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Objective

m Prediction of unknown drug-target interactions on
a large scale from chemical and genomic data

Known interactions

Unknown interactions (to be predicted)
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Examples of the data structures

Drug Target protein
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Chemical graph structure Amino acid sequence



Chemogenomic approach

Strategy: Chemically similar drugs are predicted to
interact with similar target proteins

(Yamanishi et al, Bioinformatics, 2008; Faulon et al., Bioinformatics, 2008;
Jacob et al, Bioinformatics, 2008, Yabuuchi et al, Mol Sys Bio, 2011)

Chemical structure similarity for drugs
is evaluated by a graph kernel: (Mahe et al, J Chem Inf Model, 2005)
(K,); =k (x;,x;) fori,j=12,...n

Genomic sequence similarity for target proteins

1S evaluated by d String kernel: (Saigo et al, Bioinformatics, 2004)
(K,); =k(z;,z;) fori,j=12,...n

1
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Binary classification approach

m Classification of drug-target pairs into the
Interaction class or non-interaction class

Support Vector Machine (SVM) with pairwise kernels
*Faulon et al., Bioinformatics, 24:225-233, 2008

«Jacob and Vert, Bioinformatics, 24:2149-2156, 2008

*Yabuuchi et al, Mol Sys Bio, 2011



SVM with pairwise kernels

(pairwise SVM)

ordinary SVM :

f(x)= Eaik('xi’x’) +b * /o 0O
- . oo
where x : an object 0 0

pairwise SVM : Input Space

n,Xn,

fn2) = Y ak((x,2),,(x',2)) + b

i=1

where (x,z) : a compound — protein pair

.......

Feature Space




Supervised bipartie graph inference

Chemical space

® known drug

Compounds with similar structures
are close to each other

Interaction space

known interaction

Interacting drugs and targets
are connected on the graph

Genomic space

B known target

Proteins with similar sequences
are close to each other



Step 1. embedding drugs and targets on the
known graph into a unified feature space R*

Chemical space Interaction space Genomic space
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Step 2. Learning a model between the chemical/
genomic space and the interaction space

Chemical space Interaction space Genomic space
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are close to each other are close to each other are close to each other



Step 3. Predicting unknown interactions involving
new compounds/proteins after the projection

Chemical space Interaction space Genomic space
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New compounds are mapped New proteins are mapped
with Fx with fz



Step 3. Predicting unknown interactions involving
new compounds/proteins after the projection

Chemical space Interaction space Genomic space
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O new compound —predicted interaction L new protein

New proteins are mapped

New compounds are mapped
with fz

Connect compound-protein pairs
with Fx which are closer than a threshold
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Mappting to a unified space

Let us consider two functions to map each compound x

and each protein z onto a unified Euclidian space

£ (%) = (%), £ %) € R
@ ="@), . f @) €R

We find f, and f, which minimize
E(Xi,z,)EE(fx(X,-)—Ji,(zj))2 + 4 N f AP+ N f P
E(Xl-,z DEV, XV, (fx (%)= fZ(Zj ))2

where V_ (resp. V.) 1s a set of drugs (resp. target proteins),

R(f.1.) =

E is a set of interactions, and A, and A, are regularization parameters

(Yamanishi, Adv Neural Inf Process Syst 27, 2009)



Extraction of multiple features

Succesive features f\* and £ (¢ =1,2,---,d) are obtained by

(fxm)) argmin E<Xi,zj>6E(fx(Xi) ~ @)+ AN P+, 0 f I

) 2
E(X,-,Zj)EVxxVZ (fo (X)) = fZ(ZJ-))

under the following orthogonality constraints:

| _1 | _1
fo_fx(),...,fx(q ), fZJ_fZ(),...,fZ(q )

Prediction score for a given pair of compound X’ and protein z’:

g(X’,Z’) _ Efx(Q)(X/), fZ(Q)(Z/)
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Algorithm

By the representer theorem, features can be expanded as

f00=Sak . f@=3Bk(2,2)

Kernel Gram matrices:
(Kx)ij=kx(x'axj)a i9j=1929'“9nx

l

(KZ)Z']':kZ(ZiaZj)a i,j=1,2,---,nz
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The solution can be obtained by finding a, and 5, which minimizes

