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Goals

Understand spectrum of Bioinformatics and Medical informatics activities
Understand basic concepts of clinical/translational Bioinformatics

Understand basic concepts of molecular profiling

Introduction to highthroughput assays enabling molecular profiling
Introduction to computational data analytics/bioinformatics enabling molecular
profiling

Understand analytic challenges and pitfalls/interpretation issues

Discuss case study of profiles used to diagnose/treat patients

Perform handson development of a molecular profile, finding novel biomarkers
and testing profile/markers accuracy

To Jo To  To o To To I»

Discussion supported by general literature and heavily grounded on:

- NYUMC informatics experts/research projects/grants/papers/entities/software
systems

- Commercially availiable modalities & assays



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



Session #1: Basic Concepts

A Understand spectrum of Bioinformatics and Medical
Informatics activities- NYUMC informatics

A Understand basic concepts of clinical/translational
Bioinformatics

A Understand basic concepts of molecular profiling
A ALSO:

- emails/names/interests

- adjustments to plan
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Current Capabilities: Areas
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Current &

Educational
informatics

Evidence based
medicine, and
Information
retrieval
Informatics

J

Library Collaborative
v

Data Integration &
Mining:

-Data warehouse &
interfacing with EMR
- OmicsLIMS
- Genomic EMR
- Biospecimen
management
-research protocol
database systems and
management team
-Data mining service

capabilities

{ Health Informatics J

Content management, medical simulations

Kilter Medline according to content and quality

AFilter Web for health advice quality

APredict future citations of articles

AClassify individual citations as instrumental or not
Aldentify special types of articles

AConstruct citation histories & Analyze impact of articles
Aintegrate and manage queries and related content
ACombine and optimize knowledge source searches
AbSs GaFAYR I NBaSIF NOKSNE
ACAYR I O2ftfl 62NI (2 NE

Apply, evaluate, refine nexgen IR methods

-Data Mining

software /

-Data warehouse needs; software acquisition; implementation

- OMICS LIMS needs captuvendor product assessmerfunds sofwtare
purchase and implementation; integration with billing and EMR
-Biospecimemmanagement

-Research protocol database systeavélo3

-Data base management team

-Data mining service

-Data mining engindaculty, funds;prototype; implementation; evaluation

)




T Infrastructure & Integrative
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AEBM, IR &cientometrics diagnostic/imaging biomarkers and putative drug targets ,
AComputational Causal deployment of signatures, automated software, new methods
Discovery / ABM, IR &cientometrics development and evaluation of negen IR and
scientometriomodels and studies
AComputational Causal Discoveyydiscovery of pathways; studies of causal
validity of bioinformatics discovery methods, multiplicity studies,
automated software, active learning/experiment number
minimization /
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Current & capabilities { Bioinformatics

BPIC (best Practices| | A.terature Synthesis & Benchmarking studies
Integrative MAMethod-LIN2 6t SY aYIl GOKYF {1 Ay3é
Consultation Mesign and execution of studies
Core/Service J | AStudy publication assistance )
Area-specific Microarray Informatics: Experiment design, assay execution, differential expression,
(Disease, Assay) pathway mapping, pathwagpecific testing (GSEA/GSA), de novo pathway discovery,
Informatics ) phylogeny, clustering, hybrid experimental/observational designs; SNP abfal;
on-ChlPanalysesaCGH. G Af SR NN} e&axz SioOX
GeneticsGenomics \ J
Sequencing Informatics: Cheganalysis, digital gene expressjafe novo sequence
COEs P : : : S
J |_assembly & reassembly, CNV analygmgenomicstudies microbiomics )
Cancer Center - Proteomics Informaticlatform-specific preprocessingdifferential abundance,

peptide-protein mapping protein identification, de novo protein interaction network
_inferenceLINR 1 SAY Y2RAFAOFGAZ2Y YR &aiNUzO0dzNBE &0 dz

Multi-modal Integrative and Highdevel Informatics:

AMolecular Signatures & linking higlimensional data to phenotyp&
development of molecular signatures for diagnosis, outcome
prediction and personalized medicine;diticosignature scanning, in
silicosignature equivalence, discovery of diagnostic/imaging
biomarkers and putative drug targets , deployment of signatures,
automated software, novel methods

AMechanistic /causative studie’ discovery of pathways; multiplicity studies,
TS/DBN designs, automated software, active learning/experiment
number minimization

