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Key points

A Importance and proliferation of molecular signatures

A Major challenges currently existing in the data analytics
required for optimal molecular signature development.

A Recent work (algorithms, software, theory, and
experiments) conducted at the Discovery Systems
Laboratory at Vanderbilt University toward improved
analysis of omics data for molecular signature
development

I Signature compression without loss of predictivity

I Dissecting multiplicity

I Causal interpretability

T Understanding causes and ramifications of signature and marker instability

i Benchmarking, analysi s, Aforensic statistics:
I Guidelines
I Automated data analysis protocols & software
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The context. Common questions
bioinformatics analysis answers

(Perspective: ATransl|l ational o

How can we build predictive models of disease phenotype/clinical
outcome & estimate the model performance?

A Diagnosis
A Prognosis, long-term disease management
A Personalized treatment (drug selection, titration)

What are good biomarkers for diagnosis, or outcome prediction?

A Make the above tasks resource efficient, and easy to use in clinical practice
A Helps next-generation molecular imaging

A Leads for potential new drug candidates

Discovery of structure & mechanisms (regulatory/interaction networks,
pathways, sub-types)
A Leads for potential new drug candidates
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Brief History of mali

gene expression microarrays

(The scientist 2005)

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 whole-genome microarray
study, of yeast
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Brief History of mali

gene expression microarrays
(The scientist 2005)

1998: Brown's lab develops CLUSTER, a statistical tool for microarray data
analysis; 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 for 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
human genome on a single chip

2004: Roche releases Amplichip CYP450, the first FDA-approved
microarray for diagnostic purposes
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The context: Predictive biomarkers
& Supervise
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Explosive growth in published research

Indicatively:

AAMi croarray AMN®SShitidegin oS |
PubMed

A Mi croarray AADSOartidegimo s |
PubMed

(from 1998 to 2008)

Aid MALDI or SELDI Mass Sp¢
(diagnosis OR early diagnosis) A 3450 articles
In PubMed

(mostly from 1998 to 2008)



Commercial Signatures, May 2008

Derived from molecular high-throuput studies:
MammaPrint (Agendia) a FDA approved
CupPrint (Agendia)

ColoPrint (Agendia) [in development]
Oncotype DX (Genomic Health)
CancerTYPE ID (AviaraDx)

Mammostrat (Applied Genomics)
OvaCheck (Correlogic) [in development]
BC-SeraPro (Power3)

NuroPro (Power3)

Breast Cancer Index (AviaraDx)
GeneSearch BLN Assay (Veridex) a FDA approved
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MammaPrint

Agendia

nnnnn
ssssss

A Developed by Agendia
(www.agendia.com)

A 70-gene signature to stratify women with

breast cancer that h B X
Al ow risko and nhigh @wfor
the disease

A Independently validated in >1,000
patients

A So far performed >12,000 tests

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



http://www.agendia.com/

Development of MammaPrint

van 't Veer LJ, Dai H, van de Vijver MJ, et al (2002). "Gene expression
profiling predicts clinical outcome of breast cancer". Nature 415 (6871): 5301
6.

Dataset consisted of 78 patients with ~25,000 gene probes measured:
A 44 patients were free of disease after initial diagnosis for >5 years
A 34 patients had developed distant metastasis within 5 years

1. Out of 25,000 genes, selected 5,000 genes that were significantly
requlated in >3 out of 78 tumors.

2. Out of 5,000 genes, selected 231 genes with |correlation coefficient|>0.3
with disease outcome (correlation threshold was determined via a
permutation test). These genes were rank-ordered according to
magnitude of correlation.

