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Conformational Data Augmentation for Machine Learning-Based Molecular 

Property Predictions with Chemical Accuracy 

Aim 

The aim of this master thesis is to upgrade the accuracy of existing molecular property prediction by 

including conformational information so that chemical accuracy can be obtained with minimal data. 

Justification 

Accurately predicting properties of molecules is one of the most critical tasks when designing chemical 

processes, developing materials, or designing drugs. Machine learning has proven to be an interesting 

tool to achieve high prediction accuracy with high speed. Typically, property prediction models are either 

two-dimensional or three-dimensional. Two-dimensional models, also called topology-based models, 

are described by the molecular graph to which atomic features are added. Three-dimensional or 

geometry-based models use the molecular geometry of a single conformer. The use of 3D information 

in property prediction is both a strength and a limitation, because it is time-consuming to calculate a 

conformer geometry for all datapoints. In existing methods, geometry optimization is avoided by on-the-

fly 3D geometry generation such as with the ETKDG method in the cheminformatics toolkit RDKit [1].  

This generated conformer is usually not the one with the lowest energy and the inconsistent calculation 

of geometries leads to a lower prediction 

accuracy [2]. So-called 4D methods consider 

molecules as a conformational ensemble. 

Then, multi-instance learning [3] or self-

supervised learning can be used to augment 

the geometry data, to lower the prediction 

error and to enable machine learning-based 

lowest-energy conformer search. Quantum-

chemical calculations will be performed as 

part of the thesis to generate a benchmark 

database, on which the accuracy of various 

geometry generation and property prediction 

methods will be evaluated. An existing 3D 

property prediction tool will be extended to 

include a fourth dimension by using 

generative deep learning algorithms. 

Program 

• Literature survey on molecular geometry optimization 

• Ab initio data generation 

• Data curation and database construction 

• Machine learning model development and extension of existing models (python) 
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Figure 1: Overview of different dimensions of molecular 
representations and the workflow for molecular property 
prediction 