Aintegrating clinical lab, text, imaging and high throughput data in CTs/prospyctive

studies or exploratory retrospective ones




Summary Contacts (Until Centralized Consultation Service 1
Launched)




Molecular Signatures

Definition =

computational or mathematical models that link high
dimensional molecular information to phenotype of interest
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Molecular Signatures
Gene markers

New drug targets
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Molecular Signatures: Main Uses

1. Direct benefitsiModels of disease phenotype/clinical outcor&eestimation of
the model performance

w Diagnosis
w  Prognosis, longerm disease management
w tSNE2YIFIfAI SR GNBFOYSYld ORNHZA &St SOGAzyY

2. Ancillary benefits 1Biomarkers for diagnosis, or outcome prediction
w Make the above tasks resource efficient, and easy to use in clinical practice
w  Helps nexigeneration molecular imaging
w Leads for potential new drug candidates

3. Ancillary benefits 2Discovery of structure & mechanisms
(regulatory/interaction networks, pathways, stifpes)

w Leads for potential new drug candidates
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Molecular Signatures

The FDAcallstheth y @GAGNR RALFIY230GA0 Ydzf GAQGENRFGS

M® a/flaa LL {LISOAIT [ 2yiNRt
. NBlFau /FYyOSN tNRIyz2aAaéEyY
- addresses device classification
HO G¢KS / NAGAOIT tlFIdK 2 bSg aSRAOFE t NPBRd
- identifies pharmacogenomics as crucial to advancing medical product development and
personalized medicine.
® a5N)} Fi DAZARIFI YOS 2y tKIFENXIFO23aSySGAO ¢Sai
Sata F2NI I SNAGFIOoES al NJ]SNRE 9 aDdzA RFyOS ¥
identifies 3 main goals (dose, ADEs, responders),
define IVDMIA,
- Sy O2 dzNJ FFNEB ST FadkE FONA vy 3 2 F LIKEF NXYF O23Sy2YAO
- aSLI NFidSa aLINPOlFOfSeé FTNRBY aglftARE OAZ2YLF N
- focuses on genomics (and not other omics),

& DdzA RIF'yOS 520c

1 & 0
N Q)¢
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Less Conventional 4¢sof Molecular Signatures

A Increased Clinical Trial sample efficiency, and decreased cost
or both, usingplacebo responder signatures

A In silico signaturdased candidatdrug screening

AS5NHz? GNBAdIZNNBOUAZ2YE

A Establishing existence bfological signal in very small sample
situationswhere univariate signals are too weak;

A Assess importance of markers and of mechanigwsiving
those

A Choosing the right animal model
A X K




Recent molecular mignatures available
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Molecular signatures in the markdgiexamples)

Company Product Disease Purpose
. . Risk assessment for the recurrence of distant metastasis in a breast
Agendia MammaPrint Breast cancer .
cancer patient.
Quantitative determination of the expression level of estrogen receptor,
Agendia TargetPrint Breast cancer [progesteron receptor and HER2 genes. This product is supplemental to
MammaPrint.
Agendia CupPrint Cancer Determination of the origin of the primary tumor.
University . - Classification of ER-positive and ER-negative breast cancers into
. Breast Bioclassifier Breast cancer : . ;
Genomics expression-based subtypes that more accurately predict patient outcome.
Clarient Insight D);,E)rf?ft Cancer Breast cancer [Prediction of disease recurrence risk.
Clarient Prostate Gene. Expression Prostate Diagnosis of grade 3 or higher prostate cancer.
Profile cancer
Pre_dlctlon RapidResponse c-Fn Test Stroke Id(_entlflcauon of the patients that are safe to receive t_PA and those at high
Sciences ri sk for HT, to help guide the ph

Genomic Health

OncotypeDx

Breast cancer

Individualized prediction of chemotherapy benefit and 10-year distant
recurrence to inform adjuvant treatment decisions in certain women with
early-stage breast cancer.

bioTheranostics

CancerTYPE ID

Cancer

Classification of 39 types of cancer.

bioTheranostics

Breast Cancer Index

Breast cancer

Risk assessment and identification of patients likely to benefit from
endocrine therapy, and whose tumors are likely to be sensitive or resistant
to chemotherapy.

