),whichyields
9,480pairsof probesetsbetweentheU95Av2 andU133Achips.Therearenumerous
differencesbetweentheseAffy-definedmappingsandourFLTBPs.Only 52%of the
probesetson theU133A and48%of theprobesetson theU95Av2 aremappedthe
sameway asourFLTBPs.
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1.7 Example: Lung Cell Line Data

To compareour mappingmethodwith that of Affymetrix, we useda datasetcon-
sistingof 28pairedmeasurementsobtainedby hybridizingidenticalsamplesonboth
theU133A andU95Av2 arrays.Becauseof this paireddesign,we expectvery little
biological variability betweenpairedmeasurementson the two arrays,so any dif-
ferencesobservedshouldbeattributableto technicalsources.We now describethis
datasetanduseit to demonstratethat theFLTBPsresultsin quantificationsthatare
morecomparableacrosschip typesthanAffymetrix- basedprobesets.

1.7.1 Overview of Data Set

Thirty RNA samplesfrom variant lung canceror normal lung cell lines and one
humanreferencesamplewerehybridizedon bothU133A andU95Av2 arrays.Our
quality control proceduresrevealedthat threearrayimageshadobviousdefects,so
werediscarded.This left uswith 28pairsof samplesthatwe usedin this study.

Wepreprocessedandquantifiedthegeneexpressionswith PDNN(Zhangetal.2003)
usingthePerfectMatchsoftware(ver2.2)(http://odin.mdacc.tmc.edu/* zhangli/ Per-
fectMatch).Forcomparison,wealsopreprocessedandquantifiedthedatausingother
competingmethods,RMA (Irizarry etal.2003),MAS5 (http://www. affymetrix.com/
products/software/specific/mas.affx) anddChip (Li andWong2001),usingbiocon-
ductor (v1.5, http://www.bioconductor.org/), following the default settingsin the
”affy” package.

1.7.2 Validationof Transcript-BasedProbesets

In orderto assesscomparabilityacrosschip types,for eachgene,we computedthe
correlationsbetweenthepairedU95Av2 andU133A measurementsacrosssamples.
To enhancethecontrastbetweentwo differentmappingmethods,in ourcomparisons
we focusedon theprobesetsthatdifferedbetweenthetwo methods.Approximately
1/3 of the probesetswere mappeddifferently, which resultedin 3,309 and 3,527
pairedprobesetsfor FLTBP methodandAffymetrix method,respectively.

Figure1.6 containsa histogramof thesecorrelationsacrossprobesetsfor the two
mappingmethodsandfour quantificationmethods.Thesehistogramssummarizethe
observeddistributionof thepairedcorrelationsacrossprobesets.Figure1.6A clearly
demonstratesthat,whenusing the PDNN quantificationmethod,the FLTBP map-
ping tendsto yield bettercorrelationsthanthe Affymetrix mapping(+��,��� �
�	�
��� ,
Kolmogorov-Smirnov [KS] test).Notice the two peaksevident in the distribution
of correlationsfor theAffymetrix mapping.Theminor peakcontainsa largegroup
of probesetswith poorcorrelationacrosschip types.With otherquantificationmeth-
ods,thereis alsoevidencethattheFLTBPmethodtendsto resultin bettercorrelation
acrosschip typesthantheAffymetrix method,althoughthisevidenceis notasstrong
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Figure1.6 Distribution of gene-to-genecorrelation betweenprobesetson two U95Av2 and
U133Aarrays,combininginformationover all samples,usingbothAffymetrix-definedprobe-
setsandFLTBPs.Thecorrelationswerecomputedusingfour differentquantificationmethods,
(A) PDNN,(B) RMA,(C) MAS5.0,and(D) dChip.

(Figures1.6B-D, +�-.��� �
�	�
%�� , ��� �
�
& )"& , and ��� �	�
�	�
& respectively). This improve-
mentfrom usingtheFLTBPsis likely dueto thefactthattheFLTBPadjustsfor some
of theheterogeneitythatis dueto alternativesplicing.

Note alsothat,whencomparedwith Figure1.6A, the distributionsin Figure1.6B-
D areshiftedmoretowardslow correlations.This suggeststhat, for thesedata,the
PDNN quantificationtendedto yield generallyhighercorrelationsthan the RMA,
MAS5, or dChipquantifications.This is evenmoreevidentin thesample-by-sample
correlationsbetweenthechip typescomputedacrossgenes,asshown in Figure1.7.
This increasedcorrelationobserved from the PDNN methodmay reflect the man-
ner in which the PDNN modelestimatesandadjustsfor the effectsof non-specific
binding.