3. Out of 231 genes, selected the best performing subset of 70 genes and
build the resulting signature using forward wrapping method (adding 5
genes at a time to the signature and estimating performance by leave-
one-out cross-validation with nearest-centroid classifier based on
correlation coefficient).
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CupPrint

All cells contain tife fullgenome (DNA)

Developed by Agendia (www.agendia.com) —
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http://www.agendia.com/

ColoPrint

A In development & validation by Agendia
(www.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/141935-1.html

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



http://www.agendia.com/
http://cancergenetics.wordpress.com/category/coloprint/
http://www.bioarraynews.com/issues/7_34/features/141935-1.html
http://www.bioarraynews.com/issues/7_34/features/141935-1.html
http://www.bioarraynews.com/issues/7_34/features/141935-1.html
http://life-science-ventures.com/downloads/PressreleaseColoPrintfinalJuly10th2007.pdf
http://life-science-ventures.com/downloads/PressreleaseColoPrintfinalJuly10th2007.pdf
http://life-science-ventures.com/downloads/PressreleaseColoPrintfinalJuly10th2007.pdf
http://life-science-ventures.com/downloads/PressreleaseColoPrintfinalJuly10th2007.pdf
http://life-science-ventures.com/downloads/PressreleaseColoPrintfinalJuly10th2007.pdf

Oncotype DX

A Developed by Genomic Health
(www.genomichealth.com)

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

A Independently validated in >1,000
patients

A So far performed 55,000 tests
A Reimbursed by many insurances

A Oncotype DX did not undergo FDA
review



http://www.genomichealth.com/

Development of Oncotype DX

Paik S, Shak S, Tang G, et al. A multigene assay
to predict recurrence of tamoxifen-treated, node-
negative breast cancer. N Engl J Med.
2004,;351(27):2817-26.

1.

2.

3.

Selected 250 candidate genes by review of
published breast cancer biomarkers studies
Performed three studies to study relationship
between the above 250 genes with recurrence
of breast cancer. 16 predictive genes and 5
reference genes were selected. The predictive
genes were selected based primarily on
univariate Cox analysis and robustness across
3 studies. These 21 genes participate in the
signature.

The signature is developed using
ARecur-$eoarce Al gor i
right).

t h mc

Proliferation HER2 Estrogen
Ki67 GRB7 ER
STK15 HER2 PGR
Survivin BCL2
CCNBI (cyclin BL) SCUBE2
MYBL2 GS5TM1
Reference
R CDé8 ACTB (B-actin)
MMP11 (stromalysin 3) GRifES
CTSL2 (cathepsin L2
(cathepsin L2) | BAGI | GUS
TFRC

Figure 1. Panel of 21 Genes and the Recurrence-Score Algorithm.

The recurrence score on a scale from 0 to 100 is derived from the reference-
normalized expression measurements in four steps. First, expression for each
geneis normalized relative to the expression of the five reference genes (ACTEB
[the gene encoding B-actin], GAPDH, GUS, RPLPO, and TFRC). Reference-nor-
malized expression measurements range from 0 to 15, with a 1-unit increase
reflecting approximately a doubling of RNA. Genes are grouped on the basis
of function, correlated expression, or both. Second, the GRB7, ER, proliferation,
and invasion group scores are calculated from individual gene-expression
measurements, as follows: GRB7 group score= 0.9 x GRB7+0.1xHER2 (if the
result is less than 8, then the GRB7 group score is considered 8); ER group
score= (0.8 xER+1.2x PGR+BCL2+SCUBE 2) +4; proliferation group score
= (Sumvivin+KI67+MYBL2+CCNBI [the gene encoding cyclin B1]+ STK15) =5
(if the result is less than 6.5, then the proliferation group score is considered
6.5); and invasion group score= (CTSL 2 [the gene encoding cathepsin L2]
+MMP11 [the gene encoding stromolysin 3])+2. The unscaled recurrence
score (RSy) is calculated with the use of coefficients that are predefined on
the basis of regression analysis of gene expression and recurrence in the three
training studies?#-2%: RS|j=+0.47x GRB7 group score-0.34x ER group score
+1.04x proliferation group score+0.10xinvasion group score+0.05x CD68
-0.08x GSTM1-0.07x BAG1. A plus sign indicates that increased expression
is associated with an increased risk of recurrence, and a minus sign indicates
that increased expression is associated with a decreased risk of recurrence.
Fourth, the recurrence score (RS) is rescaled from the unscaled recurrence
score, as follows: RS=0 if RSy <0; RS=20x (RSy-6.7) if 0=RS=100; and
RS=100 if RSy>100.




