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A B S T R A C T

Solvation energies play a crucial role in various chemical processes, ranging from chemical synthesis to sepa-
ration techniques. To optimize these processes, it is essential to accurately predict solvation energies across
different temperatures and solvents. However, most existing studies primarily focus on the standard temperature
of 298.15 K. In this work, we address this limitation by creating an extensive database, which combines the
DIPPR and Yaws databases. Our comprehensive dataset includes 5420 pure compounds, resulting in 71,656 data
points spanning a wide range of temperatures. Additionally, besides the development of this novel database,
another key contribution of this work is the coupling of the well-known Graph Convolutional Neural Network
Chemprop, with our database with the aim of predicting self-solvation energies across diverse temperatures for
the first time. The results presented here demonstrate the overall effectiveness of the model, evidenced by a low
Mean Absolute Error (MAE) of 0.09 kcal mol− 1 and a high Determination Coefficient (R²) of 0.992. Additionally,
the Average Relative Deviation (ARD) of the data is 2.2 %, further confirming the accuracy of the model. In fact,
the model demonstrates robust predictive performance across data of varying quality, including a significant
fraction of pseudo-experimental values derived from predictive schemes. However, it is worth noting that some
groups of compounds, such as small sized compounds and low-numbered ring structures, exhibited somewhat
larger deviations than expected. This suggests areas for further refinement and indicates that while the model is
robust, there is still room for improvement in specific cases. This approach represents an overall improvement
over previous models and offers enhanced versatility for practical applications in chemical synthesis and sepa-
ration processes.

1. Introduction

Solvation is a fundamental physico-chemical process wherein a small
quantity of a solid or gaseous substance, called the solute, disperses in
large quantities of a liquid compound or mixture known as the solvent
[1]. Various definitions of solvation exist in scientific literature, often
emphasizing different aspects of the physical interactions involved, such
as electrostatic forces, van der Waals forces, and hydrogen bond for-
mation [2]. According to the International Union of Pure and Applied
Chemistry (IUPAC), solvation energy is defined as the change in Gibbs
energy when an ion or molecule transfers from a vacuum (or gas phase)
to a solvent [3]. This definition, also adopted in this work, highlights the
thermodynamic nature of solvation and its dependency on local mo-
lecular interactions [4].

The quantification of solvation effects is crucial for various practical
and theoretical applications, from chemical synthesis and purification
processes to drug design and environmental management [5–7]. For

instance, solvation energies are used to measure and compare the af-
finities of solutes for solvents, which is essential in selecting appropriate
solvents for specific tasks [8]. In pharmacology, solvation properties
influence the behavior of active molecules in different environments,
affecting their transport in biological systems and their interaction with
target molecules [9]. Moreover, solvation quantities are also vital in
studying protein structure stability, drug design, and the interaction of
nanoparticles with biological systems [10,11]. This is due to solvation
Gibbs free energy (Δgsolv) of a solute in a solvent being directly related to
the partition coefficient of the solute between the gas and solvent phases
[8]. Despite these values being typically reported at room temperature,
this property is crucial for predicting the liquid-liquid partition coeffi-
cient and solid solubility of the solute in organic solvents [12].

More specifically, the self-solvation energy of compounds is crucial
in several areas, including thermodynamics, molecular design and en-
gineering, and environmental impact assessment [13–15]. In terms of
molecular stability and conformation, self-solvation energy reflects the
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intramolecular interactions of the solute with itself. In predictive
modeling, accounting for self-solvation energy is essential. Models that
incorporate these interactions can more accurately predict solvation
energies across different solvents, thereby improving the reliability of
simulations and calculations used in various chemical engineering ap-
plications [14,15]. Therefore, accurate Δgsolv values, whether for pure
substances or mixtures, are necessary for optimizing processes under
different operating conditions.

The wide range of applications for this property has fueled the
growing interest in solvation free energies. This has led to the devel-
opment of numerous predictive methods, ranging from molecular dy-
namics and quantum chemistry methods to empirical and data-driven
approaches [8,16]. Quantum chemistry methods often utilize the im-
plicit polarizable continuum model for solvent representation, such as
the SMx methods by Cramer et al. and Marenich and co-works, [17–19]
and the COSMO-RS models by Klamt et al. [20–23]. Afterwards, Müller
et al. [24] have published a recent advancement on this field with the
development of openCOSMO-RS [25], an improved open-source COS-
MO-RS model capable of predicting solvation free energies alongside
other liquid-phase properties. This model demonstrated significant ac-
curacy for the prediction of solvation free energies of binary systems at
298.15 K. Another field where this open-source model excelled was in
the prediction of halocarbon properties [26]. Additionally, Kröger et al.
[27] also used COSMO-RS-based models to study ion solvation free en-
ergy, where they observed a high level of accuracy in their predictions
for these ionic systems which usually present unique challenges.