FromFigure6A, we seethatevenwhenusingtheFLTBPs,not all genesdisplayed
high correlationsacrosschip types.Many of theselow correlationswereobserved
for genesthat appearedto have low biological variability in thesedata.Low vari-
ability wouldmakethenoisecomponentof themeasurementsdominate,resultingin
low correlations.Thereare,however, someprobesetswith low correlationsthat do
not have smallvariances.It is possiblethatsomeof thesequencescorrespondingto



18 ALTERNATIVE AFFYMETRIX PROBESETDEFINITIONS

F
LT

B
P

A
ffy

P
S

F
LT

B
P

A
ffy

P
S

F
LT

B
P

A
ffy

P
S

F
LT

B
P

A
ffy

P
S

0.6

0.7

0.8

0.9

1.0

S
am

pl
e 

co
rr

el
at

io
ns

Figure1.7 Distribution of sample-to-samplecorrelation betweenprobesetson two U95Av2
and U133A arrays, combining information over all genes,using both Affymetrix-defined
probesetsand FLTBPs.Thecorrelationswere computedusing four different quantification
methods,PDNN,RMA,MAS5.0,anddChip,respectively.

theseprobesetswerestronglyaffectedby RNA degradation,or the currentlyavail-
ablecollectionof transcriptsmay not includecertainalternatively splicedvariants
thatweredifferentiallyexpressedacrossthesampletests,causingthecorrelationsto
becomeattenuated.Furtherwork needsto be doneto further reducethe effectsof
cross-hybridizationandRNA degradation,which will hopefully leadto even more
comparableexpressionlevelsacrossplatforms.

1.8 Summary

In this chapter, we have illustratedthe benefitof pooling dataacrossmultiple mi-
croarraystudies.We performeda pooledanalysisover two lung cancermicroarray
studies,andidentifiednew prognosticgenesthatwerenotdetectedby separateanal-
ysesperformedon theindividualdatasets.We alsodescribedtwo new probesetdef-
initions that result in more comparableexpressionlevels acrossdifferentversions
of Affymetrix oligonucleotidechips.Thefirst methodis basedon partialprobesets,
which only useprobespresenton bothchip typesandcombinethemtogetherbased
on Unigeneclusterinformation.This approachworksvery well, but haslimited ap-
plicability, sinceit is only feasibleto applyacrosschip typesthatsharemany probes
in common.Thesecondmethoddoesnot restrictussolely to matchingprobes,but
works by recombiningprobesbasedon the setof full-length mRNA transcriptsto
which they map. In this way, the probesetsmap to the sameset of alternatively
splicedtranscripts.Combinedwith thePDNNquantificationmethodwhichaccounts
for non-specificbinding,this approachappearsto resultin morecomparableexpres-
sion levels acrosschip typesthanAffymetrix’s matchedprobesets.The benefitof
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thisapproachis thatit doesnot restrictattentionto matchedprobes,socanbewidely
appliedto combinedataacrossany chip types.It may even be possibleto usethis
principle to matchup oligonucleotidearraydatawith cDNA data,althoughthis re-
mainsto beseen.

1.9 References

Alter,O., Brown,P.O. andBotstein,D.(2000)Singularvaluedecompositionfor genome-wide
expressiondataprocessingandmodeling.Proc.Natl Acad.Sci.USA, 97,10101–10106.

Beer DG, Kardia SLR, HuangC-C, GiordanoTJ, Levin AM, Misek DE, Lin L, ChenG,
GharibTG, ThomasDG,LizynessML, Kuick R,HayasakaS,TaylorJMG,IannettoniMD,
OrringerMB andHanashS (2002).Gene-expressionprofilespredictsurvival of patients
with lungadenocarcinoma.Nature Medicine9, 816-824.

Benjamini,Y, andHochberg, Y. (1995).Controlling the falsediscovery rate:a practicaland
powerful approachto multiple testing”.Journal of the RoyalStatisticalSociety, SeriesB,
57(1),289-300.

Benito M, Parker J, Du Q, Wu J, Xiang D, PerouCM, Marron JS. (2004).Adjustmentof
systematicmicroarraydatabiases.Bioinformatics, 20(1),105-114.

BhattacharjeeA, RichardsWG, StauntonJ,Li C, Monti S,VasaP, LaddC, BeheshtiJ,Bueno
R, Gillette M, LodaM, WeberG, Mark EJ,LanderES,WongW, JohnsonBE, GolubTR,
Sugarbaker DJ, MeyersonM. (2001).Classificationof humanlung carcinomasby mRNA
expressionprofiling revealsdistinct adenocarcinomasubclasses.Proceedingsof the Na-
tional Academyof Science, USA98(24),13790-13795.

