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Abstract

Thispaperconsidersstatisticalissuesin theanalysisof adesignedexperimentto investigatedifferentialgeneexpression
in coloncancerandnormalcolon tissue. In this experimentgeneexpressionis measuredusingradiolabeling–basedarray
filters. Specificstatisticalissuesarisein connectionwith radiolabelingtechnology, becauseof theabsenceof directcontrol,
whicharereplacedby emptyspotsonthefilter, andwith designedexperiments,becauseof theopportunityto systematically
quantifyimportantsourcesof randomvariation.Hereweconsiderthreeaspectsin detail:normalizationof expressioninten-
sities;shrinkageestimatesof intensityratiosbetweencancerandnormaltissue;andrankingof genesby thestrengthof the
evidencethatthey aredifferentiallyexpressed.Weproposearobustandsimple–to–implementproceduresfor normalization
andshrinkage,thataddressesin a technology–specificway theproblemof estimatingratiosin presenceof smallandnoisy
denominators.We alsodiscussa graphicaldisplayto rank genesusinga metric basedon quantilesof a null distribution
obtainedby replicatingthearrayexperimentin normaltissue.

1 Introduction

Radiolabelingbasedgeneexpressionmeasurementsareusefulfor cancerresearchbecausethey canbecarriedoutusingsmall
amountsof biological materials. Statisticalissuesaredifferent from fluorescenceexpressiondata,becauseradiolabeling
givesabsoluteintensitiesthatreflectgeneexpressionandthereis nointernalcontrol.SeeRamaswamiet. al. (1999)for more
details.

The data-setdescribedin this paperwas obtainedto identify genesthat may be associatedwith lung cancer. Lung
cancertissuewasobtainedfrom 5 subjects.Normal tissuesfrom the sametype of cells wasobtainedfrom thosesame5
subjects.From eachof thesetissues2 sampleswerepreparedusing2 differentisotopicbatches.Eachof these4 samples
werehybridizedwith a filter spottedwith cDNA from many genesin a �����
	�� grid. We refer to thesespottedfilters as
arrays.Eachof thesearrayswerescannedto produceanimagefile which wasthenanalyzedwith specializedsoftwarethat
producedanintensitylevel for eachgrid point or spoton thearray. Anothersetof four arrayswasconstructedfor another
subjectin thesameway exceptthatbothsamplescamefrom normaltissue.As we will describelater, theseintensitieswill
beusefulto createreferencedistributions,andwewill call thesethereferencearrays.

Not all thevaluesreadfrom thearraysareassociatedwith genes.Therewere207spotswhereno cDNA wasspotted.
They wereleft empty. Becausethereis non-specificbindingbetweenthesamplesandthefilters,positivevaluesareobtained
from theseempty spots. The intensitiesreadfrom theseempty spotsprovide direct evidenceaboutmeasurementerror
associatedwith thesystem.Spotsassociatedwith genesthatarenot expressedwill alsohave intensitiesdueto non-specific
binding.Furthermore,thereare8 spotsthathavethesame“control” gene.

Histogramsof theraw intensitiesof emptyspotsfor the4 referencearrayssuggesta strongbatcheffect anda relatively
strongfilter effect. Also, the rangesof the histogramsareconstantin a log scale,suggestingthat we shouldconsiderlog
intensities.

We use � to denotelog intensitylevelsfrom thearrayscontainingnormaltissueand 
 to denotethelog intensitylevels
from arrayscontainingthetumortissue.Specificallyweuse

����� ��� � and 
���� ��� ����������� �!� �"�$#%�'&(�*)'�!��� �!� �"�$+,� and -.�/���$	
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with #4�5���76�	 thenumberof spotson thearray, +%�86 thenumberof subjectsand &9�*) representingthereferencearrays,
and - indexing the two replicatescomingfrom the 2 differentbatches.We alsodenoteas : the subsetof ;<�<� �!� �"�!����6<	>=
containingthe indicesrepresentingthespotsleft empty. Similarly, we denote? thesubsetrepresentingthecontrolgenes.
We denotetherestof theindicesas @ .