A different alternative is the LSER model, developed by Abraham
et al. [28,29], relating the free energy of solvation to molecular de-
scriptors through a linear equation. Several methods have also been
proposed to estimate some or all the solute parameters required for the
LSER model from its molecular structure [28,30–39]. Some of those
include contribution (GC) approaches. For instance, Platts et al. [34,35]
were the first to devise a GC scheme that can predict all solute param-
eters, where they developed 81 functional group fragments for predic-
tion. Afterwards, other works [40] adopted the Platts-type fragments
and further optimized the fragments for their module. This approach
was shown to give reasonably good estimates for many compounds, but
it had large prediction errors for certain classes of molecular structure,
such as highly halogenated compounds, triazoles, and bridged ring
structures. Additionally, Brown et al. [41,42] developed a different set
of fragments or substructures using the iterative fragment selection
approach, in which the fragments are selected by using k-fold
cross-validation. In their work, solute parameter data of around 3700
compounds was used to build an open-access GC model that is available
through the UFZ-LSER database. Their model showed good predictive
performance for some parameters, while the performance on the other
solute parameters was not reported.

On the topic of self-solvation energies, these are typically associated
with vapor pressure. One example of this is the work by Moine et al. [1].
In their work, they developed the CompSol database, which contains
extensive experimental solvation data for both pure substances and
mixtures. For their self-solvation energies, these were calculated using
physical properties such as liquid density and vapor pressure. Moreover,
other works, such as those by Wang et al. [43] and Tsai and Lin [44],
utilized the PR + COSMO-SAC Equation of State (EoS), which includes a
self-solvation term. This EoS integrates quantum mechanical solvation
calculations to determine the energy and molecular volume parameters
in the PR EoS, highlighting the importance of self-solvation calculations
for property prediction, particularly in predicting vapor pressure.

This leads us to conclude that predictive methods continue to evolve,
incorporating empirical data and advanced computational techniques.
For example, group contribution methods and state-of-the-art graph-
convolutional message passing neural networks are increasingly used to
enhance predictions of Δgsolv and Δhsolv at 298.15 K [8]. However,
despite the extensive use and importance of solvation data, the existing
studies and databases often fall short in several significant ways. One

major limitation is the narrow focus on standard temperature condi-
tions, typically at 298.15 K. This constraint severely limits the practical
applicability of the data, as real-world chemical processes often occur
over a range of temperatures. The standard temperature data do not
provide insights into the temperature-dependent behavior of solvation,
which is critical for understanding and optimizing processes under
varying thermal conditions.

Moreover, despite the availability of these predictive methods, the
scarcity and quality of experimental data remain a significant bottle-
neck. To address this, large databases like the Minnesota Solvation
(MNSol) [45] database and the FreeSolv [46] database have been
developed. The MNSol database, updated in 2012, contains experi-
mental values of molar Gibbs energy of solvation for over 3000 binary
systems [1]. Hutchinson and Kobayashi [47] first used this database to
incorporate different solvents in a neural network using functional class
fingerprints. The FreeSolv databse, introduced in 2014, provides hy-
dration Gibbs energy values for >600 solutes at 298.15 K [1]. The
experimental values in the latter were derived from various sources,
while the calculated ones come from alchemical free energy calculations
using molecular dynamics simulations [48]. Additionally, it is exten-
sively used both as an input for new calculations and as a benchmark for
comparing different computational methods [48,49], particularly in the
SAMPL blind prediction challenge, where it serves as a critical reference.
Furthermore, there were also some works being published following a
larger database Solv@TUM [50]. Two works that are based on this
database were published by Pathak et al. [51] and Lim and Jung [52].
The former proposed a chemically interpretable graph interaction
network model with message passing, interaction, and prediction phases
using 6239 unique solvent-solute combinations from Solv@TUM and
FreeSolv data sets, while the latter developed MLSolvA, a
Machine-Learning (ML) architecture that computes pairwise atomic in-
teractions from solvent and solute atomistic feature vectors and makes
predictions by summing these interactions.

With this being said, our work aims to create a wider comprehensive
self-solvation database that combines data from the DIPPR [53] and
Yaws [54] databanks, resulting in a larger dataset of 5420 pure com-
pounds and 71,656 data points spanning a wide range of temperatures.
This extensive dataset not only addresses the issue of temperature
variability but also provides a robust foundation for developing pre-
dictive models. In fact, we intend to apply this database and consequent
results to other thermodynamic models, like openCOSMO-RS, to
improve the description of temperature dependence and, afterwards,
vapor pressure prediction, as demonstrated in other works with similar
objective of enhancing model applicability [55–60]. Furthermore, we
integrate a Machine-Learning model, specifically a Graph Neural
Network (GNN), with this new database, using it for training and testing
its predictions. This model is designed to predict self-solvation energies
across diverse temperatures, providing a versatile tool that extends
beyond the constraints of standard temperature conditions.

