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We presented efficient tools to predict therapeutic targets/mechanisms of action after a phenotypic screen


• LCIdb: a new large molecule/protein interactions dataset to train ML algorithms

• Komet: Fast and state-of-the-art algorithm https://komet.readthedocs.io 


Conclusion
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Input: database of interactions

Results

Recovering more out-of-scaffold hits than state-of-the-art 

Ligand-Based methods [Pinel et al, 2023] 

Excellent performance 


in different prediction scenarii  [Playe et al, 2018]

Better AUPR to state-of-the-art Deep Learning algorithms [Singh et al, 2023]

S1 Random
S2 Unseen Drugs in Test set
S3 Unseen Targets in Test set
S4 Unseen Drugs and Targets in Test set
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• Find new therapeutic strategies using phenotypic (tumor cells survival) screens of 
molecules.


• Phenotypic screens provide hit molecules but not their targeted proteins/
mechanism of action.  These are necessary for rational drug design.


• Testing the entire human proteome against hit molecules in vitro is impossible -> 
need for in silico methods to predict protein-ligand interactions.


• Motivation: analysis of a phenotypic survival screen of particular Breast Cancer 
tumor cells for which the hit molecules are 20 kinase inhibitors, which are known 
to be non-specific. 


Goal: Predict the proteins targeted by the 20 hits and 
which may be responsible for the phenotype 

Context Prediction of protein-ligand interactions

Challenges 
The most complete training base  

The largest, the most consensual 

With direct interactions and negative interactions

The most efficient algorithm  

In all scenarii of prediction, in a timely manner, 

With reasonable computing resources 

Output: predicted interactions

Supervised learning Binary classification problem
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274.515molecules


402.000 interactions + 


50.000 interactions - 

LCIdb, a new training base

Bioactivity database, extracted from 5 bioactivity databases: A Consensus Compound/Bioactivity Dataset for Data-Driven Design and Chemogenomics [Isigkeit et al, 2022] 


Preprocessing :   For a (molecule,protein) pair

1. Remove pairs with multiple inconsistent bioactivities (difference > 1 log unit )


2. Remove molecule with different SMILES in different sources


3. Remove pairs for which non of IC50, Ki, Kd is available


4. Binarize interactions: measure = first Kd, then Ki, then IC50 


measure < 10 nM (  M): interactions +


measure > 100 microM (  M):  interactions -
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Construction of a large new 

molecule/protein interactions 


dataset

Komet, fast and efficient chemogenomic algorithm

Komet : fast and efficient algorithm

Protein features

XP ∈ ℝnP×dP

n p
=
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pℓSingular value decomposition (SVD) of empirical kernel KP

KP = Udiag(λ)UT = XPXT
P XP = Udiag( λ)

Molecular features using Nystrom approximation [Scholkopf et al, 1999]
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Joint lifting with Kronecker kernel
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X ∈ ℝN×(dP×dM)
Problem  is too big for both storage and computation of X Xw

SVM classification in feature space

min
w∈ℝdP×dM
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Efficient computation [Airola&Pahikkala,2017]

Complexity

Explicit  Xw  Implicit computation

2 Key ideas (Xw)i = ⟨mki
p⊤

ℓi
, w⟩ = ⟨mki

, Wpℓi
⟩

Database for training a set of proteins ; a set of molecules  ; a set of  positive/no interactions  (pℓ)ℓ (mk)k N I = I+ ∪ I− = (ℓi, ki)i=1…N

Choice of kernels [Scholkopf&al, 2004]  Morgan Fingerprint Kernel : similarity between molecules, Local Alignment Kernel : similarity between proteins  κM(m, m′￼) κP(p, p′￼)

Problem Kronecker kernel  for training is too big for both storage and computation, and sklearn impraticable -> From Kernels back to features K
Kernel  : similarity between two pairs  and  defined by a Kronecker product κ (m, p) (m′￼, p′￼) κ((m, p), (m′￼, p′￼)) = κM(m, m′￼) × κP(p, p′￼)

(SVD) 

nP × (dP × dM) + N × dMN × (dP × dM)

Full batch BFGS method to solve the optimization problem

Code in PyTorch running on GPU https://komet.readthedocs.io

can be computed  in only  operations(qj)
nP
j=1 nP × dZ

⏟qjk

https://komet.readthedocs.io
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