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Problem

To build fully automated software system which:

1. Develops optimal classification models for cancer diagnosis
from gene expression data;

2. Estimates their [models’] performance using sound
experimental procedures.

Performance
estimate



Why do we need this system?

1. The problem of overfitting which results in classifiers that
may generalize poorly to new data despite excellent
performance on the training data.

Recent reports questioning generalization ability of
classifiers produced by major studies in the field:

v' Schwarzer, 2000: On the misuses of NN in prognostic and
diagnostic classification in oncology.

v" Reuanen, 2003: Overfitting in making comparison between
variable selection methods.

v' Guyon, 2003: Gene selection experimental methodology flaw.

v" Ntzani, 2003: Predictive ability of DNA microarrays for cancer
outcomes and correlates: an empirical assessment



Why do we need this system?

The problem of underfitting which results in classifiers that
may not be powerful due to limited experimentation (e.g.,
parameters of algorithms are not optimized, alternative
algorithms are not considered, etc).

Examples of possible underfitting in major studies in the field:

v' Furey, 2000: Support vector machine classification and validation of
cancer tissue samples using microarray expression data.

v' Guyon, 2002: Gene selection for cancer classification using support
vector machines.

v’ Ramaswamy, 2001: Multiclass cancer diagnosis using tumor gene
expression signatures.



How will we build this system?
Step 1: Study problem domain

Study problem
domain and
determine best
machine
learning algorithms

Binary SVMs are powerful

and work best for this domain

Medical diagnostic problems

are not binary
MC-SVMs is an area of

unresolved research

MC-SVM classifiers perform

wide side-by-side
comparison

well in isolated experiments

How do MC-SVMs compare to other learning
methods and how well do they perform in
absolute terms?

Which of MC-SVMs are the best?

Which dataset characteristics predict
performance of the best MC-SVMs?

Is it possible to improve classification
performance by FS and/or ensemble classifiers?




How will we build this system?
Step 2: Develop software

wide side-by-side

Results =

comparison Deve | Op
software
MDSS literature system

User requirements =

1. Based on the best classification algorithms

2. Encapsulates most of experimental procedures

3. Provides intuitive wizard-like user interface
(does not require expertise in data analysis)

4. Developed using convenient software
architecture (client-server)




Prior research



MC-SVM researc

N 1IN clinical bioinformatics

Number of MC-SVM Optimization of Eviden(?e of Expt.arimen‘ts wi.thout Qomparison
Study SVM selection dimensionality with other ML
datasets methods . . :
parameters bias* reduction algorithms
: one-vs-rest;
Ramanwamy, 2001; 1 rest; NO Ves Ves Ves
Yeang, 2001 one-vs-one
Su, 2001 1 one-vs-rest No No No No
Yeo, 2001 1 one-vs-rest No No Yes Yes
Lee, 2003 1 MSVM Yes, but notin a NoO Yes Yes, based on

nested fashion

literature only

“...results demonstrate the feasibility of accurate multiclass molecular cancer classification [by use of MC-

SVMs] and suggest a strategy for future clinical implementation of molecular cancer diagnosis”

“This study demonstrates the feasibility of predicting tissue origin of a carcinoma in a context of multiple

cancer classes [by use of MC-SVMs]”

A 4

“Small round, blue cells tumors can be easily classified [perfectly] into their classes by classical methods for

classification, such as ... linear [multiclass] SVM classifiers...”

A 4

“We demonstrated that MSVM’s can classify cancer types accurately based on gene expression profiles”

All studies conclude that MC-SVM algorithms are very
promising and perform very well.




Prior evaluations of MC-SVM algorithms

The only existing evaluation is done by Hsu and Lin (Hsu, 2001):

B Compared all available MC-SVM algorithms:
» One-vs-rest;

One-vs-one;

DAGSVM;

Method by Weston and Watkins;

Method by Crammer and Singer.

yyYyYvyy

 Employed datasets were of non-medical nature (e.g. wine
recognition, letter recognition, shuttle control);

Number of variables 4 — 180 (avg. = 32) is not representative
of gene expression datasets.