2. Methodology

2.1. Theoretical framework and database curation

Solvation energy, as defined by Ben-Naim, refers to the process in
which a molecule transitions from an ideal gas mixture to a real-fluid
mixture, typically assumed to be a liquid, under constant temperature
and pressure conditions [1]. This transition is quantified by the partial
molar Gibbs energy of solvation, also known as the chemical potential of
solvation. This quantity indicates the change in chemical potential that
occurs during the solvation process [4]. Assuming that the gas-phase
internal partition function remains unaffected by the solvent, a gen-
eral expression for the chemical potential of solvation can be derived [1,
4], as represented by Eq. (1).
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Δsolvgi(T,P, x) = RTln

[
P φliq

i (T, P, x)
RT ρliqi (T, P, x)

]

(1)

with Δsolvgi being the chemical potential of solvation of mixed i, T the
temperature, P the pressure, x the molar fractions xi of all components i
of a system, R the gas constant, φliqi the fugacity coefficient of i in the
liquid, and ρliqi the molar density of i in the liquid.

It is noteworthy that this equation is derived directly from the defi-
nition of the solvation process without requiring any additional as-
sumptions, thus making it applicable to mixtures containing an arbitrary
number of components. For the purposes of this study, which focuses
exclusively on self-solvation energies, the system will contain only a
single compound. Under these conditions, Eq. (1) simplifies to Eq. (2).

Δsolvgpurei (T,P) = RTln

[
P φpure liq

i (T, P)
RT ρpure liqi (T,P)

]

(2)

where the Δsolvgpurei , φpure liqi , and ρpure liqi are the chemical potential of
solvation of pure i, the fugacity coefficient of pure liquid i, and the
density of pure liquid i, respectively.

However, the molar density is typically reported for a larger dataset
under saturated conditions, specifically for a pure liquid phase in
equilibrium with its vapor [1]. This substitution is applicable when the
pure component i is in vapor-liquid equilibrium (VLE) at temperature T,
leading to the formulation of Eq. (3).

Δsolvgsati (T) = RTln
[
Psati (T)φsat

i (T)
RT ρsati (T)

]

(3)

where Δsolvgsati is the saturation chemical potential of solvation of pure i,
φsati is the fugacity coefficient of pure i in VLE that is common to the
saturated-liquid and saturated-vapor phases, ρsati is the saturated-liquid
density of pure i, and Psati is the vapor pressure of i.

In Eq. (3), vapor pressure is a well-documented property, alongside
density measurements. Still, fugacity coefficients cannot be readily
estimated under all conditions from experimentally accessible proper-
ties, justifying the simplification from Eqs. (2) to (3). This is significant
because fugacity coefficients are not directly measurable and are usually
absent from common databases. Nevertheless, they can be derived from
models, such as the law of corresponding states [61] or the truncated
virial equation of state (EoS) [1], which involves the second virial co-
efficient - a property frequently tabulated in pure-component databases.

To estimate the self-solvation energies of compounds listed in
various databases, experimental data of pure-component thermody-
namic properties were utilized. These properties span extensive ranges
of temperature and pressure, and the previously mentioned Eq. (3) was
applied according to its respective assumptions. Under the framework
established by the above equation, estimating solvation energies for
pure compounds at a specific temperature Tk requires the saturation
pressure Psatk , saturated-liquid density ρsatk , and saturation fugacity co-
efficient φsatk .

In this study, the DIPPR (Design Institute for Physical Properties)
[53] database was used to generate pseudo-experimental data. The Yaws
[54] database served as a supplementary source for compounds lacking
physical property information in the DIPPR database. These databases
provide direct data for Psat and ρsatliq , as temperature-dependent correla-
tions which in most cases are fitted to experimental data for each pure
component.

Following a similar methodology to that proposed by Moine et al.
[1], which also used the DIPPR database, the process starts with filtering
which compounds present critical temperatures Tc below 950 K, as
species with higher critical temperatures than that are usually pure
metals, which are beyond the scope of this study. Afterwards, the
applicable temperature range was defined based on the lower and upper

bounds of each temperature-dependent correlation for liquid density
and vapor pressure to ensure both correlations could be applied. Spe-
cifically, the minimum temperature Tmin for each compound was

determined by the largest value between T
ρsatliq
min and T

Psat
min, where T

ρsatliq
min and

TPsatmin are the lower bounds for the liquid density and vapor pressure
correlations, respectively, while, in a similar manner, the maximum

temperature Tmax was given by the smallest value between T
ρsatliq
maxand TP

sat

max,

where T
ρsatliq
max and TPsatmax are the upper bounds for the respective correla-

tions. If no correlation is available for either the liquid density or the
vapor pressure, the pure component is excluded from consideration.
Subsequently, the values were evaluated at different intervals based on
the amplitude of the temperature range, where Moine et al. go into
further details regarding the procedure.

