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INTRODUCTIONINTRODUCTION

•• Traditional biologyTraditional biology: one (or few) gene in one : one (or few) gene in one 
experiment, hard to capture the experiment, hard to capture the ““whole picturewhole picture”” of of 
gene functiongene function

•• MicroarrayMicroarray: monitor thousands of genes on a : monitor thousands of genes on a 
single chip simultaneously; provides a better single chip simultaneously; provides a better 
understanding of the interactions among genes; understanding of the interactions among genes; 
helps explore the underlying genetic causes of helps explore the underlying genetic causes of 
many human diseases.many human diseases.



MICROARRAY: CANCER CLASSIFICATIONMICROARRAY: CANCER CLASSIFICATION

•• MicroarrayMicroarray has been successfully applied to has been successfully applied to 
cancer classification problemscancer classification problems

•• According to According to DudoitDudoit, , FridlyandFridlyand, and Speed, , and Speed, 
there are three main problems related to there are three main problems related to 
microarraymicroarray based cancer classification:based cancer classification:
–– Cancer discovery (clustering)Cancer discovery (clustering)
–– Cancer classification into known classes Cancer classification into known classes 

(supervised learning)(supervised learning)
–– Identification of gene Identification of gene ““markersmarkers”” (gene selection) (gene selection) 
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UNSUPERVISED METHODS: CLUSTERINGUNSUPERVISED METHODS: CLUSTERING

Partition genes (or samples) into homogeneous groups in order toPartition genes (or samples) into homogeneous groups in order to
explore the similarity among genes explore the similarity among genes 

•• Hierarchical ClusteringHierarchical Clustering
((EisenEisen et al. Proc. Natl. et al. Proc. Natl. 
Acad. Acad. SciSci. 1998). 1998)

•• SOMsSOMs ((TamayoTamayo et al. et al. 
Proc. Natl. Acad. Proc. Natl. Acad. SciSci., ., 
1999)1999)

•• KK--meansmeans ((TavazoieTavazoie et et 
al. Nature Genetics, al. Nature Genetics, 
1999)1999)

•• MoreMore



SUPERVISED LEARNINGSUPERVISED LEARNING

•• Learning (Training) TaskLearning (Training) Task
–– Given: Expressed gene profiles of cells and their class Given: Expressed gene profiles of cells and their class 

lableslables
–– Learn: Models distinguishing cells of one class from Learn: Models distinguishing cells of one class from 

cells in other classes (genes are features)cells in other classes (genes are features)

•• Classification (Test) TaskClassification (Test) Task
–– Given: Expression profile of a cell whose class is Given: Expression profile of a cell whose class is 

unknownunknown
–– Test: Predict the class to which this cell belongsTest: Predict the class to which this cell belongs



SUPERVISED LEARNING METHODSSUPERVISED LEARNING METHODS

•• Neural NetworksNeural Networks ((MateosMateos et al. 2002)et al. 2002)
•• KK--nearest Neighborsnearest Neighbors ((TheilhaberTheilhaber et al. 2002)et al. 2002)
•• Support Vector MachinesSupport Vector Machines (Brown et al. 2000)(Brown et al. 2000)
•• Fisher Fisher DiscriminantDiscriminant AnalysisAnalysis ((DudoitDudoit et al. 2002)et al. 2002)
•• Decision TreesDecision Trees ((DubitzkyDubitzky et al. 2000)et al. 2000)
•• And moreAnd more



CHALLENGES IN LEARNING MICROARRAY DATACHALLENGES IN LEARNING MICROARRAY DATA

•• High dimensionality: High dimensionality: in in microarraymicroarray data analysis, the data analysis, the 
number of features (genes) is normally much larger number of features (genes) is normally much larger 
than the # of training samples.than the # of training samples.

•• Often noisy and not normally distributed (Often noisy and not normally distributed (Hunter et Hunter et 
al. 2001, bioinformaticsal. 2001, bioinformatics))

•• Too many features are not desirable in learning:Too many features are not desirable in learning: poor poor 
generalization is expected (or generalization is expected (or overfittingoverfitting). ). 

•• Essential to reduce the # of genes to useEssential to reduce the # of genes to use



GENE SELECTION (MARKER IDENTIFICATION)GENE SELECTION (MARKER IDENTIFICATION)

•• Feature selection is essentialFeature selection is essential to reduce the test to reduce the test 
errors in errors in microarraymicroarray data classification.data classification.

