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Key points

ÅImportance and proliferation of molecular signatures

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

ÅRecent 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
ï Signature compression without loss of predictivity

ï Dissecting multiplicity  

ï Causal interpretability   

ï Understanding causes and ramifications of signature and marker instability  

ï Benchmarking, analysis, ñforensic statisticsò  

ï Guidelines  

ï Automated data analysis protocols & software  



The context: Common questions 

bioinformatics analysis answers 
(Perspective: ñTranslationalò or ñClinicalò Bioinformatics)

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

Å Prognosis, long-term disease management

Å Personalized treatment (drug selection, titration)

2. What are good biomarkers for diagnosis, or outcome prediction?
Å Make the above tasks resource efficient, and easy to use in clinical practice

Å Helps next-generation molecular imaging

Å Leads for potential new drug candidates

3. Discovery of structure & mechanisms (regulatory/interaction networks, 
pathways, sub-types)
Å Leads for potential new drug candidates



Brief History of main ñomicsò technology: 

gene expression microarrays

(The scientist 2005)

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

Å 1991: Stephen Fodor and colleagues publish photolithographic array 
fabrication method

Å 1992: Undeterred by NIH naysayers, Patrick Brown develops spotted arrays

Å 1993: Affymax begets Affymetrix

Å 1995: Mark Schena publishes first use of microarrays for gene expression 
analysis

Å Edwin Southern founds Oxford Gene Technologies

Å 1996: First human gene expression microarray study published

Å Affymetrix releases its first catalog GeneChip microarray, for HIV, in April

Å 1997: Stanford researchers publish the first whole-genome microarray 
study, of yeast



Brief History of main ñomicsò technology: 

gene expression microarrays 
(The scientist 2005)

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

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

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

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

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

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

Å 2004: Roche releases Amplichip CYP450, the first FDA-approved 
microarray for diagnostic purposes



The context: Predictive biomarkers 

& Supervised Learning

Molecular Signatures

Gene markers

New drug targets



Explosive growth in published research

Indicatively:

ÅñMicroarray AND diagnosisò Ą 8458 articles in 
PubMed

ÅñMicroarray AND prognosisò Ą 1604 articles in 
PubMed  

(from 1998 to 2008)

ÅñMALDI or SELDI Mass Spectrometry  AND 
(diagnosis OR early diagnosis) Ą 3450 articles 
in PubMed

(mostly from 1998 to 2008)



Commercial Signatures, May 2008

Derived from molecular high-throuput studies:

Å MammaPrint (Agendia) ă FDA approved

Å CupPrint (Agendia)

Å ColoPrint (Agendia) [in development]

Å Oncotype DX (Genomic Health)

Å CancerTYPE ID (AviaraDx)

Å Mammostrat (Applied Genomics)

Å OvaCheck (Correlogic) [in development]

Å BC-SeraPro (Power3) 

Å NuroPro (Power3)

Å Breast Cancer Index (AviaraDx)

Å GeneSearch BLN Assay (Veridex) ă FDA approved



MammaPrint

ÅDeveloped by Agendia 

(www.agendia.com)

Å70-gene signature to stratify women with 

breast cancer that hasnôt spread into 

ñlow riskò and ñhigh riskò for recurrence of 

the disease

Å Independently validated in >1,000 

patients

Å So far performed >12,000 tests

Å 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 

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): 530ï

6.

Dataset consisted of 78 patients with ~25,000 gene probes measured:

Å 44 patients were free of disease after initial diagnosis for >5 years

Å 34 patients had developed distant metastasis within 5 years

1. Out of 25,000 genes, selected 5,000 genes that were significantly 

regulated 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).



CupPrint

Å Developed by Agendia (www.agendia.com)

Å ~500-gene (~1900 probes) signature to 

identify primary site of 49 different types of 

carcinomas as well as other types of cancer 

such as sarcoma and melanoma. 

