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• Lead molecule discovery and optimization is a one of the important steps 
in drug development continuum

• It is the process of identifying a set of molecules with desirable properties

Introduction



Introduction

• In this research it is addressed the lead optimization of MMP-
12 Inhibitors, using the library of molecules made publicly 
available by Pickett et al. 2011.

• Drug is a combination of molecule fragments that interact 
with a pharmacological target of interest and have a 
therapeutic effect on a particular disease by inhibition or 
activation of a specific protein function.

• MMP-12 inhibitor (Matrix metalloproteinase-12) is an enzyme 
encoded by the MMP12 gene in humans. It is involved in the 
inflammatory process of chronic obstructive pulmonary 
disease (COPD)



Numbers shown above (5, 10, 500 and 5) are all multiples 

of 5; therefore the name 'rule of 5'.

Background



Problem and motivation 

In the context of drug discovery or lead molecule optimization, identification of a 
molecule (a particular setting of fragments) responses is very expensive and time 
taking laboratory experiments



Proposed solution

• Computational simulation to predict (or estimate) the responses of a molecule’s feature 
using a minimal real laboratory testing. 

• Machine learning model as a mapping/predictive tool (from molecular fragment feature to 
response) 



• The 2500 molecules with 175 fragment dataset. 
• Each row represents a molecule. 
• Each column represents the presence/absence of a 

fragment in the molecules.

Data

Response 1 (Activity) Response 2 (Solubility)

Response 3 (Safety) Response 4 (Lipophilicity/cLogP)

Response 5 (Molecular weight)



Evaluation metrics
As evaluation criteria for the reliability of the method in selecting lead molecules, 
we consider; Region of optimality (RegOp) and Optimum value (Opt).

A. Region of optimality: This metric checks if the output vector of molecules holds molecules within a region of optimality. 

The response optimality threshold for dataset is as follows:

Target ≥ 7.5
Solubility ≥ -2.415
Safety ≥ 3
clogP ≤ 4.5
Molecular Weight ≤ 339.3

B. Optimum: This metric checks if the output vector contain a molecule with the optimum value. The optimum 
values for the response of the molecules in dataset are the following: 

Target = 8
Solubility = -1.766
Safety = 3.6262
clogP = -2.505
Molecular Weight =  291.3                         

The experiments are repeated 1000 times to estimate the degree
of reliability.  
The best-case scenario                 The worst-case scenario            

Region of optimality = 1000        Region of optimality = 0
Optimum = 1000                           Optimum = 0
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175 molecular fragments as an input with two hidden 
layers (100 and 50 neurons) and a final dense output 
layer with 5 neurons (i.e., each neuron outputs Activity, 
Solubility, Safety, cLogP and Molecular weight). 

The exponential linear unit is used as an activation 
function in the hidden layers except the last layer. The 
training procedure minimized the root mean squared 
error using a batch size of 1 molecule. Rmsprop is used 
as an optimizer. The responses are scaled from 0 to 1
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For predicting and optimizing Activity we found the 
architecture with 3 hidden layers with 200, 50 & 25 
neurons and 1 neuron as an output, to be optimal.

For cLogP, we found the architecture with 3 hidden 
layers with 100, 50 & 25 neurons and 1 neuron as an 
output, to be the optimal.



Method



Method

• Lead optimization based on predictive Neural network model procedure

Training prediction

200 molecules Take the best 50 molecules based 
on the predicted values from 
2300 unseen molecules 

Lead molecules = {250 molecules}

In-vitro lab test on only 10% of the molecules.
Minimization of resource and time. 



Results



Results

Prediction vs. Ground truth values of the responses of the best 50 Molecules



Results

Prediction vs. Ground truth values of the responses of the best 50 Molecules

In our set up, we just model the data to predict and rank the response variable value. 

For example, if we have three molecules A, B and C with 4, 6.5 and 8 toxicity index (TI) 
response , the aim of the design of the experiment is to find the molecule with the lowest 
TI.

Our system should select molecule A as the best molecule. In doing so, our model might
predict the TI of A, B and C as 12, 15 & 19. The prediction keeps the order of the ranking 
of the variables even though the values may not be highly accurate (i.e., modeling of the
relative ranking of the molecule responses). In fact, with the model’s prediction we get 
molecule A as the best molecule.



Conclusion and future direction

• We propose an in-silico lead optimization approach based on a neural network based model that provides good 
results in both single and multi-objective molecular property optimization.

• Results show that our method outperforms the state-of-the-art approach when we optimize Solubility, Safety and 
Molecular Weight properties using the proposed Simultaneous Multiple Property Prediction neural network 
architecture. For cLogP and Activity molecular properties, our method outperforms the others using the Single 
Property Prediction architecture.

• Our method could help screening candidate lead molecules using an in-silico approach, limiting laboratory tests to 
one tenth of the molecule library and reducing laboratory time and expensive laboratory trials.

• We plan to test this approach in multi-objective lead optimization of other molecular properties.

• We would like to test deep autoencoder based self-supervised feature extraction methods on the original high 
dimensional molecular fragment feature space to reduce the feature set.
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Thank you for your attention!


