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Molecular representation levels
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Molecular representation levels

Molecular graph is only skeleton of a molecule
Real interactions between molecules go through their surface!



Comparative Molecular Fields Analysis (CoMFA)

PLS model
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Cramer, R. D.; Patterson, D. E.; Bunce, J. D. Comparative molecular field analysis (CoMFA). 1. Effect of shape on binding of 
steroids to carrier proteins. Journal of the American Chemical Society 1988, 110, 5959-5967



CoMFA: summary

+ clear interpretation

+ explicit representation of stereochemistry

- dependence on chosen conformations

- dependence on alignment algorithm

- sensitivity to cell size

- sensitivity to scheme of partial atomic charges calculation

- doesn’t describe properly H-bonding and π-interactions
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“Bioactive” conformation
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Multi-conformer challenge

?
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4D QSAR
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Andrade, C. H. et al, 4D-QSAR: Perspectives in Drug Design. Molecules 2010, 15, 3281-3294. 



4D QSAR
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4D QSAR: summary

+ clear interpretation

+ explicit representation of stereochemistry

- dependence on alignment algorithm

- equal treating of all conformers (some weighted scheme 
exist to solve this)
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Multi-instance learning
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Multi-instance learning: naïve approaches (wrappers)

12

Conformation 1

Conformation 2

Conformation N

Descriptors 1

Descriptors 2

Descriptors N

Mean Descriptors

X Yexp

7.12 SI Algorithm 6.50

Bioactivity 

prediction

Bag-wrapper: averaging of conformation descriptors

Instance-wrapper: averaging of conformation predictions

Conformation 1

Conformation 2

Conformation N

Descriptors 1

Descriptors 2

Descriptors N

7.12

7.12

7.12

X Yexp

SI Algorithm

5.69

6.55

8.38

Conformation 

predictions

Mean 6.87

Bioactivity 

prediction

SI Algorithm

SI Algorithm



Multi-instance learning: conventional approaches

Diversity density



Multi-instance learning: NN approaches
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Multi-instance learning: attention-based NN approach
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Multi-instance learning: key instance detection (KID)

Model-specific:

• instance-based

• bag-based

Model-agnostic:

• single instance prediction

• single instance masking



Pmapper: 3D pharmacophore descriptors

Kutlushina, A. et al., Ligand-Based Pharmacophore Modeling Using Novel 3D Pharmacophore Signatures.
Molecules 2018, 23, 3094.

17

https://github.com/DrrDom/pmapper

https://github.com/DrrDom/pmapper


MIL study: conformer and descriptor generation
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Generation of 
up to 100 

conformations per 
molecule

RDKit

Calculation of 
Pmapper 3D descriptors
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Kutlushina, A. et al. Ligand-Based Pharmacophore Modeling Using Novel 3D Pharmacophore Signatures. Molecules 2018, 23, 3094.

175 data sets from ChEMBL



MIL study: comparison of MIL algorithms
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Groups of models that are not significantly different (at a confidence level of 0.05) are connected 
by the thick line

130 data sets

Zankov, D. V. et al, QSAR Modeling Based on Conformation Ensembles Using a Multi-Instance Learning Approach. 
Journal of Chemical Information and Modeling 2021, 61, 4913-4923



MIL study: comparison between 2D, 3D and MIL models
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Model Mean R2
test Median R2

test

3D/MI/Instance-Wrapper 0.530 ± 0.123 0.532

2D/SI/Net 0.474 ± 0.189 0.503

ЗD/MI/Bag-Attention Net 0.474 ± 0.157 0.476

3D/SI/Net 0.027 ± 0.374 0.092

139 data sets



MIL study: comparison between 2D, 3D and MIL models

21

56%34%

9%

1%
Top-1

3D/MI/Instance-Wrapper

2D/SI/Net

ЗD/MI/Bag-AttentonNet

3D/SI/Net

Zankov, D. V. et al, QSAR Modeling Based on Conformation Ensembles Using a Multi-Instance Learning Approach. 
Journal of Chemical Information and Modeling 2021, 61, 4913-4923
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MIL study: comparison between 2D and MIL models
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Number of rotatable bonds Fraction of distinct Bemis-Murcko scaffolds

Winner: Winner:

Zankov, D. V. et al, QSAR Modeling Based on Conformation Ensembles Using a Multi-Instance Learning Approach. 
Journal of Chemical Information and Modeling 2021, 61, 4913-4923



MIL study: identification of “bioactive” conformers
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MIL study: identification of “bioactive” conformers
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Selected compounds had average RMSD of generated conformers > 2A relative to PDB structure

Zankov, D. V. et al, QSAR Modeling Based on Conformation Ensembles Using a Multi-Instance Learning Approach. 
Journal of Chemical Information and Modeling 2021, 61, 4913-4923



Enantioselectivity prediction
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Enantioselectivity prediction
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Model
MAE of ΔΔG predictions (kcal/mol)

Reaction-out set Catalyst-out set Both-out set

2D model 0.16 0.30 0.36

3D Single-conformation model 0.15 0.41 0.44

3D Multi-conformation model 0.13 0.22 0.26

Zahrt’s model 0.16 0.21 0.24

Zahrt, A.F. et al. Prediction of higher-selectivity catalysts by computer-driven workflow and machine learning.
Science 2019, 363, eaau5631



Enantioselectivity prediction: extrapolation scenario

27

Model R2
Test MAETest

2D model 0.10 0.34

3D Single-conformation model 0.64 0.24

3D Multi-conformation model 0.68 0.21

Zahrt’s model - 0.33

1075 
data points

718
data points

357
data points

ee% ≤ 80% ee% > 80%

training set test set



Xiong, J.; Li, Z.; Wang, G.; Fu, Z.; Zhong, F.; Xu, T.; Liu, X.; Huang, Z.; Liu, X.; Chen, K.; Jiang, H.; Zheng, M., Multi-instance 
learning of graph neural networks for aqueous pKa prediction. Bioinformatics 2021, 38, 792-798.

Atoms as instances
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Xiong, J.; Li, Z.; Wang, G.; Fu, Z.; Zhong, F.; Xu, T.; Liu, X.; Huang, Z.; Liu, X.; Chen, K.; Jiang, H.; Zheng, M., Multi-instance 
learning of graph neural networks for aqueous pKa prediction. Bioinformatics 2021, 38, 792-798.

Atoms as instances



Peptide sequences as instances

major histocompatibility complex 
class II molecules (MHC II)



Li, HD., Menon, R., Eksi, R. et al. A Network of Splice Isoforms for the Mouse. 
Sci Rep 6, 24507 (2016). https://doi.org/10.1038/srep24507

Isoforms as instances

Gene-gene interaction



Take-home message
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• Multi-instance models outperform both single-instance 3D models and 
traditional QSAR models built on 2D descriptors in many cases

• Multi-instance models is good alternative to 2D modeling if the latter fails

• Multi-instance neural network with an attention mechanism can correctly 
identify a “bioactive” conformation close to the experimental structure of a 
ligand retrieved from PDB

• Atoms, tautomers, protomers, stereoisomers, etc can be considered as 
instances
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