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Abstract

Determining solubilities of organic molecules is critical in various fields such as

pharmaceuticals, agrochemicals, and environmental science. Knowing how a solute

will dissolve in different solvents and at different temperatures is essential for drug

formulation, synthesis, purification, and crystallization. Hard-to-estimate solubility

limits currently hinder the design of new processes, making innovation more expensive.

We propose a fast and general method for predicting the solubilities of neutral organic

molecules in a wide range of solvents and temperatures. Our method uses a thermody-

namic fusion cycle to combine machine learning predictions of the activity coefficient,

fusion enthalpy, and melting point temperature. This method was tested on a com-

bined dataset with more than 100,000 experimental solubility values, showing better or
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comparable performance to competing methods on many solubility benchmarks even at

elevated temperatures. We also introduce reference ensembling to leverage all available

experimental solubilities for a given solute in estimating its solubility in a different sol-

vent. Reference ensembling is also shown to enhance the robustness of models trained

directly on solubility data.
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Introduction

The prediction of the solubility of organic molecules is a critical aspect of various fields such

as pharmaceuticals,1 agrochemicals,2 environmental chemistry,3 and materials science.4 Ac-

curate solubility prediction helps in understanding how a compound will behave in different

solvents, which is essential for formulating drugs, gauging bioavailability, and developing new

materials with desired properties. Solubility influences the efficacy and safety of drugs, since

solubility strongly affects drug delivery, absorption, and excretion.5 Additionally, solubility

predictions aid in the design of chemical processes, where solubility determines the ease

of purification and separation of compounds and predicts possible precipitation in flow pro-

cesses.6 Predicting solubility also supports environmental sciences by estimating the mobility

and persistence of chemicals in natural environments.3 Overall, screening based on reliable

estimates of solubility can save time and resources by reducing the need for extensive exper-

imentation, guiding the design and optimization of compounds with improved performance

in their intended applications.

Theoretical calculations of solubility are often achieved using thermodynamic cycles.7

Figure 1 shows two possible routes to go from a solid crystal to the solution phase. The

first, called the sublimation cycle, includes the thermodynamics of transforming the solid

to a gas through (∆Gsublimation) and then embedding the gaseous molecule into the solvent

through (∆Gsolvation). The second, called the fusion cycle,8 follows the thermodynamics of

melting the solid crystal (∆Gfusion), and then mixing it into the solvent (∆Gmixing). These

thermodynamic cycles are often used to estimate solubility either directly9 or via simplified

relations like the General Solubility Equation.10

Solubility estimation includes numerous other techniques, with many applying semi-

empirical/fragment-based equations (e.g. Hansen11/Hildebrand12 solubility parameters, NRTL,13

UNIQUAC,14 and UNIFAC15), or molecular dynamics.16,17 Quantum chemistry based equi-

librium thermodynamics methods like COSMO-RS have also shown great success in the

prediction of solvation properties that are related to solubility.18 The COSMO-RS method
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Figure 1: The thermodynamic fusion and sublimation cycles showing the change in free
energy at constant temperature upon moving from a pure solid phase to a liquid or a gas to
a solution at equilibrium (at a standard state of 1 mol/L).
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is considered reliable in its calculations of activity coefficients and solvation energies.19 How-

ever, published solubility predictions that rely on QSPR methods to estimate unknown

fusion or sublimation energies are generally less accurate.20 Moreover, COSMO-RS calcula-

tions require potentially expensive and inconvenient geometry optimizations. Another pop-

ular approach includes data-based methods like quantitative structure-property relationship

(QSPR),8,21,22 and machine learning techniques.23–28 While data-based methods can provide

good accuracy and flexibility, their extrapolative capabilities are limited by data availabil-

ity/quality, with some of these methods also lacking thermochemical consistency. This is

especially true in light of known solubility data quality problems such as measurement type,

polymorphic effects, experimental limit of detection, and experimental variability.26 These

lead to significant aleatoric errors, making it hard to assess the accuracy of direct data-based

models.23

Recent methods attempt to combine thermodynamic relations with machine learning

models.29,30 For example, the XGB-GSE method30 relates estimations of the n-octanol-water

partition coefficient (logP) from Crippen’s method31 and machine learning predictions of the

melting point to aqueous solubility as shown in Equation 1:

log10 Saq = 0.5− 0.01(MP − 25)− log10 P (1)

where Saq is the aqueous solubility at 298K in mole/liter, and MP is the melting point

in Celsius. This GSE is very popular because of its simplicity and ease of use.10,30 However,

it is limited to aqueous systems at 298K.

