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Reasons for Declining Productivity

* Regulatory environment

* Increasing need to explore novel targets

» Easy targets have been exhausted.

* Increasing attrition rate for developing
drugs

* The intrinsically flawed reductionist
approach to drug development, i.e., the
need to identify a single drug target with
a single "magic bullet”...a timely
example follows.



Homocysteine Theory of
Atherothrombosis

* First proposed by McCully (Am.J.Path.
1969; 56:111)

* Evidence from over 30 studies
suggests that even mild-to-moderate
elevations of plasma homocysteine
confer a significant, independent risk for
atherothrombosis.

* Hyperhomocysteinemia found in 20-
40% of patients with vascular disease,
but in only 2% of unaffected individuals



Homocysteine Metabolism
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Vitamin Rx, Homocysteine, & CV Risk

HOPE-2 Trial
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Folate, B,,, and Homocysteine
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Biomedicine In Network Context
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Folate Metabolism
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Biomedicine In Network Context

Intermediary Metabolism
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Folate, B,,, and Homocysteine

- - - Increased Angiographic
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Disease Networks
and
|dentification of Drug Targets



Enhancing Productivity in Drug
Discovery

Can we move from
reductionism to systems-based
approaches in drug discovery?
The universe within which a
drug acts considered as a
complex networked biological
system....



Essential vs. Disease Genes In
Network Medicine

Disease genes are largely nonessential and do not encode hubs.

Interactome
Periphery |

Human genes
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--Barabasi, et al., Nat Revs Genet 2011:12:56-68



Network Modularity and Disease

Disease modules are topologically and functionally distinct network modules.

Topological module Functional module Disease module

O Topologically close genes (or products)
@ Functionally similar genes (or products)
@ Disease genes (or products)

—— Undirectional interactions

—— Directional interactions

--Barabasi, et al., Nat Revs Genet 2011:12:56-68



Disease Module Derivation

* |dentify disease phenotype of interest
(example--pulmonary arterial
hypertension).

» Ascertain disease network components.

» Construct disease network (i.e.,
determine the structural or functional
linkages among module components).

* |dentify disease module(s) within
network.



PAH Network Derivation
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Disease components derived from curated literature, or gene,
protein, or metabolite profiles.



PAH Network Derivation
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Metabolic Enzyme-coupled Interactions (MCIs), Kinase Network



PAH Network Derivation
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PAH Network Derivation
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PAH Network Derivation

PAH Network
(115 Nodes,
255 Edges,

Largest
Connected

Component =

82 Nodes)




Interactome-derived PAH Network
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MicroRNAs as Network Filters
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PAH Network Derivation
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MicroRNA Network Analysis in PAH:

--Parikh et al., Circulation 2012:125:1520-1532



MicroRNA Network Analysis in PAH

--Parikh et al., Circulation 2012:125:1520-1532



PAH and miR-21 Disease Module

MiR-21 serves as a negative regulator of pathogenic pulmonary vascular responses in PAH.
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--Parikh et al., Circulation 2012:125:1520-1532



PAH and miR-21 Disease Module:
Potential Drug Targets
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--Parikh et al., Circulation 2012:125:1520-1532



Disease Modules and Therapeutics

Drug targets are typically characterized in isolation from the disease module.

Topological module Functional module

arget
nction

Disease module

O Topologically close genes (or products)
@ Functionally similar genes (or products)
@ Disease genes (or products)

—— Undirectional interactions

—— Directional interactions

Drug Target

--Modified from Barabasi et al., Nat Revs Genet 2011:12:56-68



Target-based Screening

Facilitated by:

* Genomic datasets for target
identification

 Structural tools, including protein X-ray
crystallogaphy, NMR spectroscopy,
computational modeling

 Large real and virtual compound
libraries

* High-throughput screening
technologies



Disease Modules and Therapeutics

Drug targets are better characterized with regard to their effects on phenotype.

Topological module Functional module

Disease module

O Topologically close genes (or products)
@ Functionally similar genes (or products)
@ Disease genes (or products)

—— Undirectional interactions

—— Directional interactions

l’ Drug Target
Functional
Phenotype

--Modified from Barabasi et al., Nat Revs Genet 2011:12:56-68
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The Promise of Personalized
Medicine: Find the Target

Before Rx
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The Promise of Personalized
Medicine: Inhibit the Target

Before Rx Vemurafenib—15 wks

x

Oncogene

1 (Torgeted

I—! Kinase

: § | Inhibitar

Activated oncogenic |
pathway

BRAFMU!