Thetwo questionswetry to answerthroughtheanalysespresentedin thispaperare1) canwerankgenesby differential
expressionbetweencancerandnormaltissuesin eachsubject?2) canwerankgenesby differentialexpressionin all subjects?

To answerthe first questiona naive approachis to look for the � giving the highestlog ratios A���� ��� BC�D
��!� ��� BFEG�,��� ��� B
and/or A���� ��� HI�J
��!� ��� HKE
����� ��� H . We would do this for each& . However, looking at thedatasuggeststhereareproblemswith
thisapproach.

Oneproblemis filter/batcheffects.Theanalysisof variance(ANOVA), describedin thenext section,showsthatthereis
a strongbatcheffect anda relatively strongfilter effect. This meansthat if a particularsubjecthappensto beassignedto a
highly expressedfilter for thecancertissuethenthe A swill bebig for all genes.This wouldmake it hardto interpretvalues
of A acrosssubjects.Evenafterremoving filter effects,we still mustaskourselves:Whatvaluedo the A s have to reachfor
usto sayit is “dif ferentiallyexpressed”?Therewill alwaysbea highestvalue!

Anotherproblemis smalldenominators.Many of thegenesarenot expressedin the tissueswe arestudying.Because
thereis non-specificbinding somevaluefor intensitywill be read. The dataseemsto suggestthat for genesthat arenot
expressedwecouldhavethattheintensitiesin thenormaltissuearecloseto 0 by chancemaking A artificially high.

In theremainderof thispaperweoffer relatively straightforwardsolutionsthatwehavefoundto work well atanswering
theabovequestionsandthathavemotivateddevelopmentof statisticalmethods.

2 Normalizing the data

Normalizingmicroarraydatais a subjectof currentinterest,seefor exampleYanget. al (2001).ANOVA hasbeenusedasa
first stepin understandingmicroarraydataby Kerr andChurchill (2000).We canthink of variousthingsthatcouldhave an
effect on intensitylevel, for examplebatch(replicate),filter, subject,genes,andcancerstatus.Table1 shows theresultsof
anANOVA. Let L denotegeneeffect, M denotethecancereffect, N thesubjecteffect,and O thebatcheffect.

Genes Empties Control
Comparisons Reference Comparisons Reference Comparisons Reference

Effect DF P MS DF P MS DF P MS DF P MS DF P MS DF P MSQ
911 7.240 911 2.87 206 2.01 206 0.693 8 2.15 8 0.958R

1 18.70 1 17.70 1 12.70 1 14.300 1 2.09 1 0.534S
4 18.700 NA NA 4 7.26 NA NA 4 1.37 NA NAT
1 149.000 1 117.000 1 76.60 1 60.50 1 19.60 1 13.90Q R

911 0.615 911 0.249 206 0.608 206 0.416 8 0.144 8 0.196Q S
3644 0.379 NA NA 824 0.537 NA NA 32 0.245 NA NAQ T
911 0.967 911 0.699 206 0.59 206 0.421 8 0.304 8 0.304R S

4 15.000 NA NA 4 7.70 NA NA 4 1.79 NA NAR(T
1 4.30 1 18.90 1 1.99 1 2.03 1 0.797 1 1.76S T
4 45.00 NA NA 4 17.80 NA NA 4 4.61 0 NAR S T
4 6.52 NA NA 4 1.97 NA NA 4 0.784 0 NA

Total 18240 2.150 3648 2.480 4140 1.520 828 2.21 180 1.730 36 2.38

Mostof thevariability in thedatais from thebatch.Becauseeachcancerandnormalcomparisoncomesfrom thesame
batch,this effect cancelsout whencomputingthe A s. Thereis alsoa substantialsubjectheterogeneityaswell asanoverall
effect of cancer, asexpected.The variability explainedby the LUN interactionis small, indicatingthat in this technology
thegeneticsignalis not theprimarysourceof variation,andthat identificationof subtleexpressionchangesis difficult and
unlikely to bereliablycarriedout for a largesetof genes.