SolProp, a framework that uses several directed message-passing neural network models

developed in 2022 by Vermeire and collaborators,29 takes a different approach. SolProp

predicts aqueous solubility at 298 K, which is then used as a reference value for other solvents.

This is done by using machine learning predictions of solvation energies as shown in Equation

2:
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log10 Starget = log10 Sref −
∆Gtarget

solv −∆Gref
solv

2.303RT
(2)

where Starget is the solubility in [mol/L] in the target solvent, Sref is the solubility in

[mol/L] in the reference solvent (in this case water), ∆Gsolv is the solvation energy, R is the

universal gas constant, and T is the temperature. However, this is limited to predictions

at 298K. To compute the temperature dependent solubility ST , the temperature-dependent

dissolution enthalpy ∆Hdiss,T must be considered as shown in Equation 3.

ln

(
ST

S298K

)
=

∫ T

298K

∆Hdiss,T

RT 2
dT (3)

SolProp attempts to calculate the temperature dependence of solubility using two meth-

ods, one that accounts for temperature dependence of ∆Hdiss,T through numerical integration

(Equation 3), and a simpler approximation that neglects it by using ∆Hsolv and ∆Hsublimation

at 298K29 (i.e. assumes ∆Hdiss,T ≈ ∆Hdiss,298 K).

Our method builds upon the progress of SolProp in using ML to relate sublimation

properties to organic solubility and the XGB-GSE method in using ML to relate fusion

properties to aqueous solubility. We propose a method to estimate solubility in both aqueous

and non-aqueous solvents via a hypothetical supercooled liquid state for the solute. We

start by compiling data and training machine learning models to predict the enthalpy of

fusion ∆Hfus, melting point temperature Tmp, and activity coefficients γT
x as a function

of the temperature and mole fraction. Then, we combine those predictions in Equation 4

(derivation shown in supporting information):

ST ≈ ρsolventx
T
sat ≈

ρsolvent
γT
sat

exp

[
∆Hfus

R

(
1

Tmp

− 1

T

)]
(4)

Equation 4 will be used to iteratively calculate solid solubility based on predictions of

∆Hfus, Tmp, and γT
x coming from three individual ML models, and ρsolvent which is assumed

to be known. Equation 4 conveniently models temperature dependence, which is a major
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simplification compared to the workflows used in SolProp. If the solute is predicted to be a

melt at the given temperature, the liquid solubility (i.e. the solubility of the liquid solute in

the solvent-rich phase) will be calculated based on predicted activity coefficients.

The method is then validated on more than 100,000 experimental solubility labels and

compared to competing methods (i.e. SolProp, XGB-GSE, and FastSolv) on both organic

and aqueous solubility datasets. Reference ensembling is also used, which shows how the

use of solubility data of the same solute in multiple reference solvents can enhance the

prediction of the solute’s solubility in the target solvent, showing the benefit of using multiple

references over a single one. Reference ensembling is also used to map solubility predictions

from reference to target solvents, enhancing the robustness of ML models trained directly

on solubility data.

Methods

Datasets

This section describes the various datasets used for training (enthalpy of fusion, melting

point, and activity coefficient), and testing (solubility).

Enthalpy of fusion data

Enthalpy of fusion is the amount of energy required to change one mole of a solid substance

into a liquid at its melting point, at constant pressure. Data for fusion enthalpy were collected

from the compilations of Acree and Chickos,32 Yaws,33 and the CRC.34 Data points that

were marked “unreliable” or that showed “possible dissociation” were removed, and duplicate

measurements were averaged. The dataset includes 5,184 enthalpies of unique molecules

reported in [kcal/mol], and is referred to as dHfus DB. The data from Acree and Chickos32

is approved for public release and shared in the digitally provided files.
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Melting point temperature data

At the melting point temperature, the solid and liquid phases exist in equilibrium. The

melting point data in this work is comprised of data from OCHEM,35 PHYSPROP,36 Drug-

Bank,37 Coley et al.,38 and ChemInfo.39 The combined dataset includes 273,404 melting

points of unique molecules reported in [K], and is referred to as Tmp DB, whereby duplicate

measurements were averaged and only points with standard deviations less than 10 were

kept. The compiled dataset, from sources that approved public release,35,36,38 is shared in

the digitally provided files.