Inhibition of
oncogenic pathway

--Wagle et al., J Clin Oncol 2011;29:3085-3096



http://jco.ascopubs.org.ezp-prod1.hul.harvard.edu/content/29/22/3085/F1.large.jpg

The Peril of Personalized Medicine
with Conventional Strategy
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Pathway Targeting: Combination Rx

Combination therapy: dabrafenib (BRAF inhibitor) & trametinib (MEK inhibitor)
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--Flaherty et al., NEJM 2012;367:1694-1703



Disease Modules and Therapeutics

Disease modules should be targeted with rational polypharmacy
for optimal effects on phenotype.

Topological module Functional module Disease module

l \

Drug Targets

O Topologically close genes (or products) _

@ Functionally similar genes (or products) Functional

@ Disease genes (or products) Phenotype
—— Undirectional interactions
—— Directional interactions

--Modified from Barabasi et al., Nat Revs Genet 2011:12:56-68




Drug Toxicities as Systems Response

Unrecognized drug targets lead to toxic phenotypes.

rug
arget

Topological module Functional module

Unrecognized
Drug Targets

O Topologically close genes (or products)
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@ Disease genes (or products) _
—— Undirectional interactions Toxic Phenotype

—>— Directional interactions

--Modified from Barabasi et al., Nat Revs Genet 2011:12:56-68



Drug Toxicities as Systems Response

Increased upstream species can yield toxic phenotypes.
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Drug Side-effect Predictions:
CETP Inhibitors

Structural similarity networks coupled with systems analysis of pathways can
be used to predict adverse effects of drugs.
Heli bunde e 1| CD1B like

RXR PPARa PPARE PPARy LXRa LXRB VDR

Lipid transport proteins Fatty acid binding proteins

RXR PPARa PPARG PPARy LXRa LXRE VDR

--Xie et al., PLoS Comp Biol 2009;5:€1000387



Systems-based Drug Discovery
Experimental Focus

Initial
Conditions

Network
Analysis

lterative
Refinement

Disease

Characterize
Disease Network

Perturb Network:
Characterize
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Control Nodes

--after Schadt
295: Barabasi

Drug

Characterize
Pharmacologic
Action

|dentify Emergent
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target,’
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, et al., Nature Rev Drug Disc 2009;8:286-
, et al., Nature Rev Genet 2011; 12:56-68



Quantitative (Patho)phenotypes
IN
Clinical Trials



Why Does Phenotype Screening
Continue to Surpass Target-based
Screening?

* The chosen target is wrong.

* The chosen target is reasonable, but
the networked architecture of the
system within which it functions Is
redundant, clustered, and adaptive.

* The phenotype Is imprecise.
« Combinations of the above



Why Does Phenotype Screening
Continue to Surpass Target-based
Screening?

* The chosen target is wrong.

* The chosen target is reasonable, but
the networked architecture of the
system within which it functions Is
redundant, clustered, and adaptive.

* The phenotype Is imprecise.
« Combinations of the above



National Research Councill
of the National Academies




Recommendation for New Disease
Taxonomy

“A new disease taxonomy should be
developed that would:

— describe and define diseases based on their
Intrinsic biology in addition to traditional physical
'signs and symptoms’;

— go beyond description and be directly linked to a
deeper understanding of disease mechanisms,
pathogenesis, and treatments; and

— be highly dynamic...continuously incorporating
newly emerging...information.”



Approaches to ‘Exquisite’
Phenotyping: Clinical Phenotypes

» Database of Genotypes and Phenotypes
(dbGaP)

 Phenome-wide Association Studies
(PheWas) (cf. Denny et al., Bioinformatics
2010;2605-1210)

* Electronic Medical Records and
Genomics (eMERGE)

* Repurposing Existing Clinical (trial) Data
Sets—Drug Trials-Systems Perturbations

(cf. Tatonettl et al., Sci Transl Med 2012;4:125ra31,
Campillos et al., Science 2008;321:263)



