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Drug Repositioning Screen

Experimental Methods

Typical Experiment screening A Transcriptome matching, cell

Black box |

(mostly Irrational)
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Active Ligand

based models
A Phenotypic screening

A Protein-protein interaction
assays

ADrug annotation technologies
A Gene activity mapping
A In-vivo animal models
A Observational studies

A Experimental medicine (case
based studies)



Cons of Experiment Screening

Experimentally testing drugs against all targetsis
extremely expensive, and technically not achievable

Evenaf t er f i1 ndi ng m@ecliamamtoftactionh e
must still be revealed and tested

Not every drug is available commercially, If available, is
expensive from the branded company

Setup an assayfrom scratch Is a daunting task , even
after setup, not guarantee FDA drugs are going to work

The financial cost per assay run, and, maintaining the
target immobilization may alter binding site properties

The amount of potential druggable targetsis
exponentially increasing, creating the vast possible drug-
target interactions space explore with expt. is a challenge.
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Drug Repositioning Screen k2

In -Silico Methods

Computer Based screening Target based
(Rational) Protein binding site based similarity

Protein-Ligand Docking Simulations

Chemical centric
Physico-chemical properties
Chemical similarity

Shape similarity

Other methods

Drug odiseaserelationships,

Drug reqgulated gene expression,
Side effect profile,

Refive:Eagad Literature Mining of small-
molecules

Not| Black box




Drug Repositioning Screen

Docking = virtual screening gold standard

Structure based

fit ligands into t heorusehemology mgdelo mi ¢

structure of the protein
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Docking, MD simulations
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Drug Repositioning Screen

Virtual Screening Performance (existing computer

screening methods)

Poor correlation of K; values with docking
score ,335holo protein structures)
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NaiemT, Oakland P, Byers akshanamurthys. Comb. Chem. & High Thro. Scr. 2015 (Most accessed article))

Poor correlation of IC ¢, values with docking
score @,335holo protein structures)
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Challenges to Virtual Screening

Alnadequate treatment of s olvent effect: Solvent water
and counter ions are neededto treat proper volume,
change shape of the binding site, bridging interaction

A Conformational change andentropy not included

A Good affinity prediction not necessarily leads to correct
biological binding mode

A Inadequate treatment of protein (and drug)
dynamicity I.e. docking treat protein as rigid

A All these factors contribute to high false positives and
false negatives in virtual screening
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Drug Repositioning Screen

Given low hit rate,

Need a New Comprehensive Method?

o TMFS method using Proteo-chemometric approach
combines ligand and protein centric to predict high hit

rate.

o TMFS method is combined to systems medicine, patient
survival data with gene expressionsto predict mechanism
of action and make drug-disease relationships for new
therapeutics (standalone or combination)

1. Sivanesan Dakshanamurthy et al . J . Me d . Chem. 2012, 55, 6832

2.NaiemT, Oakland P, Byers S, Dakshanamurthy S. Comb. Chem. & High Thro. Scr. 2015 (Most accessgd article
3. Assefniaet al.Cadherinll in poor prognosis malignancies and rheumatoid arthritis: common target, common th€apaarget 2014 Mar

30;5(6):145874.
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TMFS Method E

Train:  Train the drugs -> Ref. ligands,
proteins (topology, properties), expt.
data

Match: Match their topology, properties

Fit: Fit the data with expt. Data, and
Integrate it with systems medicine pipeline

Streamline: Streamline the hits using the TMFS score

1. Sivanesan Dakshanamurthy et al . J . Me d . Chem. 2012, 55, 6832
2.NaiemT, Oakland P, Byers S, Dakshanamurthy S. Comb. Chem. & High Thro. Scr. 2015 (Most accessgd article

3. Assefniaet al.Cadherinll in poor prognosis malignancies and rheumatoid arthritis: common target, common th€apaarget 2014 Mar
30;5(6):145874.



TMFES Method Algorithm

0Z0 score rank ordered viz. top
each drug

Z= MY(Sp,5|)+§. [Wif(Sp,5|)+'/'/i+1f($c,5|)]+é':!l Xn(S¢:5,)+CS(OLIC)

1\ i=1 1‘ 1‘ n=1 1‘ 1‘

normalized Ligand- Protein

docking score normalized Euclidean Ligand based Ligand topology _
distance scoreg descriptor score descriptor score contact points
protein pocket, FDA Ligand shapephysice  surface properties ~ SCOr€
drugs, Ref. native chemical properties  of FDA drugs, Ref.
ligands of FDA drugs, Ref. native ligands

native ligands
CS (OLIC) = S (GR)ES (OLIQ)

t t

contact point score Contact point score
of FDA drugs of reference ligands

1. Sivanesan Dakshanamurthy et al . J . Me d . Chem. 2012, 55, 6832
2.NaiemT, Oakland P, Byers S, Dakshanamurthy S. Comb. Chem. & High Thro. Scr. 2015 (Most accessgd article
3. Assefniaet al.Cadherinll in poor prognosis malignancies and rheumatoid arthritis: common target, common th€apaarget 2014 Mar

30;5(6):145874.



