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Objective  
n  Prediction of unknown drug-target interactions on 

a large scale from chemical and genomic data  
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Examples of the data structures	


MAHAAQVGLQDATSPIMEELITFHDHALMIIFLICFLVLYA 
LFLTLTTKLTNTNISDAQEMETVWTILPAIILVLIALPSLRIL 
YMTDEVNDPSLTIKSIGHQWYWTYEYTDYGGLIFNSYML 
PPLFLEPGDLRLLDVDNRVVLPIEAPIRMMITSQDVLHSW 
AVPTLGLKTDAIPGRLNQTTFTATRPGVYYGQCSEICGAN 
HSFMPIVLELIPLKIFEMGPVFTL 	


Drug	
 Target protein	


Chemical graph structure	
 Amino acid sequence	




Chemogenomic approach 
Strategy: Chemically similar drugs are predicted to 

interact with similar target proteins 

Chemical structure similarity for drugs 
is evaluated by a graph kernel:
(Kx )ij = kx (xi,x j ) for i, j =1, 2,...,nx

Genomic sequence similarity for target proteins
is evaluated by a string kernel:
(Kz )ij = kz (zi,z j ) for i, j =1, 2,...,nz

(Saigo et al, Bioinformatics, 2004) 

(Mahe et al, J Chem Inf Model, 2005) 

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



Binary classification approach 

n  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) = aik(xi, " x ) + b
i=1

n

∑

where x : an object

pairwise SVM :

f (x,z) = aik((x,z)i,( " x , " z )) + b
i=1

nx ×nz

∑

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



Supervised bipartie graph inference 

known interaction known interaction known drug 

Compounds with similar structures 
 are close to each other 

Interacting drugs and targets 
 are connected on the graph  

known target 

Proteins with similar sequences 
 are close to each other 

Chemical space Interaction space Genomic space 



Step 1: embedding drugs and targets on the 
known graph into a unified feature space  

known interaction known interaction known drug 

Compounds with similar structures 
 are close to each other 

Interacting drugs and targets 
 are close to each other 

known target 

Proteins with similar sequences 
 are close to each other 

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 

€ 

fz

€ 

fx

known interaction known interaction known drug 

Compounds with similar structures 
 are close to each other 

Interacting drugs and targets 
 are close to each other 

known target 

Proteins with similar sequences 
 are close to each other 



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

new compound new protein 
New proteins are mapped 
 with fz 

New compounds are mapped 
 with fx 
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Step 3. Predicting unknown interactions involving 
new compounds/proteins after the projection 

predicted interaction new compound new protein 
New proteins are mapped 
 with fz 

New compounds are mapped 
 with fx 

Connect compound-protein pairs 
 which are closer than a threshold 

Chemical space Interaction space Genomic space 
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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

fx (x) = ( fx
(1)(x),, fx

(d )(x))T  ∈  Rd

fz(z) = ( f z
(1)(z),, f z

(d )(z))T  ∈  Rd

# 
$ 
% 

& % 

We find fx  and fz  which minimize

R( fx, fz ) =
( fx (xi )− fz (z j ))

2

(xi ,z j )∈E
∑ +λ1 || fx ||2 +λ2 || fz ||2

( fx (xi )− fz (z j ))
2

(xi ,z j )∈Vx×Vz
∑

where Vx  (resp. Vz ) is a set of drugs (resp. target proteins), 
E  is a set of interactions, and λ1  and λ2  are regularization parameters

(Yamanishi, Adv Neural Inf Process Syst 21, 2009) 



Extraction of multiple features	


  

€ 

Succesive features fx
(q ) and f z

(q ) (q =1,2,,d) are obtained by

fx
(q )

f z
(q )

" 

# 
$ 

% 

& 
' = argmin

( fx (x i) − f z(z j ))
2 + λ1 || fx ||2 +λ2 || f z ||2

(x i ,z j )∈E∑
( fx (x i) − f z (z j ))

2

(x i ,z j )∈Vx ×Vz
∑

under the following orthogonality constraints :
fx⊥fx

(1),, fx
(q−1), f z⊥fz

(1),, fz
(q−1)