» This evaluation does not apply to biomedicine, especially

to gene expression domain. ]



Methods
and
Materials



Classification algorithms

1. MC-SVM algorithms:

e One-vs-rest (OVR)

e One-vs-one (OVO)

« DAGSVM

e Method by Weston and Watkins (WW)

* Method by Crammer and Singer (CS)
2. Non-SVM algorithms:

» KNN

» NN
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Support Vector Machines 101

Data is separable * %

Normal

» Genel
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Data is not separable

Gene 2

A

Support Vector Machines 101

o Bole Normal

00008

O
o ooooo o

13



MC-SVM: One-versus-rest (OVR)

Gene 2

Tumor 11

O O [Tumor 1

, Genel
14




MC-SVM: One-versus-one (OVO)

Gene 2
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MC-SVM: DAGSVM

AML vs. ALL T-cell

®ecccccccccccccce

Not AML Not ALL T-cell

------------------

ALL B-cell vs. ALL T-cell AML vs. ALL B-cell

Not ALL B-cell Not ALL B-cell

: Not ALL T-cell : Not AML

-----------------------

‘ ALL B-cell
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MC-SVM: Method by Weston and Watkins (WW),
and by Crammer and Singer (CS).
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Gene Selection: Why do we need 1t?

Gene expression datasets contain measurements of thousands of genes.

= Cancer biomarker discovery:
 To understand pathophysiology of cancer;
 To help with early disease detection and surrogate endpoints in clinical trials.

= Improving accuracy of diagnostic models:
» Classification performance of many learning algorithms
can be improved by reduction of dimensionality.
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Application of Feature Selection

Ideally one would like to cross-validate number of features (and possibly, FS algorithm).

However, due to computational complexity of the factorial experiment, classifiers were
developed with subsets of {25, 50, 100, 500, 1000} top-ranked genes according to the
following metrics:

+ Ratio of features between-categories
to within-category sum of squares;
4 Signal-to-noise ratio
In a one-versus-rest fashion;
+ Signal-to-noise ratio
In a one-versus-one fashion;
4 Kruskal-Wallis nonparametric
one-way ANOVA




Datasets and data preparatory steps

11 datasets:

m 10 oligonucleotide-based (Affymetrix)
m 1 cDNA (Research Genetics)

+ 2-26 distinct diagnoses (75 cancer types total)

+ 50-308 samples (~1300 patients total)
+ 2308-15009 genes

We adapted standard normalization and data preparatory steps performed by the
authors of the primary studies.

Normalized and
preprocessed data

data

In addition, we performed rescaling of gene expression values to speed-up training of SVMs.
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Cross-Validation 101
test]

Hold-out cross-validation

Learn on train and

estimate error on test:

N-fold cross-validation:

data

—

train

data

—

train

L

train

train

train

train

train

o~
N times
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Cross-Validation 101

What If classifier
IS parametric?

data )

data

TT

TT

TT

validation (V)
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Experimental design

Two experimental designs were employed to estimate performance:

m Design I: stratified N-fold (N=10) CV in the outer loop and
N-1-fold CV in the inner loop;

= Design 11: LOOCV in the outer loop and N-fold (N=10) CV in
the inner loop

LOOCYV and N-fold (N=10) CV was used to select the best model.
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Performance Metric and Statistical Comparison

We chose to use accuracy as performance metric for the
following reasons:

B Generally accepted misclassification functions do not currently exist
for the studied domain;

B Possible alternatives to area under ROC curve are not applicable because of
1) multicategory tasks
2) different number of classes in datasets

To test that performance differences between the best method and

remaining methods are non-random, random permutation testing
was used.