TMES Method Algorithm

Target-Centric Module Drug-Centric Module
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RePurposeVS Z-rank score
Example: Sutent (Sunitinib ) -> predicted alternate targets

PDB ID Docking Score AccpHB ClogP DonorHB Electron Affinity Globularity # Rot. Bonds SASA Volume Ligand Shape Pocket Shape Z-Rank Score
2HY8 0.672449808  0.9453 1 0.9444 0.9999 0.9919 1 0.9999 0.9996 0.768584 0.761536 _ 13.631
1YV 0.875028394 1 1 0.9989 0.9999 0.9998 1 0.9995 0.9988 0775387  0.760643
3FQS 0.522309750  0.8682 0.95 0.9965 0.9719 1 0.95 0.991 0.9978 0.819295 0680066  12.8314
2VWV 0.442048898  0.9933 1 1 0.9927 1 1 0.9738 0.9726 0.827829 0.685366  12.727
1ROP 0.822706452  0.9948 1 1 0.9998 0.9952 1 0.9988 0.9986 0.83525 0.77387 14.4963
3EQF 0.821345165  0.9948 1 0.9965 0.9943 0.9952 1 0.9961 0.9982 0.787755 0.797516  14.431
2vTaQ 0.537657029  0.9925 0.95 0.9998 0.9759 0.9872 0.95 0.9955 0.9999 0.783797 0770382  13.1098
2VU3 0562129482 1 1 0.9996 0.9835 0.9808 1 0.9706 0.9733 0.797526 0.758176  13.2677
2RKU 0.46518681  0.9928 0.9875 0.9988 0.8716 0.999 0.9875 0.9552 0.9678 0.74663 0.751712  12.6176
1AQ1 0.885652795 1 1 0.9978 0.9971 1 1 0.9999 0.9998 0.767904 0.746055 14.5651
1BYG 0.697023234 1 1 0.9994 0.991 1 1 0.9981 0.9999 0.822882 0.698677  13.8196
10KY 0.863962184 1 1 0.9998 0.9924 1 1 0.9973 0.9995 0.774026 0.763875 14.5207
1Q3D 0.73634797 1 1 0.9991 1 1 1 0.9994 0.999 0.761905 0.677498  13.8217
1QPD 0.816816505 1 1 0.9985 0.9946 1 1 0.9985 0.9998 0.787755 0749288  14.3328
15M2 0.830555037 1 1 0.9996 0.9991 1 1 0.9999 1 0.76141 0.763237  14.3701
1U59 0.865553676 1 1 0.9996 1 1 1 0.9991 0.9983 0.735931 0.714668  14.3604
1XBC 0.893880093 1 1 0.9999 0.9836 1 1 0.996 0.9998 0.817378 0.7384 14.6664
1XJD 0.86133885  0.9986 1 0.9942 0.9987 1 1 0.9966 0.9965 0.778912 0.748139  14.4841
1YHS 0.773450912 1 1 1 0.9995 1 1 0.9999 0.9995 0.761472 0.731255 14.0782
2BUI 0.466999409 1 1 0.9992 0.9856 1 1 0.9944 0.9988 0.780519 0710628  12.8283
2DQ7 0.722714629 1 1 1 0.9867 1 1 0.9963 0.9997 0.828881 0.734913 14.0011
2HW7 0.822767946 1 1 0.9996 0.9971 1 1 0.9993 0.9999 0.804515 0.754264  14.4045
2NRY 0.901679547 1 1 0.9993 0.9933 1 1 0.998 0.9997 0.838033 0.748565 14.7702
20IC 0.878598722 1 1 0.9998 0.9878 1 1 0.9955 0.9991 0.773346 0.743589  14.5305
277R 0.779119528 1 1 0.9978 0.9999 1 1 0.9998 0.9994 0.756895 0.715179  14.0575
3A40 0.72635619  0.9979 1 0.9993 0.9995 1 1 0.9999 1 0.820779 0.690044  13.9237
3A60 0.786378855 1 1 0.9977 0.9997 1 1 0.9986 0.9985 0.750897 0.754008  14.1498
3A62 0.81615076 1 1 0.9988 0.9999 1 1 0.9992 0.9989 0.741868 0.699613 14.1444
3BKB 0.856501308 1 1 0.9999 0.9968 1 1 0.999 0.9999 0.746815 0793008  14.5013
3FME 0.88065962 1 1 1 0.9881 1 1 0.996 0.9991 0.796475 0775996  14.6508
1PKD 0.811851111  0.9479 0.95 0.9982 0.9839 0.9967 0.95 0.9982 0.9999 0.78491 0.74193 14,1259
3DTC 0.724582576  0.9935 0.95 0.9557 0.9821 0.9997 0.95 0.999 0.9995 0.713234 0.706886  13.5681
1. Sivanesan Dakshanamurthy et al . J. Me d . Chem.