Activity coefficient data

1. Data from theoretical calculations

COSMO-RS allows flexible calculation of activity coefficients across different conditions such

as temperature, mole fraction, and chemical space. Many machine learning activity coeffi-

cient models in the literature are trained fully or partially on COSMO-RS data.40–42 We use

the published data from SolvGNN,42 with a total of 560,000 labels where 80,000 solutes are

sampled at (x=0.0,0.1,0.3,0.5,0.7,0.9,1.0), as an initial dataset. However, the dataset is lim-

ited to room temperature and is limited in chemical space (spanning random combinations of

around 700 commonly used solvents). We extended the dataset by randomly sampling 1000

solutes, from the COSMObase 2023 database containing around 10,000 neutral compounds,

for each solvent in their list of commonly used solvents. For each sampled solute-solvent

pair, we also randomly sample a temperature in the [200-600 K] range from a uniform dis-

tribution and a mole fraction from an exponential distribution (to be more representative of

realistic dilution conditions). To expand the diversity of the solutes, we also supplement the

dataset with COSMO-RS calculations on ∼200 drug-like molecules listed in the supporting

information. For each solvent from SolvGNN,42 50 drug-like solutes are sampled from the

same temperature and mole fraction distributions to generate a total of 28300 additional

data points. Distributions of the additional data sampled in this work are shown in Figures
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S1 and S2 of the Supporting Information. The combined dataset of more than 1.1 million

data points was used for pre-training and is referred to in this work as gamma QM DB.

2. Experimental activity coefficient data

The experimental dataset compiled in Wu et al.43 is also used in this work and is referred

to as gamma exp DB. Note that this dataset spans different temperatures but is all close to

the infinite dilution limit (i.e. small mole fraction). To remedy this, the experimental data

is augmented with data points at mole fraction of one where the activity coefficient equals

one by definition (see the plot in Figure 2). An augmented data point of γ(x = 1) = 1 is

added for each data point in gamma exp DB at the same solute, solvent, and temperature

to create gamma aug DB. This is done to limit model drift in the fine-tuning process and

ensure that the dependence on mole fraction is not forgotten. The details of the training

datasets are summarized in Table 1.

Table 1: Summary of datasets used for training in this work. The columns f(T) and f(x)
indicate if data is a function of temperature and mole fraction respectively.

Name Description Data entries f(T) f(x) Source

dHfus DB
Experimental data for
enthalpy of fusion

5184 solutes No No Compiled32–34

Tmp DB
Experimental data for

melting point temperatures
273404 solutes No No Compiled35–39

gamma QM DB
Quantum chemical database

(COSMO-RS) for activity coefficients

1162300 data
11572 solutes
685 solvents

Yes Yes COSMO-RS18 & SolvGNN42

gamma exp DB
Experimental data for

infinite dilution activity coefficients

21284 data
302 solutes
447 solvents

Yes No Wu et al.43

gamma aug DB
Augmented experimental data for
infinite dilution activity coefficients

42568 data
302 solutes
447 solvents

Yes Yes Wu et al.43 & augmented

Solubility data

To test our method, we use various experimental solubility datasets. The datasets we use

include popular compilations of solubilities in various solvents and temperatures like Big-

SolDB,44,45 CombiSolu-Exp,29 CombiSolu-HighT-Exp,29 and the handbook of solubility data

for pharmaceuticals by Jouyban.46 We also include datasets compiled in other machine learn-
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ing studies like Bao et. al28 and Boobier et. al.27 Moreover, we use the Enabling Technologies