T

a KxDxKx _KxAKz a T T
|| -kark. kpx || p [T arRPES
R(a,p) = -
a K. 0 a
p o K>\ B
under the following constraints:
aTKxal == aTKxaq—l = 0’ [),TKzﬁl == [J)TKz/J)q—l = 0

where
D_ (resp. D.):degree matrix of drugs (resp. target proteins),

A :adjacency matrix of drug-target interactions
It 1s reduced to the generalized eigenvalue problem:
K.DK +AK, -K AK, a ) K> 0

=p
-KA'K, KDK.+ALK. |\ P 0 K’

;)



Drug-target interaction data for
human: Gold standard data

Number of drugs 1874

Number of target proteins 436
(Total in human genome) (23196)

Number of drug-target 6769
interactions

KEGG DRUG (December, 2011)
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Cross-validation (CV) "

1) Pairwise CV
(Missing interaction detection) i)

i) Blockwise CV |
(new drug identification)

Target protein

>

Target protein
%

Target protein

i) Blockwise CV I i) -

(new target identification)
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Performance evaluation by 3-fold cross-
validation: AUC (Area under the ROC curve)

Pairwise CV Nearest neighbor 0.894 (0.009)
g“;'{:i‘t?fn‘)”teraction Pairwise SVM 0.968 (0.006)
Proposed method 0.972 (0.007)

Blockwise CV I  Nearest neighbor 0.808 (0.010)
(New drug identification)  Pgjrwise SVM 0.855 (0.013)
Proposed method 0.869 (0.006)

Blockwise CV Il Nearest neighbor 0.711 (0.009)
(New target identification) Pairwise SVM 0.805 (0_003)
Proposed method 0.811 (0.009)



Computational cost

NN: nearest neighbor

P-SVM: pairwise SVM

second (log10 scale)

DL: distance learning
(proposed method)

NN P-SVM DL
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Comprehensive prediction of
unknown drug-target interactions

m Test drugs: all compounds in KEGG LIGAND and all
drugs in KEGG DRUG

m Test target proteins: all human proteins in KEGG
GENES

m All gold standard interaction data are used in the
training
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Summary

m [he proposed method can predict unknown
drug-target interactions on a large scale.

m [he prediction is performed based on the
integration of chemical and genomic data.

m [t does not need 3D structure information of
the target proteins.



I
Outline

m Background
Chemical, genomic and pharmacological spaces

m Methods for pharmaceutical applications

Drug target prediction from chemical and
genomic data

Side-effect prediction from biological data
m Results

m Concluding remarks



"
Heterogeneous omics data

Genomic space

Target proteins

/' N

4 headache, nausea,
5 dizziness, aortic stenosis,
é gQ cardiac infarction,
€ > urinary retention
etc.

kDrug chemical structure& \_ Phenotypic effects /

Chemical space Pharmacological space

~

N




" A
Objective
interaction interaction

Two interaction data

N
Target Proteins Drugs Side-effects
Set 1 Set 2 Set 3

Extraction of correlated sets
of target proteins and side-effects @ @ @

Mizutani et al, Bioinformatics, 28, i522-i1528, 2012. (ECCB2012)
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Correlation analysis of target
proteins and side-effects

Target protein profile for each drug: x=(x, KXypeerX )
indicating presence/absence of 1368 target proteins (DrugBank, Matador)

Side-effect profile for each drug: y=(y,.y,,...,y, )
indicating presence/absence of 1339 side-effects (SIDER)

Goal: extraction of target proteins and side-effects
which share similar sets of drugs in terms of occurence.
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Ordinary canonical correlation analysis
(OCCA)

For each drug, set two binary vectors indicating presence/absence of interac-
tions;

T

Target protein profile: x = [z1,...,x,]T, Side-effect profile: y = [y1,...,y,]"

Consider two linear combinations for drug ¢ with weight vectors a and 3;

w; =a’x; and wv; = ,BTyi ( w and v are centered )

Find a« and 3 that maximize the canonical correlation coefficient;

T
Z?:l aTXi By

VI @I (S, (87y)?

p = corr(u,v) =




Weight vectors in OCCA

OCCA weight for target proteins

Weight

-05 00 05

Target protein index

OCCA weight for side—effects

Weight

-05 00 05

Side-effect index
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Sparse canonical correlation analysis (SCCA)

