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COLLABORATIVE DRUG DISCOVERY Home Features News & Events

Streamline drug discovery
with CDD’s collaborative,
web-based software.

CDD Vault is a web application for intelligent data
management and secure collaboration. CDD
makes drug discovery easier and more efficient
for thousands of industry and academic scientists
around the world.

Learn more = Sign up now

Simple and secure data management

Securely store and easily mine experimental data, including bioassays and
chemical structures, in a private data vault that CDD hosts for your group.

@ Log into CDD Vault

Sign Up
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Easily run R, Python, and Matlab code in the cloud.

Automatic version control and collaboration for data, code, and results.

cing Sense Enterprise  Research Computing AboutUs

A Collaborative Cloud Pi. .rm*c ite  ler~e and Big Data Analytics

Collaborate on, scale, and deploy data analysis and «Jvar 4naly’ acts y fast~r Use the most powerful tools —
R, Python, JavaScript, Redshift, Hive, Impala, Haa p, & V4 arged ar ...cegrated in the cloud.

CLOUD SUPERCOMPUTING HPC MANAGED SERVICES APPLICATIONS BLOG ABOUT NIMBIX

Next-Gen Bioinformatics

Learn More >
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New cloud solution for externalized life science research and .
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COLLABORATIVE DRUG DISCOVERY

development redefines collaboration and creativity

San Diego, CA, Feb. 6, 2014 / PRNewswire / — Act nc. :NA‘?DAO

E ACCL), a leading provider of scientific innovation lifecy

CDD Vault e,

Finally, a modern approach to drug research informatics

CDD Vault is a hosted biological and chemical database
Science

that securely manages your private and external data.
Accomplish more wrth an intuitive solution designed by scientists.

Transform Scientific
Collaboration

Transform the way you run your externalized R&D project: multiple

collaborators, single platform, one conversation.

Empower your virtual teams with a new generation of integrated,
cloud-based applications built on a world-class scientific platform.
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Google Flu Trends: The Limi

By STEVE LOHR MARCH 28, 2014, 7:00 AM

BloombergBusinessweek
Technology

Economics Industries Finance Design
Analy‘ncs tips to manage, maintain

and mobilize your
Big Data.
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How Big Data Helped Cut Emergency Room
Visits by 10 Percent

By Karen Weise ™ | March 25, 2014
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e not only wildly overestimated the
Il the United States in the 2012-13 flu season=
s — but has also consistently overshot ir
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New data science institute to help scholars harness ‘big
data’

By Robert Sanders, Media Relations | Movember 13, 2013

NEWS JOURNAYS & MORE MEMBERSHIP

PROGRAMS GIVING ABOUT SEARCH Q

View More Events >

Big Data, Life Sciences, and National Security

BERKELEY — In a world awash in data, UC Berkeley is meeting the flood head-on by establishing a new institute to
support faculty, researchers and students in their efforts to mine this information in areas as diverse as astronomy and
economics, genetics and demography.
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Substrate Metabolic Pathway Ky apparent)
Antipyrine 4-Hydroxylation 17.7 mM
Benzphetamine N-Demethylation 93.4 pM
Benzyloxyresorufin N-Demethylation 1.28 uM
Cinnarizine p-Hydroxylation 17.2 uM
4-Chloromethyl-7-ethoxycoumarin O-Deethylation 33.7 uM

HNF-4a &=

3-Cyano-T-ethoxycoumarin 0-Deethylation 71.3 pM
Dextromethorphan N-Demethylation 350 pM
Diazepam N-Demethylation 113 uM
1,2-dibromoethane 2-Bromoacetaldehyde formation 9.7 mM
T-ethoxycoumarin 0-Deethylation 115 pM
7-Ethoxy-4-trifluoromethylcoumarin O-Deethylation 1.7 uM

N-Demethylation 383 uM
Midazolam 1'-Hydroxylation 46.1 pM
RPT73401 Ring hydroxylation 22.5 pM
S-Mephenytoin N-Demethylation 564 uM
Testosterone

163-Hydroxylation 50.5 pM
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Drug Discovery Archeology

Still a heavy emphasis on
“testing” “doing “ rather
than ‘learning’

Mining data and historic
data will increase in value

Data becomes a
repurposing opportunity
How do we position
databases for this?

