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ABSTRACT

Phase transition enthalpies, such as those for fusion, vaporization, and sublimation, are vital for
understanding thermodynamic properties and aiding early-stage process design. However, meas-
uring these properties is often time-consuming and costly, leading to increased interest in com-
putational methods for fast and accurate predictions. Graph neural networks (GNNs), known for
their ability to learn complex molecular representations, have emerged as state-of-the-art tools
for predicting various thermophysical properties. Despite their success, GNNs do not inherently
obey thermodynamic laws. In this study, we present a multitask GNN designed to predict vapori-
zation, fusion, and sublimation enthalpies of organic compounds. We modified the loss function of
the GNN, accounting for the thermodynamic cycle of the three phase transition enthalpies. To train
the model, we digitized the extensive Chickos and Acree compendium, which encompasses
32,023 experimental measurements. Two approaches were explored: soft constraints, which
guide the model toward thermodynamic consistency, and hard constraints, which enforce fully
consistent predictions. The GNN achieved root mean squared errors (RMSEs) of 19.9 kJ/mol for
sublimation, 11.0 kJ/mol for fusion, and 16.5 kJ/mol for vaporization enthalpies on the test set. Soft
constraints were found to provide a good balance between accuracy and thermodynamic con-
sistency, whereas hard constraints prioritized fidelity at the expense of predictive performance.
When compared to the conventional Joback group contribution method the GNN demonstrated
an improved accuracy and applicability range. This work underscores the potential of thermody-
namics-informed GNNs for predicting thermodynamic properties accurately while maintaining
consistency, paving the way for more reliable and efficient computational approaches.
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computationally expensive and fall short in crystal struc-
ture prediction. On the other hand, empirical methods,
such as quantitative structure property relationships
(QSPR) [4] and the linear solvation energy relationships
(LSER) [5], are commonly used. They can be accurate but
have a limited applicability range. Especially for novel
components, these empirical methods often lack accu-
racy. Recent improvements in data availability and com-
putational resources drive the use of machine learning to
develop robust and fast models to predict phase transi-
tion enthalpies. Graph neural networks have become the
state-of-the-art method for molecular property predic-
tion because of their flexibility in molecule representation
and their ability to learn deep representations [6]. They

INTRODUCTION

Phase transition enthalpies, such as sublimation,
melting, and vaporization enthalpies, have numerous ap-
plications for designing process unit operations. For ex-
ample, they are a crucial part of the energy balances of
separation units such as distillation towers or crystalliza-
tion units. Additionally, phase transition enthalpies can be
applied within thermodynamic cycles to predict different
thermochemical properties[1],[2]. Measuring these prop-
erties is time intensive and costly, therefore it is im-
portant to develop predictive methods for fast screening
of potential materials.

Different approaches have been used to predict

these properties. First principal methods are accurate, in
particular for vaporization enthalpies[3], but they are
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have consistently surpassed fixed molecular representa-
tion methods [7] and are therefore utilized for analyzing
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the properties explored in this study.

One limitation of machine learning algorithms is that
they do not inherently imply thermodynamic consistency.
Recent studies have investigated the inclusion of these
thermodynamic laws in the loss function of deep learning
property prediction methods [8],[9] to improve the con-
fidence in black-box models. For phase transition en-
thalpies, we consider thermodynamic consistency in our
models by implying the following:

AHgypr = AHfus,T + AHvap,T M

Two approaches are reported for the inclusion of
this law in the loss function. In the first approach, a regu-
larization term is added to the loss function as a soft con-
straint, where inconsistent predictions are still allowed
but penalized. In the second approach, the loss function
is reformulated to only allow consistent predictions or
also called hard constraint.

To train our models, we digitized the compendium
of Chickos and Acree[10],[11],[12], consisting of 32,023
phase transition enthalpy values measured over 135
years. The performance of the machine learning methods
is compared to the Joback group contribution method as
implemented in the thermo python package[4]. Addition-
ally, the performance is evaluated by comparing single-
task and multi-task models, as well as soft and hard con-
straint loss functions.

