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Abstract 

The potential to predict Solvation Free Energies (SFEs) in any solvent using a machine learning (ML) 

model based on thermodynamic output, extracted exclusively from 3D-RISM simulations in water is 

investigated. The models on multiple solvents take into account both the solute and solvent description 

and offer the possibility to predict SFEs of any solute in any solvent with root mean squared errors less 

than 1 kcal/mol. Validations that involve exclusion of fractions or clusters of the solutes or solvents 

exemplify the model’s capability to predict SFEs of novel solutes and solvents with diverse chemical 

profiles. In addition to being predictive, our models can identify the solute and solvent features that 

influence SFE predictions. Furthermore, using 3D-RISM hydration thermodynamic output to predict 

SFEs in any organic solvent reduces the need to run 3D-RISM simulations in all these solvents. 

Altogether, our multi-solvent models for SFE predictions that take advantage of the solvation effects are 

expected to have an impact in the property prediction space. 
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Introduction  

In the last decade, many pharmaceutical companies have heavily invested in reducing the drug attrition 

rate, especially in the late phases.  Frontloading Absorption, Distribution, Metabolism, and Excretion 

(ADME) considerations in Drug Discovery has had a significant impact in reducing the drug attrition 

from approximately 40% in 1990 to 10% in 20001. The drug design teams have been able to shift attrition 

to earlier phases by focusing on “quality” rather than “quantity” reducing times and costs2 and 

dramatically increasing the number of positive Proof of Mechanisms (PoMs) achieved3,4 These 

improvements can be attributed to the increased understanding of human pharmacokinetics (PK), 

pharmacodynamics (PD) and ADME properties of leads and candidates. Early prediction of 

physicochemical properties is therefore vital and allow design teams to drive the design of new 

molecules focusing on quantitative PK scaling and human early dose prediction (eD2M). Some of the 

most important physicochemical and Drug Metabolism and Pharmacokinetics (DMPK) properties, 

which need to be understood and optimized as early as possible to allow a compound to meet the required 

quality are solubility, permeability, oral bioavailability, clearance, volume of distribution and half-life. 

These properties are all dependent on partition coefficients, which could be derived from Solvation Free 

Energy (SFE), a thermodynamic quantity 5-9.  Improving our capability to estimate SFEs accurately will 

have a profound effect on our ability to predict these key properties and ultimately design more efficient 

drugs, in a shorter time frame with a reduced attrition. 

 

SFE estimation methods can be grouped into two major categories, namely implicit and explicit solvent 

models. Implicit models, including the solvation models (SM)10-13 polarizable continuum models 

(PCM)14,15 and conductor-like screening model for realistic solvation (COSMO – RS)16 were shown to work 

well for simple systems. However, the dependence of SFEs on various factors including temperature, 

pressure, concentration and cosolvent effects17 together with the limited molecular-level information 

considered by implicit models frequently makes it challenging to use this approach for SFE calculations 

of more complex systems. Explicit solvent models, including Monte Carlo (MC) algorithms and 

Molecular Dynamics (MD) simulations could be an alternative to implicit models. Earlier studies have 

shown that MD could be used to predict Hydration Free Energies (HFEs) of a large set of chemically-

diverse compounds with a root mean squared error of ~1 kcal/mol18,19. Nevertheless, the accuracy in MD 

comes at the expense of huge computational costs.  

An alternative approach, Reference Interaction Site Model (RISM) complements implicit/explicit 

solvent models and it uses a set of integral equations to model the solvation effects in terms of correlation 

functions20,21. Apart from being reliable in terms of HFE estimations, RISM is computationally less 

expensive than MD simulations, which could be attributed to the use of correlation functions. RISM has 



3 
 

been frequently used for computing solvation free energies17,22-27 predominantly in water.  Palmer et al. 

showed a successful application of 1D version of RISM to predict permeabilities of drug-like 

molecules28. However, 1D-RISM does not correctly account for the spatial orientation of molecules in 

solution, which is often crucial for predicting permeabilities or other pharmacokinetic properties of large 

conformationally flexible molecules. The limited scope of using 1D RISM for modeling the solvation 

effects of large molecules has encouraged the use of more advanced 3D version of RISM theory in 

recent studies. It has been demonstrated that 3D-RISM can compute HFEs, as accurately as MD17.  

Despite the fact that quite a few studies have reported the use of 3D-RISM for theoretical computation 

of HFEs, it is often demanding to use 3D-RISM to compute SFEs in other organic solvents. Misin et al. 

have developed a method in which solvents were considered as Lennard Jones spheres and parameters 

derived from critical points were used to estimate SFEs in several nonaqueous solvents17. Later, Roy et 

al. published a guideline for 3D-RISM parameter optimizations related to estimation of SFEs in n-

Octanol29. Despite these successful applications, technical challenges related to convergence issues and 

difficulties in optimizing the force field parameters for organic solvents frequently restricts the usage of 

3D-RISM in SFE estimations. To overcome these limitations, ML approaches have been widely used to 

predict SFEs in pure organic solvents30-35. Katritzky and his co-workers have shown the application of 

Multiple Linear Regression (MLR) models to predict SFEs of multiple solutes in one solvent30 and one 

solute in multiple solvents31 by making use of the structural descriptors computed by CODESSA PRO. 