€ 

Prediction score for a given pair of compound " x  and protein " z :

g( " x , " z ) = fx
(q )( " x )⋅ f z

(q )( " z )
q=1

d

∑



Algorithm 	


Kernel Gram matrices:
(Kx )ij = kx (xi,x j ), i, j =1, 2,,nx
(Kz )ij = kz (zi,z j ), i, j =1, 2,,nz

By the representer theorem, features can be expanded as

fx (x) = α jkx (x j,x)
j=1

nx

∑ , fz (z) = β jkz (z j,z)
j=1

nz

∑



It is reduced to the generalized eigenvalue problem:

KxDxKx +λ1Kx −KxAKz

−KxA
TKx KzDzKz +λ2Kz
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The solution can be obtained by finding αq  and βq  which minimizes

R(α,β) =

α
β
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under the following constraints:
αTKxα1 ==αTKxαq−1 = 0, βTKzβ1 == βTKzβq−1 = 0
where
Dx  (resp. Dz ) : degree matrix of drugs (resp. target proteins),  
A : adjacency matrix of drug-target interactions



Drug-target interaction data for  
human: Gold standard data 

KEGG DRUG (December, 2011) 

Statistics 
 

Number of drugs 1874 

Number of target proteins 
(Total in human genome) 

436 
(23196) 

Number of drug-target 
interactions 

6769 



Cross-validation (CV) 

i) Pairwise CV 
(Missing interaction detection) 
 

ii) Blockwise CV I  
(new drug identification) 
 

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

CV Method AUC   (S.D) 
Pairwise CV 
(Missing interaction 
detection) 

Nearest neighbor 
Pairwise SVM 
Proposed method 

0.894  (0.009) 
0.968  (0.006) 
0.972  (0.007) 

Blockwise CV I 
(New drug identification) 

Nearest neighbor 
Pairwise SVM 
Proposed method 

0.808  (0.010) 
0.855  (0.013) 
0.869  (0.006) 

Blockwise CV II 
(New target identification) 

Nearest neighbor 
Pairwise SVM 
Proposed method 

0.711  (0.009) 
0.805  (0.003) 
0.811  (0.009) 



Computational cost 

NN: nearest neighbor 
 
P-SVM: pairwise SVM 
 
DL: distance learning 
      (proposed method) 



Comprehensive prediction of 
unknown drug-target interactions 

n  Test drugs: all compounds in KEGG LIGAND and all 
drugs in KEGG DRUG 

n  Test target proteins: all human proteins in KEGG 
GENES 

n  All gold standard interaction data are used in the 
training 	




Summary 

n  The proposed method can predict unknown 
drug-target interactions on a large scale. 

 
n  The prediction is performed based on the 

integration of chemical and genomic data. 

n  It does not need 3D structure information of 
the target proteins. 
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Set 1	
 Set 2	


Target Proteins	
 Drugs	
 Side-effects	


Molecular 
interaction	


Objective 

Two interaction data	


Extraction of correlated sets 
of target proteins and side-effects 

Phenotypic 
interaction	


Set 3	


Mizutani et al, Bioinformatics, 28, i522-i528, 2012. (ECCB2012) 



Correlation analysis of target 
proteins and side-effects 
Target protein profile for each drug: x=(x1,x2,...,xp )T

indicating presence/absence of 1368 target proteins (DrugBank, Matador)

Side-effect profile for each drug: y=(y1,y2,...,yq )T

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.   



Ordinary canonical correlation analysis 
(OCCA) 

1

2

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

tions;

Target protein profile: x = [x1, . . . , xp]
T
, Side-e↵ect profile: y = [y1, . . . , yq]

T

Consider two linear combinations for drug i with weight vectors ↵ and �;

ui = ↵T
xi and vi = �T

yi ( u and v are centered )

Find ↵ and � that maximize the canonical correlation coe�cient;

⇢ = corr(u, v) =

Pn
i=1 ↵

T
xi · �T

yi
pPn

i=1(↵
T
xi)

2
qPn

i=1(�
T
yi)

2

In order to impose sparsity on ↵ and � we give an L1 penalty;

||↵||1  c1
p
p, ||�||1  c2

p
q,

0 < c1  1 and 0 < c2  1 are sparsity parameters.