CancerType ID
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A Developed by AviaraDX (www.aviaradx.com)

A 92-gene signature to classify 39 tumor types

A Signature developed by GA/KNN
AfiCompressed versiono of

CupPr i


http://www.agendia.com/

Breast Cancer Index

A Developed by AviaraDX (www.aviaradx.com)

A Uses 7 genes (combines 5-gene MGI signature and 2-
gene 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/

GeneSearch
Breast Lymph Node (BLN) Assay

A Developed by Veridex (www.veridex.com), a Johnson & Johnson
company

A Test to detect if breast cancer has spread to the lymph nodes

A The GeneSearch BLN uses real-time reverse transcriptase-
polymerase chain reaction (RT-PCR) to detect ammoglobin (MG) and
cytokeratin 19 (CK 19) in lymph nodes.

A FDA approved
A Featured in TIME®6s 2007 Top 10 Mec



http://www.veridex.com/

MammoStrat

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

=}
The test is based on 5 biomarkers. s bl ::.': -.=. Viiiois subkgioes
The test is used to classify individual el
patients as having an AGl-defined high-, &z v v
moderate-, or low-risk of breast cancer = semer _.ER;,. fomoxien Il.E.Rﬁ,’”.’, g
recurrence following surgical removal of L o™ - reh
their primary tumor and treatment with EAMVGSTRAT ]
tamoxifen alone. ‘ l 3
Independently validated in >1000 Risk Index (RI) < 0 0<Ri<07 RIS 07

) Hgupe Eguagt
patlents “Low Risk” “Moderate Risk" “High Risk”


http://www.applied-genomics.com/
http://www.applied-genomics.com/
http://www.applied-genomics.com/
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OvaCheck

Developed by Correlogic (www.correlogic.com)
Blood test for the early detection of epithelial ovarian cancer
Seeking FDA approval (according

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

Problem with OvaCheck

Data Set 1 (Top), Data Set 2 (Bottom)
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NuroPro

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

A Early detection of
neurodegenerative diseases:
Al zheil mer 0s di sece
Gehrigdbs di sease)
disease.

A Validation study in progress.
A Based on 59 proteins.



http://www.power3medical.com/

BC-SeraPro

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.



http://www.power3medical.com/

Applications of Molecular Signatures in Rx Development
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Recent developments: FDA

KThe Critical Path to New Medical
(identifies pharmacogenomics as crucial to advancing
Medical product development and personalized medicine),
K Draft Guidance on Phar macogeneti c
Tests for Heritable Markerso
A Guidance for I ndustry: Phar macoge
Aidentifies 3 main goals (dose, ADEs, responders)
AIVDMIA
AencouragésedbDashfaring of phar mac
Aseparates fiprobableo from fAvalic

Afocuses on genomics (and not other omics)
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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 to believe that a model is good when itis not C
false sense of security

A Several problems exist: some theoretical and some
practical

A Omics data is not like what data analysts have been
used to so far (quantum physics vs classical physics
metaphor)



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

Rashomon effect/ Assay validity/
Marker multiplicity reproducibility
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Research Designs Computational
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——__/ Data Analytics
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specialization
Many variables,
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noise, artifacts

Performance:
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Protocols/Guidelines

compactness
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Focus of present talk

Rashomon effect/
Marker multiplicit

Assay validity/
reproducibility

Research Designs

Efficiency: Statistical/
Computational
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Methods Development:
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Signature compression without loss of predictivity

Dissecting multiplicity

Causal interpretability

Understanding causes and ramifications of signature and marker

instability

Benchmar ki ng, analysi s, Nforensi c ¢
Guidelines

Automated data analysis protocols & software



Signature compression

A It means to select from thousands of
genes or proteins a small set that Is
enough to correctly predict the phenotype
(diagnosis, outcome after treatment, etc.)

