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Biomarkers

Functional & interactome-based analysis

The problem — machine learning techniques
generate Intractable classifiers

MAQCII — many classifiers = many
(different) genes = an opportunity to probe
biology

Functional analysis of MAQCII signatures
Pathways as robust classifiers
Conclusions



’"gn'ej Desirable Characteristics of Biomarkers
Y

One of toxicology’s Holy Grails remains finding tra nslational and safety
biomarkers that can predict and explain____ toxicity in preclinical in vitro and in
vivo models and anticipate or detect damage earlierin h __uman trials .

Pharma has shown a reluctance to adopt new biomarker s in drug safety
citing the lack of sufficient data on correlation w ith adverse effects

Accuracy

Mechanism

Robustness

Source: MAQCII Consortium guidelines, FDA, April 20 07



@@ Functional Analysis

Biological Units Functional Units

Genes Gene function

*Microarray data GO

-Biomarkers/Gene signatures ‘

*SNPs Protein function

*Mutations *Enzymes

Amplifications ... o sTranscription factors
Statistics | *Receptors...

Proteins *Hypergeometric

*Proteomic data *GSEA... Pathology Association

PTM *Diseases
*Biochemical assays... *Toxicity

Metabolites ‘ Biological Pathways

*Metabolomic data *Signaling pathways

*Biomarkers... *Metabolic Pathways
*Disease pathways
*Toxicity pathways




@@ Biological Pathways from Functional Interaction Net works

Interaction = “Edge” (>1,000,000) Known multi-step functional network
= “Canonical Pathway” or “Noodle”

#Edges = “Degree” (Ave. 6) (~120,000)

nofibrate

PPAR-alpha



Canonical Pathway Map — A Collection of Interrelated

Noodles

Regulation of lipid metabolism_PPAR regulation of lipid metabolism
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Gene Signatures

Problems:
- Difficult to reproduce between platforms and experi ments
- Poor linkage of signature genes to function

-Can’t explain biology/mechanism

Gene signatures
- Supervised machine learning
- SVM
- SPLP
- Neural net...
- Class discrimination
- <100 genes

—

Multiple experiments anchored to
toxicity, disease or pharmacological
endpoints

Recognize pattern
Predict or diagnose outcome

New compounds, unknown phenotype



QD Gene Signatures Usually Don’t Make Biological Sense

35-gene predictive renal tubule injury signature, F  ielden et al: Direct Interaction network

Y

Grik4
o X
Cathepsin V NGFR(TNFRSF16)
KC.NQ3
L 2
FADS?2 p21
M'I.'H FR 1
HSPB7

35 probe signature, SPLP, 21 EST 's, 8 probes map to GeneGo network objects

Source: Fielden MR, Eynon BP, Natsoulis G, Jarnagin K, Banas D, Kolaja KL. A gene
expression signature that predicts the future onset of drug-induced renal tubular
toxicity. Toxicol Pathol. 2005;33(6):675-83



@@ Gene Signatures Usually Don’t Make Biological Sense

35-gene predictive renal tubule injury signature, F  ielden et al: Auto Expand Network

Source: Fielden MR, Eynon BP, Natsoulis G, Jarnagin K, Banas D, Kolaja KL. A gene
expression signature that predicts the future onset of drug-induced renal tubular
toxicity. Toxicol Pathol. 2005;33(6):675-83



« MAQC (microarray quality control)
* FDA, 6 other institutions
« 5 microarray platforms, performance evaluation and comparison

* FDA “best practices” guidelines for RNA isolation pr ocedures,
normalization, statistical analysis

* 6 articles in Nature Biotechnology, 2006

« MAQC II
o Statistical models for best gene descriptors (gene signatures)

» 13 end points on 6 datasets (toxicity, breast cance  r, multiple myeloma,
neuroblastoma)

 FDA and 36 analysis teams (SAS, Yale, Cornell, GSK, GH, GeneGo etc.)
» Models evaluated by 5 parameters in blind validatio  n tests

11 papers published in August 2010 in  Nature Biotechnology and The
Pharmacogenomics Journal - functional analysis, batch effect, cross-
platform, cross-tissue etc.



6 datasets comprising 13 endpoints (toxicity and di sease phenotypes)
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30 Analysis teams; 268 signatures (gene lists); 13

'

Enrichment in ontologies Interactome

non-redundant “unions” of signatures

Networks



Lung Carcinogenesis (A)

Many “effector” proteins
(enzymes, xenobiotic detoxification)

Breast Cancer Treatment Response (D)

Higher representation of
transcription factors



Lung Carcinogenesis (A)

Breast Cancer Treatment Response (D)

NET[E] P-value Name P-value

GeneGo Pathway Maps

GeneGo Pathway Maps

NRF2 regulation of oxidative stress response

4.86E-10

Cell adhesion PLAU signaling

2.39E-06

Glutathione metabolism

1.16E-07

Cell adhesion ECM remodeling

1.75E-05

CAR-mediated direct regulation of xenobiotic metabolizing enzymes / H

1.24E-06

Development Membrane-bound ESR1: interaction with growth factors s

5.06E-05

Acetaminophen metabolism 4.13E-06] |Signal transduction PTEN pathway 8.58E-05
Benzo[a]pyrene metabolism 3.25E-05] [Immune response _Oncostatin M signaling via JAK-Stat in mouse cells| 1.65E-04
GO Processes GO Processes

glutathione transferase activity 4.11E-08] |response to hormone stimulus 3.05E-12
glutathione binding 3.97E-06] |response to estrogen stimulus 1.59E-11
transferase activity, transferring alkyl or aryl (other than methyl) groups | 2.03E-05] |response to endogenous stimulus 9.15E-11
oxidoreductase activity 6.60E-05] [response to steroid hormone stimulus 5.38E-10
aldehyde oxidase activity 1.84E-04| |anatomical structure development 1.34E-09
GeneGo Biological Processes GeneGo Biological Processes

