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Abstract

This paperconsidersstatisticalissuesn the analysisof a designedxperimentto investigatedifferentialgeneexpression
in colon cancerandnormalcolontissue. In this experimentgeneexpressionis measuredisingradiolabeling—basedrray
filters. Specificstatisticalissuesarisein connectiorwith radiolabelingechnologybecaus®f the absencef directcontrol,
whicharereplacedy emptyspotsonthefilter, andwith designedxperimentshecausef theopportunityto systematically
guantifyimportantsource®f randomvariation. Herewe consideithreeaspectsn detail: normalizationof expressiorinten-
sities; shrinkageestimate®f intensityratiosbetweercancerandnormaltissue;andrankingof genesby the strengthof the
evidencethatthey aredifferentiallyexpressedWe proposea robustandsimple—to—implemergrocedure$or normalization
andshrinkagethataddresse atechnology—specifizvay the problemof estimatingratiosin presencef smallandnoisy
denominators.We alsodiscussa graphicaldisplayto rank genesusinga metric basedon quantilesof a null distribution
obtainedby replicatingthe arrayexperimentin normaltissue.

1 Introduction

Radiolabelindpasedjeneexpressiormeasurementreusefulfor canceresearctecauseéhey canbecarriedoutusingsmall
amountsof biological materials. Statisticalissuesare differentfrom fluorescencexpressiondata,becauseadiolabeling
givesabsolutentensitieghatreflectgeneexpressiorandthereis nointernalcontrol. SeeRamaswamiet. al. (1999)for more
details.

The data-setdescribedn this paperwas obtainedto identify genesthat may be associatedvith lung cancer Lung
cancertissuewas obtainedfrom 5 subjects. Normal tissuesfrom the sametype of cells was obtainedfrom thosesameb
subjects.From eachof thesetissues?2 samplesvere preparedising2 differentisotopicbatches.Eachof these4 samples
werehybridizedwith a filter spottedwith cDNA from mary genesin a 48 x 24 grid. We referto thesespottedfilters as
arrays.Eachof thesearrayswerescannedo produceanimagefile which wasthenanalyzedwith specializedsoftwarethat
producedanintensitylevel for eachgrid point or spoton thearray Anothersetof four arrayswasconstructedor another
subjectin the sameway exceptthatbothsamplesamefrom normaltissue.As we will describdater, theseintensitieswill
beusefulto createreferencealistributions,andwe will call thesetherefelencearrays.

Not all the valuesreadfrom the arraysare associatedavith genes.Therewere 207 spotswhereno cDNA wasspotted.
They wereleft empty Becausehereis non-specifibindingbetweerthe samplesandthefilters, positive valuesareobtained
from theseempty spots. The intensitiesread from theseempty spotsprovide direct evidenceaboutmeasuremengrror
associateavith the system.Spotsassociateavith geneghatarenot expresseavill alsohave intensitiesdueto non-specific
binding. Furthermorethereare8 spotsthathave the same‘control” gene.

Histogramsof the raw intensitiesof emptyspotsfor the 4 referencearrayssuggest strongbatcheffectanda relatively
strongdfilter effect. Also, the rangesof the histogramsare constanin a log scale,suggestinghat we shouldconsiderog
intensities.

We usez to denotelog intensitylevelsfrom the arrayscontainingnormaltissueandy to denotethelog intensitylevels
from arrayscontainingthetumortissue.Specificallywe use

Tg.ij andyg’i,j,gz 1,...,G,i=0,1,...,[, andj: 1,2
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with G = 1152 thenumberof spotsonthearray I = 5 thenumberof subjectsaandi = 0 representinghereferencerrays,
andj indexing the two replicatescomingfrom the 2 differentbatches.We alsodenoteas& the subsetof {1,...,1152}
containingthe indicesrepresentinghe spotsleft empty Similarly, we denoteC the subsetrepresentinghe control genes.
We denotetherestof theindicesasg.

Thetwo questionsve try to answerthroughthe analysepresentedh this paperarel) canwe rankgenedy differential
expressiorbetweercancerandnormaltissuesn eachsubject?2) canwerankgenedy differentialexpressiorin all subjects?

To answerthe first questiona naive approachs to look for the g giving the highestlog ratiosz, ;1 = yg,i,1 — Zg,i,1
and/orzg ;o = yg.5,2 — T4,:,2. Wewould do this for eachi. However, looking atthe datasuggestshereareproblemswith
thisapproach.

Oneproblemis filter/batcheffects. The analysisof variancelANOVA), describedn the next section,shavsthatthereis
a strongbatcheffect anda relatively strongfilter effect. This meanghatif a particularsubjecthappengo be assignedo a
highly expressedilter for the cancettissuethenthe zs will bebig for all genes.This would make it hardto interpretvalues
of z acrosssubjects.Evenafterremoving filter effects,we still mustaskoursehes: Whatvaluedo the zs have to reachfor
usto sayit is “dif ferentiallyexpressed”Therewill alwaysbea highestvalue!

