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Human genome contains ~30K genes
Not all genes are expressed at same time

A microarray is asystematic way to test the expression levels of
thousands of genesin asingle experiment

— A “snapshot” or astate vector of acell/tissue

Multiple microarrays. compare expression levels under different
conditions:

— Binary (normal vs. diseased; treated vs. untreated)
— Multi-class (different types of cancers, populations)
— Continuous (time course; dose response)




» Dataare drawn from Golub et al. 1999.
e 7130 genesin amicroarray (6817 in Golub’s)

Leukemia Type Training set Test set Total
ALL 27 (71%) 20 (59%) 47
AML 11 14 25
Total 38 34 72

» Traning set: same tissue, same age, and same lab
» Test set: different tissue, different age, and different lab

7130 genes

72 experiments

» Feature selection: rank by Pearson correlation to class label

— 1100 genes with significant correlation
— 50 gene with highest correlation used for classfication

» Classification: simplelinear classifier, sign(w x)
— Training: cross validation success for 36 of the 38 samples
— Test: success for 29 of the 34 independent samples
— The other samples are uncertain due to lack of significance
— Predictors made of top 10-200 genes all can be trained to
make no mistake.




Training set Independent test set

3 inter-connected questions
» Feature selection
— Eliminate genes that are irrelevant or redundant

» Clustering genes

— Group genes that are expressed together
Classification

— Predict gene classes — classify columns

— Predict tissue types — classify rows

» More ambitious: genetic network modeling




e TheconcepttolearnisF- {0,1}

* |Flistoo large, so we want to find a small but informative subset
GOFandlearn G - {0,1} instead

2 popular approaches for feature selection
*  Wrapper
1. Find afeature subset G;
2. Optimizing the classifier C for G, measure the error (C(G))
3. Find G =argmin (C(G))
* Filter
Find a feature subset G independent of any classifier C.

Biological knowledge Feature selection filter
(assumption)

Gene expression is Testing of

‘on’ or ‘off’ bimodal distribution

Not all genesrespond to a Ranking by
single event information gain
Genes are highly redundant | Filter using
Markov blanket




All features

Feature selection
\ Mixture of Gaussians test \

‘ Rank by information gain ‘

| Filter using Markov blanket
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\ Classification

All features
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Selected
features
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All features,
weighted

| Classification
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» Heuristic: afeature with discriminative power should have
bimodal distribution

» A simple bimodal model: mixture of 2 univariate Gaussians

Normalized expression level Normalized expression level
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» For afeature F, we have measurements f={f,, ... , f}

» Mixture of K univariate Gaussians with parameter
={(n,u.,0,)} 1l<k<K 7 isclassprior

» Thelikelihood of f, to the k-th Gaussiansis:

1 (fo—1)°
P(f.| k)= exp ——"——
(fal k) N2mo, P 20}

and

Pf.l )= =P, [ k)

k

* Learn from the sample data using EM
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e Themixture overlap isthe minimal error achievable by any
classifier h(-) on this EM-trained Gaussian mixture model

e can be used as ameasure of the discriminability of feature F

* h(-) can be used to quantize continuous value f;, which is used
for later filters that are based on information theory.
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For areference partition Q={S,, S} of thetraining set S
Entropy of this partition

H (Q) == P(Sc) IOgP(Sc)
c={0,1}
Test on feature F induces partition E ={E,, E;}.
Partition Q projected onto E, forms subpartition

Q={S n By, cl{0L}

Entropy of Q,

HQ)=- P(SJE)I0gP(SIE,)

c=1
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* Theinformation gain due to F w.r.t. the reference partition is

QIE)=H(Q-H(QIE)
=HQ- (PEIHQ)

H( )=-2*[1/2*log(1/2)]=1
H(  )=(U2)*H( )+(1/2)*H( )=0.9188
H( )=1 H( )=0

+ Ranking by infogain: < <
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Let F bethefull featureset and G O F. Let C be the class |abel.

