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Overview

A Session #1: Basic Concepts

A Session #2: Higiihroughput assay
technologies

A Session #3: Computational data analytics
A Session #4: Case study / practical applicatior
A Session #5: Handsh computer lab exercise
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Supervised learningise the known phenotypes
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Supervised learning:

a geometrical interpretation

Cancer patients
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In 2-D looks good but what happens
IN:

A 10,00050,000 (regular gene expression microarrays,
aCGH, and early SNP arrays)

A >500,000 (tiled microarrays, new SNP arrays)
A 10,000300,000 (regular MS proteomics)
A >10, 000, 000 (l-®S proteomics)
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Highrdimensionality (especially with
small samples) causes:
A Some methods do not run at all (classical
regression)

A Some methods give bad results (KNN, Decisic
trees)

A Very slow analysis

A Very expensive/cumbersome clinical
application
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Two (very real and very unpleasant) problems:
Overfitting & Under-fitting

A Overfitting ( a model to your data¥ building a
model that Is good In original data but fails to
generalize well to fresh data

A Underfitting ( a model to your dataF building a
model that is poor in both original data and fresh
data



Intuitive explanation of overfitting &
underfitting

A Play the game: find rule to predict who are the
AVAUNHzZOG2NAR AY |yeé 3
to find a general rule)



Over/undekfitting are directly related to the
complexity of the decision surface and how well the
training data is fit
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Over/undekitting are directly related to the
complexity of the decision surface and how well the
\ training data is fit
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Very Important Concept

A Successful data analysis methods balance
training data fit with complexity.

I Too complex signature (to fit training data well)
C overfitting (1.e., signature does not generalize)

i Too simplistic signature (to avoid overfitting)
underfitting (will generalize but the fit to both the
training and future data will be low and predictive
performance small).
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Challenges in Computational Analysis of omics data fc
development of molecular signatures

Rashomon effect/ Assay validity/
Marker multiplicity reproducibility

Efficiency: Statistical/

Research Designs Computational

Is there
predictive signal?

Causality vs predictiveness/
Biological Significance

Methods Development:

Epistasis Re-inventir_lg_thelwheel &
specialization
Many variables,
Instability small sample,

noise, artifacts

Performance:

Predictivity, Editorializing/

Over-simplifying/

Protocols/Guidelines

compactness

Sensationalism




Part of the Solution: feature
selection




How well supervised learning works in
practice?
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Datasets

Bhattacharjee2 - Lung cancer vs normals [GE/DX]

Bhattacharjee2_ |- Lung cancer vs normals on common genes between Bhattacharjee2 and
Beer [GE/DX]

Bhattacharjee3 - Adenocarcinoma vs Squamous [GE/DX]

Bhattacharjee3 |- Adenocarcinoma vs Squamous on common genes between
Bhattacharjee3 and Su [GE/DX]

Savage - Mediastinal large Bell lymphoma vs diffuse larged@ll lymphoma [GE/DX]
Rosenwald4 - 3-year lymphoma survival [GE/CO]
Rosenwald5 - 5-year lymphoma survival [GE/CO]
Rosenwald6 - 7-year lymphoma survival [GE/CO]

Adam - Prostate cancer vs benign prostate hyperplasia and normals [MS/DX]

Yeoh - Classification between 6 types of leukemia [GENDX

Conrads - Ovarian cancer vs normals [MS/DX]

Beer_| - Lung cancer vs normals (common genes with Bhattacharjee2) [GE/DX]

Su_| - Adenocarcinoma vs squamous (common genes with Bhattacharjee3) [GE/DX

Banez - Prostate cancer vs normals [MS/DX]
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Methods: Gene and Peak Selection Algorithms

ALL - No feature selection

LARS - LARS

HITON_PC-

HITON_PC_W HITON_PC+ wrapping phase

HITON_MB -

HITON_MB_W HITON_MB + wrapping phase

GA_KNN - GA/KNN

RFE - RFE with validation of feature subset with optimized polynomial kernel
RFE_Guyon - RFE with validation of feature subset with linear kernel (as in Guyon)

RFE_POLY - RFE (with polynomial kernel) with validation of feature subset with polynomial optimized kernel

RFE_POLY_Guyon RFE (with polynomial kernel) with validation of feature subset with linear kernel (as in
Guyon)

SIMCA - SIMCA (Soft Independent Modeling of Class Analogy): PCA based method

SIMCA_SVM - SIMCA (Soft Independent Modeling of Class Analogy): PCA based method with validation of
feature subset by SVM

WFCCM_CCR - Weighted Flexible Compound Covariate Method (WFCCM) applied as in Clinical Cancer
Research paper by Yamagata (analysis of microarray data)