Yet another study by Delgano et al. demonstrates the use of MLR in predicting SFEs in octanol, using 

molecular descriptors generated by CODESSA32. Though several studies have reported the generation 

of predictive models specific to a solute or a solvent, Borhani et al. attempted to build hybrid 

Quantitative Structure Property Relationship (QSPR) models on SFE data corresponding to 295 solutes 

and 210 organic solvents. These hybrid Partial Least Squares (PLS) regression and MLR models that 

relied on the quantum mechanical descriptors of the solutes and the experimental solvent descriptors 

could predict the SFEs of 356 solute/solvent pairs in the test set with Root Mean Squared Errors 

(RMSEs) of ~0.52 – 0.58 kcal/mol34. Another recent study on Minnesota database is an example of a 

hybrid model that showed how deep learning models derived from SMILES-based encodings of solutes 

and solvents can predict SFEs of left out solute/solvent pairs during cross validation with RMSE of 0.57 

kcal/mol35. Besides the successful applications of using 3D-RISM for HFE/SFE estimations and using 

ML models derived from structural and quantum mechanical descriptors for SFE predictions, some 

recent studies have combined the two approaches in the property prediction space. Recently, some of us 

reported accurate predictions of bioaccumulation factor using a 3D convolution neural network trained 

on 3D-RISM correlation functions36.  Roy et al. have since shown accurate classification of blood-brain-

barrier (BBB) permeability using a support vector machine trained on traditional 2D molecular 

descriptors and 3D-RISM thermodynamic output; a sensitivity of 0.99 and a specificity of 0.95 were 

reported for a single training and test set split37. We believe that the success of these models is related 
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to the accurate description of solvation effects with 3D-RISM. Being motivated by the fruitful 

combination of 3D-RISM and ML approaches, we aim to extend this application to predict SFEs in 

various organic solvents. 

In this work, we developed and tested a multi-solvent model that utilizes not only the 3D-RISM 

hydration thermodynamics, but also solvent properties as descriptors to predict SFEs. We assess the 

validity and extrapolative capability of the models by conducting several extensive validations including 

Leave One Solvent Out (LOSO), Leave One Cluster Out (LOCO) and Leave a Fraction of 

Solutes/Solvents Out (LFSO). Besides generating predictive models, we also focus on highlighting the 

solute and solvent features, relevant for SFE predictions. 

 

3D-RISM - Theory 

3D-RISM allows modeling of the solvent density distribution in a system via 3D correlation 

functions20,21: 

ℎ	"	(𝒓) = 	∑ ∫ 𝑐∝	 	(𝒓)	𝜒"""
	
	

	
	 (𝑟 − 𝑟′)𝑑𝒓""                      (1) 

where ℎ"	(𝒓)	represents the total correlation function, which is related to radial distribution function: 

(ℎ	(𝒓) = 𝑔(𝒓) − 1),  cα (r) is the direct correlation function, 𝛼	and	𝛼$ correspond to the index of solvent 

sites (atoms), and  𝜒""" is the bulk solvent susceptibility function, describing the solvent atom-atom 

correlations, obtained from 1D RISM. The 3D-RISM equation (Eq. 1) requires a closure relation, which 

can be expressed as21,38,39: 

ℎ(𝒓) = exp8−𝛽𝑢(𝒓) + 𝛾(𝒓) + 𝐵(𝒓)> − 1                                                                                            (2) 

where β=1/(KBT), KB is the Boltzmann constant and T is the temperature. u(r) is the solute-solvent 

interaction potential, γ(r) is the indirect correlation function [γ(r) = h(r) – c(r)] and B(r) is the bridge 

function. When B(r) = 0 in Eq. 2, it corresponds to the HyperNetted Chain (HNC) approximation of the 

closure relation (Eq. 3)20. However, the usage of HNC in 3D-RISM simulations is often limited by the 

poor convergence40. The most widely used closure is Partial Series Expansion (PSEn)41 (n = 1 

corresponds to Kovalenko Hirata (KH) closure42): 

ℎ"(𝒓)%&' = exp8−𝛽𝑢"(𝒓) + 𝛾"(𝒓)> − 1                                                                                                    (3) 

ℎ"(𝒓)()*+, = ?
exp8Ξ"(𝒓)> − 1, 𝑖𝑓	Ξ"(𝒓) ≤ 0

		∑ 	-.#(𝒓)2
$

3!
− 1,

356 , 𝑖𝑓	Ξ"(𝒓) > 0
                                                                                                          (4) 

where Ξ"(𝒓) = 	−𝛽𝑢"(𝒓) + 𝛾"(𝒓) 
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Within the RISM framework, the SFE functionals can be derived from Kirkwood’s equation43 using 

correlation functions44. SFE functionals corresponding to HNC and PSE closures can be represented as: 

Δ𝐺	%&' =	𝐾7𝑇	∑ 𝜌"			 ∫ [89
	
		 ℎ"9 	(𝒓) −	𝑐"(𝒓) −

8
9
𝑐"(𝒓)ℎ"	(𝒓)]	𝑑𝒓                                                       (5) 

Δ𝐺	()*+, =	Δ𝐺	%&' −	𝐾7𝑇	∑ 𝜌"				 ∫ 				 [
:(.#)(.#(𝒓))%&'

(,;8)!
]	𝑑𝒓                                                                (6) 

where Θ is the Heavyside step function.  

Θ(𝑥) = 	 P1	for	𝑥 > 0
0	for	𝑥 ≤ 0                                                                                                                      

In a number of works, it was shown that HFEs computed using theory-derived SFE functionals (Eq. 5-

6) often have large deviations from the experimental data45-48. To solve this problem, several corrections 

were introduced, including Gaussian fluctuation (GF)49,50:  

Δ𝐺	<= =	𝐾7𝑇	∑ 𝜌"	
	 ∫ [		 −	𝑐"(𝒓) −

8
9
𝑐"(𝒓)ℎ"	(𝒓)]	𝑑𝒓                                                                         (7) 

as well as corrections based on pressure and/or partial molar volume: PC/PC+48 and UC51: 

∆𝐺	>+(' =	∆𝐺>	 +	
8
9
𝜌𝑘7𝑇 V1 −	

8
?@(A>3

W 𝑉 − (2𝜌𝑘7𝑇)𝑉																																																																										(8) 

∆𝐺>+(';	 =	∆𝐺>	 +	
8
9
𝜌𝑘7𝑇 V1 −	

8
?@(A>3

W 𝑉Z − (𝜌𝑘7𝑇)𝑉Z																																																																										(9)	

where X indicates the uncorrected 3D-RISM functional used to compute SFE; here HNC or PSE-n.  

kBTXi=(R/N) ´ T ´ c; R is the gas constant, N is the Avagadro’s number, T is the temperature and c is 

the compressibility extracted from 1D-RISM calculations on bulk solvent.  