Å Several independent validation studies

Å CupPrint is based on a license to the TUO 

database of AviaraDx Inc.

Å Uses KNN algorithm for classification

http://www.agendia.com/


ColoPrint

ÅIn development & validation by Agendia 

(www.agendia.com)

ÅMulti-gene expression signature to determine the risk for 

recurrence in colorectal cancer patients

ÅPlanning to seek FDA approval

References:
Å http://cancergenetics.wordpress.com/category/coloprint/

Å http://www.bioarraynews.com/issues/7_34/features/141935-1.html

Å 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

ÅDeveloped by Genomic Health 

(www.genomichealth.com)

Å21-gene signature to predict whether 

a woman with localized, ER+ breast 

cancer is at risk of relapse

ÅIndependently validated in >1,000 

patients

ÅSo far performed 55,000 tests

ÅReimbursed by many insurances

ÅOncotype 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. Selected 250 candidate genes by review of 

published breast cancer biomarkers studies

2. 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.

3. The signature is developed using 

ñRecurrence-Score Algorithmò (outlined in the 

right). 



CancerType ID

ÅDeveloped by AviaraDX (www.aviaradx.com)

Å 92-gene signature to classify 39 tumor types

ÅSignature developed by GA/KNN

ÅñCompressed versionò of CupPrint

http://www.agendia.com/


Breast Cancer Index

ÅDeveloped by AviaraDX (www.aviaradx.com)

ÅUses 7 genes (combines 5-gene MGI signature and 2-

gene H/I signature)

ÅStratifies breast cancer patients into groups with low or 

high risk of cancer recurrence and good or poor response 

to endocrine therapy. 

ÅValidated in thousands of patients (treated & untreated)

http://www.agendia.com/


GeneSearch 

Breast Lymph Node (BLN) Assay

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

company

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

Å 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.

Å FDA approved

Å Featured in TIMEôs 2007 Top 10 Medical Breakthroughs list

http://www.veridex.com/


MammoStrat

Å Developed by Applied Genomics 

(http://www.applied-genomics.com)

Å The test is based on 5 biomarkers.

Å The test is used to classify individual 

patients as having an AGI-defined high-, 

moderate-, or low-risk of breast cancer 

recurrence following surgical removal of 

their primary tumor and treatment with 

tamoxifen alone.

Å Independently validated in >1000 

patients

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


OvaCheck

Å Developed by Correlogic (www.correlogic.com)

Å Blood test for the early detection of epithelial ovarian cancer

Å Seeking FDA approval (according to companyôs website)

Å Looks for subtle changes in patterns among the tens of thousands of 

proteins, protein fragments and metabolites in the blood

Å Signature developed by genetic algorithm

Å 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


Data Set 1 (Top), Data Set 2 (Bottom)
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paper by Baggerly et al 

(Bioinformatics, 2004)

Problem with OvaCheck



NuroPro

ÅDeveloped by Power3 

(http://www.power3medical.com/)

ÅEarly detection of 

neurodegenerative diseases: 

Alzheimerôs disease, ALS (Lou 

Gehrigôs disease), and Parkinsonôs 

disease.

ÅValidation study in progress.

ÅBased on 59 proteins.

http://www.power3medical.com/


BC-SeraPro

ÅDeveloped by Power3 

(http://www.power3medical.com/)

ÅTest for diagnosis of breast cancer 

(breast cancer case vs. control).

ÅValidation study in progress.

ÅBased on 22 proteins.

ÅUses linear discriminant analysis; 

outputs a probability score.

http://www.power3medical.com/


Mol ecul ar  si gnat ur es di scover y 
as a by- pr oduct  r eveal s 
bi omarkers i mpor t ant  not  onl y f or  
per sonal i zed t r eat ment s but  al so 
f or :

- Ear l y ( pr e- cl i ni cal )  
di agnosi s

- Di agnosi s 

- Long- t er m di sease 
management

- Imagi ng

- New dr ug devel opment   

Applications of Molecular Signatures in Rx Development

Use of  mol ecul ar  si gnat ur es reduces 

devel opment  cost s t hr ough a much 

ear l i er  go /  no- go deci si on i nt o t he 

cl i ni cal  t r i al  pr ocess.  Fur t her mor e,  

i t  f aci l i t at es t he enhancement  of  t he 

chemi cal  desi gn of  a dr ug t o remove 

t oxi ci t y.   