Consortium (ETC) collaboration datasets of common solutes in a large variety of solvents

around room temperature.20 Due to the abundance of aqueous solubility data at 298K, we

supplement our test datasets with popular aqueous solubility datasets, including drug like

molecules (Drug Aq),47 solubility challenge data,48 Ran & Yalkowsky data,49 AqSolDB,50

and a small dataset of PROTAC molecules.51 Using both solubility and melting point data,

we were able to find 1067 data points of liquid solubilties (i.e. Tmp < T ) which are discussed

separately in the results section. Note that solubility measurements can be intrinsic (maxi-

mum concentration of the uncharged compound) or apparent (relative population of dissolved

microspecies at the buffer pH).26 The Drug Aq, solubility challenge, and PROTAC datasets

are specified as intrinsic, while the rest of the datasets are of unspecified types. Users should

be cautious when using such data and keep in mind that most predictive models, including

the one presented in this work, are designed for intrinsic solubility. However, when one can

estimate the pKa’s, one can predict pH-dependent apparent solubility.52

We also provide a combination of all of these datasets, which we refer to as BiggerSolDB.

Duplicates are first dropped, and then different solubility values are averaged (where only

208 data points had a standard deviation greater than one log unit). Any zwitterionic

molecules are removed at this point. To our knowledge, this combined dataset is the largest

public compilation of experimental solubility data with 118978 data points, with 10633

unique solutes and 243 unique solvents (100935 data points after dropping zwitterions). The

dataset notably increases the number of available unique neutral solutes in organic solvents

to 2200 from BigSolDB’s 1160, which is important for approaches that train directly on

solubility data.23,27,28 A summary of the datasets used in this work is shown in Table 2. Data

conversions are applied to standardize different units to base-10 logS in [mol/L]. To achieve

this, temperature-dependent densities of solvents are used from the DIPPR database.53 Note

that temperature-dependent densities for 554 data points at specific temperatures were not

found in the DIPPR database. For those solvents, the density at room temperature was used
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if available and a warning label was given in the digitally provided files.

Models and training procedure

All three models in this work were trained using Chemprop v2,54 a Python implementation of

the directed message passing neural network (D-MPNN) architecture for molecular property

prediction. The enthalpy of fusion and melting point models are both single-component

models, while the activity coefficient model is a multi-component model with temperature

and mole fraction supplied as extra data point descriptors.

To tune the models, a hyperparameter search of 30 steps was done on parameters that de-

scribe the structure of the model (i.e. depth, ffn num layers, dropout, message hidden dim,

ffn hidden dim, max lr, init lr, final lr, warmup epochs, activation, aggregation, aggrega-

tion norm, and batch size). A random split of 80/10/10 train/validation/test was used, and

training ran for 100 epochs. Due to the large size of the activity coefficient pre-training

dataset (gamma QM DB), a randomly down-sampled version of 200,000 data points was

used for hyperparameter tuning. After tuning, an ensemble of five models were trained for

each model using the best configuration suggested by the hyperparameter search. More-

over, the feed forward network layers of the activity coefficient model were fine-tuned using

gamma aug DB for an additional 20 epochs.

Solubility calculation

Solid solubility

The model predictions are then combined using Equation 4 to calculate solid solubility.

Note, however, that the activity coefficient is a function of the mole fraction, while the

mole fraction solubility is a function of the activity coefficient. In order to approximate the

saturation condition, we start with an initial guess of zero (infinite dilution) and iteratively

adjust the mole fraction until convergence (i.e. until the residual becomes sufficiently low or
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Table 2: Summary of experimental solubility datasets used for testing in this work. The
column f(T) indicates if data is a function of temperature. BiggerSolDB is made of the
combination of all other datasets.