24



Results
and
Conclusions
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Classification without gene selection

Multicategory classification

Method 9 Tumors Brain_Tumor2
OVR 65.10% 94.68% 74.98% 91.67% 77.00%
E (e)V/e] 58.57% 90.36% 47.07% 90.56% 77.83%
8 DAGSVM 60.24% 90.36% 47.35% 90.56% 77.83%
= (WWwW 62.24% 94.68% 69.07% 90.56% 73.33%
CS 65.33% 95.30% 76.60% 90.56% 72.83%
E KNN 43.90% 78.51% 50.40% 87.94% 68.67%
P
=
2 |NN 19.38% 54.14% 11.12% 84.72% 60.33%
Multicategory classification Binary classifcation
Method
OVR 97.50% 97.32% 96.05% 100.00% 92.00% 97.50%
E oVvOo 97.32% 95.89% 95.59% 100.00% 92.00% 97.50%
8 DAGSVM 96.07% 95.89% 95.59% 100.00% 92.00% 97.50%
= |\WwW 97.50% 95.89% 95.55% 100.00% 92.00% 97.50%
CS 97.50% 95.89% 96.55% 100.00% 92.00% 97.50%
E KNN 83.57% 87.14% 89.64% 86.90% 85.09% 86.96%
S0
(=
2 [NN 76.61% 91.03% 87.80% 91.03% 79.18% 89.64%

<« MC-SVM significantly
outperform KNN and NN

<« MC-SVM diagnose with
accuracy >90% in 8/11
datasets

< MC-SVM methods OVR,
WW, and CS work best
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Why best MC-SVM have
accuracy <90% in 3/11 datasets?

Given a number of possible performance predictors, ®:

«* Number of samples

«* Number of categories

“* Number of variables

«* Number of samples divided
by number of categories

«* Number of samples divided
by number of variables

«* Number of samples divided
by product of number of
categories and variables.

We fitted inverse power-law curves
of the type:

Performance* = 100% — a ®»®

Performance
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* Performance of the best MC-SVM classifier on some dataset
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Time results*

Time in hours

Method Design | Design 1|

OVR 19.28 772.43
; OVO 9.86 388.11
8 DAGSVM 9.93 390.97
> (ww 7.95 290.77

CS 7.88 289.01
% KNN 3.40 109.60
c
2 (NN 195.68 N/A

< CS and WW are the fastest MC-SVM methods

* All experiments were executed on Intel Xeon 2.4GHz dual-CPU workstations.

28



Improving classification performance with gene selection.
Focus on most “difficult” datasets. Preliminary results.

Method 9_Tumors 14_Tumors Brain_Tumor2

w/o FS with FS w/o FS with FS w/o FS with FS w/o FS with FS

OVR 65.10% 69.62% 14.98% 14.98% 91.67% 92.67% 77.00% 85.67%

E OoVO 58.57% 68.76% 47.07% 52.66% 90.56% 90.56% 11.83% 81.50%

@ IDAGSVM | 60.24% 68.76% 47.35% 53.61% 90.56% 90.56% 11.83% 81.50%

LE) wwW 62.24% 68.67% 69.07% 69.07% 90.56% 91.67% 13.33% 82.33%

CS 65.33% 14.86% 76.60% 76.60% 90.56% 90.56% 12.83% 17.50%

= |KNN 43.90% 56.43% 50.40% 65.37% 87.94% 89.31% 68.67% 80.17%
%

§ NN 19.38% 67.00% 11.12% 70.90% 84.72% 90.67% 60.33% 78.33%

< FS improves classification performance of MC-SVMs (up to 9.5%)
< FS improves classification performance of KNN and NN significantly (up to 59.8%)
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Software
Demonstration



«} DSL MC-5¥M System

File Task

g ] 5

variables: 12601 observationz:203

The firzt wariable [column] of the datazet zhould be a target warniable.