Use of  mol ecul ar  si gnat ur es reduces 

r i sk of  t r i al  f ai l ure by pr e-
sel ect i on of   pat i ent s f or  whom 

dr ug i s l i kel y t o be saf e ( or  even 

ef f ect i ve) .   

Use of  mol ecul ar  si gnat ur es can 
resurrect  ol d drugs t hat  wer e 
shel ved because of  t oxi ci t i es.

Use of  mol ecul ar  si gnat ur es can 
enabl e perpet ual  pat ent  prot ect i on
( vi a cor r espondi ng si gnat ur e 
i mpr ovement s and pat ent  r enewal ) .

A company can add val ue t o 
exi st i ng and new drugs by 
const r uct i ng speci al i zed 
mol ecul ar  si gnat ur es f or  t hei r  
use.   

Mol ecul ar  si gnat ur es wi l l  

si gni f i cant l y and posi t i vel y i mpact  
t he r i sk management  model for the
pharmaceuticalcompaniesby moving from
an ñallor nothingòñblockbusterdrugò

r i sk model  t o a saf er  subpopul at i on-
based r i sk management  model .

Bet t er  Ri sk 

Management

Smal l er  

Toxi ci t y

Smal l er  

Devel opment

Cost s

Increase

Chances of

CT Success

Drug

Resurrect i on

Pat ent

Prot ect i on

Bi omarker

Di scovery

Improved

Ef f ect i veness

New Drug

Di scovery

Compet i t i ve

Advant age



Recent developments: FDA
ÅñThe Critical Path to New Medical Productsò

(identifies pharmacogenomics as crucial to advancing 

Medical product development and personalized medicine), 

ÅñDraft Guidance on Pharmacogenetic Tests and Genetic 

Tests for Heritable Markersò

ÅñGuidance for Industry: Pharmacogenomic Data Submissionsò

Åidentifies 3 main goals (dose, ADEs, responders)

ÅIVDMIA

Åencourages ñfault-freeò sharing of pharmacogenomic data

Åseparates ñprobableò from ñvalidò biomarkers

Åfocuses on genomics (and not other omics)



Key ingredients for developing a 

molecular signature

Wel l - def i ned 

cl i ni cal  probl em &

access t o pat i ent s 

Hi gh- t hroughput  

assays

Comput at i onal  &

Bi ost at i st i cal  

Anal ysi s

Molecular Signature



Challenges in Computational Analysis of omics 

data for development of molecular signatures

ÅRelatively easy to develop a predictive model + even 

easier to believe that a model is good when it is not Č

false sense of security

ÅSeveral problems exist: some theoretical and some 

practical

ÅOmics 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

Data Analytics 

of 

Molecular 

Signatures

Rashomon effect/

Marker multiplicity

Instability

Assay validity/

reproducibility

Many variables, 

small sample,

noise, artifacts

Is there 

predictive signal?

Causality vs predictiveness/

Biological Significance

Efficiency: Statistical/

Computational

Methods Development:

Re-inventing the wheel &

specialization

Research Designs

Epistasis

Protocols/Guidelines Editorializing/

Over-simplifying/

Sensationalism

Performance:

Predictivity, 

compactness



Focus of present talk

Rashomon effect/

Marker multiplicity

Instability

Assay validity/

reproducibility

Many variables, 

small sample,

noise, artifacts

Is there 

predictive signal?

