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Data acquisition 

• Considered 7 different positions and 42 substituents 
for singly and doubly substituted systems. 

• 35.588 systems / rows – 32.623 converged. 

• Over 200.000 simulations. 

• 53 features extracted - energy and multipoles 

 



What we want to do 

• Can we predict the properties of a DHA/VHF 
derivative based only on its substituents and 
their position? 

• Can we predict non-trivial TS properties based 
on DHA/VHF properties? 

• Evaluate performance based on minimizing 
loss function, accuracy and computation time 

 



Handling the molecule structure 

• Substituent position + type (“gene”) represented by 
positional one-hot encoding (7*42 matrix) 

Raw data Flattened, one-hot encoded gene 



First attempt – Keras Dense Neural Network 

• Define Early Stopping 
conditions to avoid 
overtraining 

DenseNN – DHA_E_XTB Distribution of errors 

Relative error 



Convolutional NN – Treating the gene as an image 

 

DenseNN ConvNN 



Convolutional NN – Treating the gene as an image 

 

DenseNN ConvNN 



Before and after hyperparameter optimization 



 



Training vs. Validation Loss 



Training vs. Validation Loss 



 



Predicting TS energies from DHA/VHF features 



SHAP –which features are most important? 



SHAP –which features are most important? 



Summary 

• Created own data 

• Tested 3 different ML models 

• Able to predict electrochemical properties 
from simple molecular representation 

• Able to predict non-trivial TS energy from 
simpler to simulate properties 

• Model much faster for evaluation than 
simulating/synthesizing individual molecules 



Outlook 

• Dense layers added little increased accuracy 

• Hyperparameter search more thorough, but 
time constraints 

• Expanding the database with triply, quadruply 
substituted VHF 



Appendix 

All group members have contributed evenly to the project 



Testing for 3 
and 4 

substituents 

• Model worsens 
due to steric 
hindrance 



 

DHA and VHF Energy 



Comparison with Simple ConvNN 



Full list of substituents 

•   ['H', 'F', 'Cl', 'Br', 'C(F)(F)(F)', 'C#N', 
•            '[N+](=O)([O-])', 'C(=O)[H]', 'C(=O)O', 
•            'C(=O)C', 'C(=O)N', 'C#C', 'S(=O)(=O)(C)', 
•            'C=N', 'O', 'OC', 'N', 'N(C)(C)', 'C', 
•            'N(C(=O)(C))', 'SC', 'C1=CC=C(F)C=C1', 
•            'C1=CC=C(Cl)C=C1', 'C1=CC=C(Br)C=C1', 
•            'C1=CC=C(C(F)(F)(F))C=C1', 
•            'C1=CC=C(C#N)C=C1', 'C1=CC=C([N+](=O)([O-]))C=C1', 
•            'C1=CC=C(C(=O)[H])C=C1', 'C1=CC=C(C(=O)O)C=C1', 
•            'C1=CC=C(C(=O)C)C=C1', 'C1=CC=C(C(=O)N)C=C1', 
•            'C1=CC=C(C#C)C=C1', 'C1=CC=C(S(=O)(=O)(C))C=C1', 
•            'C1=CC=C(C=N)C=C1', 'C1=CC=C(O)C=C1', 
•            'C1=CC=C(OC)C=C1', 'C1=CC=C(N)C=C1', 
•            'C1=CC=C(N(C)(C))C=C1', 'C1=CC=C(C)C=C1', 
•            'C1=CC=C(N(C(=O)(C)))C=C1', 'C1=CC=C(SC)C=C1', 
•            'C1=CC=CC=C1'] 



Full list of features 





Results 
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Half-life shortened by a factor of 2 

Half-life shortened by a factor of 4 


