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Drug discovery:

Predicting drug-target interaction is the key!
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* Drug-target network. Yildirim (2007). 4\ New drug, new target
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EXisting method #1: WNN-GIP

Weighted nearest neighbor — Gaussian interaction profile

(PloS One 2013)

Drug-target interaction
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Kernelized Bayesian matrix factorization
(Bioinformatics 2012)
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EXisting method #2: KBMF2K

UEUDSIN Problem with training data:
!! missing interactions
Drug | ' g | ' Targ : | Target
similarity ’|\ “Igfent feature”’|\ “latent featur®” 'T similarity
drugs features targets targets
7))
%) ) ) 9
s S | 5 2
5 g 5




Limitations of the existing methods

WNN-GIP and KBMF2K

* Missing interactions

* The similarity measure

—Only based on the chemical structure of
drugs and protein seguences of targets






The neighhor idea

* Adrug’s neighbors: the drugs
most similar to It

* Predict a new drug’s behavior
by its neighbors’ behavior




The probabiiity

« Event A: to be predicted
(New) drug d interacts with target t

« Event B: the observation
# of d’s neighbors interacting with target t

Pr(AB)
(AB) + Pr(A®B)

We calculate Pr(A|B) by o

Probability of how likely d interacts with t

given the observed number of interactions
of d's neighbors with t




Our contribution #1




Cluster targets using similarities; st = super-targets

Cluster = Super-target
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St = sluper-targels
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Sl = super-iargets
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If we only use Sx, we are

assuming all the targets in st,
are equivalent.




For new drugs It is the same!  sf=super-targets
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Cluster targets using similarities;
Cluster = Super-target

Si = sluper-targels
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A new target could
be clustered into one
of the super-targets



Our contribution #2

Enhanced similarity measures for _
drugs and targets - St s




EXISting similarity measures

Drugs: aligning the 2D chemical structures

@) OH /NH 0
@ F
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Targets: aligning the protein sequences




They have low structural similarity (0.2739)
Dutshare many targets
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* 2D chemical structures extracted from KEGG.



They have low structural similarity (0.2739)
share many targets

D00316 D01132

Non-structural similarity
measures are needed!

* 2D chemical structures extracted from KEGG.



Anatomical Therapeutic Chemical
Classification System ‘

CO3CAO1

Hierarchical

Furosemide

L evel 5: chemical substance

Level 4: therapeutic subgroup

Level 3: therapeutic subgroup

Level 2: therapeutic main group

Level 1: organ or system it acts on



Anatomical Therapeutic Chemical
Classification System

D 05 B B 01 D 05 A X 05

O

CH, CH, CH; O |

m HsC. CHs, A
3
AV Y 0~ cH,
HaC
o CH,

S

AN

D00316 D01132

structural similarity

First two levels are the same! l
ATC code similarity = 2/5=0.4 >|0.275




 Non-structural

» Describing their functions




Our new similarity measure

Drugs
r N
2D chemical _I_ ATC code 2
structure similarity similarity
\. J
Targets
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Using new similarity measures and “super-targets”
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Missing interactions:
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Enzyme Ion channel GPCR Nuclear receptor Total
AUC AUPR AUC AUPR AUC AUPR AUC AUPR

running time

KBMF2K  0.812 0.287 0.802 0.245 0.840 0.347  0.810 0.354
WNN-GIP 0.861 0.280 0.775 0.233 0.872 0.311  0.839 0.456
Ours 0.812 0.385 0.811 0.367 0.875 0.414 0.871 0.533

115.4 min
190.9 min

9.5 min




With and without new
similarity measures

Enzyme Ion channel GPCR Nuclear receptor

AUC AUPR AUC AUPR AUC AUPR AUC AUPR

Without new  0.805  0.332 0.776  0.296 0.854  0.304  0.860 0.476
With new 0.812 0.385 0.811 0.367 0.875 0.414 0.871 0.533




 Remove known interactions from the data
set to create "new” drugs and targets

 Consider iIf the removed interactions could
be predicted
e The measures the

fraction of “new” drugs with a wrong
prediction



Enzyme Ion Channel GPCR Nuclear Receptor

KBMF2K 0.774 0.600 0.604 0.600
WNN-GIP 0.931 0.600 0.092 0.600
Ours 0.657 0.500 0.500 0.600

The numbers are mis-prediction errors.
The smaller the mis-prediction error, the better the performance.



 Non-structural-based similarities
» “Super-targets”

My e-mail: liym1018@hku.hk G ,
Thank you for listening. &
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* All the images used are labeled for non-commercial reuse by Google image search.
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slippiementary #1

Estimating Pr(A) and Pr(A°)

Prla(x,j) = 1] = [1 + Z:n | A(z,,j)] /(m + 2);
Prla(x,j) = 0] =1 - Prla(z,j) = 1]

 Event A: (New) drug d interacts with target t
 Event B: c drugs in the set of d’s K nearest neighbors interacts with target t




slippiementary #1

Estimating Pr(B|A) and Pr(B|A%)

1+ > . Ind[A(i,7) =b& n(i,j, K) = |
(K+1)+ Z(If:o Y . Ind|A(i,j) =b&n(i, j, K) = ]

 Event A: (New) drug d interacts with target t
 Event B: c drugs in the set of d’s K nearest neighbors interacts with target t




slippiementary #2

All the methods with new similarity measures

Enzyme Ion Channel sPCR Nuclear Receptor

AUC AUPR AUC AUPR AUC AUPR AUC AUPR

KBMEF2K  0.870  0.391 0.833  0.330 0878 0.414  0.860 0.403
WNN-GIP  0.846  0.323 0.813  0.263 0.888 0.403 0.864 0.497
Ours 0.849 0.432 0.817 0.370 0.888 0.422 0.882 0.521