[ atazet; | data. tat Browse

[v sze gene names for output report;

| gENE_NAMIES. Nam Browsze

[v Usze gene accesszion nurmbers for output repart;

| QEFIE_EICCESSiDI"IS.EICC Browse

Mumber of featurez: €+ Optimized. Ty from | 100 to | 500 features, step | B0

" Specific:

K.erel for SYM alganithrm: £ Paolpnomial [including linear]

" Hadial baze functions

{# M-fold crozs-validation [CW). Mumber of foldz:
" Leave-one-out cross-validation [LOOCY]

o

E =perimental design:

o

Generate sample splitss € Yes, and do nat save splits

* ‘Yes, zave zplitz into file:

| zplits. spl Browsze

(" Mo, uze existing zample zplits:

| Browse |

Optimize parameters of SWM: & Yes

" Mo, use cost: | 100
and degree; | 1
li

MC-5%M clazsification methods: v OWR [ OO [ DAGSYM v whw [ CS

Optimization and for parameters of 5

Cost: | 0.01 ta | 100 multiplicative step | 10
Degree: | 1 ko | 4 step |17

| |

Seguence of normalization steps [for each feature =, across all obszervations]:

m " A log[x], loganthm baze: i
iv E.[a,l:u],a:lEI andb:|1
i~ C.[%-mean of x] ¢ ztd of »
i DL Aetdofs

E. «/ meanof x
i~ F.x/ medanof =
i G.% #nomof %
i H. %-meanx]
~
~

|. % - median(x]
Jol x|

add | Clear |

[

Output log: ez, log inta file;
| log bt

Browsze

" Mo, output log on the zcreen

Task: &+ F shmate perfarmance

(" Generate best model. Dutput: | rnodel. rmod

Browsze

Save report in: | eport. htm

Browsze

[v MHone
[v Monparametnic one-way AROWA [Kuzkal alliz]

[v Signalto-noise ratio in a one-versus-rest fazhion

Feature selechan:

[ Signalto-noize ratio in a one-versus-one fazhion
|v FRatio of features between categonies bo within-categaony

zum of squares

Perfarmatice estimation optiohz:  (+ Uze parameters specified above

O Uze previously generated best model:

| Browse

and a zet of independent zamples:

| Browse




“ Address I@ D} SashalMatlabiMC-SYMY Toolbox_Development!distributive\report, htm

j@Go|

MC-SVM Tool: Experimental Report

Task: Generate best model
Experiment execution time: 46 seconds
MNumber of samples: 203

Number of variables: 12601

Number of categories: 5

Validation accuracy: 96,5517

Dataset filename:

DS ashalatlab 3 IC-S WV Teolbox Developmentidistnbutrreldata\lung Cancer’data. et

Gene names filename:

Dz ashalbdatlab\ T -SVOT oolbex Development\distributive\datall, Cancer'gene natnes nam

Gene accession numbers
filename:

DAz asha\bfatlab\WiC-
SV Toolboex DevelopmentidistibutiveldatalLungs Cancerlgene accessions.acc

Model filename:

model mod

SV method: OVR
SV cost: 100
SV kernel poly

Description of the best model for the current data-split

SV kernel parameter {degree): 1

|»

Feature selection method: Signal-to-noise ratio in a one-versus-rest fashion
Cptimal number of features: 100
Column
. mndex of
= “ns features Accession
(lis . Gene nates
oot (i numbers
hest’)
dataset
file)
1 8485 Clhyster Incl TR 156 1:Human protem tyrosme phosphatase receptor pu (PTPER) mBMNA, complete UR1561
cds fods=(42 3038) /gb=TT81561 fo=2351575 fug=Hs 74624 flen=469%
5850 |EaPZ mteracting protem B AFQ55026
3074 |piccole (presynaptic cytomatrx protem) ABOT1131
4 9473 Chuster Incl TT424 37 Human amyloid precurser-like protein 1 mBEIA, complete cds fods= 48437
{41,1593) iob=TT4 8437 fai=170%8300 fug=Hs 74565 flen=2336 —
5 4254 Chuster Incl 908622611006 21 Home saptens cDIA, 3 end folone=IAGE- 176702
301715 felone end=3"/gh=I20862 /oi=1444189 fug=Hs 172684 /len=605" —
G 3876 |cadherin, EGF LAG seven-pass G-type receptor 3, flaminge (Drosophila) homolog ABO11536
7 3192|3100 calciwm-binding protein A11 {calmzzarin) D38583 =
& LT &y Computer 4
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/) Entrez-Nucleotide - Microsoft Internet Explorer