∆𝐺>+B'	 =	∆𝐺>	 + 	𝑎. 𝑃𝑀𝑉 + 𝑏																																																																																																																				(10)			

where PMV is the partial molar volume and the empirical coefficients a and b in UC corrections are 

obtained by linear regression, using a dataset of molecules with known experimental SFE data. In the 

original UC model, PMV was multiplied by the bulk solvent number density, to make the coefficient 

"a" unit less. In this work, this step has been skipped and the original units are retained . 

Eq. (8) - (10) have been shown to considerably improve the accuracies of the estimated HFEs (Standard 

Deviation of error: ~1 kcal/mol)48,51. 
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Materials and Methods 

 

Figure 1. Workflow describing the steps involved in hybrid QSPR model generation 

 

Experimental data 

The solvation free energy dataset was compiled from multiple public sources26,52,53. Initially, we 

extracted 642 HFEs from FreeSolv52, 822 HFEs from the dataset published by Roy et al.26 and 3037 

SFEs corresponding to 663 solutes and 106 solvents from Minnesota database53. All duplicates were 

removed and for those solutes with multiple HFE measurements across different sources, average values 

were used. Only SFEs of the neutral forms of the solutes were considered. 

The final dataset covers 743 solutes and 91 pure solvents, but it is sparsely populated with only 2856 

experimentally measured SFEs out of 743 × 91 = 67613 SFEs, which corresponds to 4.2% coverage.  

HFEs are available for 722 of the 743 solutes, but the coverage of non-aqueous SFEs is lower with 2134 

SFEs reported for 315 solutes in 90 organic solvents.    
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Diversity of the dataset in terms of SFEs, dielectric constants of the solvents, heavy atom counts and 

SlogPs of the solutes is shown on Figures S1 - S3.  

Molecular structures 

For solutes in FreeSolv database, structures were generated in Maestro based on the available SMILES 

notation54. For solutes extracted from Roy et al., IUPAC names were used to extract the structures from 

PubChem55. Whereas, in Minnesota database, the structures provided in XYZ format were used as 

such53. All the 2D structures obtained from different sources were processed by using the ligprep module 

of Schrodinger package with the default settings, except that the neutral ionization states provided in the 

input were used and no tautomers were generated56. Multiple low energy conformers were generated 

and minimized by ligprep, but only the lowest energy conformer was used for 3D-RISM calculations.  

For solvents, the structures were extracted from Minnesota database53.  

 

3D-RISM calculations 

3D-RISM calculations were performed using the rism3d.snglpnt utility in AmberTools1757. All 

simulations were conducted using water as the solvent. A wide range of input parameters, including 

force fields, partial charges, water models, grid spacing, buffer distance and closures were optimized 

using FreeSolv data (See Figure 2 for details about the parameters tested). Only the 3D-RISM outcomes 

corresponding to the best set of parameters were considered for further analysis (see “Optimization of 

3D-RISM input parameters for accurate hydration thermodynamics estimations” section for more 

information). Prior to RISM simulations, several preprocessing steps were carried out to assign charges 

and force field parameters with customized scripts. GAFF force field parameters and AM1-BCC / RESP 

charges were assigned using antechamber program in Amber57. OPLS 2005 charges and the 

corresponding force field parameters were designated using the Ligprep module56 and the FFLD server 

utilities of Schrodinger software. In case of CM5 charges, Gaussian 16 was used for computations, using 

B3LYP/6-31G* basis set58. The charges were then extracted and assigned in Schrodinger software54.  

Besides the theory-derived SFE functionals (HNC, KH and PSE-3), we also employed the GF, PC/PC+ 

and UC corrected functionals for HFE calculations. 
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Figure 2. 3D-RISM simulations: From parameter optimization to descriptor generation  

Solute and solvent descriptors 

Thermodynamic output generated by 3D-RISM calculations (Figure 2) were used as solute descriptors 

(Table 1) for the ML models. Additionally, solutes were described by Morgan fingerprints, where the 

environment of every atom in a molecule is explored based on a user-specified diameter and the 

corresponding structural fragments are encoded in the form of bits59.  Fingerprints were calculated by 

using the RDKIT modules in Python with the diameter set to 4 and the number of bits set to 25660. 

Solvents were characterized by Abraham descriptors61-63 provided in Minnesota database53 together with 

the polarizabilities calculated by Certara’s D360 platform, based on the approach described in Miller, 

K.J., 199064. Some of the Abraham descriptors used in our ML models include dielectric constant (eps), 

refractive index at the wavelength of Na line (n), hydrogen bond acidity (alpha), hydrogen bond basicity 

(beta, beta2), macroscopic molecular surface tension (gamma), square of the fraction of non-hydrogen 

atoms that are either aromatic carbons or F/Cl/Br (phi2, psi2) 

Highly correlated descriptors were removed based on a threshold set to 95%, prior to model building 

(see Table S1 in the Supporting Information for statistics regarding removed descriptors). 