Name Description Data entries f(T)

Handbook46 Pharmaceutical solubility data [logS]
5254 data
282 solutes
135 solvents

Yes

Bao et al.28 Solubility data for ML validation [logS]
3902 data
88 solutes
36 solvents

Yes

BigSolDB44 Compiled solubility data [logS]
54173 data
829 solutes
128 solvents

Yes

BigSolDBv2.045 Compiled solubility data [logS] Version 2.0
103390 data
1448 solutes
191 solvents

Yes

CombiSolu-Exp29 Compiled solubility data - moderate T [logS]
4953 data
115 solutes
97 solvents

Yes

CombiSolu-Exp-highT29 Compiled solubility data - high T [logS]
1306 data
67 solutes
15 solvents

Yes

Boobier non Aq27 Solubility data for ML validation [logS]
1465 data
1131 solutes
3 solvents

Yes

ETC120 Enabling Technologies Consortium data [logS]
346 data
10 solutes
44 solvents

Yes

ETC220 Enabling Technologies Consortium data [logS]
340 data
15 solutes
42 solvents

No

Drug Aq47 Aqueous drug solubility data [logS298K
aq ]

72 solutes
in water

No

Solubility Challenge48 Aqueous “solubility challenge” data [logS298K
aq ]

132 solutes
in water

No

Ran & Yalkowsky49 Aqueous solubility for GSE validation [logS298K
aq ]

148 solutes
in water

No

Boobier Aq27 Aqueous solubility for ML validation [logS298K
aq ]

900 solutes
in water

No

AqSolDB50 Compiled aqueous solubility data [logS298K
aq ]

8613 solutes
in water

No

PROTAC51 Aqueous “PROTAC” solubility data [logS298K
aq ]

21 solutes
in water

No

BiggerSolDB20,27–29,44,46–51 Combination of all neutrals w/o duplicates
(no zwitterions)

100935 data
9785 solutes
231 solvents

Yes
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the maximum number of iterations is reached). This process is shown visually in Figure 2.

Liquid solubility

If Tmp is predicted to be less than T , we solve for the solubility of the liquid solute in the

solvent-rich phase by iteratively solving the following equation:

xα
Bγ

α
B = xβ

Bγ
β
B (5)

where x is the molar fraction, γ is the activity coefficient, B is the solute, α is the solvent-

rich phase, and β is the solute-rich phase (the derivation of this equation is shown in the

supporting information). We use an initial guess of xα
B = 0 and xβ

B = 1 to calculate xα
B, and

then update the prediction of γα
B to calculate xβ

B. Again, this is repeated until the residual

becomes sufficiently low or the maximum number of iterations is reached.

Figure 2: Visual depiction of the iterative process used for the solubility calculation. Infinite
dilution is used as an initial guess of the mole fraction solubility (i.e. x0 = 0). The calculated
mole fraction xn is then iteratively used as input to the activity coefficient model until
converging to xN after N iterations.

13

https://doi.org/10.26434/chemrxiv-2025-jd8zw ORCID: https://orcid.org/0000-0001-8595-5102 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0

https://doi.org/10.26434/chemrxiv-2025-jd8zw
https://orcid.org/0000-0001-8595-5102
https://creativecommons.org/licenses/by/4.0/


Results and discussion

Validation of ML model predictions

To validate the ML models, the enthalpy of fusion and melting temperature models were

tested on a 10% randomly selected test set from dHfus DB and Tmp DB respectively. Fig-

ure 3 shows parity plots with mean absolute errors of 1.5 [kcal/mol] and 26.5 [K] for the

enthalpy of fusion and melting point temperature respectively. Deviations between the model

predictions and the experimental enthalpies of fusion and melting points are reasonable for

most molecules given the expected experimental uncertainty, unaccounted polymorphic ef-

fects, and human errors in data recording55 and are comparable to others models reported

in literature.38,55–59

(a) (b)

Figure 3: Parity plot of the prediction on a 10% randomly selected test set of a) the enthalpy
of fusion model, and b) the melting point model. Color shows density of the data points.

For the activity coefficient model, a 10% scaffold-split test set (Bemis-Murcko scaffolding

on the solutes as implemented in Chemprop54) from gamma exp DB was used for evaluation.

The test set was evaluated using both the pre-trained model that has only seen theoretical
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COSMO-RS data from gamma QM DB, and the fine-tuned model that was trained on 80%

and validated on 10% scaffold splits of the remaining experimental data in gamma exp DB.

Figure 4 shows the importance of fine-tuning, where the mean absolute error drops from

0.35 to 0.25. This model is then retrained with a 90% train 10% validation splits on

gamma QM DB for pre-training and using the complete gamma exp DB for fine-tuning.