METHODS

Phase Transition Enthalpy Database

Database digitization

The data collected from the works of Chickos and
Acree’s enthalpy compendium[10],[11],[12] is detailed
here. In the compendium for each data point the following
metrics were reported: the molecular formula, the CAS-
number, the measurement temperature, the enthalpy
value, the measurement technique, and the original
source. From the CAS-numbers, the InChl and SMILES
identifiers were retrieved from the PubChem data-
base[13] and Cactus service[14]. Molecules that include
metal atoms were excluded, so the dataset is limited to
the following atoms list: C, H, B, Br, CI, F, I, N, O, P, S, and
Si.

Additionally, the enthalpies were converted to the
standard state (298 K, 1 atm) using the approach pro-
posed by Chickos et al.[15]. This correction was required,
since Equation 1 is only applicable when the three phase
enthalpies are at the same temperature. For this correc-
tion, heat capacity values were required for the solid, lig-
uid and gas phase. The heat capacities of the solid and
liquid phase were computed by the group contribution
method from Chickos et al.[15], and for the gas phase,
temperature dependent heat capacities were calculated
using the RMG software[16]. A list of the heat capacities
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is provided as part of our Research Data Repository.

Database characteristics

Analyzing the dataset, Figures 1 and 2 show the dis-
tributions of the enthalpy values and molecular weights
respectively for the three phase transition enthalpies.
The reported fusion enthalpy values were smaller in mag-
nitude and distribution width, which is expected as, com-
pared to the vaporization and sublimation enthalpy, they
do not depend on the (higher) enthalpy difference with
the gas phase.
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Figure 1. Value distribution of the three phase transition
enthalpies at 298 K.

The molecular weight distributions for all three
enthalpies are showing a widespread, which is critical for
training a widely applicable machine learning model. The
fusion enthalpy distribution is slightly more shifted to the
right, which is inherent for these properties considering
organic compounds. For many organic molecules with
higher molecular weights, it is not possible to measure
vaporization or sublimation enthalpies, since the decom-
position temperature will be lower than the boiling point.
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Figure 2. Molecular weight distribution of the three phase
transition enthalpies.

For data points where all three enthalpies were
available, the sum of the fusion and vaporization
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enthalpies was compared to the sublimation enthalpy. In
Figure 3, a parity plot for this thermodynamic consistency
check of the database is shown. It was found that, alt-
hough the properties are highely correlated, large devia-
tions from the thermodynamic cycle were apparent. It
was observed that the experimental sublimation enthalpy
is almost consitently higher as compared to the one cal-
culated from the vaporization and fusion enthalpy, with
some deviations higher than 50 kJ/mol.
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Figure 3. Thermodynamics consistency parity plot for the
overlapping values in the phase transition enthalpies at
298 K of the database.

Crystal structures were not reported in the compen-
dium, and different polymorphs could partially account
for the observed deviations. Additionally, temperature
corrections introduce uncertainty; however, they have
been shown to produce acceptable errors and are essen-
tial for assessing thermodynamic consistency [11]. The
temperature correction for the enthalpy of vaporization
introduces an error of 0.016 kJ/(mol K) [11], leading to an
uncertainty of 1.6 kJ/mol for a molecule deviating by 100
K from the reference temperature of 298 K. For en-
thalpies of sublimation and vaporization, an uncertainty
of one-third of the total temperature correction can be
assumed [11]. As an example, for carbazole, this results
in an enthalpy of sublimation of 102.9 + 1.2 kJ/mol and an
enthalpy of fusion of 15.9 *= 3.5 kJ/mol.

The average estimated uncertainties for the tem-
perature correction over the dataset were 0.57, 2.38, and
1.32 kJ/mol for sublimation, fusion, and vaporization en-
thalpies, respectively. Since sublimation and vaporization
enthalpies are commonly reported in the literature at val-
ues corrected to 298 K, these uncertainties were aver-
aged only for values that were not reported at 298 K.