Based on these temperature points Tk, it is possible to obtain values
for the saturated liquid density and vapor pressure, ρsatk and Psatk , at those
temperatures, respectively. Regarding the fugacity coefficients φsatk ,
these were estimated using the corresponding-states law as proposed by
Hougen, Watson, and Ragatz (HWR) [61]. This method provides cor-
relations for calculating fugacity coefficients, although it is only appli-
cable to molecules with a critical compressibility factor between 0.25
and 0.29. Nevertheless, this 3-parameter HWR corresponding-states law
is known for its accuracy and applicability from low to critical pressures.
For other molecules, the truncated virial EoS [1] mentioned above can
be used under certain conditions. This is usually suited to model weakly
non-ideal gases. The procedure for each of the possible situations
regarding this calculation is as follows:

(1) When the reduced pressure Psatrk is lower than 0.05, the pure
gaseous component in VLE is considered to exhibit ideal gas
behavior, allowing the saturation fugacity coefficient to be approx-
imated as 1.
(2) Afterwards, for water or other pure compounds with critical
compressibility factor zc within the range 0.25 ≤ zc ≤ 0.29, the HWR
corresponding-states law was applied. Further information regarding
this method can be found in [61].
(3) Next, in the cases outside of the conditions stated above, the
truncated virial EoS was used provided the reduced saturated pres-
sure Psatrk does not exceed 0.5. This model expresses the saturation
fugacity coefficient as shown in Eq. (4). Here, the second virial co-
efficient, B, is obtained from DIPPR correlations, assuming temper-
ature T falls within the second virial coefficient’s application range.
Since the Yaws databank does not present tabulated values for this
property, data that stems from this databank that does not meet the
criteria in steps (1) or (2) were not considered further.

φsat(T) = exp
[
B(T)Psat(T)

RT

]

(4)

(4) If none of the above cases are valid, the compound temperature
point is removed from the database.

With the combination of the saturated liquid density, vapor pressure,
and saturation fugacity coefficient, it is possible to obtain the self-
solvation energy Δsolvgsatk for each temperature value. A schematic of
the described procedure is presented in Fig. 1.

Overall, by combining the DIPPR and Yaws databanks, a large
dataset of 5420 pure compounds, corresponding to 71,656 data points,
was obtained. These data points were subsequently used as inputs for a
Machine Learning (ML) model, with the objective of developing a model
capable of making temperature-dependent predictions of self-solvation
energies.
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2.2. Machine-learning model framework

In this work, a GNN which excels at property prediction [8], namely
Chemprop [49,62] was used to create the first predictive model for
temperature dependent self-solvation energies. This tool has already
been used to predict standard solvation energies at the temperature of
298.15 K [8], establishing itself as great candidate for the target prop-
erty of this work. For a more thorough description of the features and
applications of Chemprop, the reader is suggested to explore in-depth
the works of its developers found in [49,62].

For the case of standard self-solvation energy at a specific tempera-
ture, the only inputs required would be the SMILES of the pure chemical
compounds and its corresponding solvation energy. However, since the
scope of this work is dealing with temperature dependencies, these
require to be added as additional features to the input file. This com-
bination of SMILES, corresponding temperature and self-solvation en-
ergy for each point can be found in the Supporting Information. To
provide a clearer understanding of the behavior of the data, a graphical
representation of self-solvation energy as a function of temperature for
each compound has been included in the Supporting Information.
Additionally, histograms showing the distribution of compounds by
critical temperature, molar mass, and number of rings - key properties
discussed further in this work - have also been added. These visual aids
offer deeper insights into the characteristics and diversity of the dataset
utilized in this study.

In this regression task, the Chemprop model was trained on the
SMILES and solvation energy data, together with the temperature as an
additional feature. The model employs a three-layer Message Passing
Neural Network with the Rectified Linear Unit (ReLU) activation func-
tion, operating on molecular graph representations. Atom and bond
descriptor scaling was enabled, and the mean aggregation method was
used with a normalization factor of 100. Training was executed over 30
epochs with a batch size of 50. This value of epochs proved to be enough,
as no substantial improvement seemed to occur near the last few epochs.
An initial learning rate of 0.0001, and a maximum learning rate of 0.001
was used. The network was optimized using mean squared error (MSE)
as the loss function, with the dataset split into training, validation, and
test sets using the standard splitting of 80, 10, and 10 %, respectively.
Further information regarding the specifics of Chemprop can be found in

the appropriate sources [49,62].
After the network was trained and predictions obtained, these were

evaluated using different metrics. These comprised of theMean Absolute
Error (MAE), the Determination Coefficient (R2), and the Average
Relative Deviation (ARD). These can be computed through the following
equations:

MAE =
1
n
∑

|yi − ŷi| (5)

R2 = 1 −
∑

(yi − ŷi)2
∑

(yi − y)2
(6)

ARD =
1
n
∑

⃒
⃒
⃒
⃒
yi − ŷi
yi

⃒
⃒
⃒
⃒ (7)

where n is the number of samples (data points), yi is the target value for
sample i, ŷi is the predicted output value for sample i, and y is the
average of the target samples values.

3. Results

To provide a baseline comparison, it was initially calculated the
standard self-solvation energies at 298.15 K for 5387 compounds in our
database. Although this single-temperature model achieved a relatively
low MAE, the R² value indicated poor correlation between predictions
and experimental data, possibly due to the limitation of using a small
dataset for Chemprop. A detailed summary of these results is provided in
the Supporting Information. However, given the suboptimal perfor-
mance of the single-temperature model, our focus was shifted to a
temperature-dependent model, which seemed to offer superior predic-
tive accuracy and generalization ability.