BrazmaA, HingampP, QuackenbushJ,SherlockG,SpellmanP, StoeckertC,AachJ,Ansorge
W, Ball CA, CaustonHC, GaasterlandT, GlenissonP, HolstegeFC,Kim IF, Markowitz V,
MateseJC,ParkinsonH, RobinsonA, SarkansU, Schulze-KremerS, Stewart J, Taylor R,
Vilo J,VingronM (2001).Minimuminformationaboutamicroarrayexperiment(MIAME)-
towardstandardsfor microarraydata.Nature Genetics29(4),373.

Choi JK, Yu U, Kim S,YooOJ(2003).Combiningmultiple microarraystudiesandmodeling
interstudyvariation.Bioinformatics, 19 Suppl1, i84-i90.

DobbinKK, BeerDG, MeyersonM, YeatmanTJ,GeraldWL, JacobsonJW, Conley B, Bue-
tow KH, HeiskanenM, SimonRM, Minna JD, Girard L, Misek DE, Taylor JM, Hanash
S, Naoki K, HayesDN, Ladd-AcostaC, EnkemannSA, Viale A, GiordanoTJ. (2005).In-
terlaboratorycomparabilitystudyof cancergeneexpressionanalysisusingoligonucleotide
microarrays.Clinical CancerResearch, 11,565-572.

GhoshD (2004).Mixture modelsfor assessingdifferentialexpressionin complex tissuesusing
microarraydata.Bioinformatics, 20(11):1663-1669.

GhoshD, BaretteTR, RhodesD, ChinnaiyanAM (2003).Statisticalissuesandmethodsfor
meta-analysisof microarraydata:acasestudyin prostatecancer. FunctionalandIntegrative
Genomics, 3(4),180-188.

Irizarry, RA, BolstadBM, Collin F, CopeLM, HobbsB andSpeedTP (2003).Summariesof
Affymetrix GeneChipprobelevel data.NucleicAcidsResearch 31(4),e15

Ji Y, CoombesKR, ZhangJ, WenS, Mitchell J, PusztaiL, SymmansF, andWangJ (2005).
RefSeqrefinementsof UniGene-basedgenematchingimproves the correlationbetween
microarrayplatforms.MD AndersonDepartmentof BiostatisticsandAppliedMathematics
Technical Report.

KuoWP, JenssenTK, ButteAJ, Ohno-MachadoL andKohaneIS (2002)Analysisof matched



20 ALTERNATIVE AFFYMETRIX PROBESETDEFINITIONS

mRNA measurementsfrom two differentmicroarraytechnologies.Bioinformatics, 18,405-
412.

Li C andWongWH (2001)Model-basedanalysisof oligonucleotidearrays:Expressionindex
computationandoutlier detection,Proceedingsof the National Academyof Science, 98,
31-36.

LockhartDJ, Dong H, Byrne MC, Follettie MT, Gallo MV, CheeMS, Mittmann M, Wang
C, KobayashiM, HortonH, Brown EL (1996).Expressionmonitoringby hybridizationto
high-densityoligonucleotidearrays.Nature Biotechnology, 14(13):1675-1680.

MahN, ThelinA, Lu T, NikolausS,KuhbacherT, GurbuzY, Eickhoff H, KloppelG, Lehrach
H, Mellgard B, CostelloCM, SchreiberS (2004).A comparisonof oligonucleotideand
cDNA-basedmicroarraysystems.Physiological Genomics, 16(3),361-370.

MarshallE (2004).Gettingthenoiseoutof genearrays.Science, 306,630-631.
MechamBH, Klus GT, Strovel J, AugustusM, ByrneD, BozsoP, WetmoreDZ, Mariani TJ,

KohaneIS,SzallasiZ (2004a).Sequence-matchedprobesproduceincreasedcross-platform
consistency andmorereproduciblebiological resultsin microarray-basedgeneexpression
measurements.NucleicAcidsResearch, 32(9),e74.

MechamBH, WetmoreDZ, SzallasiZ, Sadovsky Y, KohaneI, MarianiTJ (2004b).Increased
measurementaccuracy for sequence-verified microarrayprobes.Physiological Genomics,
18(3),308-315.

Morris JS,Yin G, BaggerlyKA, Wu C, and ZhangL (2005).Pooling InformationAcross
DifferentStudiesandOligonucleotideMicroarrayChipTypesto Identify PrognosticGenes
for LungCancer. Methodsof MicroarrayDataAnalysisIV, eds.JSShoemakerandSM Lin,
pp.51-66,New York: Springer-Verlag.

