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Leveraging quantum mechanical 
properties to predict solvent effects 

on large drug-like molecules
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The water dilemma

Describing solvation accurately is crucial for drug discovery

Source: Wacławek, Stanisław. Ecological Chemistry and Engineering S, vol.28, no.1, 2021, pp.11-28.

Explicit treatment Implicit treatment

• Hydrogen bonding • Van der Waals forces • Structural reorganization

All the reactions that are interesting for pharmaceutical 

purposes happen in acqueous environments

Source: Grossman, M., Born, B., Heyden, M. et 

al. Nat Struct Mol Biol 18, 1102–1108 (2011).
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Adopting an implicit approach 

allows to reduce the required 

computations

Comprehevnesive knoweldge 

of solvent effects is still lacking

Gaining general insights into the 

effect of solvation on 

structure/property and 

property/property relations for 

large drug-like molecules
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Aquamarine (AQM) dataset[1]

Dataset of QM properties for large drug-like molecules
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[1] Medrano Sandonas, L. et al. Scientific Data 11.1 (2024): 742.
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Aquamarine (AQM)

[2] Hoja, J. et al. Scientific data 8.1 (2021): 43.

Key advancements:

• Exaustive selection of 

conformers;

• Large number of properties;

• Inclusion of long range 

interactions;

• Availability in both vacuum and 

water.

Comparison with QM7-X[2]
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Number of molecules:

Heavy atoms:

Number of properties

QM7-X AQM

40k 60k

C,N,O,S,Cl C,N,O,S,Cl,F,P

42 36 (40)

Chemical environment No Implicit water

Level of theory PBE0+MBD PBE0+MBD



Correlation analysis: size effect

Moderately correlated couples:

Strongly correlated couples:

8 18

5 8

Mathias Hilfiker 19/09/2024 5/14

The property space of QM7-X is caracterized by a lack of correlations[3] (“Freedom of design”)

Does that sill hold true for large, solvated molecules?

𝜌𝑥,𝑦 =
𝑐𝑜𝑣(𝑥, 𝑦)

𝜎𝑥𝜎𝑦

[3] Medrano Sandonas, L. et al. Chemical Science 14.39 (2023): 10702-10717.



Moderately correlated couples:

Strongly correlated couples:

18 17

8 9

Correlation analysis: solvent effect
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Correlation analysis: conclusions

Weak 

correlation

Moderate 

correlation

Strong 

correlation

• Properties are generally weakly correlated: “Freedom 

of design”retrieved

• Molecular size affects the correlation structure of the 

property space

• The acqueous environment affects the values of 

properties, but not the correlations between them

AQMgas

AQMsol

QM7-X
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Energy analysis

𝐸𝑟𝑎𝑛𝑔𝑒,𝑚𝑜𝑙 = 𝐸𝑚𝑎𝑥,𝑚𝑜𝑙 − 𝐸𝑚𝑖𝑛,𝑚𝑜𝑙

Conformers are compressed in a smaller energetic 

window in solvated phase
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Solvation leads to a degeneration of energy levels

How does solvation affect the distribution of conformers in the energy landscape?



Structure-property relationship

Freedom of design also in the Δ-space
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How does the structural variation upon solvation affect properties?

Δ𝜇 = 𝜇𝑠𝑜𝑙𝑣 − 𝜇𝑔𝑎𝑠 𝑅𝑀𝑆𝐷 =
1

𝑁
∑
𝑖=1

𝑁

𝛿𝑖
2



Δ-learning of solvent effects

Geometry optimization

DFTB3+MBD

DFTB3+MBD                    + 

GBSA implicit solvent

Property calculation

PBE0+MBD

PBE0+MBD                       + 

MPB implicit solvent

𝑃𝑔𝑎𝑠

𝑃𝑠𝑜𝑙

Δ𝑃 = 𝑃𝑠𝑜𝑙 − 𝑃𝑔𝑎𝑠
CREST 

Conformers 

Δ-learning

Direct learning

Geometry in gas phase Equivariant Neural Network(s)[4][5]

Δ𝑃

𝑃𝑠𝑜𝑙

[4]: MACE (Batatia, I. et al. Advances in Neural Information Processing Systems 35 (2022): 11423-11436.)

[5]: Allegro (Musaelian, A. et al. Nature Communications 14.1 (2023): 579.)
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Allegro

MACE
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Δ-learning obtains less dispersed predictions

Δ-learning of solvated properties: dipole moment



Δ-learning shows lower error and better scalability than direct learning
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Δ-learning of solvated properties: dipole moment

Allegro
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Allegro

MACE

Δ-learning achieves lower errors 

Van der Waals interactions are ineherently long-range: 6Å cutoff is not enough!
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Δ-learning of solvated properties: Dispersion 
energy

Allegro

MACE



Conclusions

Existing datasets can provide valuable insights into the effects that water has on large drug-like molecules

Solvation does not alter the correlations 

between properties

Solvation causes a degeneracy of energy 

levels

Structural and property variations are 

uncorrelated

Correlations between properties may be transferable to 

the solvated phase

Necessity of a more rigourous molecular description for 

machine learning models

Machine learning models should take into 

consideration the electronic features

Δ-learning shows a way to predict solvated phase properties from gas-phase molecules
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