Examining the temperature-dependent results, data for all 5420
compounds was used from our proposed extended dataset. Fig. 2 illus-
trates the performance of the model using a parity plot between the true
and the predicted values. A full numerical description of these results
can be found in the Supporting Information, together with relevant
statistical metrics.

The results for the temperature-dependent data show significantly
better performance compared to the single-temperature data, which

Fig. 1. Flowchart for the procedure to generate self-solvation energy data (Δsolvgsatk ) from the DIPPR and Yaws databanks. The process involves selecting data for
compounds that are not pure metals (Tc < 950 K) and determining their temperature-dependent properties, such as vapor pressure (Psatk ) and saturated liquid density
(ρsatk ). The saturation fugacity coefficient (φsatk ) is estimated based on specific conditions. HWR refers to the Hougen, Watson, and Ragatz corresponding-states law,
while Eq. (4) represents the Truncated Virial EoS:

φsat(T) = exp
[
B(T)Psat(T)

RT

]

.
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corroborates our proposed hypothesis of the increase in data size
resulting in a better generalization ability of the model. A comparison
between metrics of the different models can be seen in Table 1. There is a
higher degree of correlation between the target values and the corre-
sponding predictions, as indicated by the increase in R². This metric is
now comparable to the previously mentioned results from other studies
on single-temperature data. Additionally, the ARD has decreased
significantly, demonstrating the closeness of the predictions to the
actual data samples. This improvement in performance is also evident in
the reduction of MAE, which is now lower than 0.10 kcal mol− 1. In fact,
most of the results fall within the defined band in the figure, corre-
sponding to a deviation of 2.5 kcal mol− 1. Given that the self-solvation
energies of our compounds can reach up to around 35 kcal mol− 1 for
some compounds, this indicates that the deviations in our predictions
are relatively small in absolute terms. This suggests that our model
predictions are generally close to the actual values for most of the
studied compounds.

Moreover, a more in-depth assessment of the training, validation,
and testing statistical metrics was conducted to further evaluate the
generalization capabilities of the model and check for potential over-
fitting. When analyzing only the training and validation data, the MAE
values were found to be 0.09 and 0.10 kcal mol− 1, respectively, while R2

values were 0.995 and 0.992, respectively. These results were expected,
as this data was used to train the network, meaning that predictions from
these sets would naturally exhibit high accuracy. However, the most
crucial metric came from the testing subset, where the MAE was 0.10
kcal mol− 1 and R2 was 0.993 - both closely aligning with the overall
results presented in Fig. 2. This consistency suggests that the model does
not suffer from overfitting and, instead, demonstrates strong general-
ization ability. Consequently, given the similarity between the testing
and overall results, the subsequent statistical metrics reported for the
rest of this work report the entire extended database. A summary of

these supporting metrics can be found in Table 2. For the sake of
reproducibility, it is also presented in the Supporting Information a
full description of which data is contained in the training, validation,
and testing subsets of the overall data. Additionally, relative deviation
plots for this model are provided in the Supporting Information, of-
fering a clear visualization that the model does not exhibit systematic
bias toward overestimation or underestimation, as the residuals are
symmetrically distributed around zero and show no discernible pattern.

Additionally, the temperature-dependent model was evaluated at a
fixed temperature of 298.15 K to facilitate a direct comparison with the
single-temperature model. The predicted values, along with the associ-
ated metrics, are provided in the Supporting Information. The results
indicate an improvement in both MAE and ARD, which decreased to
0.75 kcal mol− 1 and 7.9 %, respectively. However, R2 exhibited a
decrease, with a reduced value of 0.768, suggesting a decline in the
model’s ability to capture the variance in the data. This indicates that
this refined model offers more precise predictions when compared to the
previous, albeit doing it at the cost of slightly reduced explanatory
power, characterized by a lower R2. This trade-off indicates that while
the predictions of the model are closer to the true values on average, its
ability to generalize and capture the overall trend in the data has
diminished somewhat. This makes it evident that both models exhibit
limitations when applied to single-temperature data, which is not the
main subject of this study. Nonetheless, to further validate our results,
both the experimental values from our database and the corresponding
predictions generated by the single-temperature and temperature-
dependent models were compared with data reported by Borhani et al.
[14], which contained self-solvation energies at 298.15 K. For com-
pounds common to both datasets, the comparison of target values yiel-
ded a MAE of 0.16 kcal mol− 1 and an ARD of 2.1 %, demonstrating a
high level of agreement between their data with our extended database,
as can be seen in Fig. 3. However, a specific point seemed to present high
deviation, which was further identified as triethanolamine. Additional
investigation of its temperature-dependent properties revealed that both
liquid density and vapor pressure were in good agreement with the
external NIST database values, suggesting that the source of this
discrepancy is unlikely to be related with the database provided in this
work.