 

Abbreviations used Solute descriptors 

PSE-3, GF and PSE-3 / PC+ Excess chemical potentials based on 
different SFE functionals: PSE-3, 
Gaussian Fluctuations and pressure 
correction plus 

Polar_PMV, Apolar_PMV, Polar_PMV_dT, Apolar_PMV_dT Partial Polar Volume (Polar, Apolar and 
Temperature derivatives) 

Solute_PE, Solute_PE_LJ, Solute_PE_LJ14, 
Solute_PE_Coulumb, Solute_PE_Coulumb14 

Solute Potential Energy (Lennard 
Jones and Coulumb components) 

Solvent_PE Solvent Potential Energy 

Polar_DirectCor_Integral, Apolar_DirectCor_Integral, 
Polar_DirectCor_Integral_dT, Apolar_DirectCor_Integral_dT 

Direct Correlation Function integral 
(Polar, Apolar and Temperature 
derivatives) 
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Polar_TotalCor_Integral, Apolar_TotalCor_Integral, 
Polar_TotalCor_Integral_dT, Apolar_TotalCor_Integral_dT 

Total Correlation Function integral 
(Polar, Apolar and Temperature 
derivatives) 

Polar_TS_term, Apolar_TS_term -Temperature*Solvation Entropy term 
(Polar and Apolar) 

Bit_1…. Bit_256 Morgan Fingerprints 

 

Table 1. Summary of solute descriptors used in our models 

 

Model building and validation 

We focused on building ML models that relied on both solute and solvent descriptors for predicting 

SFEs. The complete dataset was randomly split into training (80%) and test sets (20%) using the 

train_test_split function in scikit-learn module of python65. Random Forests (RF)66 and Support Vector 

Machine (SVM)67 models were built only on the training data and the test set was used as an external 

validation set. RandomForestRegressor and SVR functions available in the scikit-learn module of python 

were used for model building65. For RF models, a wide range of parameters including the number of 

trees (200 – 2000 with increment steps of 200), maximum depth (10 – 100 with increment steps of 10), 

minimum number of samples per split (2, 5, 10), minimum number of samples per leaf (1, 2, 4) and 

maximum number of features for the best split (auto, log2) were optimized, using a random search as 

implemented by the RandomizedSearchCV function in scikit-learn module in python65. 20 iterations of 

the random search algorithm were performed to minimize the mean squared error between predicted and 

experimental data, as computed from 5-fold cross-validation on the training data.  This corresponds to 

setting the scoring, cv and n_iter parameters in the RandomizedSearchCV function to 

neg_mean_squared_error, 5 and 20, respectively. For SVM models, cost (10-3 - 108 with incremental 

powers of 10) and gamma (10-5 - 104 with incremental powers of 10) parameters were optimized in a 

similar fashion. All SVM models were built with a Radial Basis Function kernel and solute/solvent 

descriptors were centered and scaled by subtracting their mean and dividing by their standard deviation, 

prior to model building. The means and standard deviations were computed from the training data for 

each model and were then used to center and scale the data to be predicted. 

The optimized models derived from the best combination of parameters were then used to predict the 

external test set. Model performances were estimated by coefficient of determination (R2) and Root 

Mean Squared Errors of Prediction (RMSEP) of the fitted data (R2
Tr), cross validated data (R2

CV, 

RMSEPCV) and external test set (R2
Test, RMSEPTest).  

Model training and validations were repeated 10 times by considering different training and test set 

splits to assess the stability of the models. Thus, the overall process used to build and validate the models 
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corresponds to a nested cross-validation in which 5-fold cross-validation was used for the inner loop 

and 10-fold Monte Carlo cross-validation was used for the outer loop. Overall, 9 RF and 9 SVM multi-

solvent models were built with different combinations of solute and solvent descriptors.  

External validations on 20% of the data excluded randomly, only shows the model’s potential to predict 

unseen solute/solvent combinations. The model’s extrapolative capabilities in predicting new solutes or 

solvents, were assessed by conducting other stringent validations, such as LFSO, LOSO and LOCO. In 

these validations, all observations corresponding to a specific solute or solvent were excluded 

completely from model building. In LFSO validations, models were built on the observations 

corresponding to 80% of the solutes or 80% of the solvents or 80% of the solutes and the solvents. Model 

performances were evaluated based on their ability to predict the left-out fractions (20%) of the solutes 

and the solvents. In LOSO validations, all observations pertaining to one solvent were excluded at a 

time. Models were built on the data for other solvents and the excluded solvent was used as a test set. 

LOSO was conducted only on the solvent space and not on the solutes. For each solute, SFEs are 

available only for 4 solvents on average, and for nearly 60% of the solutes, SFEs are known only for 1 

solvent. The inadequate number of datapoints makes it unsuitable for extending the LOSO validations 

to solute space. In case of LOCO validations, all observations that belong to one cluster were excluded 

and models built by considering the observations from remaining clusters were used to predict the left-

out cluster. Solutes were clustered based on their 3D-RISM thermodynamic output / Morgan 

Fingerprints. Whereas, solvent clusters were generated using the Minnesota solvent descriptors and 

polarizabilities. A k-means clustering approach was used with the kmeans function in the R Statistical 

Computing Environment with nstart (random number of samples) and iter.max (maximum iterations) 

parameters set to 10 and 50, respectively. Clustering was repeated with the cluster numbers being set 

from 2 to 50 for solutes and 2 to 15 for solvents. Calinski Harabasz (CH)68 index was used as the criterion 

to choose the optimal number of clusters, which in turn resulted in 8 solute and 14 solvent clusters 

(Figure S4 and S5).  

Besides these validations, the models were also subjected to random permutation testing by randomly 

shuffling the SFE values and refitting the models 20 times. Performances of the original and random 

models were then compared to assess overfitting. 

 

Model interpretation  

Solute and solvent descriptors that influence HFE / SFE predictions were analyzed based on the feature 

importance scores (mean decrease in impurity based on the variance explained) obtained from RF 

models. The scores across 10 splits were averaged for each descriptor and the mean values were sorted 
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to identify the 10 most relevant features. Considering the performances, only the RF models based on 

Morgan fingerprints and 3D-RISM thermodynamic output were interpreted.  