For n drugs, given X = [x1, . . . ,xn]
T
, Y = [y1, . . . ,yn]

T
, the weight vectors

↵ and � can be optimized by solving penalized matrix decomposition of the

matrix X

T
Y (Witten et al., Biostatistics 2009).

Given known xnew (protein profile), predict unknown ynew (side-e↵ect profile),

based on the obtained weight vectors {↵1, . . . ,↵m}, {�1, . . . ,�m}, and canon-

ical correlation coe�cients {⇢1, . . . , ⇢m} with the following prediction score:

ynew =

mX

k=1

�k⇢k↵
T
k xnew

where m is the number of obtained correlated sets.



Weight vectors in OCCA	




Sparse canonical correlation analysis (SCCA)	
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3
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For each drug i, set two binary vectors indicating presence/absence of features;

Target protein profile: x = [x1, . . . , xp]
T
, Side-e↵ect profile: y = [y1, . . . , yq]

T

Consider two linear combinations for drug i with weight vectors ↵ and �;

ui = ↵T
xi and vi = �T

yi ( u and v are centered )
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2
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T
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T
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mX
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T
k xnew

where m is the number of obtained correlated sets.
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Weight vectors in SCCA	




Extracted protein-effect association network 
across 80 components in SCCA	
Relating drug-protein interaction network with drug side-effects
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Fig. 1. An illustration of the network of extracted targeted proteins and side-effects in the obtained 80 canonical components (CCs). Proteins (pink
rectangles) and side-effects (green diamonds) are connected if they appear in the same canonical component. The highlighted CCs, 1 (red), 2 (light blue), 5
(orange), and 15 (purple) are discussed in 5. CC1: DRD2 (Dopamine D2 receptor), SC6A2 (Sodium-dependent noradrenaline transporter), SC6A4 (Sodium-
dependent serotonin transporter), SCNs (Sodium channel protein subunits); CC2: GBRs (Gamma-aminobutyric acid receptor subunits); CC5: PGH1/2
(Prostaglandin G/H synthase 1/2), TOP2A (DNA topoisomerase 2-alpha), TTHY (Transthyretin), LOX5 (Arachidonate 5-lipoxygenase); CC15: PA24A
(Cytosolic phospholipase A2), ANXA1 (Annexin A1), GCR (Glucocorticoid receptor), CBG (Corticosteroid-binding globulin).

of CCA is referred to as sparse canonical correlation analysis
(SCCA). The optimization problem can be solved by penalized
matrix decomposition of the matrix Z = XT Y (Witten et al.,
2009).

To extract multiple canonical components, we use a deflation
manipulation iteratively as follows: Z (k+1) ← Z (k) − dkαkβT

k ,
where Z (k) is the input of step k (Z (1) = XT Y ), αk, βk and
dk are the weight vectors and singular value estimated in the k-
th step (corresponding to the k-th component) (k = 1, 2, . . . , m).
Finally, we obtain m pairs of weight vectors α1 , . . . , αm and
β1 , . . . , βm. Proteins and side-effects with non-zero weights in the
weight vectors are extracted as correlated sets.

3.3 CCA-based prediction of side-effect profiles
Suppose that we are given the profile of targeted proteins xnew for
a drug of unknown side-effects, and we want to predict its potential
side-effect profile ynew based on the extracted sets of proteins and
side-effects encoded by { αk} m

k=1 and { βk} m
k=1 .

Based on the weighted sum of canonical components, we propose
the following prediction score for a given molecule:

ynew =
mX

k=1

βkρkαT
k xnew = BΛAT xnew, (4)

where A = [α1 , . . . , αm], B = [β1 , . . . , βm], and Λ is
the diagonal matrix whose elements are canonical correlation
coefficients. If the j-th element in ynew has a high score, the new
molecule is predicted to have the j-th side-effect (j = 1, 2, . . . , q).