(a) (b)

Figure 4: Parity plot of the prediction on a 10% scaffold-split test set of experimental activity
coefficient data using a) pre-trained model, and b) fine-tuned model. Color shows density of
the data points.

Testing of solubility predictions

This section assesses the validity of the solubility calculation process described in Figure 2.

All calculations in this section ran for a total of ten iterations. A summary of the results are

shown in Figure 5 where we compare the fusion cycle calculation to SolProp and the XGB-

GSE methods. Note that SolProp was trained on aqueous solubility data at 298K, and so our

new method is compared to the XGB-GSE method for the last six datasets instead. Parity

plots for the 15 individual datasets is shown in Figure S3 of the supporting information.

Our proposed solubility prediction method is competitive, with a performance that usually
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matches or exceeds that of the other methods.

Figure 5: Benchmarking of solubility prediction against SolProp or XGB-GSE on the 15
datasets described in Table 2.

Although the performance of both the fusion cycle approach and SolProp worsens with

increasing temperature, the fusion cycle seems to perform much better than SolProp at

high temperatures (see model performance above at temperatures above 500K in Figure 6).

This is possibly due to SolProp’s temperature dependence relying on extra variables like the

solvation and sublimation enthalpies.

While the iterative process is a more thermodynamically sound way to estimate saturation

solubility, it significantly increases inference time (time increases by a factor of N iterations).

The initial guess of infinite dilution is usually a good approximation for a fraction of the

time required for the full calculation. Figure 7 compares the saturation solution (from ten

iterations) and the infinite dilution solution. It shows that for the majority of data where

the mole fraction solubility is less than 0.1, the iterative process does not enhance the

solubility estimate. The iterative process seems to only matter at higher solubilities where

we cannot assume infinite dilution. Note that for such high solubilities, techniques could

be employed to force convergence when oscillating behavior is detected.60 Such techniques

were not implemented in this study for simplicity, but are expected to enhance predictions

at high mole fractions. For our data, we observed oscillations of less than 0.1 logS unit so
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Figure 6: Dependence of mean absolute error in log10 ST on temperature. Fusion cycle in
circles is compared to the two SolProp methods with constant and temperature dependent
dissociation enthalpies in diamonds. A histogram showing test data distribution is shown in
gray.

this was not a concern.

The performance of the solubility calculation is also evaluated on BiggerSolDB (i.e. the

combination of all 15 datasets). This gives a better sense of the fusion cycle’s performance

and generalizability as it is tested on the largest compiled dataset of more than 100,000

solubility labels. The parity plot in Figure 8.a shows that predictions are well-centered

about the identity line. The histogram of the absolute error in Figure 8.b further supports

this good agreement, with ∼ 76% of the data predicted within ±1 log unit and ∼ 94% within

±2 log units.

Liquid solubility

Note that the results in this section include some melts. As discussed in the methods section,

liquid solubility is defined as the concentration of the solute in the solvent-rich phase. To

demonstrate the applicability of our method to liquids, we present Figure 9.a, where only

liquid solubilities (i.e. Tmp < T ) are plotted against predicted solubility. The method works
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Figure 7: Dependence of the mean absolute error in log10 ST on mole fraction. The saturation
solution from ten iterations is compared to the approximation γT

sat = γT
x=0 (i.e. the initial

guess). A histogram showing test data distribution is shown in gray.

(a) (b)

Figure 8: a) Parity plots of experimental vs. predicted solubility on BiggerSolDB. b) His-
togram of the absolute error between experimental and calculated log10 S on BiggerSolDB.
Using an ensemble of reference solvents significantly improves the predictions.
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reasonably well for over 1000 liquids, with a mean absolute error of 0.55. The relatively better

performance as compared to solids may be attributed to the use of equation 5, which does

not depend on the predicted enthalpy of fusion and melting point temperature. Moreover,

Figure 9.b shows the calculated xα
B/x

β
B ratio for some miscible solvents. Miscible liquids mix

together completely in all proportions and so only one liquid phase exists (i.e. xα
B = xβ

B = xB

or xα
B/x

β
B = 1).