Figure 4 shows the distribution of standard
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deviations for duplicated data points in the dataset be-
fore the temperature correction. Duplicates were identi-
fied for 1,312 sublimation, 1,143 fusion, and 2,663 vapor-
ization compounds. These standard deviations provide
an estimate of experimental uncertainty, specifically ale-
atoric uncertainty. The average standard deviations are
5.9, 3.3, and 5.4 kJ/mol for sublimation, fusion, and va-
porization enthalpies, respectively. This represents the
performance limit for a model trained on this data. Nota-
bly, the uncertainties introduced by temperature correc-
tions are relatively small compared to experimental un-
certainty.

] === \/aporization enthalpy
04 === Sublimation enthalpy
' === Fusion enthalpy
0.3
>
=
n
C I
]
0O 0.2
0.1
0.0 T T . :
0 2 4 6 8 10 12 14

Standard deviation [k]/mol]

Figure 4. A distribution of the standard deviations
computed on the duplicated data points in the dataset
before the data was adjusted to 298 K.

Model architecture and training

The graph neural networks (GNNs) were trained us-
ing the SolProp repository [2], which focuses on solvation
properties and implements directed message passing
neural networks (D-MPNN) based on the Chemprop
framework [6]. For a detailed explanation, readers are re-
ferred to dedicated studies [6],[17]. Figure 5 presents an
example model architecture. The model takes a molecu-
lar identifier, such as SMILES or InChl, as input and con-
verts it into a featurized molecular graph. This graph rep-
resentation is then processed by the GNN, which pre-
dicts the enthalpy values for phase transitions.

Four different model architectures were trained: sin-
gle-task, multitask, soft-constraint, and hard-constraint
models. The single-task models were trained by initializ-
ing three separate neural networks, each focusing on one
of the three enthalpy datasets (fusion, vaporization, and
sublimation). In contrast, the multitask models used a sin-
gle GNN with a multi-head output for the multi-layer per-
ceptron (MLP), meaning that a single molecular graph
was provided as input, and the network simultaneously
predicted all three enthalpies.
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Message
Passing

Figure 5. Hard-constraint thermodynamics-informed
architecture.

The soft-constraint models used a multi-head out-
put for the MLP, but the loss function was modified to
include a penalty term that encouraged thermodynamic
consistency. This penalty term was scaled by a weight
parameter, A, to balance accuracy in minimizing mean
squared error (MSE) while ensuring the enthalpies re-
mained consistent with thermodynamic relationships. Af-
ter evaluating three values (0.1, 0.01, and 0.001), a A of
0.01 was found to significantly influence the penalty term
without negatively affecting model accuracy. The loss
function for soft-constraint models was defined as:

. 2 .
Loss = Z?:l(Yi,exp - Yi,pred) + }‘(AHsub,pred -
(AHfus,pred + AHvap))2 (2)

For the hard-constraint models, thermodynamic
consistency was strictly enforced within the loss func-
tion. Instead of predicting all three enthalpies separately,
a single neural network was trained with two outputs: one
for fusion enthalpy and one for vaporization enthalpy.
The sublimation enthalpy was not directly predicted but
was instead computed within the loss function as the sum
of the fusion and vaporization enthalpies. The loss func-
tion ensured consistency by penalizing deviations from
this relationship:

~ 2 ~ 2
Loss = (qus,exp - qus,pred) + (YVap,exp - YVap,pred) +

(YSub,exp - 9fus,pred - 9vap,pred)2 (3)

The dataset was randomly split into a training and
validation set (90%) and a test set (10%). Within the train-
ing set, a ten-fold cross-validation ensemble was trained
to improve model robustness. The standard deviations
reported in the results stem from variations between the
predictions of the ensemble models. The featurization
and hyperparameters remained fixed across all models
and were based on prior research in thermodynamic
property prediction [17].