Regarding predictions, the temperature-dependent model out-
performed the single-temperature model, with lower MAE (0.18 vs 0.50
kcal mol− 1) and ARD (2.6 % vs 8.4 %), which help further underscore
the superior performance and enhanced flexibility of the temperature-
dependent model, which is the focus of this work. Since all the
following results of this work only pertain to temperature-dependent
data, a summarized version of all the results at 298.15 K is presented
in Table 3.

Additionally, a sensitivity analysis of +/- 5 % on the temperature-
dependent properties in this temperature-dependent model revealed
that liquid density and vapor pressure were the solvation properties with
the most influence. Moreover, it was observed that the uncertainty of
these predictions increased as the system approached the critical point,
as shown in the Supporting Information. To facilitate reproducibility,
the critical temperatures of all compounds included in the database are
also provided in the Supporting Information for Readers interested in
generating the plots themselves.

Considering this, it was proposed evaluating the quality of the

Fig. 2. Fitness plot for temperature-dependent Δsolvgsatpure prediction using
Chemprop model. The purple band corresponds to a deviation of 2.5 kcal
mol− 1. Statistical metrics for this model are also displayed in the figure.

Table 1
Summary of key statistical metrics for Model Type performance.

Model Type R2 MAE (kcal mol− 1) ARD (%)

Single-Temperature 0.812 0.87 10.1
Temperature-Dependent 0.992 0.09 2.2

Table 2
Statistical metrics for the different Datasets of the temperature-dependent
model.

Dataset R2 MAE (kcal mol− 1)

Training 0.995 0.09
Validation 0.992 0.10
Testing 0.993 0.10
Overall 0.992 0.09
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temperature-dependent data by ranking the accuracy and type of data
for liquid density and vapor pressure, as these were identified as the
most critical properties. Since the DIPPR and Yaws databases classify
their data using different methods, a unified ranking system was applied
to both. This system involved assigning a grade from 0 to 2 to each
property and then summing these grades to obtain an overall data rank.
The lower the grade, the better the overall quality of the data. For the
DIPPR database, accuracy is specified by a percentage, so, data was
categorized as follows: if the accuracy is below 2 %, the rank is 0, if it is
between 2 % and 5 %, the rank is 1, and, if it exceeds 5 %, the rank is 2.
For the Yaws database, data is typically classified as 1, 2, or 3, corre-
sponding to correlations based on experimental data, predictions, and
rough predictions, respectively. To align with the DIPPR ranking
framework, these values were adjusted by subtracting one unit, resulting
in a range from 0 to 2. The global ranking values obtained for each
compound can be found in the Supporting Information. As mentioned
above, the predictions obtained using this model generally showed good
agreement with the actual values in the database, regardless of whether
the data had the lowest or highest rank, indicating that the model’s
predictive capability extends beyond a mere re-parametrization of pre-
existing calculation schemes. This underscores its potential for appli-
cation even in datasets with varying levels of experimental validation.
However, as shown in Fig. 2, there are some data points with higher
deviations, which occur independently of whether the data used for
calculation was based only experimental or on predicted data. Addi-
tionally, these points were analyzed based on their functional groups, as
detailed in the Supporting Information. The analysis shows that the
average deviation values for different categories of compounds are
relatively consistent, indicating that the model does not exhibit bias

towards any specific chemical group. Moreover, it is also possible to
observe that no correlation is present between the prediction errors and
the number of data points within each chemical group. A more detailed
discussion follows in the subsequent paragraphs regarding these pre-
diction errors.

In fact, it can be seen that there are some instances where points fall
outside of the confidence band, indicating potential shortcomings of the
model. These outliers can be categorized into two cases: 1) a small
cluster of points around 0 kcal mol− 1 for the experimental self-solvation
energy, and 2) an aggregation of points near the outer edges of the band.
This prompted us to investigate the nature of these points further,
leading us to conclude that they corresponded to small compounds, such
as hydrogen and deuterium, and low-numbered ring compounds,
respectively. Details regarding both cases will be given in the following
paragraphs.

For the first case, we evaluated the effect of size differences between
compounds on their prediction relative deviations from the true values.
The simplest and most straightforward way to correlate different com-
pounds with their sizes is by using their molar mass MM, which can be
easily obtained. The results are shown in Fig. 4.

Looking at the figure (left panel), there seems to exist large de-
viations for very small compounds (molar mass up until 90 g mol− 1).
However, when looking at the remnant of the graph, no correlation
seems to exist between the performance of the network and the size of
the compound. Following this, looking at the zoomed-in version of the
first bar of the left panel (which corresponds to the right panel), it clearly
illustrates that the significant errors are primarily due to hydrogen,
helium, and their corresponding isotopes. These compounds exhibit
deviations exceeding 4000 %, while other small compounds do not
reach even a 10 % deviation. This stark contrast indicates that the
problem lies specifically with hydrogen, helium, and their isotopes,
rather than with the size of the compounds overall. Consequently, this
suggests that the inadequacies of the model are not inherently due to the
small size of these compounds but are more likely attributed to unique
properties of these very specific compounds that the model fails to
accurately capture. In fact, when removing these compounds, the ARD
decreases from 2.2 to 1.8 % and the R2 increases from 0.992 to 0.994,
indicating a small increase of the model performance, which was to be
expected since despite these points carrying out high deviations, they
only comprise a very small fraction of the total database (<0.01 %).