(a) (b)

Figure 9: a) Parity plots of experimental vs. predicted solubility in immiscible liquids (i.e.
Tmp < T ). b) Calculation of the xα

B/x
β
B ratio for miscible solvents using equation 5 (xα

B/x
β
B=1

if miscible).

Validation on logP data

The n-octanol-water partition coefficient is a partition coefficient for the two-phase sys-

tem consisting of n-octanol and water. It serves as a measure of the relationship between

lipophilicity (fat solubility) and hydrophilicity (water solubility) of a substance. The ‘dry’

logP at infinite dilution can be written in terms of solubilities as follow:

logP = logSn−octanol − logSaq (6)

where logSn−octanol and logSaq are solubilities at 298K in n-octanol and water respec-
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tively. Figure 10 shows a comparison between logP calculated by Crippen’s method31 (an

atom contribution method) and calculated via the Fusion Cycle on the corrected OPERA

dataset with 12709 data points,61 and the smaller SAMPL662/SAMPL763 datasets. Al-

though Crippen’s method is fitted using logP data, the fusion cycle gives consistently better

predictions without seeing any logP or logS data in its training (Figure 10). The parity plots

of the predictions are shown in Figure S4 of the supporting information.

Figure 10: Bar chart comparing predictions using the Fusion Cycle presented here (Eq.6)
with Crippen’s method for the calculation of logP.

Reference ensembling

An interesting approach shown by Vermeire et al.29 was the use of experimental solubility

of a solute in a reference solvent to infer its solubility in a different target solvent. This cir-

cumvented the need to use predicted aqueous solubility as a reference, significantly reducing

the associated error. To do this, SolProp used predictions of the solvation free energies at

infinite dilution as follows:
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log10 S
298K
target = log10 S

298K
ref −

∆Gtarget
solv,298K −∆Gref

solv,298K

(2.303R) (298K)
(7)

In this section, we use a similar approach but generalize it to N number of reference

solvents and any temperature. First, we use the following relation between solvation energies

and activity coefficients (derived in Leenhouts et al. 64 and valid for moderate temperatures

and pressures):

∆Gsolv = RT ln

[
γ
Psat/RT

ρsolvent

]
(8)

One then can write the difference in solvation energies as the ratio in activity coefficients:

∆Gtarget
solv −∆Gref

solv = RT ln

[
γtarget ρref
γref ρtarget

]
(9)

This can then be generalized to N number of references (similar to our previous approach

for modeling acid dissociation constants52) as follows:

log10 S =
1

N

∑
i

(
log10 Sref,i − log10

(
γtarget ρref,i
γref,i ρtarget

))
(10)

While we are capable of estimating γ at the saturation limit, we choose to use the

infinite dilution limit in this section since it is less computationally expensive and since

most of our data is dilute. The results in Figure 11 show that as the number of references

increases, the mean absolute error tends to decrease. This is expected since the error in the

reference solubility and the predictions of γref is being decreased by averaging N number of

estimates. The final root mean squared errors of the fusion cycle and fusion cycle + reference

ensembling are 0.98 and 0.77 respectively, which are within the commonly referred to 0.5-

1.0 experimental limit of solubility measurements.23,26 The histogram of the absolute error

in Figure 8.b also compares the reference ensembling results to the fusion cycle estimate.

The use of reference ensembling increases the predictions within ±1 log units to ∼ 87% and
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predictions within ±2 log units to ∼ 97%.

(a) (b)

Figure 11: a) Parity plot of the results from reference ensembling on BiggerSolDB. b) The
relation between number of references used and mean absolute error.

Comparison to FastSolv

This section compares FastSolv,23 a recent neural network model trained on BigSolDB, to the

Fusion Cycle methodology. FastSolv takes Mordred molecular descriptors65 and temperature

as input, and uses a Sobolev66 loss which incorporates the target temperature derivatives in

addition to the target values during training. This section is tested on BiggerSolDB ext, a

subset of BiggerSolDB that includes only solutes that do not appear in BigSolDB. Figure 12

shows that FastSolv matches the performance of the Fusion Cycle on non-aqueous solvents

but does much worse on aqueous data.

