Data-driven drug discovery for a variety
of diseases by machine learning
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Drug discovery is very difficult
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* Time consuming: 10-15 years =
* High cost: about 1 billion S

* High risk: result in failure
— Insufficient efficacy Cost
— Difficult production
— Unexpected toxicity
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Eco-Pharma (Drug repositioning)
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* |dentification of new therapeutic effects (i.e., new
applicable diseases) of existing drugs.
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e Rich information on existing drugs available (e.g., safety
for human, manufacturing process).
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* Fast development and low risk.
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The cost can be reduced in terms of
time, risk, and expenditure.
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Traditional |EcoPharma
approach in this study
(10~17 years) | (3~9 years)

1. Screen compounds O O
2. Optimize chemical structures O -

3. Confirm safety with animals o -
4. Confirm efficacy with animals o -
5. Confirm safety for human o -
6. Confirm efficacy for human o 0

7. Approve e e



Examples 15

o Sildenafil (Viagra) L ILTFI4ILUNAT T S)
Angina MiviE
— Erectile dysfunction BitigeiE=
—> Pulmonary hypertension fifiE £ i

* Minoxidil (Riup, Rogaine) =/F> )L H

Hypertension EmE n A
— Alopecia (hair loss) Bi£4E W
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Previously, it has been dependent on serendipity.
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Goal of this study AEFZTD B ZE

 Automatic prediction of new drug effects
from various biomedical big data.
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Object ____pata

Drugs/compounds  chemical structures, side effects, clinical reports, drug-

3 ¢e induced gene expression profiles, compound-protein
interactions
Protems/genes amino acid sequences, pathways, functional motifs,
By %ji% domains, structures, physiological roles, pathological
=E roles
Diseases disease-causing genes, disease pathways, environmental

@g’; factors, biomarkers, gene expression profiles of patients,
< s disease complication



Al-based drug discovery
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Machine learning methods to predict new
associations between drugs and diseases
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known effects

fX,y)=w @(X,y) new effects to be predicted



Molecular understanding disease-causing genes FE&(EF

disordered pathways £2&/\XH A

Of d VariEty Of diseases environmental factors IRERF
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Characteristic molecular features are often
shared among different diseases
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A representation of the

drug mechanism
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Drugs (8,000) Target protems (20 000) Diseases (1,500)
X! @ — y1 Z
2
y3
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- Known interaction

Unknown interaction
(to be predicted in this study)



Proposed method 1REF %

Prediction of drug-protein-disease network with

machine learning
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Drugs (8,000) Target protems (20,000) Diseases (1,500)
¢ Q5 S N 3
x1 ‘1
X2 ‘ _
x3‘

- Known interaction

Unknown interaction
(to be predicted in this study)



Drug-protein interaction prediction
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A pairwise model for any drug-protein pair (x',z’):

f(x',z") = nEanZaUk((xi,zj),(x’,z')) = nzxiaijkx (x;,X)k (z;,2)

i=1 j=1 i=1 j=1 Drug Protein
similarity similarity

Step 1: Pairwise learning

R Feature space

Drug space
O O

ol
Learning on
a model Oa:'

jl> N O” O Interacting pair
C;gj/ O INon-interacting pair
a =

(Yamanishi et al, Bioinformatics, 2008; Takarabe et al, Bioinformatics, 2012; Yamanishi et al, Nucleic. Acid Res., 2014)




Drug-protein interaction prediction
W2 N)EHBERD T E

A pairwise model for any drug-protein pair (x',z’):

f(x',z')=nzxza k((x,,2,),(x,2')) = Ezal]kx(xl,x)k (z,.2)

i=1 j=1 i=1 j=1 Drug Protein
similarity similarity

Step 2: Predicting new interactions

R Feature space

New pairs
on Prediction L on Oa:' on
on :\> - (w” @ Interacting pair
ON
N ngj/ CINon-interacting pair
= %
o 03@8:

CDC]ICD

(Yamanishi et al, Bioinformatics, 2008; Takarabe et al, Bioinformatics, 2012; Yamanishi et al, Nucleic. Acid Res., 2014)