What about neglected
diseases?




WHAT YEU sXOULE RROW RADOUY

PREVENT DISEASE

Multi drug resistance in
4.3% of cases

Extensively drug resistant
increasing incidence

one new drug
(bedaquiline) in 40 yrs

streptomycin (1943)
para-aminosalicyclic acid (1949)
iIsoniazid (1952)

pyrazinamide (1954)
cycloserine (1955)

) ethambutol (1962)

SPITTING, ?il\l::ci.‘lli'|l\?:S\l.l/t\u. rifampicin (1967)

SPREAD INFLUENZA
and TUBERCULOSIS

+
|
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Tuberculosis kills 1.6-1.7m/yr (~1 every
8 seconds)

1/3' of worlds population infected!!!!
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Tuberculosis
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Global funding of innovation for neglected diseases (%)
Ponder et al., Pharm Res 31: 271-277, 2014
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Freundlich L:,Jbr atory Collaborations Rely on CDD for Data Tracking!

Discovery
Compound
Evolution

ical Probe ’ entification.
olution alidation

e Three collaborations within Rutgers—NJMS

¢ Collaboration with Johns Hopkins, SRI, and CDD |

~f{ - __ Can we better understand
" the fundamental biology

® CO I I d bO rat i (0] 9] Wit h .l (0] h ns H (0] p ki ns l ‘ » 7 7 the discovery of novel

drug therapies?

I Supported by /7 . highlighting the development of computational
° CO"aboratlon Wlth CDD 7 Active NIH Grant — - and chemical fools for chemical probe and drug

discove

of M. tuberculosis to seed
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Godbole et al., Biochem Biophys Res Comm 2014, in press

More Medicines for Tuberculosis (MM4TB)




Fishing: Example of mimic strategy for bioB Rv1589
Biotin biosynthesis

i dethiobiotin
Take substrate H S

and generate 3D
conformers and
build a
pharmacophore

Use the.

pharmacophore
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Sarker et al., Pharrﬁ Res 2012, 29:2115-27



Over 5 years analyzed in vitro data and built models

High-throughput Mtb screening

phenotypic o Bayesian Machine Learning classification Mtb Model

Mtb screening database/s

S Descriptors + Bioactivity (+Cytotoxicity)

P(d|h)P(h)
P(d)

p(h|d)=

Molecule Database
(e.g. GSK malaria
actives)
virtually scored
using Bayesian Models

Top scoring molecules

Ekins et al., Pharm Res 31: 414-435, 2014 assaye(_j fc_)r_ .
Ekins, et al., Tuberculosis 94; 162-169, 2014 Mtb growth inhibition
Ekins, et al., PLOSONE 8; €63240, 2013

Ekins, et al., Chem Biol 20: 370-378, 2013

Ekins, et al., JCIM, 53: 3054-3063, 2013

Ekins and Freundlich, Pharm Res, 28, 1859-1869, 2011
Ekins et al., Mol BioSyst, 6: 840-851, 2010

Ekins, et al., Mol. Biosyst. 6, 2316-2324, 2010,

New bioactivity data
may enhance models

Identify in vitro hits and test models

a0 100

3 x published prspectiv tests >20% hit rate
Multiple retrospective tests 3-10 fold enrichment



A summary of some of the numbers involved — filtering for
hits.