The reason for this mismatch in performance is the difference in aqueous vs. non-aqueous

data distributions, shown in Figure 12.a. Models trained directly on solubility data will al-

ways be limited by the training data noise and distribution. While methods relying on ther-

modynamic relations (e.g. Fusion Cycle, SolProp, and XGB-GSE) also have associated data

biases, they seem to retain some physical intuition and perform better in out-of-distribution

testing (e.g. generalizing to aqueous data which has a different distribution compared to
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that of BigSolDB).

A possible point of synergy between methods that depend on thermodynamic cycles and

those that train directly on solubility is the application of reference ensembling. A model

that was trained directly on solubility will always perform better on some solvents compared

to others due to data imbalance and varying uncertainties of solubility measurements in each

solvent. One could use the model to predict solubility in a set of “good” solvents, and use

those as reference values in equation 10. In our case, we use the 15 most represented solvents

in BigSolDB (FastSolv’s training data). Results in Figure 12.b show that this method can

greatly enhance the robustness of a model for out-of-distribution solvents (water in this case).

This of course comes at additional computational costs (scales with the number of reference

solvents per solute) which can make inference time longer.

(a) (b)

Figure 12: a) Histogram showing the difference between aqueous and non-aqueous data
distributions in BiggerSolDB. b) Mean absolute errors in predicted solubilities by the Fusion
Cycle and FastSolv on aqueous and non-aqueous splits of BiggerSolDB ext. Using reference
solvents significantly improves FastSolv’s ability to predict aqueous solubilities.

Limitations and future work

An obvious limitation both in this work and in most other methods is failing to account for

polymorphic effects. A solid’s crystal structure may vary in its packing to form amorphous
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or crystalline structures. The more ordered a solid structure is, the higher the enthalpy of

fusion; and the lower its solubility. Data on the effect of polymorphism on the properties

used in this work are scarce. Polymorphs can have significantly different enthalpy of fusion,

melting point temperatures, and solubility as seen in Figure 13. The models presented

here are not capable of representing polymorphs, and most of our datasets do not include

polymorph information. The use of polymorph-specific properties if known, with models

that use that information is expected to give better results.9,67

(a) Enthalpy of fusion32 (b) Melting point32

(c) Solubility68

Figure 13: Distributions of molecules exhibiting multiple crystal polymorphs.

Another limitation is the method’s inability to calculate solubilities in a mixture of sol-

vents. This stems from the inability of the MPNN used to featurize a mixture of solvents.

This can be remedied by using a molecular pooling function like MolPool.64 This was recently
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tested on solvation energies, and is expected to give similarly good performance if expanded

to activity coefficients or solubilities. Finally, the methodology presented here is meant only

for neutral molecules, and is not recommended for charged molecules, as discussed in the

supporting information.

Conclusion

A method is proposed to predict solubilities of various solutes, solvents, and temperatures

using a thermodynamic fusion cycle. Training datasets for enthalpy of fusion and melting

point are compiled from many different sources and used to train ML models for the two

properties. COSMO-RS calculations were generated to supplement existing public datasets

of activity coefficients. A model to predict activity coefficients takes in the solute, solvent,

temperature, and mole fraction, was then pre-trained on the COSMO-RS data and fine-tuned

on augmented infinite dilution experimental values. Predictions from the three models were

then used in as inputs to the thermodynamic equation to calculate the solubility of any

neutral solute in a wide range of solvents over a wide temperature range. The method was

tested on a total of 15 datasets, where it performed better than competing methods on 13

of them.

The combination of the 15 datasets is then used for further testing. The method main-

tains reasonable predictions at higher temperatures, something that competing methods

sometimes struggle with. Reference ensembling is proposed as a method to leverage all

available solubility data for a given solute in estimating its solubility in a unseen solvent.

This enhances accuracy, dropping the mean absolute error, in log10(solubility), from 0.72 to

0.51 with a jump from 76 to 87% of data points being predicted within ±1 log units. Further-

more, the method is demonstrated to work for the prediction of n-octanol-water partition

coefficients without ever training directly on logS or logP data. Finally, reference ensembling

is also used to enhance robustness and out-of-distribution generalization of methods directly
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trained on solubility data.
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TOC Graphic

ML models are used to iteratively calculate sol-
ubility through the fusion cycle.
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