 

Results and Discussion 

Optimization of 3D-RISM input parameters for accurate hydration thermodynamics estimations 

We conducted a systematic analysis on the FreeSolv dataset to analyze the parameters that are expected 

to influence the theoretically computed HFEs. The combination of settings used in 3D-RISM 

calculations for parameter optimizations are listed in Table S2. To identify the best closure 

approximation, we performed 3D-RISM calculations with KH, HNC and PSE-3 closures by using the 

default AM1-BCC charge and GAFF force field parameters. RISM calculations with HNC closure failed 

to converge for nearly 12% of the solutes, which is in line with literature data22. Therefore, we restricted 

our comparisons to KH and PSE-3 closures. On comparing the experimental HFEs to the theoretically 

computed values based on different corrections, we found that using the PSE-3 closure resulted in low 

RMSEs for most of the SFE functionals, when compared to the KH closure. The only exception being 

the GF/UC correction, for which the HFEs computed by PSE-3 closure have comparatively large 

deviations from the experimental HFEs, thereby resulting in high RMSEs. (Table S3). Taking advantage 

of the accurate HFE estimations provided by higher order closures, together with the minimalistic 

convergence issues, we chose PSE-3 closure for all subsequent analyses.   

On investigating the force field and partial charge parameters (Table S4), we found that some 

combinations of force fields and charges yield better results (high R2 and low RMSEs) than the others 

for selected SFE functionals. These trends are often inconsistent, which makes it challenging to choose 

the appropriate force field/charge. Nevertheless, considering the accuracy of OPLS force fields shown 

in previous benchmarking studies69 and the lower dependence of CM5 charges on conformations and 

basis sets70 motivated us to use OPLS force field and CM5 charges in all our future analyses. Further, 

assessing the influence of water models on HFE computations showed that there is no remarkable 

difference in terms of HFE estimations, irrespective of the water model used (Table S5). We, therefore 

chose the SPC water model that has been widely used in the previous works24-26. We also analyzed the 

grid parameters such as spacing (distance between grid points) and buffer (minimum distance between 

solute surface and grid box edge), which influence the way that the correlation functions [h(r) and c(r)] 

defined in RISM equation (Eq. 1) are represented.  We found that changing the buffer size and spacing 

from the default 14Å and 0.5Å does not significantly influence the theoretically computed values, as 

their correlations with the experimental HFEs remain nearly the same (Tables S6 and S7). An exception 

to this trend is, increasing the grid spacing beyond 1Å leads to a significant drop in correlations and the 

error grows exponentially.  
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Overall, HFE correlations and RMSEs resulting from the RISM calculations with the optimal set of 

parameters (OPLS force field, CM5 charges, default buffer and grid spacing, SPC water model and PSE-

3 closure) shows that the corrected functionals (PC, PC+ and UC) perform significantly better than the 

theory derived PSE-3 and GF functionals. Among the correction methods, UC functional provides the 

most accurate HFE estimations (Table 2 and Figure 3).  

 

 

 

 

 

Free Energy 

Functional 

R2 RMSE 

PSE-3 0.02 26.88 

GF 0.42 10.18 

PSE-3 / PC 0.77 2.79 

PSE-3 / PC+ 0.88 2.34 

GF / UC 0.90 1.23 

PSE-3 / UC 0.88 1.60 

 

Table 2. Comparison of HFEs computed from 3D-RISM calculations on the optimal set of input parameters with 

that of the experimental values; Coefficient of determination and Root Mean Squared errors in kcal/mol are 

reported.  
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Figure 3. Scatter plot of the experimental HFEs and Universal corrections applied to GF functional (UC-GF), 

computed from 3D-RISM based on the optimal set of input parameters 

 

Prediction of SFEs using machine learning 

To understand the relevance of different types of solute descriptors as well as add-ons by solvent 

descriptors in predictive modeling, we created and tested multi-solvent models based on (i) solute 

descriptors only and (ii) in combination with solvent descriptors. Additionally, we generated models 

based on a null set that relies only on solvent descriptors to check for spurious correlations in the dataset. 

Comparisons of all of the RF and SVM models show that RF consistently outperforms SVM models 

both in terms of internal and external validations. We therefore used RF for all further comparisons, 

validations and interpretations. As would be expected, the performance of the models based only on 

solvent descriptors (Table 3, “S” descriptors) is very poor: R2
Tr=0.11, R2

CV=0.08, R2
Test=0.08 and 

RMSEPcv = 2.85 kcal/mol, RMSEPTest = 2.78 kcal/mol. On the other hand, models derived from solute 

descriptors only (Morgan Fingerprints and 3D-RISM thermodynamic output) perform significantly 

better (Table 3, “F+R” descriptors), but their accuracy is not fully satisfactory with R2
CV and R2

Test, of 

0.72 and 0.71, respectively. RMSEPcv and RMSEPTest of these models are 1.58 kcal/mol and 1.56 

kcal/mol, respectively. The Morgan Fingerprints do not contribute much to these models, since models 

trained on 3D-RISM thermodynamic descriptors (Table 3, “R” descriptors) only give similar results; 

Whereas models trained on Morgan Fingerprints (Table 3, “F” descriptors) only are less predictive 

(R2
Test: 0.61 and RMSEPTest: 1.81 kcal/mol). However, combining the solvent descriptors with all of the 

solute descriptors (Table 3, “S+F+R” descriptors) significantly improves the predictions with R2
Test 

increasing from 0.71 to 0.93 and RMSEPTest decreasing from 1.56 kcal/mol to 0.76 kcal/mol, thereby 
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demonstrating the value of using both solute and solvent descriptors for predicting SFEs in multiple 

solvents.  

On assessing the performance of different solute descriptor sets combined with the solvent descriptors, 

we found that 3D-RISM thermodynamic output improved the CV and Test set correlations by about 

15% (Table 3, “S+R” descriptors), when compared to the Morgan fingerprint-based models (Table 3, 

“S+F” descriptors). On the other hand, using the 2 descriptors as a combination resulted in nearly the 

same performance, as that of the models derived from 3D-RISM thermodynamic output with only minor 

variations in RMSEPs. Despite the fact that there are no significant improvements in terms of model 

performances, we used the descriptor combinations (3D-RISM thermodynamic output + Morgan 

Fingerprints) as solute descriptors in all our validations. We anticipate that incorporating the structural 

information in the form of fingerprints would have an impact on the SFE predictions in organic solvents. 