» A feature F, isredundant in G if the classification results are
same with or without it.

e That isconditional independence:
P(CIG - {F}) =P(CIG)
for all values of the featuresin G.
* Tobemore precisg, if thereisasubset M O G, F;notin M, but
P(CIM —{F;}) = P(CIM)
* M iscalled aMarkov blanket of F;
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For acomplete feature set F, let G be a subset of F, and
G'=G —{F;}. If M O G isaMarkov Blanket of F;, then
A(G',F) =A(G,F)
where isany divergence function between 2 pdf’s.

If istheexpected KL divergence

A(G,F)=ED(P(C|F)[[P(C|G)}

Once we find aMarkov blanket F; in G, we can safely remove
F, from G without increasing the divergence

Iteratively remove afeatureif it has a Markov blanket.
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Practically, we only search for Markov blankets of limited size.
Itisstill expensiveto find an exact Markov blanket.

If M isreally aMarkov blanket for F;, then for any feature valuef;,

D(P(C[M,F = f)[P(C[M))=0

Find M so that the following quality (expected KL divergence) is
small

o(F IM)=ED(P(CIM.F = 1)|[P(C|M)}
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Initialize
G=F
Iterate
For each feature F, O G,

let M (F;) bethe set of k features F O GH{F}
having highest correlation with F,

Compute (F;|M(F;))foreachF,0 G
Choosethe F, = argmin.  (F;| M(F,))
Update G := G —{F;}
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3 classifiers are applied after filtering

* Multivariate Gaussian classifier

* Logistic regression

* K nearest neighbor
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* A Gaussian classifier is agenerative classifier assuming data
distributed as a mixture of ¢ Gaussians

» Themodel consistsof aprior probability . for each classc,
having class-conditional density N( ., .)
« For binary case C=2, the ratio of posterior probabilitiesis
= PO=X ) _ qexpi(x= ) 4(x=)/2] 4}

CP(Y=0[x, ) gexpi-(x= ) o(x— )/2| P}

logr =%X'Zx— X-y

where , , arefunctionsof model parameters . ,
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» Thedecision boundary is a quadratic surface in the feature
space

o 5 B 8 B
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» Logistic regression is adiscriminative classifier. The parameter
isaweight vector for x.

p(y:1|x):m

» Geometrically, this classifier corresponds a sigmoid-shape ramp
at the edge of the decision hyperplane.
e can be estimated by stochastic gradient ascent:

=+ oY, — V)X,
where

o 1
I Irexp(- X))
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Problem: Too many features implies too much complexity in
the hypothesis space

Solutions:
» Feature selection: reduces the number of features
» Regularization: constrains the norm of parameters.

» Regularization can cope with overfitting
» [Feature selection is easier to compute and interpret
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In a maximum likelihood setting, learning  given data set
» Without regularization,

=argmax{l( | )}
* Withregularization, f

=argmax{l( | )—;III b

L1orL2norm

. Regularization parameter
e Incase of L2 norm, we obtain the stochastic gradient to

estimate parameter

= APV~ V)X = A)
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Most informative =
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Most redundant
\ 4
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3errors

Best performance with
feature selection (#errors)

Classifier | |G| | Training Test
kNN 40 0 0
Gaussian | 12 0
LR 8 0 0
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* Best number of features to be used for a classifier is chosen by
minimizing the leave-one-out cross validation error

» Choose smallest |G| that gives O error and the test error rates are:

kNN

Gaussian

Logistic Regression

5.9% (2/34)

8.8% (3/34)

0
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» Leave-one-out cross validation error for logistic regression with

Filter | only Filter 1l only

b\4 errors
/4
1 error
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» Gaussian classifier using all featureswith L1 or L2 penalties.
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» Gaussian classifier using all featureswith L1 or L2 penalties.

» Microarray data create challenge to machine learning due to
many features but few samples

» Feature selection or regularization is preferred before learning

» A seriesof filtering feature selection methods based on
information theory are proposed in this paper

» Theexperimental design could better if:

Put more focus on feature selection

Compare with other’ s work

Use information theory based classifier

Redundant features could be used for cross validation
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