The M.NVO interactionin thecomparisonsand M.O for thereference,which representthefilter effect not accountedfor
by thesubjectandbatcheffect,showsarelatively strongeffect. Thiseffectdoesnotcanceloutwhencomputingthe A ssoto
beableto interprettheratiosweneedto removeit.

A commonprocedurein microarraydataanalysisis to simplynormalizethefiltersby subtractingthemeanof eachfilter
from eachvalue,i.e. consider
XWZY�[]\]^`_ba �Zcedgfbh��� ��� � �i
 �!� ��� � Ekj
'l � ��� � andsimilarly for the � s. Thedangerwith doingthis is thatmany
of thegenesspottedon thearraysareusuallyselectedbecauseresearchersconsiderthemlikely to beover-expressed.This
meansthat the meanof the 
 s shouldbe larger thanthe � s andthis differencein meanis confoundedwith the difference
in filter effect. By subtractingmeanswe would besubtractingout someof thedifferentialexpressionbetweencancerand
normaltissues.

In Figure1 we plot the ratio of the intensitiesvs. the productof the intensitiesin a log scale,i.e. 
�EG� vs. �nm*
 ,
for the two replicatesof subject1. Notice that thefilter effectseemsto changewith the total intensityof a particularspot.

2



1e+01 1e+03 1e+05 1e+07 1e+09

1
2

3
4

5

Total intensity

D
iff

er
ne

ce
 o

f i
nt

en
si

tie
s

E

E

E

E

E

E

E

E

E

E

E

E

E

E

E

E

E E

E

E

E

E

E

E

E

E

E

E

E

E

E

E

E

E

E

E

E

E

E

E

E
EEEE

E

E

E

E

E
E

E
E

E
E

E

E

E

E

E

E

EE

E

E

EE

E

E

E

E

E
E

E

E
E

E

E

E

E
E

E
E

E

E
E

E
E

E

E

E

EE

E

E

E

E

E

E
E

E

E

E

E

E

E

E

E

E

E

E E

E

E

E

E

E

E

EEE

E

E

EE

E

E

E

E

E

E

E

E

E

E

E
E

E

E

EE

E

E

E

E

E

E

E

E

EE

E

E

E

E

E

E

E

E

E

E

E

E
E

E

E

E

E

EE

E

E

E

E

E

E

E
E

E

E

E

E

E

E
E

E

E

E

E

E

E

E E

E
E

E

E

E

E

E

E

EE

C
C

C

C
C

C
C

C

C

X

X

X

X

X

X

X

X
X

X

X
X

X

X

X
X

XX

X

X

X

X

X

XX
X

X

X X
XX

X

X

X X

X

X

X
X

X
X

X

X

X

X

X

X

|

|

|

|

|

|

|

|

|

|
| |

|

|

|

|
|

| |

|

|

|

|
|

|

|

|

O

O

O

O

O

O

O

O

O O

O
O

O

O

O

O
O

O O

O

O
O

O

O
O

O

O

O

E
C
X
|
O

Empties
Control Genes
Procedure 1
Procedure 2
Procedure 3

1e+04 1e+06 1e+08 1e+10

1
2

3
4

Total intensity

D
iff

er
ne

ce
 o

f i
nt

en
si

tie
s

E

E

E

E

E

E

E E
E

E
E

E

E

E

E

E

E

E
E

E E

E

E
E

E

E

E

E

E

E

E

E

E

E

E

E

E

E
E

E

E

E

E

E

E

E

E

E

E

E

E

E

E

E

EE

E

E EE

E

E

E

E

E

E

E

EE

E

E

E

E

E

E
E

E

E

E

E

E

E

E

E

E

E

E

E E

E

E

E
E

E

E

E

E

E

E

E

E

E

E

E
E E

E
E

E

E

E E

E
E

E

E

E
E

E

EEE

E

E

E

E

E

E
E

E

E

E

E

E

E

E

E

E

E

E

E

E

E

E

EE

E

E

E
E

E
E

E

E

E

E

E

E

E

E

E

E

E

E
E

E E

E

E

E EE

E

E

E

E
E

E

E

E

E

E

E

E

E

E

E

E

E

E

E

E

E

C

C

C

C

C
C
C

C

C

X

X

X

X

X

X

X

X

X
X

X

X

X

X

X

X

X

X