Anotherproblemis smalldenominatorsMany of the genesare not expressedn thetissueswe arestudying. Because
thereis non-specificbinding somevaluefor intensitywill be read. The dataseemdo suggesthat for genesthat are not
expressedve could have thattheintensitiesin the normaltissuearecloseto 0 by chancemakingz artificially high.

In theremaindeof this papemwe offer relatively straightforwardsolutionsthatwe have foundto work well atanswering
theabove questionsandthathave motivateddevelopmenibf statisticaimethods.

2 Normalizing the data

Normalizingmicroarraydatais a subjectof currentinterest,seefor exampleYanget. al (2001). ANOVA hasbeenusedasa
first stepin understandingnicroarraydataby Kerr andChurchill (2000). We canthink of variousthingsthatcouldhave an
effect on intensitylevel, for examplebatch(replicate) filter, subject,genesandcancerstatus.Table1 shavs theresultsof
anANOVA. Let A denotegeneeffect, B denotethe cancereffect, C' the subjecteffect,and D the batcheffect.

Genes Empties Control

Comparisons Reference Comparisons Reference Comparisons Reference

Effect DF VvMS DF VvMS DF V/MS DF VMS DF VvMS DF VMS
A 911 7.240 911 2.87 206 2.01 | 206 0.693 8 2.15 8 0.958

B 1 18.70 1 17.70 1 12.70 1 14.300 1 2.09 1 0.534

C 4 18.700 NA NA 4 7.26 | NA NA 4 1.37 | NA NA

D 1 149.000 1 117.000 1 76.60 1 60.50 1 19.60 1 13.90
AB 911 0.615 911 0.249 | 206 0.608 | 206 0.416 8 0.144 8 0.196
AC 3644 0.379 NA NA 824 0.537 | NA NA 32 0.245 | NA NA
AD 911 0.967 911 0.699 206 0.59 | 206 0.421 8 0.304 8 0.304
BC 4 15.000 NA NA 4 7.70 | NA NA 4 1.79 | NA NA
BD 1 4.30 1 18.90 1 1.99 1 2.03 1 0797 1 1.76
CD 4 45.00 NA NA 4 1780 | NA NA 4 4.61 0 NA
BCD 4 6.52 NA NA 4 1.97 | NA NA 4 0.784 0 NA
Total | 18240 2.150 | 3648 2.480 | 4140 1520 | 828 2.21 | 180 1.730 36 2.38

Most of the variability in the datais from the batch.Becauseachcancerandnormalcomparisorcomesfrom the same
batch,this effect cancelsout whencomputingthe zs. Thereis alsoa substantiabubjectheterogeneitgswell asanoverall
effect of cancey asexpected. The variability explainedby the AC' interactionis small, indicatingthatin this technology
the geneticsignalis not the primary sourceof variation,andthatidentificationof subtleexpressiorchangess difficult and
unlikely to bereliably carriedout for alargesetof genes.

The BC'D interactionin the comparisongnd BD for the referencewhich representhefilter effect not accountedor
by the subjectandbatcheffect, shavs arelatively strongeffect. This effect doesnot canceloutwhencomputingthe zs soto
beableto interprettheratioswe needto removeit.

A commonprocedureén microarraydataanalysids to simply normalizethefilters by subtractinghe meanof eachfilter

from eachvalue,i.e. considen;g;‘,’;m“““d) = Y,.i,; — U.,i,; andsimilarly for thezs. Thedangemith doingthisis thatmary
of the genesspottedon the arraysareusuallyselectedecauseesearchersonsiderthemlikely to be over-expressedThis
meansthatthe meanof the ys shouldbe larger thanthe xs andthis differencein meanis confoundedwith the difference
in filter effect. By subtractingmeanswe would be subtractingout someof the differentialexpressiorbetweencancerand
normaltissues.

In Figure 1 we plot the ratio of the intensitiesvs. the productof the intensitiesin a log scale,i.e. y — z vs. = + y,

for thetwo replicatesof subjectl. Noticethatthefilter effect seemgo changewith thetotal intensityof a particularspot.
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Figurel: Ratiosof intensitiesplottedversustotalintensityin a log scale.Theverticalline representshe highesttotal intensitiesamong
theemptyspots.Thehorizontalline representsaratio of 1.

For this reasonusingmediansor trimmed meansto remove thefilter effectis not a goodsolution. If we modelz andy

asrandomvariablesthenwe have that the expectedfilter effect dependon the total intensity i.e. E(y — z|z + y) is not
constantThisariseshecauseapecifichindingandnon-specifibindingaretwo differentnaturalprocessesBecauseave have

no way of knowing which pointsrepresenhon-specifidindingandwhich represenspecificbinding we cannotnormalize
by just estimatingtwo means Ratherwe estimateE(y — z|y + ) usinga nonparametricegressiorapproachin this case
Clevalands (1979)loess.lt is critical to usea robustloess,sothatlarge differenceglo not affect the fit too much. We can
then obtaina normalizeddifferenceandredefinez, ; ; = yg.ij — 9.0 — Eij(Yg.ij — Tg,ij|Tq.ij + Ugi;) TOr g € G,

i=0,...,5andj =1,2.