Applied

. MammaStrat Breast cander [Risk assessment of cancer recurrence.
Genomics
Applied Classification of non-small cell lung cancer into adenocarcinoma versus
. PulmoType Lung cancer .
Genomics squamous cell carcinoma subtypes.
Applied Assessment of an individual's risk of lung cancer recurrence following
: PulmoStrat Lung cancer . . . .
Genomics surgery for helping with adjuvant therapy decisions.
Correlogic OvaCheck Ovarian cancer|Early detection of epithelial ovarian cancer.
LabCorp OvaSure Ovarian CancerAss:essment of the presence of early stage ovarian cancer in high-risk
women.
Veridex GeneSearch BLN Assay Breast cancer [Determination of whether breast cancer has spread to the lymph nodes.
Power3 BC-SeraPro Breast cancer [Differentiation between breast cancer patients and control subjects. 17




I\/IammaPrlnt

w Developed byAgendia(www.agendia.com) %
w 70-gene signature to stratify women with = o,

ONBlFaud OFYyOSNI 0KI @
NI aié IyR ad KA3IK NRMa
disease

Independently validated in >1,000 patients D>
So far performed 12,000 tests
Cost of the test is $3,200

In February, 2007 the FDA cleared the
MammaPrinttest for marketing in the U.S.
for node negative women under 61 years of
age with tumors of less than 5 cm. ;

€ & € E€

w¢lLa9 ab3rTAyS$Qa want~ _“— t A
U K S é S | N \..E, CD - o
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CupPrint

All cells contain tife fullgenome (DNA)

A Developed by Agendiavivw.agendia.com

A ~500gene (~1900 probes) signature to identift (.o
primary site of 49 different types of carcinoma "a""“:::c.?:';im Py e
as well as other types of cancer such as sarcc =~ [, e

and melanoma. W
A Several independent validation studies Milooant parcrartc ot g . Lot

2 R
y DNA )

Normal breast cells

Distant metastasis
Cancer of Unknown Primary (CUP)
W “ AN N
breast

CUP expre: pam:reas CUP expresses
pe f ic gen \ / _ cancer specific genes |
. y 4 A )

o000 e0egee vv

000 000004 v

eeeQ | 000000 bt
000 L0 e \jicro array —- 00000 stomach

lung
lever
breast

stomach °

prostate Q ,QQQ. Q@ .,0000Q rosure
ko eee with organ specific genes @ ,000Q

pancreds QQ.Q.Q QQQ. 29 pancreas
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http://www.agendia.com/

ColoPrint

A In development & validation by Agendiaww.agendia.com

A Multi-gene expression signature to determine the risk for
recurrence in colorectal cancer patients

A Planning to seek FDA approval

References:

A http://cancergenetics.wordpress.com/category/coloprint/

A http://www.bioarraynews.com/issues/7_34/features/14193Ehtml

A http://life -scienceventures.com/downloads/PressreleaseColoPrintfinalJuly10th2007. pdf
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http://life-science-ventures.com/downloads/PressreleaseColoPrintfinalJuly10th2007.pdf

Oncotype DX

Development synopsis

Main reference: Paik S, Shak S, Tang G, et al. A multigene assay to predict recurrence of
tamoxifentreated, nodenegative breast cancer. N Engl J Med. 2004;
351(27):281726.

Developed by Genomic Healtinwfw.genomichealth.com)

21-gene signature to predict whether a woman with localized, ER+ breast cancer is
at risk of relapse

Independently validated in >1,000 patients
So far performed 55,000 tests
Cost of the test is $3,650

Reimbursement. Information about reimbursement for molecular signatures from
Aetna:http://www.aetna.com/cpb/medical/data/300 _399/0352.html

Oncotype DX did not undergo FDA review. Here is an article that mentions FDA
review of Oncotype DX (slightly outdated):
http://www.sciencemag.org/cgi/content/full/303/5665/1754

w  The following paper shows the health benefits and esfgctiveness benefits of

using Oncotype DXittp://www3.interscience.wiley.com/cgi
bin/abstract/114124513/ABSTRACT

€

€

€ e ¢e ¢

>
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CancerType ID

Biop=y from patient with tumor mass

Immunoh istoche mistny
(IHC) Set of 510 Ak

kKnownAnd erstandable
Ciagnosis

Corfir m hole cular Class ificationwith
Imaging (FPET, CT, Mammagraphy, MED
and IHC Studies