Another key detail found in Fig. 4 is the existence of a higher devi-
ation peak for compounds between 540 and 630 g mol− 1 when
compared to the rest of the database. Upon further inspection, this de-
viation is mostly due to one-ringed compounds, motivating a deeper
study regarding the model performance toward the number of rings
present in each compound. The results are presented in Fig. 5.

Most deviations from the bisector are primarily found in compounds
with no rings or a single ring. In fact, compounds with two, three, four,
seven, ten, and thirteen rings display an almost linear trend in their true
versus predicted values, indicating good model performance for
describing these compounds. For zero and one-ring compounds, some
predictions are near the bisector, while others show larger deviations.
Although these deviations are significant, they are still smaller than
those observed for hydrogen and helium. Nonetheless, these reflect the
underperformance of the model in these very specific cases. Notably,
while both no-ring and one-ring compounds exhibit deviations, it is
primarily the one-ring compounds that fall outside the confidence band
of 2.5 kcal mol− 1. This suggests that the model faces more pronounced
challenges with one-ring compounds. Interestingly enough, the success
of the model in predicting no-ring and high-ring compounds with a high
accuracy degree would imply that there is no inherent reason it should
not predict single-ring compounds effectively. The deviations for single-
ring compounds do not appear to stem from unique theoretical chal-
lenges, suggesting that these errors might be due to a specific aspect of
the model or data.

To address the observed deviations, the number of rings was

Fig. 3. Fitness plot for Δsolvgsatpure experimental data at 298.15 K between
Borhani et al. [14] and this work.

Table 3
Performance comparison of predictions at 298.15 K with different experimental
data.

Model Type R2 MAE (kcal mol− 1) ARD (%)

Compared to this work self-solvation energy data
Single-Temperature 0.812 0.87 10.1

Temperature-Dependent 0.768 0.75 7.9
Compared to the self-solvation energy data by Borhani et al. [14]

Single-Temperature 0.828 0.50 8.4
Temperature-Dependent 0.941 0.18 2.6
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incorporated as an additional feature in the model. This approach aimed
to better understand and improve the performance for one-ring com-
pounds, while also benchmarking the capability of the model across
different ring structures. Given that Chemprop already uses molecular
descriptors likely correlated with ring structures, it was anticipated that
only marginal improvements would occur.

As expected, the inclusion of the ring feature led to a slight
improvement in model performance, with the R2 increasing to 0.993 and
the ARD reducing slightly to 2.1 %. However, the MAE remained un-
changed at 0.09 kcal mol− 1, indicating that the enhancements were
minimal. These results suggest that while the ring feature adds some
value, its impact is limited due to existing descriptors already capturing

relevant information. Full predictions and detailed statistics for this
model can be found in the Supporting Information.

Since adding ring features yielded only marginal improvements, the
model was further tested by splitting the data into two subsets: one for
compounds with no rings and another for compounds with rings, each
trained with its own model. This step served mainly as an exercise to
evaluate the flexibility of the model, as the initial one had already shown
excellent overall performance. Predictions and statistical metrics for
both models can be found in the Supporting Information.

The results show that the same issues observed in the main model
(Fig. 2) also persist in these smaller models. For the no-ring compounds,
deviations continue to be significant for small compounds like hydrogen
and helium. Removing these compounds improves the ARD of the
model, while increasing R2. However, despite these changes, the ARD
and MAE of this no-ring model are only slightly better than the main
model, whereas these improvements come at the expense of higher de-
viations in predicted values, making this model more precise but less
accurate. Moreover, some no-ring compounds still show high deviations
near the outer confidence bands. On the other hand, the model for ring
compounds exhibits a slightly improved ARD, though overall metrics
worsen slightly, indicating higher accuracy but lower precision.

Further analysis comparing both smaller models to the main model
reveals no major improvements. For no-ring compounds, the main
model performs similarly to the no-ring model, and for ring compounds,
the performance of the main model is slightly better than that of the new
model. This highlights that using a larger, more diverse dataset enhances
the generalization capabilities of the network across various molecular
structures. Thus, the main model, which encompasses all compound
types, offers better universality and flexibility compared to the two
reduced models. Additionally, all statistical metrics pertaining to the
temperature-dependent model and derived models based on ring
structures are presented in Table 4 for clarity purposes.

As a final evaluation, the model was tested under two distinct con-
ditions: one where it was expected to perform worse and another where
it was expected to perform better. In the first case, non-scaled features
were used, resulting in poorer performance across all metrics due to the
difficulty of training with inputs of varying magnitudes. In the second
case, a transformation was applied using the inverse of temperature and
the logarithm of the self-solvation energy to test for an Arrhenius-like
behavior. While this reduced the ARD slightly, the R2 remained the

Fig. 4. Relative deviation plots of the Chemprop model regarding the molar mass of the compounds present in the database. On the left panel these deviations
correspond to all database, while on the right panel these correspond to compounds up until 90 g mol− 1.