2.NaiemT, Oakland P, Byers S, Dakshanamurthy S. Comb. Chem. & High Thro. Scr. 2015 (Most accessed



Performance of the RepurposeVS
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0 37% increasein enrichment at the
top 1% compared to GLIDE
(commercial software)

0 48% increasan enrichment at the
Repupesevs £ top 5% compared to GLIDE.



Application: Drug Repositioning

Alternative Targets of FDA Blockbuster Drugs

Lipitor 7 @ 12 14 49 Augmentin 4 10 21

Flavix Lt | L] 8 13 ¥ Casl 4 ]

Seroquel & 37 26
Zvprexa 19 ATCEN 3
Singulair 3 3 Avandia
T!"-""F"““ Lidoderm
Effexor Xeloda
Crestor 4 '\T.:Tmrnd:
Risperdal 3 11 " Provigil
Actos = 15 bobdol
Diovan X 7 Omuipague
Abilify - Seroxat
Aricept 2 Coversyl

9

Glivec Aracand

Spiriva Temodal
Topamax Fosamax
Oxyvcoontin Avelox
Cyvmbalta 12 Adalar

Vytorin
Taxotere

)

Champix
Combivent

Lyrica
Celebrex u 15 [ Premann|
¥ 3 1 341
7 > 5 Nerrem
Pariet 4 - - e Sutent]]
Viagra 7 10 13 . reira
Lozt S S b s
amicta ; 4
Truvada 3 3 7 Lunesta o 11 17
Symbicort =] 17 _Asacol ] 2 i
t\fppl a 3 Combivir k] 3 o
Prografl Avodart
Arimidex Vesicare 12 19 2
grl:r rp; Focor o 10 11
antoro ] - Zemplar 13 13 13
Pu{l_n icort Proscar 7 11 14
. T e, - Lamotrigine i
|___Blopress | . "fond
dcor [ Aspirin 1 - g
;l;iii':: . Protonix P B 5 ]
Gemezar ey s ] Avalide 11 26
Imicran Sevorane
Cialis 3 Harnal T 26
Stilnox - Strattera 7 15
Nasonex g Benicar 4 12
.-tjldtr:ll] Cosopt 5
anuvia [ Lescoll 23
Flizxotide e [3 4?

Tazrocin

1t
L=

C..a-:mplu sar
Concerta Reminy]
Valtaren ‘
Alicardis ] Cﬁ:ﬂ:ﬁ
Casodex Alaxalt 9
Benicar ; ! Reviimid
Sifrol B ral
; ] Betaloc
Evista 2 .
Zyvox i - Requip 2 & Ed
Losec Sustiva 3
Femara o 38 Salamol
Yasmin Amaryl

Ll
)

3

A=

3 : 11
op 5 op 10 Top IS5 Top X0 Top 30 Top 40

iy -
JJHWJI

s i
oyt ba

.
L

m'ul'l

o

E N 1

4




FDA Blockbuster Alternate Targets

Sutent (Sunitinib ) Is predicted to hit the greatest
number of protein targets followed by Alimta € é .

Sutent 43 a2 TS
Alimta 26 39
Lescol 17 23 25
Celebrex 24 31
Premarin 34 30
Fetia 12 18
Elopress 25 34

Prograf, Valcote, Concerta, Sifrol, Niaspan, Exelon,
Evodart, Sevorane and Klacid have no hits

Prograf
Valcote

Concerta
Sifrol
Niaspan
Exelomn
Evodart
Sevoramne
Klacid




Repurposing P otential New Disease Classes
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A Anti -neoplastic drugs have the greatest repurposing potential
A Anti -infective drugs have low repurposing potential
A Anti -psychotic, anti-bacterial drugs have modest repurposing potential



Validation of Predictions

To calculate the percent correctly predicted (PCP) targets,

2 n,Aﬁi + nBJ.i + ani
PCP=g (
= NB; +nX; +nY; +nZ; - n

= )X100 \where i < # drugs, j < #targets
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0 RpurposeVS predicts drug -target associations with
greater than 91% accuracy for the majority of drugs



NextGenRepurposeVsS : Connected to Molecular
Mechanistic Pathways and Disease Associations

A. Predictechumberof (A) KEGG pathways

Subset of drug-function-pathway-disease network e S S e :
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B. GO molecular functions affected by each drug

MAPK network, many drugs target multiple disease
classes, central pathway in pathogenesis of many diseases.