A Importance:
I reduced costs,

| practical feasibility in a clinical setting,
| avoidance of overfitting




Algorithms to ensure maximum
predictivity and compactness



Using Causal Graph techniques for predictivity &
compactness
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Predicitivity Reduction
Feature selection method P-value Nominal winner P-value Nominal winner

No feature selection 0.1890 Other <0.0001 HITON-PC

0.9754 Other 0.0046 HITON-PC

i 0.8030 Other 0.0042 HITON-PC

RFE: 4 variants 0.1312 HITON-PC 0.3634 HITON-PC
0.1008 HITON-PC 0.6816 Other

0.2248 Other 0.0028 HITON-PC

UAF-KruskalWallis-SVM: 4 0.0098 Other 0.0004 HITON-PC

variants 1.0000 HITON-PC 0.1414 HITON-PC

0.3232 HITON-PC 0.3998 HITON-PC

0.0710 Other 0.0018 HITON-PC

UAF-Signal2Noise-SVM: 4 0.0752 Other 0.0030 HITON-PC

variants 0.4420 HITON-PC 0.7850 HITON-PC

0.2820 HITON-PC 0.6604 HITON-PC

0.5046 Other <0.0001 HITON-PC

UAF-Neal SVM: 4 variants 0.9782 HITON-PC <0.0001 HITON-PC

0.6980 HITON-PC 0.0044 HITON-PC

0.3806 HITON-PC 0.0186 HITON-PC

Random Forest Variable 0.6064 HITON-PC 0.3252 HITON-PC
Selection: 2 variants 0.5050 HITON-PC 0.1338 Other

. . 1.0000 Other 0.1112 HITON-PC
LARS-Elastic Net: 2 variants 0.0832 HITON-PC 0.5216 Other

0.2032 Other <0.0001 HITON-PC

0.9362 Other <0.0001 HITON-PC

0.4388 Other 0.0014 HITON-PC

i 0.8432 Other 0.0010 HITON-PC

RELIEF: 8 variants 0.4290 HITON-PC 0.0108 HITON-PC

03114 HITON-PC 0.0518 HITON-PC

0.4424 HITON-PC 0.0706 HITON-PC

0.2748 HITON-PC 0.0404 HITON-PC

LO-norm 0.0258 HITON-PC 0.1942 HITON-PC
Forward Stepwise Selection 0.0028 HITON-PC 0.2758 Other

0.7506 HITON-PC <0.0001 HITON-PC

0.6234 HITON-PC <0.0001 HITON-PC

. . 0.6278 HITON-PC <0.0001 HITON-PC
Koller-Sahami: 6 variants «0.0001 HITON-PC <0.0001 Other

0.1278 HITON-PC 0.3856 HITON-PC

0.1236 HITON-PC <0.0001 HITON-PC
<0.0001 HITON-PC <0.0001 Other
IAMB: 3 variants <0.0001 HITON-PC <0.0001 Other
<0.0001 HITON-PC 0.1202 Other
K2MB <0.0001 HITON-PC <0.0001 Other
BLCD-MB <0.0001 HITON-PC <0.0001 Other
FAST-IAMB <0.0001 HITON-PC <0.0001 Other

Statistical comparison of 43 non-
GLL algorithms (including no
feature selection) to the reference

GLL algorithm optimized by cross-

validation and using SVM
classifier in terms of SVM
predictivity and parsimony. Each
non-GLL algorithm compared to
HITON-PC in each row is denoted
by fAOt her éevalueBacel
statistically significant at 5%
alpha.

ded

p



Signature compression without loss of predictivity

Dissecting multiplicity

Causal interpretability

Understanding causes and ramifications of signature and marker

instability

Benchmar ki ng, analysi s, Nforensi c ¢
Guidelines

Automated data analysis protocols & software



Algorithms to dissect marker
multiplicity



TIE* Signatures in Comparison with
Other Sighatures
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TIE* Signatures are Reproducible,
Other Signatures are Overfitted

(AUC)in the discovery data
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Classification performance (AUC) in the validation date

- TIE*has no

overfiting on
average over all
sighatures and
datasets

. Other methods

overfit by 0.02
0.03 AUC on
average, besides
having suboptima
predictivityX



Signature compression without loss of predictivity

Dissecting multiplicity

Causal interpretability

Understanding causes and ramifications of signature and marker

instability

Benchmar ki ng, analysi s, Nforensi c ¢
Guidelines

Automated data analysis protocols & software



Causal interpretabillity

A Results are causally interpretable if selected
genes/proteins are in close causal proximity
(e.g., upstream or downstream) with target

phenotype

A Importance;
I Useful for biomedical discovery (e.g., suggests new
drug targets)

I Useful for predictivity (i.e., signatures less sensitive to
distribution shifts)




Visual demonstration of Causal Graph approach
for signature causal interpretability