3.4 Enrichment analyses of targeted proteins
Let Gc denote the set of extracted proteins in component c and
G denote the set of proteins in a functional unit (e.g. KEGG
pathway map). Let r = |Gc|, k = |G|, z = |Gc ∩ G| and l the
total number of proteins in the whole data set. We assume that z
follows a hypergeometric distribution. The probability to observe

an intersection of size z between G and Gc is computed as follows:

p(G, Gc) =
min( k,r)X

i= z

ã
k
i

Ç ã
l − k
r − i

Ç

ã
l
r

Ç . (5)

We then define the enrichment score s(c) of a component c by:

s(c) = − log10 pFDR(G, Gc)

where pFDR(G, Gc) is the corrected value of p(G, Gc) by the False
Discovery Rate (FDR) defined in (Benjamini and Hochberg, 1995).

4 RESULTS
4.1 Extraction of canonical component sets of drug

targeted proteins and side-effects
We trained the SCCA model on the protein binding profiles and
side-effect profiles (See Materials), which provided us with the
optimum of 80 canonical components (CCs). The correlated sets
of proteins and side-effects were extracted from the canonical
components. A list of drugs that contributed to the correlation
was also obtained for each canonical component. We refer these
correlated sets to as canonical components (CCs) hereafter. All
components present a limited number of proteins and side-effects,
which is a consequence of the sparsity of SCCA. This allows
meaningful biological interpretation, indicating an advantage over
OCCA.

Figure 1 illustrates the network of extracted targeted proteins
and side-effects extracted in the 80 canonical components, where
proteins (rectangles) and side-effects (diamonds) are connected if
they appear in the same component. The top 5 proteins and 3 side-
effects with highest weights are shown for easier visibility. The
highlighted components CC1, CC2, CC5, and CC15 are further
discussed in section 5. The contents of all 80 components are listed
in Supplementary Table S1.
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Performance evaluation for side-effect 
prediction by 5-fold cross-validation	

Relating drug-protein interaction network with drug side-effects

Table 2. Most frequently appearing enriched pathways.

ID KEGG pathway maps

map04080 Neuroactive ligand-receptor interaction
map04020 Calcium signaling pathway
map04728 Dopaminergic synapse
map04010 MAPK signaling pathway
map04260 Cardiac muscle contraction
map04727 GABAergic synapse
map04970 Salivary secretion
map04725 Cholinergic synapse
map00590 Arachidonic acid metabolism
map04270 Vascular smooth muscle contraction

All component-based enriched pathways and associated
enrichment scores are shown in Supplementary Table S2.

outcomes of biological pathway perturbations by drugs targeting the
proteins that appear in the component.

4.3 Performance evaluation
It is difficult to evaluate the performance of the feature extraction
method, because there is little knowledge about true association
between targeted proteins and side-effects. However, if the
extracted components are biologically meaningful, they should
contain some general properties which could be exploited for side-
effect prediction. We evaluate the performance of the method
by recovering known drug side-effect profiles from drug protein
binding profiles, using the extracted canonical components.

In previous literature, chemical structure fingerprints were used
for predicting side-effect profiles in the framework of OCCA (Atias
and Sharan, 2011) and SCCA (Pauwels et al., 2011). Therefore, we
made a comparison between chemical structure-based approach and
targeted protein-based approach in the framework of both OCCA
and SCCA by performing the following 5-fold cross-validation.
First, drugs in the gold standard set were split into five subsets of
roughly equal sizes, and each subset was used in turn as a test set.
Second, the CCA model was trained on the remaining four sets.
Third, the prediction score was computed from the test set, based on
the components extracted from the training set. Finally, the model
was evaluated for prediction accuracy over the five folds.

We evaluated the performance of the methods by the ROC curve
(receiver operating characteristic curve) and the Precision-Recall
curve. The ROC curve is the plot of true positives as a function of
false positives based on various prediction score thresholds, where
true positives are correctly predicted side-effects and false positives
are incorrectly predicted side-effects. The Precision-Recall curve is
the plot of ”precision” (positive predictive value) as a function of
”recall” (sensitivity) based on various thresholds.