Our solvent-specific models on Octanol support this claim, as is evident from the interpretation of these 

models, where a fingerprint is identified as one of the top 10 features for SFE predictions in Octanol 

(Figure S8). The best performing RF models on Morgan Fingerprints/3D-RISM thermodynamic output 

along with the solvent descriptors (Table 3, “S+F+R” descriptors) resulted in R2
Test of 0.93 and 

RMSEPTest of 0.76 kcal/mol.  

In order to evaluate the strength of using 3D-RISM hydration thermodynamic output in predicting SFEs, 

we built a model considering the experimental data from all organic solvents, except water. These 

models (R2
Test: 0.94; RMSEPTest: 0.59 kcal/mol) have better predictive performances than the hybrid 

models (R2
Test: 0.93; RMSEPTest: 0.76 kcal/mol) that included water-specific experimental data (Table 3 

and Figure 4). The results clearly support our hypothesis of predicting SFEs of any solute in any organic 

solvent by exclusively using the 3D-RISM thermodynamic output from water. 

To further validate the hybrid QSPR model that uses both solute and solvent descriptors, we compared 

its performance to that of solvent-specific models, where only the solute descriptors are used.  Solvent 

specific models were built only for water, octanol and hexadecane, as these are the solvents with 

reasonable number of datapoints (at least 150).  In terms of model performances, solvent specific models 

have RMSEPs between 0.94 kcal/mol and 1.33 kcal/mol (Table 3 and S8). The inability to generate a 

reasonable QSPR model for majority of the solvents, the limited applicability domain of the models 

resulting from fewer datapoints, and the high RMSEPs of the external test sets clearly demonstrate the 

need for a hybrid QSPR model that relies on both solute and solvent descriptors.  

 

   
Descriptor 

sets 

RF SVM 

R2
Tr R2

cv RMSEPcv R2
Test 

   RMSEPTest R2
Tr R2

cv RMSEPcv R2
Test RMSEPTest 
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All solvents models (only solute / only solvent descriptors) 

S 0.11 0.08 2.85 0.08 2.78 0.08 0.06 2.88 0.07 2.80 

F 0.75 0.62 1.84 0.61 1.81 0.68 0.52 2.06 0.51 2.04 

R 0.83 0.72 1.57 0.71 1.56 0.73 0.66 1.73 0.65 1.72 

F + R  0.84 0.72 1.58 0.71 1.56 0.72 0.61 1.84 0.61 1.82 

All solvents hybrid models 

S + F 0.96 0.77 1.42 0.77 1.38 0.90 0.68 1.68 0.68 1.65 

S + R 0.99 0.93 0.82 0.93 0.77 0.95 0.92 0.85 0.92 0.82 

S + F + R  0.99 0.92 0.83 0.93 0.76 0.97 0.83 1.23 0.84 1.15 

Organic Solvents hybrid models 

S + F + R 0.99 0.93 0.62 0.94 0.59 0.96 0.86 0.77 0.87 0.85 

Water models (Solvent-specific models with only solute descriptors) 

F + R 0.98 0.90 1.33 0.92 1.16 0.97 0.87 1.48 0.88 1.37 

 

Table 3. Performances of SFE prediction models based on 2 ML approaches (RF: Random Forests; SVM: Support 

Vector Machines) and different descriptor combinations: S – Solvent Descriptors (ones from Minnesota + 

Polarizability); F – Morgan fingerprints as solute descriptors; R – 3D-RISM hydration theromodynamic output as 

solute descriptors.  Coefficient of determination (R2
Tr: Trained models; R2

CV: 5-fold Cross Validation; R2
Test: Test 

set) and Root Mean Squared errors (RMSEPcv: Cross Validation; RMSEPTest: Test set) resulting from internal and 

external validations are reported.  
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Figure 4: Scatter plot of the experimental SFEs and average test set predictions resulting from the RF models for 

organic solvents (HFE excluded). 

 

In addition to internal and external validations, we also evaluated the effects of overfitting by means of 

y-scrambling, where we rebuilt the models 20 times with randomly shuffled experimental SFEs and 

estimated their performances. Comparing the Pearson correlation coefficients between the actual SFE 

values and the randomly shuffled values against R2
Tr / R2

cv shows that R2
Tr of the null models was always 

less than 0.2 and R2
cv remained close to 0 or negative. This further confirms that our models are not 

prone to overfitting and can be used validly for all subsequent analyses and interpretation. 

 

Leave a Fraction of Solutes/Solvents Out (LFSO) validation: An assessment of the model’s 

extrapolation capability 

To minimize the efforts to experimentally measure SFEs of all solutes in all solvents, it is useful to 

generate a model with reasonable extrapolative capabilities. We therefore investigated our model’s 

potential to predict SFEs of unseen solutes and solvents by building models that excluded a subset of 

them and predicted the left-out solutes/solvents (Table 4). RF models built on observations pertaining 

to 80% of the solutes (594) resulted in R2
Test predictions of 0.87. On the other hand, when 20% of the 

solvents were excluded, R2
Test predictions dropped to 0.58. Further, when 20% of both the solutes and 

the solvents were excluded from the models, the predictions were even worse with R2
Test dropping further 

by 13% to 0.45 and RMSEPTest increasing to about 2 kcal /mol. Exploratory analysis on the individual 

models from different splits showed that when observations corresponding to water were excluded from 
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the modeling, the model performances dropped significantly. Cluster analysis of the solvent descriptor 

space further confirms this tendency (Figure S6). Water remains as a singleton cluster and it is rather 

distant from most of the solvents. Though tetrahydrothiophenedioxide and methyl formamide solvent 

clusters remain slightly close to water, they have limited SFE data for only a few solutes. Therefore, it 

is quite challenging to predict HFEs with models exclusively based on other organic solvents. However, 

HFEs /SFEs of excluded solutes can be predicted much more accurately, as the solutes are quite similar 

in terms of the descriptor space. Yet another issue with predicting both new solutes and solvents is the 

sparse solute-solvent data matrix, which in turn limits the extrapolative power of the models. 