X

X

X

XX

X
X

X

X

X X
X

X

X

X
X

X

X
X

X

X
X

X

X

X

X

X

X

X

|

|

|

|

|
|

|

|

|

|

|

|

|

|

| |
|

| | |

|

|

|

||

|

|

O

O

O

O
O

O

O

O

O

O O

O

O

O

O O
O

O O O

O

O

O

O

OO

O

O

Figure1: Ratiosof intensitiesplottedversustotal intensityin a log scale.Thevertical line representsthehighesttotal intensitiesamong
theemptyspots.Thehorizontalline representsa ratioof 1.

For this reasonusingmediansor trimmedmeansto remove the filter effect is not a goodsolution. If we model � and 

asrandomvariablesthenwe have that the expectedfilter effect dependson the total intensity, i.e. E o�
�Ek�qp �nmr
's is not
constant.Thisarisesbecausespecificbindingandnon-specificbindingaretwo differentnaturalprocesses.Becausewehave
no way of knowing which pointsrepresentnon-specificbindingandwhich representspecificbindingwe cannotnormalize
by just estimatingtwo means.Rather, we estimateE o�
%Et�(p 
.mk�Xs usinga nonparametricregressionapproach,in this case
Clevaland’s (1979)loess.It is critical to usea robust loess,sothat largedifferencesdo not affect thefit too much. We can
thenobtaina normalizeddifferenceandredefineA �!� ��� � �u
 �!� ��� � Ev� ��� ��� � ExwE��� � o�
 ��� ��� � Ev� �!� ��� � p � ��� ��� � m*
 ��� ��� � s for �ry8@ ,
&q�z)'�!� � � �$6 , and -.�����b	 .

3 What is a large difference?

We will referto a scoreasavalueassignedto eachgenewhich is interpretedasevidenceof overexpression.An exampleof
a scoreis theaverageof the A sdefinedaboveover thetwo batches,thatis jA �!� ��� l��{o�A ��� ��� B m|A ��� ��� H s$}�	 . We maythensuggest
thatgeneswith “large” valuesof jA aredifferentiallyexpressed.But how dowedefine“large”?Thereferencearraysprovide
awayof constructingareferencedistributionfor the“typical averagedifferencebetweentwo sampleswhenthereis nogene
effect”, specificallywe constructanempiricalnull cumulative distribution w~ o�A>s using jA!��� �!� l ’s. We canthenassigna value,
in probabilityscale,to each jA��!� ��� l by looking for thetail probabilityin thenull distribution. In Figure1 wedenotewith anX
pointsrelatedto geneswith w~ oejA ��� Bb� l�s9��� . We call thisprocedure1 in thelegendof Figure1.

In Figure1 we seethe that for somegenes,total raw intensitieswherelower that the total raw intensitiesof the mea-
surementstaken from the empty spots. We denotethis set of geneswith with �n��� �J��;!��y�@��.���!� ��� ��m4
���� ��� �������� ������o����!� ��� ��m8
��!� ��� ��sb= . Thesegenesareunlikely to be expressed.However, notice that many of the large ratiosare
obtainedfor genesthatarein thisset.This is becausethesehaveverysmall � s. A first attemptatcorrectingthis is takingan
average,asdoneby the wA s. However, evenaftertakingthisaverageweseethatmany of theXsin Figure1 areassociatedwith
genesin � or to theleft to theverticalline. Now weproposetwo simple,alternativeproceduresto addressthisproblem.