•• Given such huge amount of dataGiven such huge amount of data, we need to , we need to 
remove genes irrelevant to the learning remove genes irrelevant to the learning 
problems problems 

•• For diagnostics or identification For diagnostics or identification of therapeutic of therapeutic 
targets, a small subset of targets, a small subset of discriminantdiscriminant genes is genes is 
neededneeded



GENE SELECTIONGENE SELECTION
GolubGolub et al. (1999): et al. (1999): [mean(+) [mean(+) –– mean(mean(--)]/[std(+) + std()]/[std(+) + std(--)].)].
Xing et al. (2001):Xing et al. (2001): information gain to rank genes. information gain to rank genes. 
Long et al. (2001):Long et al. (2001): tt--test with a Gaussian model  test with a Gaussian model  
FureyFurey et al. (2000):et al. (2000): the Fisher score the Fisher score 
Newton et al.(2001):Newton et al.(2001): a Gammaa Gamma--GammaGamma--Bernoulli model  Bernoulli model  
Kerr et al., (2000):Kerr et al., (2000): ANOVA A FANOVA A F--statistics statistics 
DudoitDudoit et al. (2002):et al. (2002): a nonparametric ta nonparametric t--test test 
Bo and Bo and JonassenJonassen (2002), (2002), InzaInza et al. (2002): et al. (2002): Forward selectionForward selection
Khan et al. (2001):Khan et al. (2001): PCAPCA
Li et al. (2001):Li et al. (2001): GA/GA/knnknn
more more ……

UnivariateUnivariate vs. vs. MultivariateMultivariate
Filter vs. Filter vs. wrapperwrapper



IN THIS PAPERIN THIS PAPER

•• A method for:A method for:
–– Cancer classification and gene identificationCancer classification and gene identification
–– SimultaneouslySimultaneously

•• Wrapper methodsWrapper methods
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Gene Selection: General IdeaGene Selection: General Idea
Feature 
Selection

Criterion 
Function

Search 
Algorithm

= +

Criterion function: Criterion function: sshould generalize (predict) well hould generalize (predict) well 
(wrapper); particularly important in (wrapper); particularly important in microarraymicroarray data data 
classifications, since very limited training samples are availabclassifications, since very limited training samples are available.le.

Search algorithms: Search algorithms: effefficient for very highicient for very high--d data (e.g., # d data (e.g., # 
genes ~ 2000) in terms of both computation time and solutionsgenes ~ 2000) in terms of both computation time and solutions

MarginMargin: : ability to generalize; used as the criterion functionability to generalize; used as the criterion function

GAsGAs:: better performance than SFS, much faster than better performance than SFS, much faster than 
exhaustive search; used as the search algorithmexhaustive search; used as the search algorithm

Bootstrapping: Bootstrapping: because of limited training samplesbecause of limited training samples



MAXIMUM MARGINMAXIMUM MARGIN

=-1
=+1

maximizing the maximizing the marginmargin (the minimum distance (the minimum distance 
between a between a hyperplanehyperplane that separates two classes and that separates two classes and 
the closest training samples to the decision surface).the closest training samples to the decision surface).
Motivation:Motivation: Obtain tightest possible bounds for Obtain tightest possible bounds for 
generalization generalization ; ; is capable of avoiding is capable of avoiding overfittingoverfitting



MARGINMARGIN
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●● DefineDefine the hyperplane Hthe hyperplane H suchsuch that:that:
xxii••ww+b+b ≥≥ +1 +1 whenwhen yyii =+1 =+1 
xxii••ww+b+b ≤≤ --1 1 whenwhen yyii ==--11
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●● InIn order to order to maximizemaximize the the marginmargin, , wewe needneed to to minimizeminimize ||w||.||w||.
withwith the the constraintsconstraints:: nono datapointsdatapoints betweenbetween H1 and H1 and H2:H2:

yyii((xxii••w + b) w + b) -- 11 ≥≥ 00

●● Equivalently (Equivalently (a dual problema dual problem), ), maximize:maximize:

with respect to the with respect to the ααii’’ss, subject to , subject to ααii≥≥0 and 0 and 
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GENETIC SEARCH ALGORITHMSGENETIC SEARCH ALGORITHMS
Goal:Goal: identify the best subsets of genes evaluated by marginidentify the best subsets of genes evaluated by margin

Random generationRandom generation
(candidate solutions)(candidate solutions)

EvaluationEvaluation (fitness (fitness 
function)function)

SelectionSelection (candidate (candidate 
solutions with larger solutions with larger 

fitness values will have fitness values will have 
larger chance to be larger chance to be 

included)included)

Crossover + MutationCrossover + Mutation
(change some selected (change some selected 
candidate solutions to candidate solutions to 

converge to the optimal converge to the optimal 
solution and to prevent a solution and to prevent a 

local extremelocal extreme



BOOTSTRAPPED GA/MARGIN:BOOTSTRAPPED GA/MARGIN:

DONE?DONE?