 

Prediction set Data used for Modeling RF 

Solutes Solvents Data points 

(Avg. across 10 

splits) 

R2
Test RMSEPTest 

New solutes 594 91 2306 0.87 1.13 

New Solvents 743 73 2180 0.58 1.77 

New Solutes and new 

solvents 

594 73 1760 0.45 1.97 

 

Table 4. Performances of SFE prediction models based on a subset of solutes and solvents using Morgan 

fingerprints and 3D-RISM thermodynamic output. Coefficient of determination (R2
Test) and Root Mean Squared 

errors (RMSEPTest) resulting from the SFE predictions of new solutes and new solvents are reported. 

 

Leave One Solvent Out (LOSO) validation: An assessment of model’s sensitivity to solvent data 

To assess the model’s robustness with the exclusion of different solvents, and to analyze the model’s 

capability to predict SFEs in unseen solvents, we left out one solvent at a time, built models on the 

observations corresponding to remaining solvents and predicted the excluded solvent. Model 

performances remained nearly the same (Table S9), as that of the models based on all solvents (Table 

3) with R2
Tr always being 0.99, R2

CV ~0.93 and RMSEPCV <1 kcal/mol. This trend was observed, 

irrespective of the solvent or the number of data points excluded. However, there is a lot of variation 

with respect to the predictions of the excluded solvent (RMSEPSol: 0.11-3.91 kcal/mol). Nearly 95% of 

the solvents can be predicted with RMSEPSol < 1 kcal/mol. An exception to this trend is the predictions 

from octanol (RMSEPSol: 1.58 kcal/mol) and water (RMSEPSol: 3.91 kcal/mol). Of the 91 solvents, acetic 

acid, ethanol, isopropanol and nitroethane have R2
Sol <0.5, despite having RMSEPs below 1 kcal/mol. 
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The low R2
Sol could be attributed partly to the narrow range of SFE values for these solvents. The 

different behavior of water, when compared to other solvents and exclusion of a considerable number 

of datapoints makes it quite challenging for the models to predict HFEs. These results further support 

the limitations of our models used to predict new solvents and new solutes/new solvents.  

 

Leave One Cluster Out (LOCO) validation: Probing applicability domain  

To evaluate the effectiveness of the models in predicting solutes and solvents with different chemical 

profiles and properties, we conducted LOCO validation. Training performances of models built by 

excluding clusters of solutes or solvents were on par with the models relying on the entire dataset (Tables 

S10 and S11). With reference to predictions of excluded solvent clusters, we found that SFEs in any 

organic solvent could be predicted with RMSEPTest ≤ 1 kcal/mol. An exception being water, whose 

RMSEPTest is ~3.9 kcal/mol. Challenges with predicting SFEs in water have been discussed previously 

in LFSO and LOSO validation sections. As compared to the solvent clusters, it is quite demanding to 

predict SFEs of excluded solute clusters. Nearly 40% of the solute clusters, when excluded have 

RMSEPTest of over 2 kcal/mol. Clusters 2, 3 and 8, which had minimal overlap with the solutes from 

other clusters were among the poorly predicted ones (Figure S7). Furthermore, a comprehensive analysis 

of these clusters revealed that the poor predictions could be attributed to a few solutes containing sulphur 

dioxide, anthraquinone and thiophosphate groups in cluster 8. In case of cluster 3 with many solutes 

containing carbonyl groups and halogens linked to aromatic rings, the error is evenly distributed with 

nearly 80% of the solutes having SFE deviations of more than 1 kcal/mol, as against their experimental 

values. On analyzing cluster 2, where the majority of the solutes have less than 5 heavy atoms, we found 

that the amide containing solutes are the worst predicted ones. An interesting observation is SFEs of 

water in any solvent are predicted poorly with deviations of about 10 kcal/mol from the experimental 

values. Altogether, our results suggest that it might be challenging to predict SFEs of water in other 

solvents or SFEs of other solvents in water, when water is excluded completely from model building. 

 

Analysis of feature relevance 

Considering the model performance and the ease to decipher features related to SFE predictions, we 

focused on interpreting the RF models based on solvent descriptors and Morgan fingerprints/3D-RISM 

thermodynamic output. In case of both all solvent models and models relying on organic solvents, the 

high importance of solute-solvent interaction energies, PMV terms and dielectric constants of solvents 

show that these descriptors are important for predicting SFEs in any solvent. The relevance of pressure 

corrected HFEs together with the solvent descriptors like dielectric constant, polarizability, molecular 

surface tension, hydrogen bond acidity and refractive index in all solvent models reveal that these 
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features influence the SFE predictions in water (Figure 5a). On the contrary, for predicting SFEs in 

organic solvents, direct / total correlation function integrals, Lennard-Jones component of the solute 

potential energy, HFEs computed from Gaussian fluctuation functionals and hydrogen bond basicity of 

the solvents serve to be the most important contributors (Figure 5b).  