We summarized the performance by the AUC (area under the
ROC curve) score and the AUPR (area under the Precision-Recall
curve) score. To obtain robust results we repeated the cross-
validation experiment five times, and computed the mean and the
standard deviation (S.D.) of the AUC scores over the five repetitions.
Sparsity parameters c1, c2 ranged from 0 to 1 by 0.1 increments, and
m ranged from 10 to 200 by 10 increments. The best results were
obtained with c1 = 0.1, c2 = 0.1, and with m = 80 components
in the case of SCCA. The same cross-validation experiments were
repeated for OCCA (with no sparsity constraint), and the best results
were obtained for m = 20 components.

Table 3. Performance evaluation based on 5-fold cross-validation.

Method AUC ± S.D. AUPR ± S.D.
Chemical structure based approach:
Random 0.5000 ± 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 ± 0.0007 0.4067 ± 0.0006
SCCA 0.8895 ± 0.0002 0.4103 ± 0.0018

Scores of the proposed method are highlighted in bold.

Table 3 shows the resulting AUC and AUPR scores for the four
different approaches, where the prediction scores for all side-effects
were merged, and a global ROC curve and a global PR curve were
evaluated for each method. This indicates that both SCCA and
OCCA produce fairly good results and SCCA is slightly better than
OCCA. It also seems that the targeted protein-based approach works
better than the chemical structure-based approach. Results suggest
that the targeted protein information is indeed useful for side-effect
prediction.

4.4 Prediction of side-effects for uncharacterized drugs
In the DrugBank database, there are still 730 drugs whose target
protein information is available, but side-effects are not stored in
the SIDER database. Based on their protein-binding profiles, we
predicted the potential side-effects for these uncharacterized drugs
using the SCCA model, all of the 658 reference drugs being used as
a training set. All prediction results can be found in Supplementary
Table S3(A). Complete analysis of all predictions is of course out of
reach, so we focused on the side-effect predictions of highest scores.

Some of the top ranked predicted side-effects involve Cinnarizine
(DB00568), an anti-histaminic drug used against motion sickness.
This drug binds to the Histaminic H1 receptor, which is believed
to explain its indication against vomiting in motion sickness. Its
predicted ”tremor” (cyclical movement of a body part) side-effect
was confirmed by literature (Gimenez-Roldan and Mateo, 1991).
Interestingly, Cinnarizine also binds to the voltage-dependent
calcium channel involved in muscle contraction, which might
explain the ”tremor” side effect. ”Constipation” is also predicted for
Cinnarizine, as we could find in the adverse effect report 6127929-
0 of the Food and Drug Administration (FDA). The predicted
”dry mouth” side-effect for Cinnazarine was also confirmed from
literature (Gordon et al., 2001).

The second ranked predicted side-effect is ”diplopia” (double
vision) for benzocaine (DB01086), a surface anesthetic that acts by
preventing transmission of impulse along nerve fibers. Consistent
with this activity, benzocaine is an inhibitor of voltage-dependent
sodium channel. The predicted side-effect was confirmed from the
literature (Horowitz et al., 2005). ”Syncope” was another side-effect
predicted for benzocaine with a high score (Walker et al., 2003).
The fourth ranked predicted side-effect is ”tremor” for Bepridil
(DB01244), an antihypertensive drug. Tremor is indeed one of the
most common side-effects for this drug, reported for 5 percent of all
patients (Williams et al., 2002). ”Tachycardia” was also confirmed
for Promazine (DB00420), an antipsychotic agent (Aronson, 2007).
The side-effect ”diplopia” for Nisoldipine (DB00401), a calcium
channel blocker used for the management of hypertension, was also
confirmed (O’Keefe and Creamer, 1987).

5

€ 

Prediction score :  
       ynew = B−T  AT  xnew 

where A = α1,...,αm[ ],  B = β1,...,βm[ ],  m : number of components



Examples of predicted side-effects by SCCA	


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	


5	
 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	


¥  For 730 uncharacterized drugs in DrugBank	


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	
 Cinnarizine	
 nervousness	
 0.918615	


¥  Side-effects reported in the literature are colored in red.	




Summary	


n  The proposed method enables us to relate 
target proteins with side-effects of drugs. 

n  It may be useful to predict unknown side-
effects in the drug development. 
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