3 What isalargedifference?

We will referto ascoe asavalueassignedo eachgenewhichis interpretedcasevidenceof over expression An exampleof
ascoreis the averageof the zs definedabove overthetwo batchesthatis z, ;. = (zg,5,1 + 24,5,2)/2. We maythensuggest
thatgeneswith “large” valuesof z aredifferentiallyexpressedBut how do we define“large”? Thereferencerraysprovide
away of constructinga referencelistribution for the“typical averagedifferencebetweertwo samplesvhenthereis nogene
effect”, specificallywe constructan empiricalnull cumulative distribution F(z) usingz,,0,.’s. We canthenassigna value,
in probabilityscale to eachz, ;. by looking for thetail probabilityin the null distribution. In Figure1 we denotewith anX
pointsrelatedto geneswith F(Zg,l,.) = 1. We call this procedurel in thelegendof Figurel.

In Figure 1 we seethe thatfor somegenestotal raw intensitieswherelower thatthe total raw intensitiesof the mea-
surementgaken from the empty spots. We denotethis setof geneswith with N;; = {9 € G : zg;; + yg,i; <
maxgee(Tq,i; + Yg,4,5)}- Thesegenesare unlikely to be expressed.However, notice that mary of the large ratios are
obtainedior geneghatarein this set. Thisis becaus¢hesehave very smallzs. A first attemptat correctingthis is takingan
averageasdoneby the 2s. However, evenaftertakingthis averagewe seethatmary of the Xsin Figurel areassociatewith
genesn A orto theleft to the verticalline. Now we proposewo simple,alternatve procedureso addresshis problem.

Theseconds simply to removeall genesn either\; ; or \; » for eachsubject. We dothis for eachsubjectseparately
sincedifferentsubjectscanhave differentexpressedjenes We thendefinee, ; = 0 if g € N;; org € N; » andequalto 1
otherwiseandconsider, ;Z, ; asthescore.We performthis procedureon the controlarraydatato obtaina null distribution
andobtainscoredn probabilityscale.In Figurel, we denotewith | pointsrelatedto geneghatreceveda scoreof 1 under
this procedure Notice we still seemary genes'close” to theverticalline. Thisis probablydueto the factthatsomegenes
thatarenot expressedrerandomlyfalling barelyto theright of theverticalline. It seemghatfurthershrinkagds needed.

The third procedureis similar to the first, exceptwe multiply the averageby s, ;, a shrinkagecoeficient inversely
proportionatto the empiricalsignalto noiseratio. Shrinkingexpressiorratioshasbeenfoundto be usefulin improving the
understandingf geneexpressiorlevels, seeNewton et. al (2001). Our scoreis now s, e, :Z4,;. Again we form a null
distribution with thereferencegenesaandobtainascoresn probabilityscale.In Figurel, we denotewith Othepointsrelated
to geneghathada scoreof 1. Noticethatthis proceduresliminatessomeof the geneschoserby procedure thatareclose
to the verticalline. It alsoincludessomegeneghatwere consistentijlarge andnotincludedby procedure2. However, it
still seemdik e therearetwo mary choicescloseto theverticalline. Methodsfor finding shrinkagecoeficientsis subjectof
currentwork.



4 Genesdifferentiable expressed in all subjects

To constructa total scorefor all subjectave simply addthe scoresin probability scaleof eachsubjectseparatelygiving a
scoreof 0 to geneshatwereremovedfor not beingexpressed We cannow rank all the genedy this score. But whatis
a “large” score?We canno longerconstructa referencalistribution from the referencearraysbecausave only have one
subject.Obtainingcontrolarraysfor 5 subjectsvould almostdoublethe costof the experiment.

To geta sensdor whatis alarge scorewe usea bootstrapprocedurg Efron (1979))in the following way. Underthe
null hypothesighatno geneis differentially expressedandthatthe differencein expressions independentrom subjectto
subjectthenthe total scoreshouldnot changef for eachreplicateof eachsubjectwe re-shufle the genesandperformthe
entire procedureagain. We construct100 bootstraptotal scoresby randomlyre-shufling the pairsof raw intensitylevels
of eachsubjectandapplyingthe procedureo there-shufled data.In Figure2, we plot the scoreobtainedwith the original
dataasa solid black line andthe 100 bootstrapscoresasyellow lines. Notice thatthe largest11 scoresarelargerthatthe
maximumof the 100 bootstrapmaximumscores. This is strongevidenceagainstthe null hypothesids not true. We can
comparethe k-th highestscorewith the bootstrapaveragek-th highestscoreto asses$iow “significant” it is. However, it
could be the independencassumptiorthatis not true. Constructinga bootstrapscorethattake correlationinto accountis
subjectof currentresearch.

Q-Q plot

Figure2: Theblackline representshe ranked total scoresfor all genes.The yellow lines arebootstraptotal scoresobtainedunderthe
null hypothesi®f no differentialexpression.

We have comparedour resultswith thoseobtainedusing SAGE librariesand found that the genesranked high by our
procedureshav high expressiorievelsasmeasuredby the SAGE counts.
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