WFCCM_Lancet - Weighted Flexible Compound Covariate Method (WFCCM) applied as in Lancet paper by
Yanagisawa (analysis of maggectrometry data)

UAF_KW - Univariate with KruskalValis statistic
UAF_BW - Univariate with ratio of genes between groups to within group sum of squares
UAF_S2N - Univariate with signalo-noise statistic
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Classification Performance
(average over all tasks/datasets)

Area under ROC curve

Mean
ALL o6.43%
LARS™ 53.06%
HITOMNgp_PC 53.69%
HITOMNgp_MB 53.40%
HITOMgp PC_WW 52.64%
HITOMgp _MB_ W 82.12%
(54, KRN 83.58%
RFE 83.46%
RFE_Guyan H3.39%
RFE_POLY 83.26%
RFE_POLY _Guyon 83.67 %
SIMCA, 80.51%
SIMCA SN 85.11%
WFCCWM_CCR® 83.91%
LAF kWY 85.02%
LUAF _BYWY 86.532%
LAF S2M 54.90%




How well gene selection
works In practice?
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Number of Selected Features
(average over all tasks/datasets)
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Number of Selected Features
(zoom on most powerful methods)
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Number of Selected Features
(average over all tasks/datasets)

Average number of features

Mean
ALL H963. 30
LARS 194 55
HITOMNgp PC 14.68
HITOMNgp MB A7 53
HITOMNgp PC W b.97
HITOMNgp MB W EREN
X A A0.00
RFE 58,37
RFE_Guyon bY. 34
RFE _POLY 897 B5
RFE POLY Guyon 106,92
SIMCA, 060,31
SIMCA S 131214
WECCM CCR bdb. 34
LIAF R 24B1.00
LIAF B 437993
LIAF 52N J2.24 55




Conclusions so far

A Special classifiers (with inherent complexity control)
combined with feature selection & careful
parameterization protocols overcome oviting &
estimate future performance accurately.

A Caveats: analysis is typically complex and error
prone. Need: (a) an experienced analyst on the team
or (b) a validated software system designed for non
experts.
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Software

A Causal Explorer
A Gems
A Fastaims
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o I

Causal Explorer

o et
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Matlab library of computational causal | );,\ a\ 1Q 94
discovery and variable selection algorithms AVRICAS

Introductory-level library to our causal algorithms

Discover the direct causal or probabilistic relations around a response
variable of interest (e.g., disease is directly caused by and directly causes
set of variables/observed quantities).

Discover the set of all direct causal or probabilistic relations among the
variables.

Discover the Markov blanket of a response variable of interest, i.e., the
minimal subset of variables that contains all necessary information to
optimally predict the response variable.

Code emphasizes efficiency, scalability, and quality of discovery

Requires relatively deep understanding of underlying theory and how the
algorithms operate



Statistics of Registered Users

A 739registered users ir50countries.

A 402 (54%) users are affiliated with educational, governmental, and
non-profit organizations

A 337(46%) users are either from private or commercial sectors.
A Major commercial organizations that have registered useGaisal
Explorennclude:
I IBM
I Intel
I SAS Institute
I Texas Instruments
| Siemens
I GlaxoSmithKline
I Merck
I

- Microsoft
26



Statistics of Registered Users

Major U.S. institutions that have registered user€afusal Explorer

ABoston University
MBrandies University
ACarnegie Mellon University
ACase Western Reserve
University

ACentral Washington
University

AKCollege of William and Mary

ACornell University

Muke University

Adarvard University
Allinois Institute of
Technology

Andiana UniversityPurdue
University Indianapolis
Alohns Hopkins University
A ouisiana State University
AV. D. Anderson Cancer
Center

AViassachusetts Institute of
Technology

Aviedical College of
Wisconsin

Avichigan State
University

ANaval Postgraduate
School

ANew York University
ANortheastern University
ANorthwestern University
AOregon State University
APennsylvania State
University

APrinceton University
ARutgers University
Astanford University
AState University of New
York

Aufts University
AUniversity of Arkansas

AJniversity of California Berkley
AUniversity of California Los
Angeles

AUniversity of California San Diega
AUniversity of California Santa Cru

AUniversity of Cincinnati
AUniversity of Colorado Denver
AUniversity of Delaware
AUniversity of HoustorClear Lake
AUniversity of Idaho

AUniversity of lllinois at Chicago
AUniversity of lllinois at Urbana
Champaign

AUniversity of Kansas

AUniversity of Maryland Baltimore
County

AUniversity of Massachusetts
Amherst

AUniversity of Michigan

AUniversity of New
Mexico

AJniversity of
Pennsylvania
AUniversity of Pittsburgh
AUniversity of Rochester
AUniversity of Tennessee
Chattanooga

AUniversity of Texas at
Austin

AJniversity of Utah
AUniversity of Virginia
AJniversity of Washington
AJniversity of Wisconsin
Madison

AUniversity of Wisconsin
Milwaukee

Avanderbilt University
Avirginia Tech

Avale University

27



Other systems for supervised analysis of
microarray data

Name

ArrayMiner ClassMarker

Avadis Prophetic

BrREArayTools  There exist many good software packages for

ackPA s uyupervised analysis of micr.