Bootstrapping Bootstrapping 
datadata

(margin) Fitness (margin) Fitness 
evaluation evaluation 

M subsets M subsets 
of genesof genes

selection selection 
crossover crossover 
mutationmutation

NDONE?DONE?
Y

Y

N

Gene Gene 
ranking ranking 

Classification Classification 
on test dataon test data

Generate random Generate random 
population population 
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Dataset 1:Dataset 1: Colon CancerColon Cancer
•• AlonAlon, U., , U., BarkaiBarkai, N., , N., NottermanNotterman, D., , D., GishGish, K., Ybarra, S., , K., Ybarra, S., 

Mack, D., and Levine, A. (1999) Broad patterns of gene Mack, D., and Levine, A. (1999) Broad patterns of gene 
expression revealed by clustering of tumor and normal colon expression revealed by clustering of tumor and normal colon 
tissues probed by tissues probed by oligonucleotideoligonucleotide arrays, arrays, Proc. Natl. Acad. Proc. Natl. Acad. 
SciSci. USA. USA, , 9696, 6745, 6745--6750.6750.

Cancer     # samples      # genes      task
Colon      62 (22 normal + 40 cancer)           2000      cancerColon      62 (22 normal + 40 cancer)           2000      cancer/normal/normal



GENE SELECTIONGENE SELECTION

•• 3000 bootstrapping datasets3000 bootstrapping datasets
•• Each data set contains 18 normal + 36 cancerEach data set contains 18 normal + 36 cancer
•• Genes are ordered based on the number of Genes are ordered based on the number of 

occurrencesoccurrences



GENE SELECTIONGENE SELECTION
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InterferonInterferon--induced > 1321 times, while induced > 1321 times, while sparcsparc precursor = 0.precursor = 0.



CANCER CLASSIFICATIONCANCER CLASSIFICATION
The top 50 genes are used for cancer classificationThe top 50 genes are used for cancer classification
Classifier: linear Classifier: linear SVMsSVMs
300 bootstrapping tests (12 normal + 25 cancer)300 bootstrapping tests (12 normal + 25 cancer)
Compared to GA/3Compared to GA/3--NN (Li et al. 2001) with top 50 genesNN (Li et al. 2001) with top 50 genes

GA/Margin          GA/knn

Training data                 0                       0

Test data                       950                 1622



LEUKEMIA DATASETLEUKEMIA DATASET
GolubGolub, , SlonimSlonim, , TamayoTamayo, , HuardHuard, , GaasenbeekGaasenbeek, , MesirovMesirov, , CollerColler, , 
Lo, Downing, Lo, Downing, CaligiuriCaligiuri, Bloomfield, Lander, Bloomfield, Lander "Molecular "Molecular 
Classification of Cancer: Class Discovery and Class Prediction Classification of Cancer: Class Discovery and Class Prediction 
by Gene Expression Monitoringby Gene Expression Monitoring““ in in ScienceScience Vol. 286, 1999Vol. 286, 1999

Cancer     # samples      # genes      task
Leukemia      72 (47 ALL + 25 AML)          7129           AML/ALeukemia      72 (47 ALL + 25 AML)          7129           AML/ALLLL

1800

Training and test sets were prepared under different expression cond.



GENE SELECTIONGENE SELECTION

•• 4500 bootstrapping datasets4500 bootstrapping datasets
•• Each data set contain 17 AML + 35 ALLEach data set contain 17 AML + 35 ALL
•• Genes are ordered based on the number of Genes are ordered based on the number of 

occurrencesoccurrences



GENE SELECTIONGENE SELECTION
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CANCER CLASSIFICATIONCANCER CLASSIFICATION
The top 50 genes are used for cancer classificationThe top 50 genes are used for cancer classification
Classifier: linear Classifier: linear SVMsSVMs
500 bootstrapping tests (35 ALL + 17 AML)500 bootstrapping tests (35 ALL + 17 AML)
Compared to GA/3Compared to GA/3--NN (Li et al. 2001) with top 50 genesNN (Li et al. 2001) with top 50 genes

GA/Margin          GA/knn

Training data                 0                       0

Test data                      259                   722



COMPUTATIONAL CONSIDERATIONSCOMPUTATIONAL CONSIDERATIONS

•• Individual ranking:Individual ranking: about 1 secondabout 1 second
•• Forward selection:Forward selection: about 10 secondsabout 10 seconds
•• GA/SVM selection:GA/SVM selection: about 5 hoursabout 5 hours
•• Exhaustive search:Exhaustive search: about 5 months? (the selection of about 5 months? (the selection of 

five features out of 86 took ~ 2 wks; the total five features out of 86 took ~ 2 wks; the total 
combination # = 35M; out of 2000 (10^14) combination # = 35M; out of 2000 (10^14) 

•• The data collectionThe data collection and preparation may take several and preparation may take several 
months or years. It is reasonable that the data analysis months or years. It is reasonable that the data analysis 
takes a few hourstakes a few hours



CONCLUSIONSCONCLUSIONS

•• A multivariate wrapperA multivariate wrapper method is proposed for method is proposed for 
both gene identification and cancer both gene identification and cancer 
classificationclassification

•• GeneralizeGeneralize wellwell
•• Need Need to test on more datasetsto test on more datasets
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