Causality vs predictiveness/

Biological Significance

Efficiency: Statistical/

Computational

Methods Development:

Re-inventing the wheel &

specialization

Research Designs

Epistasis

Protocols/Guidelines Editorializing/

Over-simplifying/

Sensationalism

Data Analytics 

of 

Molecular 

Signatures

Performance:

Predictivity, 

compactness



ï Signature compression without loss of predictivity

ïDissecting multiplicity  

ïCausal interpretability   

ï Understanding causes and ramifications of signature and marker 

instability  

ïBenchmarking, analysis, ñforensic statisticsò  

ïGuidelines  

ï Automated data analysis protocols & software  



Signature compression

ÅIt 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.)

ÅImportance: 

ïreduced costs, 

ïpractical feasibility in a clinical setting,

ïavoidance of overfitting



Algorithms to ensure maximum 

predictivity and compactness
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Parsimony of marker sets (averaged over multiple 

human cancer datasets and tasks). Our biomarker 

selection method HITONgp and its variants select as 

few as 7 markers on the average, i.e., one to two 

orders of magnitude fewer markers than other 

methods.  

Role of chance associations in predictive 

quality of markers (averaged over multiple 

human cancer datasets and tasks). Total height 

of bar=Average classification performance 

(measured as area under the ROC curve) of SVM 

classifiers built from marker sets identified by all 

algorithms in the study averaged over all 

predictive tasks and datasets. Black part of bar= 

classification performance achieved with the 

same number of randomly selected markers. The 

difference between the total and the black heights 

measures the classification performance not 

due to random chance, and is very small for 

most methods with the notable exception of 

our proprietary local causal methods (outlined 

by red dotted rectangle) and to lesser degree by 

SVM- based methods.

Using Causal Graph techniques for predictivity & 

compactness



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 ñOtherò. Bolded p-values are 

statistically significant at 5% 

alpha. 



ï Signature compression without loss of predictivity

ïDissecting multiplicity  

ïCausal interpretability   

ï Understanding causes and ramifications of signature and marker 

instability  

ïBenchmarking, analysis, ñforensic statisticsò  

ïGuidelines  

ï Automated data analysis protocols & software  



Algorithms to dissect marker 

multiplicity

Å



TIE* Signatures in Comparison with TIE* Signatures in Comparison with 

Other SignaturesOther Signatures
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Multiple s ignatures output by T IE * 
have optimal predictivity & low 
variance

Multiple s ignatures output by other 
methods have sub-optimal 
predictivity & high variance

Multiple s ignatures output by T IE * 
have optimal predictivity & low 
variance

Multiple s ignatures output by other 
methods have sub-optimal 
predictivity & high variance

E ach dot in the plot corresponds to a 
s ignature (computational model) of the 
outcome: E .g., Outcome(x)=S ign(wĀx+b), 
where x, w m, b , m is  the number 
of genes in the s ignature.



TIE* Signatures are Reproducible, TIE* Signatures are Reproducible, 

Other Signatures are OverfittedOther Signatures are Overfitted
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Classification performance (AUC) in the validation dataset

Scale:
0.01AUC

·TIE * has no 
overfitting on 
average over all 
s ignatures and 
datasets

·Other methods 
overfit by 0.02-
0.03 AUC  on 
average, besides 
having suboptimal 
predictivityΧ



ï Signature compression without loss of predictivity

ïDissecting multiplicity  

ïCausal interpretability   

ï Understanding causes and ramifications of signature and marker 

instability  

ïBenchmarking, analysis, ñforensic statisticsò  

ïGuidelines  

ï Automated data analysis protocols & software  



Causal interpretability

ÅResults are causally interpretable if selected 

genes/proteins are in close causal proximity 

(e.g., upstream or downstream) with target 

phenotype

ÅImportance:

ïUseful for biomedical discovery (e.g., suggests new 

drug targets)

ïUseful for predictivity (i.e., signatures less sensitive to 

distribution shifts)



Visual demonstration of Causal Graph approach  

for signature causal interpretability