Chemical structure-based approach
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Strategy: Chemically simi
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ar drugs are predicted to
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interact with similar target proteins

~

Drug chemical structure
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Drug similarity
k. (X;,X;)
fori,j=1,2,...,n
Protein similarity
k.(z;,z,)
fori,j=12,...,n
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475,692 KCF-S substructures
(Kotera et al, BMC Syst. Biol., 2013)
f Y p055|ble chemical substructures
o.,1,0,.,1,0,.,1,0,..,0 Jaccard
= ( ) =) .
] I ] I coefficient
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Local sequence alighnment kernel
(Saigo et al, Bioinformatics, 2004)



Gene expression-based approach
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Strategy: Transcriptionally similar drugs are predicted to

interact with similar target proteins
4 N 4 )
oy TR TSSO,
éﬁl‘“’«%ﬁ? }gﬁ k- Bo¥
_ > i Protein
Drug-induced gene expression . pe etc.
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gene expression . _
profile Each drug is represented by a gene expression
] profile in which each element is the ratio of
query . drug treatment against control based on LINCS
O (public database)
drug lf

— Drug similarity: correlation
cell line X = (X,X,, " x22276) S—_ coefficient



Performance evaluation on several benchmark datasets
of different chemical diversities
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6769 interactions involving 1874 drugs and 436 proteins (KEGG, DrugBank, Matador)

=1 | Gene expression—based approach does not
> :
S 2. depend on chemical structures
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0 A (O:Gene expression
- 9 A\ : Chemical structure
- + :Gene expression & Chemical structure
| | | ! T l' T
0.4 0.5 0.6 0.7 0.8 0.9 1.0

Chemical structure similarity threshold

Low threshold: only structurally diverse drugs High threshold: many structurally similar drugs



Large-scale prediction of new drug indications
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Finding additional N
associations with indi ev:_
different diseases indication
Primary : Original
target protein » Disease B indication

Other target

Finding additional
binding proteins

proteins (off-
targets)

New
indication

8270 drugs in Japan, US, and EU $ 196,048 new drug-disease associations

1401 diseases involving 6301 drugs and 762 diseases



An example of gene expression-based prediction
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* Phenothiazine (antipsychotic drug)
I/ FTF7 o0 (PLEHRRE)
— Predicted indication: Prostate cancer RJILAR DA/
— Estimated protein: AR (androgen receptor)

Phenothiazine Similar compound in the
learning set
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The predicted drug-protein interaction was

experimentally confirmed
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GAL4 DNA binding domain

activated ?

GAL4 promoter I reporter gene

\ ‘ + phenothiazineO
/

inactivate
AR

GAL4 promoter I reporter gene

Endogenous coa

Activity [%]
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IC50 = 3.6 uM
| | | | |
1e-08 1e-06 1e-04

Concentration [M]

(lwata et al, Scientific Reports, 2017)



Elucidating activities of pathways (functional modules)
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gene expression profile

tivated
] up-regulated genes ‘ O—Q ;Ztllzl\xa/aey
Bl1 down-regulated genes ‘ m Inactivated

pathway

query

e O34

S 163 bio.logical pathways
cell line in KEGG

B hypergeometric test
Genes

e Ik Regulate.zd genes
min(k, ) i r—3q In a pathway I k

=4 ( [ ) Not in a pathway r-i l-k
r Total r l

P-value =)’




Relationship between identified pathways and
drug efficacy classes
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Drug discovery based on

disease similarity
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known i disease A
6 mechanism
~ similarity
drug Sso
(candidate ~\\\
compound) new
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Summary £&&

 The proposed methods can predict potential
drug target proteins and new drug effects.

* From organ-based disease classification to
mechanism-based disease classification.

* |t is possible to deliver necessary drugs to
patients quickly.
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Paradigm shift /\TF A4 LTk

* Traditional drug discovery with mass consumption
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e Data-driven drug discovery with energy saving-

mode
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Thank you for your attention.
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