>250,000 molecules screened through Bayesian models
~750 molecules were tested in vitro

198 actives were identified

>20 % hit rate

ldentified several novel potent hit series with good

cytotoxicity & selectivity ldentified known human kinase
Inhibitors and FDA approved drugs as hits

Ekins et al., PLOSONE 2013 May 7;8(5):63240;
Ekins et al.,Chem Biol 20, 370-378, 2013
Ekins et al., Tuberculosis 94: 162-169
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TCMDC-125802 (pg/mL)

m

—

—&— Untreated
—&— 4 ug/mL TCMDC-125802
—*— 0.2 pg/mL INH

Bacillary CFU/mL
SN W h WO N D

compound18
| MIC = 0.25 mg/mL vs. "wild type"

in vivo activity = +++ w/ INH @ ++++ 14

Days Post-Treatment

Bruhin, H. et al., J. Pharm. Pharmac. 1969, 21, 423-433.
: Ekins et al.,Chem Biol 20, 370-378, 2013
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Big DatElM ing for New Tuberculosis Treatments

Nt II ttt fAII ergy a and Infe t
SOUTHERN RESEARCH #%BROAD
INSTITUTE

many will be
How do we learn from this big data?
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Take everything out of CDD public

* Run through TB Bayesian models
* Score
* Test

Most Frequent Nokecuke from HTNL Tabe
Fragmarts SNLES Vewer



e model studies from 1997 t
(2012).

Five-fold increase in the pul’lication of T
Franco, PLoS One 7, e




Billions of $ of your money spent on TB
but no database of mouse i rivodata!




Hunting for the 7n vivo data
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Building the mouse TB tdatahase

Manually curated, structures sketched Mobile Molecular
DataSheet (MMDS) iOS app or ChemDraw (Perkin Elmer)

Downloaded from www.chemspider.com

Combined with pertinent data fields
1 log,, reduction in Mtb colony-forming units (CFUs) in the lungs

Publically available CDD TB database (In process)



30 years with little TB mouse /i vivo data
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CEWEET

Support Vector Machine

Recursive partitioning (single and multiple trees)
Using Accelrys Discovery Studio and R.

RP Forest RP Single SVM Bayesian

Tree

ROC 5 fold cross validation

JCIM In Press 2014



| External Test set
|

11 additional active molecules obtained from 1953-2013"
‘ . . .

RP Forest RP Single SVM Bayesian

Tree

3/11  4/11 7/11  8/11

778 Selected: :+* Plot ¢ Export 5 Add to collection | [ Customize your report

hemical Properties

m in vivo data from i
ular weight (g/mol) ~ | Mouse model Treatme ctivity Activity Score
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A collaborative database and computational models for tuberculosis
drug discoveryt
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Enhancing Hit Identification in Mycobacterium
tuberculosis Drug Discovery Using Validated Dual-Event

Bayesian Models
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LT -

erprintsse :

‘_-

' deduplicated,
hashed

Sparse integers

Invented for Pipeline Pilot: public method, proprietary details

Often used with Bayesian models: many published papers

Built a new implementation: open source, Java, CDK
— stable: fingerprints don't change with each new toolkit release
— well defined: easy to document precise steps
— easy to port: already migrated to iOS (Objective-C) for TB Mobile app

Provides core basis. feature for CDD open SOl]Irce model service




Same datasets -

Versus publlshed data

Dataset

“In vivo data (773
molecules) FCFP_6
fingerprints

Combined model (5304

molecules) FCFP_6
fingerprints -

MLSMR dual event model
(2273 molecules) and
FCFP_6 fingerprints

Leave one' out Reference Leave one
ROC Published 1 -+ - ROC Open
: v fingerprints
0.77 - this stady 0.75
: | : T
0.71 ~ J Ghem Inf - 0.77
[ -, ~~_Model '
' 53:3054- !
s ST T .3068. -
0.86 " PLOSONE 0.83
: +*8:63240 |

Clark et alg,"sul:;mitteo.l 2014



Open fingerprints and bayesian method used in TB Mobile Vers.2

CDD,

COLLABORATIVE DRUG DISCOVERY

eee00 ROGERS & 12:15PM
H ald (Rv2780):

0.362169 i ;