4

Understood Diagnosis

¥

Opimal Treatmert |

A Developed by AviaraD¥\yw.aviaradx.com

A 92-gene signature to classify 39 tumor types
A Signature developed by GA/KNN

Adal/ 2YLINBaEaSR OSNRAZ2YE

2t

[ dzLJt N
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http://www.agendia.com/

Breast Cancer Index

A Developed by AviaraD¥nfw.aviaradx.com

A Uses 7 genes (combineggBne MGI signature anddgene H/I
signature)

A Stratifies breast cancer patients into groups with low or high
risk of cancer recurrence and good or poor response to
endocrine therapy.

A Validated in thousands of patients (treated & untreated)



http://www.agendia.com/

To o o

GeneSearch
Breast Lymph Node (BLN) Assay

Developed by Veridexvivw.veridex.con, a Johnson & Johnson company
Test to detect if breast cancer has spread to the lymph nodes

The GeneSearch BLN uses-taaé reverse transcriptaspolymerase chain
reaction (RIPCR) to detect ammoglobin (MG) and cytokeratin 19 (CK 19) in
lymph nodes.

FDA approved
CSIFGdzZNBR AY ¢La9Qa unnt ¢2L) mn aSFk



http://www.veridex.com/

MammoStrat

Developed by Applied Genomics
(http://www.applied-genomics.com

S|
The test is based on 5 biomarkers. Seacue :_..': ..=, Various subtypes
The test is used to classify individual el
patients as having an A@Géfined high, fo v
moderate, or lowrisk of breast cancer ~ seomes _.ER;,. merer B mm e
recurrence following surgical removal of Ly '-:'."

their primary tumor and treatment with
tamoxifen alone.

: : : \ v
Independently Valldated In >1OOO patlents Risk lndEcE’(R]] <0 0<RI<0.7 RIEEI)J’
HgE N EgagH
“Low Risk” “Moderate Risk" “High Risk”
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NuroPro

A Developed by Power3
(http://www.power3medical.com)

A Early detection of neurodegenerative
RAASI&aSay ! 1 KSA
DSKNAIQa RAASI AS
disease.

A Validation study in progress.

A Based on 59 proteins.
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BCSeraPro

A Developed by Power3
(http://www.power3medical.com)

A Test for diagnosis of breast cancer
(breast cancer case vs. control).

A Validation study in progress.
A Based on 22 proteins.

A Uses linear discriminant analysis;
outputs a probability score.
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Key ingredients for developing a
molecular signature

Well-defined

clinical problem &
access to patients

\

Molecular Signature

|

High-throughput
S

assay
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Challenges in Computational Analysis of omics data
for development of molecular signatures

A Relatively easy to develop a predictive model + even easier tc
believe that a model is good when it is ot false sense of
security

A Several problems exist: some theoretical and some practical

A Omics data has many special characteristics and is tricky to
analyze!

29
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OvaCheck

Developed by Correlogiavw.correlogic.com
Blood test for the early detection of epithelial ovarian cancer
Failedto obtain FDA approval

Looks for subtle changes in patterns among the tens of thousands of
proteins, protein fragments and metabolites in the blood

Signature developed by genetic algorithm
Significant artifacts in data collection & analysis questioned validity of the
signature:

- Results are not reproducible

- Data collected differently for different groups of patients
http://www.nature.com/nature/journal/v429/n6991/full/429496a.html



http://www.correlogic.com/
http://www.nature.com/nature/journal/v429/n6991/full/429496a.html

Problem withOvaCheck

Data Set 1 (Top), Data Set 2 (Bottom)
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(Bioinformatics, 2004)
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Molecular Signatures
Gene markers

New drug targets
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NAST 1T A&02NE 2F YIAY
expression microarrays

1988: Edwin Southern files UK patent applications for in situ synthesized, oligo
nucleotide microarrays

1991: Stephen Fodor and colleagues publish photolithographic array fabrication
method

1992: Undeterred by NIH naysayers, Patrick Brown develops spotted arrays
1993: Affymax begets Affymetrix

1995: Mark Schena publishes first use of microarrays for gene expression analysis
Edwin Southern founds Oxford Gene Technologies

1996: First human gene expression microarray study published
Affymetrix releases its first catalog GeneChip microarray, for HIV, in April