PheWAS

rs1333049 rs17234657
- wn-
S f denaaaannasensnssalaeiaianennenaneesleedsenaneseesesnseshssanaesnnsassessseseese B R R R R R e R R R R
Other noninfectious gastroenteritis
- *[Crohn's disease]
am- o
8 : : ® Concussion
0 . * Phlebitis and thrombophlebitis Autonomic nervous.syslem disorders . vor 4 e
Qs . o o schemlc heart disease | A . 2 * Other derﬂyelinaling. ségglc e dlspesse andl clihiosts
5 Thyrotoxi 05|s * Spondylosis VoilSiia the rdlsorders of intestine
" 2t 2® ypothyrmdusmd gﬂcerebral hemorrhagd, .Ankylosmgspondylms . :.Pneumoma & « *Vertebral fractures
______ et IR g et e O E et et O b B e it RS =
— £ % _» : ol o. 3 o o s - R :v? ‘i. s o 3“ %, o S
o ". . --s -, 38 o o ? e o 8 ® % Byt o %080 asle Ss e e
5 e . --..o '\ .-.. . . O:J.”’.o.'.o. .’,,..v\.'- .‘o.. ok a
ERES "\-v ) T . . SR N A Wi &
of *an s-.c‘).u.o e Tt ol iet. OOTRR- MR R AN R -
T T T T T T T T
0 200 400 600 800 1000 0 200 400 600 800 1000
rs6457620
- rs2200733
[To B
v— ............................................................. B T I I I T IR R
« [Bheumatoid arthritis] :
Rheumatoid arthritls Other congenital abnormalities
O -
8) ® Aplastic anemia
B * Pituitary gland disorders Anaphylactic shock
A Pancreatic cancer * Trigaminal ngrve disorders - o ® Adjustment reaction *Oth K di
. * Acquired hemolyt:-cwanemn S * Superficial cellulitis POI;onin Intestinal mfect,ong Prostate cancer « eChronic laryngitis Other back disorders
Herpes zoster 2 Alhe‘osclero g ° econdary malignant neoplas S
MOV X L LA AY o Si ss(:\](’—‘ﬂm'mes“"au“imi’"_ha_g‘i e Herpes 5'"‘9'9" « Neutrepenia and lewkopenia . Osteo‘;{%osgf T
° oo o . 4 —-—— — — = —— e —— e —— —
el @ . . - oo L 2 .o.. . i R = - o .. -..:“ . .o'.. -.. : ~“ = N
. . o s o o o P By . v o A XL » .ﬁ ’ .
°« ° :~:.’.......'. . ..' .0.:’ . g ': ..,. . " ‘n “ .. . :o
O % ‘5 }a-'# se e Gl L Rt Cidadt . 2% s o o
of +° 5 i .:.-.-6\ g o ::u-. 3 .?is ";., 'w. .o
T T T T T
0 200 600 800 1000 0 200 6 800 1000
'CDQ Code Group ICDQ Code Group
--Denny et al.,

Bioinformatics 2010;26:1205-1210



Approaches to ‘Exquisite’
Phenotyping: Other

* Imaging Data Sets & Machine
Learning

* Orthogonal Unbiased Information (UK
BioBank & Keystroke Data)

* Diagnostic and Drug Data Bases (cf.
Ponda et al., Circulation 2012;126:270-7)



Network Dynamics
and
Clinical Trial Design



Systems-based Clinical Trial Design

Dosing Protocols Initial Dose Patients

PK/PD INR

Outcomes

A. Original CoumaGen Trial Design

B. CoumaGen Simulation 1

C. CoumaGen Simulation 2

200 patients were recruited and
underwent randomization

and underwent randomization

PB0,000 clinical avatars were generated

200,000 clinical avatars were generated
and underwent randomization
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Y
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Y
Compute results of
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avatars and compute trial outcomes.
Repeat 1,000 times.

Randomly select 101 PGx and 99 STD
avatars and compute trial outcomes.
Repeat 1,000 times.
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--Fusaro et al., Circulation 2013:127:517-526



Systems-based Clinical Trial Design
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Systems-based Clinical Trial Design

Simulation
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Approach to Clinical Trial Design
I
Systems Pharmacology Era



Clinical Trial Design

Basic Trial Design Adaptive Trial Design
(a) - (b)
Enrallrment critaria | —— |
Randomize Randomiza
Treatment A Troatmart B fassiiie i
(contml Rx) (teat Rx)

Final secetainment of
primary sndpoint

i

Final ascertainmant of
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--Antman et al., WIREs Syst Biol Med 2012;10.1002



Developing New Biomarkers and
Patient Reported Outcomes
Measures (PROs)

« C-Path Institute (nonprofit): new biomarkers for
drug-induced (renal) injury (data produced by a
consortium); FDA and EMA accepted,;
undergoing clinical evaluation

« PROMIS (NIH PRO effort)
« C-Path Institute: PROs for specific diseases



Systems Pharmacology:
Visualizing Therapeutic Actions
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Summary

There are major problems with current drug
development paradigms.

Systems biology and network science provide
useful approaches to identifying drug targets
and rational combinations of targets.

Clinical phenotyping must become more precise
and more discriminating for optimal identification
of effective therapies.

The clinical research enterprise and the drug
approval process must be transformed pari
passu.
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