HO™ N\/\© alr (Rv3423c): iTunes Preview Sl e s
0.142056
Rv1885¢: 0.068163 1 TB Mobile View More By This Developer

N ald (Rv2780): By Collaborative Drug Discovery
/ I\ 0.367381 Open iTunes to buy and download apps.
= [ alr (Rv34230): N
N 0.405582 I?es(rlptlon
\/\/\ ftsZ (Rv2150c): | 1 oo
o) 0.412138 =
dprE1 (Rv3790): &

Collaborative Drug Discovery Web Site» TB Mobile Support »

iPhone i iTunes Support a

Rv1885¢: 0.147751
ftsZ (Rv2150c): 0.0693469

What's New in Version 1.0.1
Minor bug fixes

Tuberculosis
Mobile

eee00 ROGERS &  12:15PM P - 4

Screenshots iPhone | iPad

y: Productivity

http //goo.gl/vPOKS

eeee0 ROGERS & 12:28 PM

@Lﬂ%r molecules ><

Images Maps Play YouTube News Gmail More - ekinssean@yahoo.com | [I§

> . 5
argets ./ [ o
/ .
[
MY MUSIC MY BOOKS MY MAGAZINES MY MOVIES & TV MY ANDROID APPS

H
o AN W_Jaid (Rv2780)

[_Jar (Rva423c)

[_JRvisssc

W Jsz (Rv21500)

T8 Mobile

Drugs with activity against tuberculosis

i W Jar (Rva423c)
W (Rv2780) TB Mobile TN 0
\/\/\ [_JdprE1 (RV3790) Collaborative Drug Discovery M y!dc O T
o -l g
noic aci |
[_JarpE2 (RV3791) yi ‘ Q
0 C
L 7
O\/o H ¥ L';h:h ‘7" DD
dfrA. Clotrimazole _]
Is onlazxd
[ Jrvisesc COLLABORATIVE DRUG DISCOVERY
\/ sz varsoc) =D N N
You don't have any devices.
Description R s
Users who viewed this also viewed M. Toveet,

TB Mobile makes available a set of molecules with activity against Mycobacterium

AirDrop
Share instantly with people nearby. If they
do not appear automatically, ask them to
open Control Center and turn on AirDrop.
..
4 &

http://goo.gl/iDJFR

Could we add in vivo prediction

e b veeto!  Reanoii mode's to th| S?
Cancel Ekins et al., ] Cheminform 5:13, 2013

B o't (Rv3809c)
mpc rvo1i220) @ Clark o al ciitbmittred 2014
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Future: How
can we tackle
more!

dlseases?
|

We could do this again for a different disease
Small data. Viousé Jn,,wvo model data
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papers in PubMed

«Malaria and mouse in vivo mode@ ~314.«
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Chagas
Disease

Reverse the mimic
approach to predict
targets of hits

Use pharmacophpores
for targets e.g. CYP51

cpd4

Use machine learning
models to identify novel
compounds
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The Rare Disease Parent Odyssey

) cure Iﬂ'l'ﬂre
o b

egse @mmunity for st & foundations ?

Wood J, Drug Disc Today, 18: 1043-1051, 2013



Future: how
do we
deliver data

Rare diseases inspired an App that
may be a new kind of database |
upload molecules byftweeting them-
1 tweet upload

- -

Take our data with us anywhere

Bring'data off the cloud into device

Advantages you get to analyze it in
the Cloud on a plane

The Solution Schematic

* government funding * academics publication

* pharma — ¢ startups
* charity o foundationsw

* * literature

Open Drug Discovery Teams

- . Twitter * blogs
#hashtags * open science
* content r /
aggregation — RSS
* research ‘B Feeds
communities - :
- ' http://goo.gl/XKabw

S.\ R-vpo Syndrome

GO« SIL Alerts r— __
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All at CDD and many others ...Funding: 1R41A1088893-01, 2R42A1088893-02, R43
LMO011152-01, 9R44TR000942-02, 1R41A1108003-01, MMATB, Software: Accelrys