Nielsen,T.O., West,R.B., Linn,S.C., Alter,O., Knowling,M.A., OConnell,J.X., Zhu,S.,
Fero,M.,Sherlock,G.,Pollack,J.R.et al. (2002)Molecular characterizationof soft tissue
tumours:a geneexpressionstudy. Lancet, 359,1301-1307.

NormandSL (1999).Meta-analysis:formulating,evaluating,combiningandreporting.Statis-
tics in Medicine, 18,321-359.

ParmigianiG, Garrett-MayerES,AnbazhaganR, GabrielsonE. (2004b).A cross-studycom-
parisonof geneexpressionstudiesfor themolecularclassificationof lung cancer. Clinical
CancerResearch, 10(9),2922-2927.

Pounds,S andMorris, S. (2003).Estimatingtheoccurrenceof falsepositivesandfalsenega-
tivesin microarraystudiesby approximatingandpartitioningtheempiricaldistribution of
p-values.Bioinformatics, 19,1236-1242.

RhodesDR,BarretteTR, RubinMA, GhoshD, ChinnaiyanAM. (2002).Meta-analysisof mi-
croarrays:interstudyvalidationof geneexpressionprofilesrevealspathway dysregulation
in prostatecancer. CancerResearch, 62(15),4427-4433.

RhodesDR, Yu J, Shanker K, DeshpandeN, VaramballyR, GhoshD, BarretteT, Pandey
A, ChinnaiyanAM. (2004).Large-scalemeta-analysisof cancermicroarraydataidentifies
commontranscriptionalprofilesof neoplastictransformationandprogression.Proceedings
of theNationalAcademyof ScienceUSA, 101(25),9309-9314.

ShenR, GhoshD, ChinnaiyanAM. (2004).Prognosticmeta-signatureof breastcancerdevel-
opedby two-stagemixturemodelingof microarraydata.BMC Genomics, 5(1),94.

SorlieT, TibshiraniR, Parker J,HastieT, MarronJS,NobelA, DengS,JohnsenH, PesichR,
GeislerS, DemeterJ,PerouCM, LonningPE,Brown PO,Borresen-DaleAL, BotsteinD.
(2003).Repeatedobservationof breasttumorsubtypesin independentgeneexpressiondata
sets.Proceedingsof theNationalAcademyof Sciences, 100(14),8418-8423.

Stangl,DK. (1996).HierarchicalAnalysis of Continuous-Time Survival Models.Bayesian
Biostatistics, DA BerryandDK Stangl,eds.,MarcelDekker, New York: 429-450.



REFERENCES 21

StecJ, WangJ, CoombesKR, AyersM, HoerschS, Gold DL, RossJS,HessKR, Tirrell S,
LinetteG, HortobagyiGN, SymmansWF, andPusztaiL (2005).Comparisonof thepredic-
tiveaccuracy of DNA arraybasedmultigeneclassifiersacrosscDNA arraysandAffymetrix
GeneChips.Journalof MolecularDiagnosis, to appear.

TanPK, Downey TJ,SpitznagelEL Jr, Xu P, Fu D, Dimitrov DS, Lempicki RA, RaakaBM,
CamMC. (2003).Evaluationof geneexpressionmeasurementsfrom commercialmicroar-
rayplatforms.NucleicAcidsRes.31(19),5676-5684.

Therneau,TM and Grambsch,PM. (2000). Modeling Survival Data: Extendingthe Cox
Model.Springer, New York.

WangJ,CoombesKR, HighsmithWE, KeatingMJ, AbruzzoLV (2004).Differencesin gene
expressionbetweenB-cell chronic lymphocytic leukemia and normal B cells: a meta-
analysisof threemicroarraystudies.Bioinformatics20(17),3166-3178.

Wright G,TanB, RosenwaldA, Hurt EH, WiestnerA, StaudtLM. (2003).A geneexpression-
basedmethodto diagnoseclinically distinct subgroupsof diffuselargeB cell lymphoma.
Proceedingsof theNationalAcademyof ScienceUSA, 100(19),10585-10587.

Wu C, Morris JS,BaggerlyKA, CoombesKR, andZhangL (2005).A probe-to-transcripts
mappingmetehodfor cross-platformcomparisonsof microarraydata.BEPressTechnical
Report.

Zhang,L, Miles,MF, Aldape,KD. (2003).A modelof molecularinteractionsonshortoligonu-
cleotidemicroarrays.Nature Biotechnology 21(7),818-821.
lasers”,IEEEJ QuantumElectron.,Vol. 30,pp.408–414,1994.