1997: Stanford researchers publish the first wagknome microarray study, of
yeast
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NAST |1 Aad02NE 2F YIAY
expression microarrays
(The scientist 2005)

1998: Brown's lab develops CLUSTER, a statistical tool for microarray data analys
red and green "thermal plots" start popping up everywhere

1999: Todd Golub and colleagues use microarrays to classify cancers, sparking
widespread interest in clinical applications

2000: Affymetrix spins off Perlegen, to sequence multiple human genomes and
identify genetic variation using arrays

2001: The Microarray Gene Expression Data Society develops MIAME standard fc
the collection and reporting of microarray data

2003: Joseph DeRisi uses a microarray to identify the SARS virus

Affymetrix, Applied Biosystems, and Agilent Technologies individually array humat
genome on a single chip

2004: Roche releases Amplichip CYP450, the firsaippdved microarray for
diagnostic purposes
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An early kind of analysis:

learning disease sutypes byclustering

patient profiles

Rb
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P53

E.qg., for treatment

Respond to treatment Tx1
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E.g., for diagnosis

Adenocarcinoma
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Another use of clustering

A Cluster genes (instead of patients)

I Genes that cluster together may belong to the
same pathways

I Genes that cluster apart may be unrelated
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Unfortunately clustering is aon-specific methodand
FlLifa AyvaRrE didkRR yWZRVASI &4 | f f
prediction

Do not
/ 0 treatment Tx2

P53

Respond to treatment Tx2
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Clustering is also nespecific when used to discover
pathway membership, regulatory control, or other
causationoriented relationships

It is entirely possible in
this simple illustrative
counter-example for
G3 (a causally
unrelated gene to the
phenotype) to be more
strongly associated
and thus cluster with
the phenotype (or its
surrogate genes) more
strongly than the true
oncogenic genes G1,
G2
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Two improved classes of methods

A Supervised learning predictive signatures
and markers

A Regulatory network reverse engineeriag
pathways
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Supervised learningise the known phenotypes
O6F @1 dF Gfl6Sta0 Ay (NI A\
find markershighly specific for that phenotype

C TRAIN

B\ / \ INSTANCES
~

D E N
)

APPLICATION

INSTANCES

OR
Regression Model

A
Y INDUCTIVE
/\ — { Classifier J

PERFORMANCE

CLASSIFICATION
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Regulatory network reverse
engineering

INDUCTIVE /\
ALGORITHM
B TRAIN
INSTANCES >

\D/\ /

PERFORMANCE



Supervised learning:

a geometrical interpretation

Cancer patients

/
On ¢ /o
O O p5 i New case,
'New case! O +  classified |
 classified |  asnormal ;
: ascancer !
O 2 2+ +
O 1 4 t
’ Normals
C/af l.//l//
S/f;@/-
>
Rb
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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)

¢tKAA Aad UKS WOdzNBS 27
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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

ACSYRa (U2 AGa20SNFAUGE
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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

48



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)
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Over/undekfitting are directly related to the
complexity of the decision surface and how well the
training data is fit

Outcome of

Interest Y
This line is
good!
This line
overfits!

@ Training Data

O Future Data

Predictor X
50



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

Outcome of
Interest Y

This line is
good!

P
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This line
underfits!

@ Training Data
O Future Data

»
»

Predictor X
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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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Part of the Solution: feature
selection




How well supervised learning works in
practice?
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To o To To To Do Do Do Bo Po Do Do Do I

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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To To Po Po Po Do Do Do Do Do Do Io Do Io Do o Do D>

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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Causal Explorer

A Matlab library of computational causal Q/ “(’)\ A
discovery and variable selection algorithms | e * """ “, """

A Introductory-level library to our causal algorithms }Q‘ \\ \;} )‘{}\

(~3% of our algorithms) oNe \ \<‘ }) °

A Discover the direct causal or probabilistic relatiorp\ f1 \
variable of interest (e.g., disease is directly caus () \ C) é eS
set Of Variab'es/observed quantities)_ '“‘\"\"; .................. \L TIN5

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

A 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

To oo
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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
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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
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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
67
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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
—————————————————————— 71

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

B o B L W o o
Task selection Dataset specification  Cross-validation design l Normalization
<« «—
4_
Logging Performance metric Gene selection Classification
—

Report generation Analysis execution 2