Cleaver

GeneCluster2 ANeither system provides a protocol for data analysis that

precludes overfitting.

GenelLinker Platinum

GeneMaths XT

AA typical software either offers an overabundance of

GenePattern

algorithms-or algorithms with unknown performance.

Genesis

SEIESPIE AThe software packages address needs only of
GEPAS experienced analysts.

MultiExperiment Viewer

PAM

Partek Predict
28
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Purpose oilGEMS

Gene expression data and
outcome variable »| Classification

Normal model

Cancer
Cancer
Normal

Normal
Cancer i i
Z Cross-validation
S 4% Cassionion sigmis
Cancer > performance
Cancer ] .
Normal > ﬁEWEZ”J’““&“ estimate
et
G e T e Red q fof
; . i Lok educed set of genes
Optional: Gene names & IDs BT e - 9
i i i # e ety o s mames 1 Rho GTPase activating protein 4
ring f!nger protein 1 ol Sl ’SMA:%
tubulin, beta, 5 _ g mannose phosphate isomerase
glucose-6-phosphate dehydrogenase o= X Complonty [T modats mitogen-activated protein kinase 3
glutathione S-transferase M5 et b T 8o o v 235 b f e 4
carnitine acetyltransferase . .
Rho GTPase activating protein 4 Links to literature

SMA3

mannose phosphate isomerase
mitogen-activated protein kinase 3
leukotriene A4 hydrolase
chromosome 21 open reading frame 1
dihydropyrimidinase-like 2
beta-2-microglobulin

discs, large (Drosophila) homolog 4

(model generation & performance estimation mode)



Gene expression data and
unknown outcome variable

Purpose oilGEMS

G
Fio Hop

Project Summary.

Step 4 Classification algorithm(s)

Task: Generate a classification model =/
s

Model predictions

Normal
e Cancer
Cancer
Normal

 One-varsusrest (V)
17 One-varsus-ane (0V0)

Dol ol-vlol-vlvlv

 DAGSYM
I~ Mathod by Wieston snd Wekin (W)

Classification
model

> I~ Method by Crammer and Singar (55
igorims
g nckuding e

3 ] i
Cost 0007 1 [0 with mudiplicative step [0
Degea:fl  w [ wimmep[l

Normal
Cancer
é

Cancer
Cancer
Normal

== =T Complosty [FT5—— models

: Unfitied bt of saroles: 63 Numbar of varisblesigsnas: 2303 Hurbar of categonss: 4

(model application mode)

Performance
estimate
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Methods Implemented in GEMS
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Software Architecture of GEMS

GEMS 2.0

Computational Engine !

ross-Validation Loop
or Performance Est.

I | — 227 N

Normalization

- 0

VVYVY

Estimate classification

Method by CS
—————————————————————— 32

f 1 1
erformance | . i
P : Gene Selection !
/ LOOCV ! £2N One-Versus—Resk :
—{5enerate a classification model I N i BZN One-Versus-One} i
and estimate its performance | | ! [Non-param. ANOVA]
n T | ! - i
' Cross-Validation Loop ! L BW ratio | o
— i _for Model Selection = | !
Generate a classification [ | ' HITON PC | |
™ model [— N-Fold CV ' 1 — !
! : ' |  HITON MB |
) LOOCV ! Lo TT17
Apply existing model '—---;;“-f ----------------- ' e J_[_l_l_ _______ ,
to a new set Of pat'ents ______________________ : CIaSSIflcatlon by :
1 L Performance | MC-SVM !
—— _ Computation 1 ' | _One-Versus-Rest |
i | Accuracy | i " [ One-Versus-One | —
v 1 D [ 1
: TG i | RCI | D DAGSVM | |
i Report Generator _L X i | AUC ROC | i i [ Method by ww | i




GEMS 2.0: Wizartike Interface

SEIE ==
3

Ll - -~ — [T e ey T e = e ey
Task selection Dataset specification  Cross-validation design Normalization
v
<« «—
4_
Logging Performance metric Gene selection Classification
—

Report generation Analysis execution 33