J Fle Edit Wiew Favorites Tools  Help

J PBack ~ = - @ 7t | @Search [3e] Favorites @Media @ | %v =h % -

J Address I@ hiktp: sy, ncbi.nlm, nibn, gov fentrezfquery  fegirdb=Nuclectidefcmd=searchiterm=U8 156 L &tool=gguery

o yes
<> NCBI SNucleotide
Entrez Pubhed MNucleotide Protein Genome Structure

Search |Nucleotide x| for [UA1561
Lirnits Preview/ndex History Clipboard Details

Display lSummary | Show:|20 x| Sendto IText vl

[71: UB1561
Human protein tyrosine phosphatase receptor pt (FTPEP) mBXN A, complete cds
gl]2351575|ghb[U8156 1. 1[HETE1561[2351575]

t Entrez

l_ l_ l_ |4 Internet

TrTeT T T

Display ||default j Show:|2ﬂ j Sendto ||Fi|e vl Get Subsequence | Features |

[T 1: U21561 Human protein tyr. . [gr2351575]

LOCTs H3U31561 4599 hp RN L linear PRI 03-3EP-1937

DEFINITICON Human protein tyrosine phosphatase receptor pi (PTFREP) mEMA,
cowplete cds.

ACCESSTON ms1561

WERS ION U31561.1 GI:2351575

KEYWORDS 5

SOURCE Howo sapiens (nanan)

ORGANIZM Howo Sapiens
Eukaryota; Metazoa; Chordatar Craniata; VWertebrata; Euteleostomi;
Mammalia; Eutheria; Primates: Catarrhini; Hominidae; Homo.

REFERENCE 1 [hases 1 to 4699)

ATTTHORS Jiang,5., Tulloch,G., Fu,¥., London,R., Humeel,G.5., White,R.L4.,
Ivrahsm, H, and Avrahsam, 3.

TITLE Characterization and chromoscowal localizacion of PTPRP, a receptor
protein tyrosine phosphatase predominantly expressed in brain and
pPancreas

JOURNAL Unpublished

REFERENCE 2 {hases 1 to 46993)

ATTTHORS Jiang,5., Tulloch,G., Fu,¥., London,R., Humeel,G.5., White,R.L4.,
Ivrahsm, H, and Avrahsam, 3.

TITLE Direct Submission

JOURNAL Submitcted (10-DEC-1998) Genetics, The Children's Mercy Hospitcal,
2801 Wyandotte Ave., EKansas Cicy, MO 64105, USL

FEATURES Location/Qualifiers

(=] [T [ e mkemet 33




Conclusions

Step 1: Evaluation of algorithms

< To solve the cancer diagnostic problem from GE data, MC-SVMs is the preferred family
of algorithms (outperforming NN and KNN);

< Overall classification performance achieved by MC-SVMs is excellent;

< Among tested algorithms, MC-SVMs CS, WW, and OVR lead to most accurate diagnostic
models;

< We identified specific data characteristics which predict performance of the best
MC-SVM models;

< Gene selection further improves classification performance. 7

Step 2: Development of system

< We created a preliminary version of a system that supports development of optimal
classification models and estimates their performance using sound experimental
procedures;

< The results obtained by the system in an labor efficient manner are on par or better than
previously published results in the literature on the same datasets. |




Ongoing work

We will be working with other VVanderbilt researchers, so that our system can be run
from various laboratories and best matches all needs of local scientific community.

A

» Make the system usable by researchers without expertise in data analysis
by designing and implementing wizard-like GUI;

® Organize gene output so that it can be easier used for discovery (i.e., extend
the links to existing knowledge in literature);

® Enhance Biomarker Discovery options by incorporating our own causal
discovery techniques (Markov blanket & local neighborhood algori%

Priority

= Ensemble classification:
» Use majority voting, decision trees, MC-SVMs to ensemble classifiers;
» Experiment with boosting and bagging.
= Performance metrics:
» Experiment with weighted accuracy;
» Design and apply analogues to AUC ROC.
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