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KEY FEATURES OF GENE EXPRESSION DATAKEY FEATURES OF GENE EXPRESSION DATA

““LARGE  p , SMALL  nLARGE  p , SMALL  n”” PROBLEM:PROBLEM:
•• Very large numberVery large number ofof variablesvariables ((genesgenes):): fromfrom 5,0005,000 toto 10,00010,000
•• Small numberSmall number ofof observationsobservations ((cellscells):): less thanless than 100100

MANY VARIABLES ARE NOISY OR NOT RELEVANTMANY VARIABLES ARE NOISY OR NOT RELEVANT
TO CLASS PREDICTIONTO CLASS PREDICTION

•• Pearson correlation coefficientPearson correlation coefficient
•• Distance based metricsDistance based metrics
•• Class Class separationseparation: BSS(: BSS(XXii)/WSS()/WSS(XXii))



KEY FEATURES OF GENE EXPRESSION DATAKEY FEATURES OF GENE EXPRESSION DATA

COMPLEX INTERACTIONS BETWEEN GENES; REDUNDANCYCOMPLEX INTERACTIONS BETWEEN GENES; REDUNDANCY

GenesGenes areare pointspoints in a nin a n--dimensionaldimensional spacespace

MOST OF THE ABNORMALITIES IN CELL BEHAVIOURMOST OF THE ABNORMALITIES IN CELL BEHAVIOUR
ARE DUE TO IRREGULAR GENE ACTIVITIESARE DUE TO IRREGULAR GENE ACTIVITIES

LookLook forfor ““outlyingoutlying”” genesgenes

GENE EXPRESSION PROFILES ARE TYPICALLY NONGENE EXPRESSION PROFILES ARE TYPICALLY NON--GAUSSIANGAUSSIAN
Independent Component AnalysisIndependent Component Analysis



INDEPENDENT COMPONENT ANALYSIS (ICA)INDEPENDENT COMPONENT ANALYSIS (ICA)

THE MODEL:THE MODEL:

XX=(=(XX11, , XX22, , ……,, XXnn)) observed variablesobserved variables ((EE((XX) = ) = 00))
SS=(=(SS11, , SS22, , ……,, SSkk) ) latent variableslatent variables ((EE((SS) = ) = 00))
AA= = nn××k k mixingmixing matrixmatrix,, k k ≤≤ nn

THE VARIABLESTHE VARIABLES SSjj ARE ASSUMED:ARE ASSUMED:
•• To be statistically independentTo be statistically independent::

X X == AASS

•• To have To have nonnon--Gaussian distributionsGaussian distributions

pdfpdf ((SS11, , SS22, , ……,, SSkk) = ) = ∏∏ pdfpdf ((SSjj))



INDEPENDENT COMPONENT ANALYSIS (ICA)INDEPENDENT COMPONENT ANALYSIS (ICA)

Restrictions on the extracted  variables Restrictions on the extracted  variables YYjj::

Y Y == WWXX

•• E(E(YYhh YYii)=E()=E(YYhh)E()E(YYii)            h)            h≠≠i      h, i=1, i      h, i=1, ……, k, k
(in(in order toorder to reduce thereduce the numbernumber ofof free parametersfree parameters))

•• E(YE(Yjj
22)=1 )=1 

((conventional assumptionconventional assumption))

For uncorrelated variables:For uncorrelated variables:
•• II ((YY11, , YY22, , ……, , YYkk) = ) = JJ ((YY11, , YY22, , ……, , YYkk) ) −− ΣΣJJ ((YYjj))
(where (where II denotes mutual information and denotes mutual information and JJ denotes denotes negentropynegentropy))



Therefore,Therefore,

the less dependent are the most nonthe less dependent are the most non--GaussianGaussian onesones

ICAICA leadsleads toto meaningful results whenever the probabilitymeaningful results whenever the probability distribution of distribution of 
XX isis farfar from Gaussianfrom Gaussian

ICAICA IN GENE EXPRESSION DATA ANALYSIS:IN GENE EXPRESSION DATA ANALYSIS:

•• G. Hori G. Hori et al.et al. (2002) (2002) -- ISMB2002ISMB2002
•• W.W. LiebermeisterLiebermeister (2002) (2002) -- BioinformaticsBioinformatics
•• X.X. LiaoLiao et al.et al. (2002) (2002) -- ICASSP 2002, IEEE ICASSP 2002, IEEE International ConferenceInternational Conference



THE PROPOSED SOLUTIONTHE PROPOSED SOLUTION

•• kk independent componentsindependent components areare extracted fromextracted from the training setthe training set

•• the the pp genesgenes areare sortedsorted inin increasing order according to their increasing order according to their 
absolute scoresabsolute scores onon each componenteach component

•• thesethese kk marginal rankingsmarginal rankings areare summarized by takingsummarized by taking,, for eachfor each gene, gene, 
thethe highest valuehighest value

•• selectselect the the mm ((mm≪≪pp)) genes locatedgenes located in thein the lastlast mm positionspositions ofof this jointthis joint
rankingranking



AN APPLICATION TO A REAL DATA SETAN APPLICATION TO A REAL DATA SET

THE LYMPHOMA DATA SET (THE LYMPHOMA DATA SET (AlizadehAlizadeh et al., 2000):et al., 2000):

CC = 3= 3 classesclasses
pp = 4026= 4026 genesgenes
nn = 62= 62 cellscells ((nn11=11, =11, nn22=9, =9, nn33=42)=42)

NEAREST SHRUNKEN CENTROIDS METHOD (NEAREST SHRUNKEN CENTROIDS METHOD (TibshiraniTibshirani et al., 2002)et al., 2002)

Nearest centroid classificationNearest centroid classification afterafter shrinking each centroid toshrinking each centroid to
thethe overalloverall one.one.
IfIf a genea gene is shrunken tois shrunken to zerozero for all classesfor all classes,, then it is dropped then it is dropped 
fromfrom thethe allocation ruleallocation rule..



mm 222 164 120 93 72 55 34 26 19 13 10 5

SC 0.048 0.032 0.032 0.032 0.081 0.177 0.194 0.194 0.210 0.274 0.323 0.323

SVD 0.016 0.016 0.016 0.016 0.016 0.016 0.048 0.048 0.048 0.048 0.065 0.145

ICA 0.016 0.016 0.016 0.016 0.032 0.032 0.000 0.000 0.000 0.000 0.016 0.048

LymphomaLymphoma data set: crossdata set: cross--validated validated 
misclassification rates misclassification rates ((as function as function of of mm))



LymphomaLymphoma data set:data set: scatterscatter plotplot matrixmatrix of theof the lastlast
55 genes survivinggenes surviving thethe shrinkageshrinkage procedureprocedure



LymphomaLymphoma data set:data set: scatterscatter plotplot matrixmatrix of theof the lastlast
55 genes genes of the rankingof the ranking obtained byobtained by ICAICA



OPEN ISSUESOPEN ISSUES

•• Alternatives to the criterion for building the joint rankingAlternatives to the criterion for building the joint ranking

•• How to choose the number k of the componentsHow to choose the number k of the components

•• How to choose the number m of retained genesHow to choose the number m of retained genes

•• Possible interactions between the proposed selection method Possible interactions between the proposed selection method 
and different allocation rulesand different allocation rules