Fig. 5. Fitness plot for temperature-dependent Δsolvgsatpure prediction with ring-
number distribution using the Chemprop model. Number of rings that are not
presented in the plot are not contained on the database. The purple band cor-
responds to a deviation of 2.5 kcal mol− 1.
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same, and the MAE increased slightly, indicating that the model
captured relative trends better but introduced minor absolute errors.
These results, along with full predictions, are available in the Sup-
porting Information, with the statistical metrics summary being pre-
sented in Table 5. Regarding such results, it is evident that neither test
provided enough reason to replace the standard model, which remains
the most reliable approach.

In summary, this model, that takes advantage of the Chemprop tool,
served as a baseline to evaluate various properties such as compound
size and number of ring structures, enabling a deeper study into the
addition of extra features and the use of smaller subsets of the original
database. Moreover, it facilitated benchmarking in terms of model
specifics and input data transformations. All of this provided valuable
information to select the best model for predicting self-solvation en-
ergies across diverse molecular structures over a wide temperature
range with uncertainties always within the expected thresholds
observed in experimental data reported in literature.

4. Conclusions

For this study, the DIPPR and Yaws databases provided thermody-
namic information necessary to obtain saturation properties for pure
compounds that allowed us to obtained temperature-dependent self-
solvation data. The resulting dataset, encompassing 5420 pure com-
pounds and 71,656 data points, was utilized to train a Machine-Learning
model using the Chemprop package. This graph convolutional neural
network model incorporated these temperature dependencies as addi-
tional features, aiming to predict self-solvation energies over a much
broader range of temperature than are generally used for a wide spec-
trum of different compounds.

Initially, self-solvation energies were calculated at a single temper-
ature of 298.15 K for the compounds in our database to compare them
with temperature-dependent results. These results allowed us to
conclude that Chemprop is less effective with small datasets, but its
performance improves with larger, temperature-dependent datasets.
Afterwards, this study encompassed a much larger database that
included all temperature-dependent data. This resulted in a model with
ARD of 2.2 %, R2 of 0.992, and MAE of 0.09 kcal mol− 1, which
confirmed the hypothesis that a larger dataset enhances the general-
ization ability of Chemprop. Further, the consistency of the model’s
predictions across all data quality ranks - including pseudo-experimental
values - highlights its potential as a reliable tool, even when applied to
datasets with varying levels of experimental validation.

Most predictions fell within a 2.5 kcal mol⁻¹ deviation band, indi-
cating small absolute deviations relative to the self-solvation energy
range. However, some outliers were noted, primarily small compounds,
like hydrogen and helium, and single-numbered ring compounds. For

the first case, removing these outliers improved the ARD and R² values
slightly, indicating that these specific compounds posed unique chal-
lenges for the model, rather than it being a limitation of the model that is
linked to the size of the compounds. For the second case, the number of
rings were incorporated as an additional feature in the model. It was
found that this addition yielded only marginal improvements in the
overall statistical metrics, which aligned with expectations, given the
use of molecular descriptors by Chemprop, which may already consider
ring structures.

This prompted additional studies that involved dividing the data into
two separate datasets - one for compounds with no ring structures and
another for compounds with only ring structures – which provided
additional information regarding the flexibility of the model. The results
for these models reveal that the issues present in the main model persist
in these smaller datasets. For no-ring compounds, deviations for small
components remain significant. For ring compounds, overall metrics
worsen, showing more accuracy but less precision. Further in-depth
analysis reveals that the larger dataset enhances the generalization
capability of the network across diverse molecular structures, allowing
different compound types to contribute to explaining a broader set of
data. Additionally, the main temperature-dependent model, which in-
cludes all types of data, functions more effectively as a universal model
than the reduced models.

To further assess the robustness and flexibility of our Chemprop-
based model, additional benchmarking was conducted. This included
testing the model in two specific scenarios where performance was ex-
pected to vary: using non-scaled features and applying transformations
to the temperature and self-solvation energy variables. These tests aimed
to explore how the preprocessing of input features affects the predictive
capability of the model. Regarding the feature scaling, it was confirmed
that it is crucial for better results. Without scaling, the network struggled
to learn effectively due to the varying magnitudes of the input variables.
The larger prediction errors and reduced variance explanation under-
score the importance of preprocessing steps like feature scaling in
achieving high model performance. Regarding transformation of the
input variables, these were shown to be able to improve relative pre-
diction accuracy, potentially by aligning the data more closely with
linear trends. However, this may come at the cost of slightly increased
absolute prediction errors.

Overall, while our main model remained robust and effective, all the
additional experiments and benchmarks provided insights into how
different preprocessing techniques can influence model performance.
These highlight the trade-offs between absolute and relative accuracy,
and the necessity of tailored preprocessing to enhance model training
and prediction capabilities, which are of extreme importance in self-
solvation models, often used in the field of chemistry, biochemistry,
material science, and environmental management.
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