Response to hypoxia and oxidative stress 3.29E-05| [Signal transduction ESR1-membrane pathway 3.60E-07
Cell adhesion Cadherins 3.82E-03] |Reproduction Progesterone signaling 1.26E-06
Development Ossification and bone remodeling 4.81E-03] |Cell cycle G1-S Growth factor regulation 2.82E-05
Signal Transduction _Cholecystokinin signaling 9.68E-03] [Cell cycle Core 4.53E-05
Development Neurogenesis in general 1.37E-02| |Development Hedgehog signaling Kaznacheev 2.58E-04
GeneGo Disease Biomarkers GeneGo Disease Biomarkers

Foreign Bodies 5.66E-06| |[Neoplastic Processes 7.49E-09
Dermatitis, Irritant 1.11E-05| | Thyroid Neoplasms 1.05E-08
Glomerulonephritis, Membranoproliferative 1.11E-05| [Neoplasm Metastasis 2.04E-08
Glomerulonephritis, Membranous 3.24E-05] [Brain Neoplasms 2.61E-08
Lung Neoplasms 3.35E-05| [Adenocarcinoma 6.60E-08

Xenobiotic metabolism, oxidative
stress response, lung cancer

Cell cycle, matrix remodeling,
hormone response, cancer




Av. # interactions per gene (Degree)

Breast Cancer ER Status (E)

AT

Multiple Myeloma Patient Gender (H)
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GeneGo Diseases (by biomarkers) GeneGo Diseases (by biomarkers)

Name P-value
Turner Syndrome 4.14E-06 Sex Differentiation Disorders 7.96E-08
Urologic and Male Genital Diseases 1.15E-05 Retinal Diseases 8.12E-07
Mesothelioma 3.16E-05 Turner Syndrome 1.09E-06
azoospermia 3.39E-05 azoospermia 6.37E-06
Gonadal Dysgenesis 3.39E-05 Neisseriaceae Infections 6.37E-06




Lung Carcinogenesis (A)
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Gene symbol Protein name Function Frequency in unions  Endpoi

Large 60S subunit Large 60S subunit complex Protein 10 A,C,EFG,IJK
Small 40S subunit Small 40S subunit complex Protein 9 A C,F,GHIJL
eEF1Al Elongation factor 1-alpha 1 Generic binding protein V4 ACDFGIM
19G1 Immunoglobulin G1 complex Ligand 6 D,EF G H,I
IgAl Immunoglobulin A1 complex Ligand 6 D,EF G, H,I
CENP-A Histone H3-like centromeric protein A [Generic binding protein 5 D,FG,JK

9G4 Immunoglobulin G4 complex Ligand 5 D, EF, G,I

19G2 Immunoglobulin G2 complex Ligand 5 D, EF, G,I

19G3 Immunoglobulin G3 complex Ligand 5 D,E,FG,I

IgA2 Immunoglobulin A2 complex Ligand 5 D,E,F G,I

IgD Immunoglobulin D complex Ligand 5 D, EFG,I

IgE Immunoglobulin E complex Ligand 5 D,EFG,I

IgM Immunoglobulin M complex Ligand 5 D,EFG,I

IGKC Ig kappa chain C region Ligand 5 D, EFG,I
ROBOT Roundabout homolog 1 precursor Receptor 5 E.F, G, I, L
Myomegalin Myomegalin Generec binding protein 5 F.I,J, KM
Netrin-2 Netrin-2-like protein precursor Ligand 5 D, EFG,I
Ribonucleotide reductase |Ribonucleotide reductase Generic enzyme 5 C,D,E, G K

Cancer endpoint classification commonly identifies

immune response genes




Lung Carcinogenesis (A)

_ Pathway Enrichment
Gene Intersections

Kappas statistic (z-score) used as a measure of cong  ruency



Gene
Intersection
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SeqMap Mapping

Average Cross-Platform Consistencey (T-Index)

Nearest Centroid 0.81
K-Nearest Neighbor 0.82
Decision Forest 0.89
GG Pathways 0.90
Nearest Centroid 0.83
K-Nearest Neighbor 0.83
Decision Forest 0.87
GG Pathways 0.90




Meta analysis of multiple, independently-derived gene signatures can be used to
qguery the biological relevance of classifying genes

— MAQCII provided an ideal dataset
— Comprehensive analysis requires a variety of systems biology tools

Signature unions are more strongly associated with functional categories than
individual signatures

— Classifiers identify different components of these functions but overlap at the
functional level

Signature gene function reflects the phenotype being classified

Similarity between independently-derived classifiers for a given endpoint is
correlated with the average accuracy of the classifications

— Signature congruency reflects the amenability of the endpoint to gene expression-
based classification

Function can be “built-in” to classification using pathway based signatures
— Robust
— Platform independent

— Microarray signatures can potentially be translated to other higher-throughput, lower
cost technologies for clinical application
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