Thesecondis simply to removeall genesin either� ��� B or � ��� H for eachsubject& . Wedothis for eachsubjectseparately,
sincedifferentsubjectscanhave differentexpressedgenes.We thendefine � ��� � �J) if ��y�� ��� B or ��y�� ��� H andequalto 1
otherwiseandconsider� �!� � jA �!� � asthescore.Weperformthisprocedureon thecontrolarraydatato obtainanull distribution
andobtainscoresin probabilityscale.In Figure1, wedenotewith | pointsrelatedto genesthatreceiveda scoreof 1 under
this procedure.Noticewe still seemany genes“close” to thevertical line. This is probablydueto thefactthatsomegenes
thatarenotexpressedarerandomlyfalling barelyto theright of theverticalline. It seemsthatfurthershrinkageis needed.

The third procedureis similar to the first, except we multiply the averageby � ��� � , a shrinkagecoefficient inversely
proportionalto theempiricalsignalto noiseratio. Shrinkingexpressionratioshasbeenfoundto beusefulin improving the
understandingof geneexpressionlevels, seeNewton et. al (2001). Our scoreis now �!��� ���!��� �"jA!��� � . Again we form a null
distributionwith thereferencegenesandobtainascoresin probabilityscale.In Figure1, wedenotewith O thepointsrelated
to genesthathada scoreof 1. Noticethatthis procedureeliminatessomeof thegeneschosenby procedure2 thatareclose
to thevertical line. It alsoincludessomegenesthatwereconsistentlylargeandnot includedby procedure2. However, it
still seemslike therearetwo many choicescloseto theverticalline. Methodsfor findingshrinkagecoefficientsis subjectof
currentwork.
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4 Genes differentiable expressed in all subjects

To constructa total scorefor all subjectswe simply addthescoresin probabilityscaleof eachsubjectseparatelygiving a
scoreof 0 to genesthatwereremovedfor not beingexpressed.We cannow rankall thegenesby this score.But what is
a “large” score?We canno longerconstructa referencedistribution from the referencearraysbecausewe only have one
subject.Obtainingcontrolarraysfor 5 subjectswouldalmostdoublethecostof theexperiment.

To get a sensefor what is a largescorewe usea bootstrapprocedure(Efron (1979))in the following way. Underthe
null hypothesisthatno geneis differentiallyexpressed,andthat thedifferencein expressionis independentfrom subjectto
subjectthenthe total scoreshouldnot changeif for eachreplicateof eachsubjectwe re-shuffle thegenesandperformthe
entireprocedureagain. We construct100 bootstraptotal scoresby randomlyre-shuffling the pairsof raw intensitylevels
of eachsubjectandapplyingtheprocedureto there-shuffled data.In Figure2, we plot thescoreobtainedwith theoriginal
dataasa solid black line andthe100bootstrapscoresasyellow lines. Notice that the largest11 scoresarelarger that the
maximumof the 100 bootstrapmaximumscores.This is strongevidenceagainstthe null hypothesisis not true. We can
comparethe � -th highestscorewith thebootstrapaverage� -th highestscoreto assesshow “significant” it is. However, it
couldbe the independenceassumptionthat is not true. Constructinga bootstrapscorethat take correlationinto accountis
subjectof currentresearch.
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Figure2: Theblack line representstheranked total scoresfor all genes.Theyellow linesarebootstraptotal scoresobtainedunderthe
null hypothesisof nodifferentialexpression.

We have comparedour resultswith thoseobtainedusingSAGE librariesandfound that the genesrankedhigh by our
procedureshow highexpressionlevelsasmeasuredby theSAGE counts.
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