In addition, we analyzed the solvent-specific models, to compare the features influencing SFE 

predictions in different solvents. In water models, we found that the pressure corrected HFE is the major 

contributor for SFE predictions (Figure 5c). We have shown before that HFEs based on PSE-3/PC+ 

correlate reasonably with the experimental values (R2: 0.88). Therefore, it is not surprising that this 

solute descriptor is the most relevant one for predicting SFEs in water.  By contrast, for predicting SFEs 

in octanol, solute-solvent interaction energy and the temperature derivative of the PMV term are the 

most relevant contributors (Figure S8). All the other solute descriptors have meager contributions to 

SFE predictions in both water and octanol. In case of hexadecane, RISM thermodynamic parameters 

with the top 10 importance scores are similar to the ones identified by models on all organic solvents 

(Figure S9). The consensus between the features highlighted to be important in multi-solvent and 

solvent-specific models demonstrate the model’s ability to capture the right descriptors for SFE 

predictions. 
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Figure 5. Feature importance score distributions of the top 10 features identified to be relevant by the RF model 

based on solvent descriptors and Morgan Fingerprints / 3D-RISM thermodynamic output. (a) Models on all 
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available solvent data (b) Models on organic solvents (c) Models on water. For more information on the features, 

refer Table 1 and “Solute and Solvent descriptors” section under Materials and Methods. 

 

Comparison of predictive modeling to state of the art 

It has been shown previously that theoretically computed HFEs from 3D-RISM have low discrepancies 

with the experimental values, when pressure or PMV based corrections are applied48,51.  In our studies, 

HFEs that resulted from universal corrections applied to GF functionals correlated strongly with the 

experimental measurements (R2: 0.90; RMSE: 1.23). In case of predictive modeling based on 3D-RISM 

thermodynamic output and Morgan fingerprints, this correlation remains nearly the same as that of our 

solvent-specific water models trained using ML (R2
cv: 0.90; R2

Test: 0.92; RMSEPTest : 1.16). However, our 

hybrid models on multiple solutes and solvents suggest that ML can be used to predict SFEs in any 

solvent efficiently (R2
cv: 0.92; R2

Test: 0.93; RMSEPTest: 0.76). On the whole, our results show that 

predictive modeling using ML algorithms could be a great add-on to the 3D-RISM based theoretical 

computation of SFEs in any solvent, especially for those solvents that encounter convergence and force 

field parameterization issues in 3D-RISM simulations.  

QM solvation models have been used quite extensively for estimating SFEs. We therefore compared 

our results on predictive modeling with the recently published SM12 solvation model, that influences 

SFE by introducing approximations to the electrostatic contributions13. Only the Minnesota 

solute/solvent pairs from our dataset have been taken into consideration. For aqueous data, the Mean 

Absolute Errors (MAEs) from SM12 models and our solvent-specific water models are 0.59-0.63 

kcal/mol (Errors vary by the Density Functional Theory levels used) and 0.79 kcal/mol, respectively.  

On the other hand, for non-aqueous data, the predictive models offer better estimations of SFEs by 

reducing the MAEs from 0.54 kcal/mol in SM12 models to 0.37 kcal/mol. However, it is quite 

challenging to compare the two studies due to the variation in datapoints used for modeling. This issue 

can be connected to the fact that our test set splits are random and some of the solute/solvent pairs might 

never be included in the test set and are therefore not predicted; Whereas, some of them might be 

included twice in the different splits. The errors, we report here are the average values based on the 

solute/solvent pairs, included in the10 test set splits. Although the outcomes are not directly comparable, 

we anticipate that the SM12 solvation models and our predictive hybrid QSPR models would 

complement each other. 

Yet another example of using predictive modeling in SFE estimations is Delfos, a deep learning model 

on all Minnesota solutes and solvents developed using SMILES based encodings35. It is not ideal to 

compare our models based on 3D-RISM hydration thermodynamic output and Morgan fingerprints with 

Delfos, as the validation strategies are different. Delfos assesses the models using 10-fold cross-

validation; Whereas, we have adopted a double cross-validation approach. Our prediction errors on 
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excluded solute clusters (RMSEP: 1.54 kcal/mol) are in line with the ones reported by Delfos (RMSEP: 

1.61 kcal/mol). On the other hand, we could predict the left-out solvent clusters much more accurately 

(RMSEP: 0.87 kcal/mol) with errors reduced by about 50%, when compared to Delfos (RMSEP:1.45 

kcal/mol). Nevertheless, it is important to remember that the number of solute and solvent clusters used 

in the two studies are different. Overall, our results show that a RF model with 3D-RISM output and 

fingerprints can be as predictive as a sophisticated deep learning model, which is often associated with 

tuning of several hyperparameters and huge computational costs. 

A more recent study, which is an exemplification of the hybrid QSPR modelling approach attempted to 

predict SFEs of 295 solutes in 210 organic solvents34. The test set predictions of these linear models 

(RMSE: ~0.52 – 0.58 kcal/mol) based on solute’s quantum mechanical descriptors and experimental 

solvent descriptors are in line with the predictions of our RF models on all organic solvents (RMSE: 

~0.59 kcal/mol). Our models that utilize the 3D-RISM hydration thermodynamic output / Morgan 

Fingerprints and Abraham descriptors complement the previously generated hybrid QSPR models by 

including aqueous data and by using the 3D-RISM output as solute descriptors, which takes solvation 

effects into account. In addition, the extensive validations on solute and solvent space demonstrate our 

model’s extrapolative capabilities to predict SFEs of unseen solutes / solvents. Further, our study serves 

as a proof of concept for combining 3D-RISM with ML to predict physicochemical properties. 

 

Conclusions 

We have shown that a multi-solvent model derived from combination of ML approaches and advanced 

descriptors (i.e. solutes' 3D-RISM hydration thermodynamics together with solvent descriptors) can 

predict solvation free energies much more effectively than the theoretical approaches. The possibilities 

to predict solvation free energies in any organic solvent merely by using the 3D-RISM thermodynamic 

output from water opens up new avenues for extending this approach to predict other physicochemical 

properties, for instance, solubilities, permeabilities and partition coefficients. Our current models, being 

focused on small molecules, we avoided the problem of sophisticated conformational analysis. In the 

future work, focus will be laid on the exploration of conformational space that would not only improve 

the outcome of 3D-RISM simulations, but also support generation of models, suitable for permeability 

predictions of beyond-rule-of-5 compounds such as macrocycles and other new modalities. 
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