Consider two linear combinations for drug ¢ with weight vectors a and (3;
u; = alx; and v; =8y, ( w and v are centered )
Find a and 3 that maximize the canonical correlation coefficient;
ZZL 1 al'x; - /BTYi
\/Z?:1(O‘TX'L \/Zz 1(B7 i)

_

e In order to impose sparsity on o and 3 we give an L penalty;

lally < crv/p, 1Bl < e2v/,

0<cp <1and0<cy <1 are sparsity parameters.

p = corr(u,v) =

° For n drugs, given X = [X1,...,%X,]T, Y = [y1,...,ya]T, the weight vectors
a and B can be optimized by solving penalized matrix decomposition of the
matrix XT'Y (Witten et al., Biostatistics 2009). J
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Weight vectors in SCCA

SCCA weight for target proteins

o CCH
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Extracted protein-effect association network
across 80 components in SCCA
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Biological evaluation of extracted components

m Evaluation of the components by pathway
enrichment analysis

How each of the correlated sets is enriched with
proteins that are involved in a specific pathway?

m Pathway databases
KEGG : pathway maps
GO (Gene Ontology) : biological process terms
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Pathway enrichment of proteins in components

Frequency of components v.s. Number of enriched pathways

KEGG pathways GO Biological process
_ﬂ 20 20
C
o 15
S
Q 10 10 +
£ 5 |
@)
O o 0
H 1234567 8 91011121314151617181920 1234567 8 91011121314151617181920

# Enriched pathways

The components were enriched with a small number of pathways.
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Molecular function enrichment of proteins in
components

Frequency of components v.s. molecular functions

KEGG BRITE terms GO Molecular function

# Components
o 3 o B
3 o B

o
o

1234567 8 91011121314151617181920 1234567 8 91011121314151617181920

# Enriched molecular functions

The components were enriched with a small number of pathways, but with
various number of different molecular functions.
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Biologically relevant interpretation of correlated sets

Interactions between Vo -o'é" O,
drugs with proteins of ¢
different molecular O
functions tend to / ligands

iInduce the regulation

of the whole protein ( ~ N
pathway, which lead SN Vi
to certain side-effects.

/

cytosolic proteins
cell

( O:W
&

Component




An example of extracted components
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An example of extracted components

anti-anxiety, anesthesia adjuvants;....
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An example of extracted components
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Performance evaluation for side-effect
prediction by 5-fold cross-validation

Prediction score :
__ p-T 4T
ynew - B A Xnew

where A = [al,...,am], B = [ﬁ,...,ﬁm], m :number of components

Method AUC £ S.D. AUPR 4 S.D.
Chemical structure based approach:

Random 0.5000 4= 0.0000  0.0556 £ 0.0000
OCCA 0.8355 £0.0010 0.3753 = 0.0016
SCCA 0.8708 £ 0.0007 0.3766 £ 0.0030
Target protein based approach:

Random 0.5000 £ 0.0000 0.0556 = 0.0000
OCCA 0.8850 4= 0.0007 0.4067 £ 0.0006

SCCA 0.8895 1 0.0002 0.4103 = 0.0018




Examples of predicted side-effects by SCCA

* For 730 uncharacterized drugs in DrugBank

Top 20 predicted side-effects

Drug Side—effect Score
1 Cinnarizine tremor 1.176339
2 Benzocaine diplopia 1.163882
3 Cinnarizine constipation  1.143190
4 Bepridil tremor 1.046472
9 Cinnarizine  somnolence  0.996260
6 Cinnarizine dry.mouth 0.961833
7  Cinnarizine angioedema 0.955471
8 Cinnarizine  insomnia 0.950757
9 Benzocaine nausea 0.947105
10 Alprenolol dizziness 0.943918

Drug Side—effect Score
11 Benzocaine diarrhea 0.937409
12 Nisoldipine tremor 0.933258
13 Nitrendipine  tremor 0.933258
14 Lercanidipine tremor 0.933258
15 Benzocaine syncope 0.928905
16 Promazine tachycardia 0.926875
17 Promazine somnolence 0.924103
18 Benzocaine vomiting 0.922091
19 Bepridil nervousness 0.918828
20 GCinnarizine nervousness  0.918615

« Side-effects reported in the literature are colored in red.
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Summary

m [he proposed method enables us to relate
target proteins with side-effects of drugs.

m [t may be useful to predict unknown side-
effects in the drug development.
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Machine learning in chemoinformatics
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