~ -
AT
v A N

lmproved gene selection in microarrays by
%< combining clustering and statistical techniques

Jochen Jager
University of Was hington
Department of Computer S aence

Advisors:
Larry Ruzzo
Rimli S engupta




' &2)) Motivation
T hink of a complicated question:

Will it be sunny tomorrow?

How can you answer it correctly if you DO
NOT know the answer?

Ask around or better, make a pall
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Student: | hearditis supjposed to be sunny

Weather.com: partly doudy with s cattered s howers

Y ours elf: Considering the past few days and looking
outside | would guess it will rain

TV: partly sunny

Result: 2 (sunny) : 2 (not sunny)
B etter: Use weights

|dea: remove redundant answers as well
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Motivating example

Problem statement
Current solution

P ropos ed attack

R esults

- uture work
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Find informative genes

(e.g. genes which can dsaiminate
between cancer and normal)

Use series of microarrays
Compare res ults from
dfferent tissues
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Motivating example
Biologcal background

Current solution
P ropos ed attack
Results

- uture work




/G£))Finding informative genes

Microarrays from different tissues
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Motivating example
Biologcal background
Problem s tatement

P ropos ed attack
Results
- uture work




/G£)) Current solution

Use atest statistic on all genes

X tumor —X normal

2
J Jnormal

tumo; +

n tumor n normal

50 15 0.0448836
72 85 50 44 51 0.0048027
53 62 57 64 70 0.8024078

R ank them
Select top k
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E ach gene independently s cored

T op k ranking genes might be very similar and
therefore no additional information gain
Reason: genes in similar pathways probably
al have very similar score

What happens Iif severa pathways involved in
perturbation but one has main influence

Possible to des cribe this pathway with fewer
genes
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'Problem of redundancy

Accession t-test P-
Number |Adenoma 1 |Adenoma 2 |Adenoma 3 |Adenoma 4 |Normal 1 Normal 2 Normal 3 Normal 4 value

54.55 1354.36 1565.42 1459.48 1612.85 0.00012

35.9 642.46 577.81 580.5 707.35 0.00028

X13839 46.16 652.66 653.14 546.12 720.43 0.0003
13.52 209.3 209.64 221.24 267.43 0.0004

AB002533 659.25 407.91 558.33 529.68 379.84 0.00557
M93651 40.1 8.74 21.07 14.45 32.94 0.01038

Top 3 genes highly correlated!

X13839 AB002533 M93651

X13839

1
AB002533 -0.888
M93651 . -0.776




Motivating example
Biologcal background
Problem s tatement

Current solution

Results
F uture work




~«’ Propos ed s olution

S everal possible approaches
next neighbors
correlation
eudidean distance

Approach: instead us e dustering

Advantages using dustering techniques
natura embeddng
many dfferent distance functions possible
dfferent s hapes, models possible
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Hard dustering — k-means

Randomly assign
cluster to each point

Find centroids

|terate until
convergence

Reassign points
to nearest center




/GS))S oft - Fuzzy Clustering

Instead of hard assignment,
probability for each cluster

Very similar to k-means but fuzzy softness factor

m (between 1 and infinity) determines how hard
the assignment has to be




/$2))Fuzzy examples

Nottermans carcinoma dataset:

18 colon adenocarcinoma and 18 normal tissues

datafrom 7457 genes and ESTs

cluster all 36 tissues




Fuzzy softness 1.3

18 tumors, 18 normals, 5 fuzzy clusters, m=1.2

fumor
normal




Fuzzy softness 1.25

18 tumors, 18 normals, 5 fuzzy clusters, m=1.25

fumor
normal




Fuzzy softness 1.2

18 tumors, 18 normals, 5 fuzzy clusters, m=1.2

fumor
normal




Fuzzy softness 1.15

18 tumors, 18 normals, 5 fuzzy clusters,. m=1.15

fumor
normal




Fuzzy softness 1.05

18 tumors, 18 normals, 5 fuzzy clusters, m=1.05

fumor
normal




/G£))S electing genes from dusters

Two way filter: exdude redundant genes,
select informative genes

Get as many pathways as possible

Consider duster size and quality as well as
disaiminative power




*<’ How many genes per duster?

Constraints:
Mminimum one gene per duster
maximum as many as possible

T ake genes proportionally to duster quality and size of
duster

T ake more genes from bad dusters
S maller quality value indicates tighter duster

Quality for k-means: sum of intra duster distance

Quality for fuzzy cmeans: avg duster members hip
probahility




/G£)) Which genes to pick?

Choices:
Genes dosest to center
Genes farthest away
S ample according to probability function
Genes with best dis aiminative power




| G£)) Comparis on E valuation

microarray data: n examples
with m expression levels each

Repeat for each of
the n examples:
|leave out one sample e .

test data train data

<«applysame ¢
v v extract features

_ extraction to
classify held-out | left out sample

sample

train learner




S upport Vector machines

Find s eparating hyperplane with maximal distance to dosest
training example

Advantages:
avoids overfitting

can hande higher order interactions and nois e using kernel functions
and s oft margin




Motivating example
Biologcal background
Problem s tatement

Current solution
P ropos ed attack

F uture work




{G£))Experimental setup

Datasets :

Alons Colon (40 tumor and 22 norma colon
adenocaranoma tissue samples)

Golubs Leukemia (47 ALL, 25 AML)
Nottermans Cardnoma and Adenoma (18

adenocaranoma, 4 adenomas and paired normal
tissue)

E Xperimental s etup:
calculate LOOCV using S VM on feature s uls ets

do this for feature size 10-100 (in steps of 10) and
1-30 dusters
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&) fuzzy cmeans vs k-means

Alon Fuzzy t-test Alon k-means t-test
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) Comparing best results

Alon Fuzzy t-test
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How about randomly choosing?

Alon Fuzzy t-test
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Normal
Randomly chosen from top 1000
Fuzzy clustered
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{G2) | F uture work
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Prolblem how to find best parameters (model
selection, model based dustering, BIC)

Combine good s olutions

Incorporate overall duster disciminative
power into quality score

Use of non integer error score
ROC analysis
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Used dustering as a pre-filter for feature
selection in order to get rid of redundant data

Defined a quality meas urement for dustering
techniques

Incorporated duster quality, size and statistical
property into feature selection

Improved LOOCV error for amost all feature
sizes and different related tests
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