Joback method implementation

The Joback method[4] is a group contribution
method that was developed for the prediction of a range
of properties among others the vaporization and fusion
enthalpy. Here, the implementation from the thermo
v0.4.0 python package was used[18]. Predictions were
made on the same test set as for the graph neural net-
work. However, the fragmentation algorithm was not able
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to identify all atoms in the molecules. For the molecules
where this was not possible, the predictions were re-
moved from the results, accounting for 16.7% of the com-
pounds in the test set.

Additionally, the Joback method predicts the phase
transition enthalpies at the transition temperature, con-
trary to our method that predicts at the enthalpies at 298
K. Therefore, the fusion and vaporization enthalpies de-
termined with the Joback method, were converted in the
same way as the experimental dataset using the ap-
proach proposed by Chickos et al.[15]. Since the Joback
method was not parametrized for the sublimation en-
thalpy, this was calculated by the sum of the converted
vaporization and fusion enthalpies.

RESULTS AND DISCUSSION

Model performance

The model performance is compared for the four
different model architectures in Table 1-3 for sublimation,
fusion, and vaporization enthalpies respectively. In gen-
eral, the fusion and vaporization enthalpy were predicted
more accurately as compared to the sublimation en-
thalpy. The best models report an MAE of 13 kJ/mol, 6
kJ/mol, and 8 kJ/mol for the sublimation, fusion, and va-
porization enthalpies in the test set respectively.

A similar performance was obtained between the
single- and multitask models. A slightly higher RMSE and
MAE can be observed for the predictions of the single
task models, in particular for sublimation enthalpy. How-
ever, these differences are well within the standard de-
viations between the model ensembles (o in Table 1-3)
which is a measure for the variance contribution to the
epistemic uncertainty.

Applying constraints to the multitask model did not
lead to a significant improvement in accuracy. Introduc-
ing the soft constraint resulted in RMSE and MAE values
for all three phase transition enthalpies that remained
similar to those of the multitask model. However, when
the hard constraint was applied, prediction accuracy de-
clines. Specifically, the RMSE and MAE for the sublima-
tion enthalpy—directly influenced by the hard con-
straint—increase by more than 10 kJ/mol. This suggests
that enforcing thermodynamic consistency through a
hard constraint reduces the accuracy of phase transition
enthalpy predictions. Moreover, further research is
needed to explore the most effective methods for incor-
porating constraints into neural network training.

Due to the correlation between the three phase
transition enthalpies, one would expect a multitask mod-
eling architecture to offer more benefits compared to a
single-task model. Additionally, incorporating thermody-
namic constraints into the loss function should ideally
lead to more accurate predictions. However, as previ-
ously discussed, no significant improvements in model
accuracy were observed. When comparing model
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performance to the average standard deviation from the
repeated experiments, the MAE for the fusion and subli-
mation enthalpies was roughly twice the standard devia-
tion found in the Database Characteristics section. In
contrast, the MAE for the vaporization enthalpy was only
about 2 kJ/mol from the standard deviation in the da-
taset, suggesting that the model is close to the aleatoric
limit.

A potential explanation for the lower perfor-
mance of the sublimation and fusion models could be the
absence of crystal structure information. The repeated
data points in the compendium often came from the same
sources or authors, meaning the compounds—and likely
their crystal structures—were quite similar. This may
have resulted in a low estimate of aleatoric uncertainty.
However, further investigation is needed to reach a de-
finitive conclusion.

It is also worth noting that the MAE for the ther-
modynamic consistency of the experimental data (Figure
3) is 10.3 kJ/mol. While this is not a direct measure of ex-
perimental uncertainty, it could offer an indication of its
magnitude. Importantly, the MAE for the phase transition
enthalpy predictions is lower than 10.3 kJ/mol, except for
the sublimation enthalpy.

Lin et al. achieved a RMSE of 4.8 kJ/mol for va-
porization enthalpies using first-principles calculations
[19], which is notably lower than the standard deviation
observed in our data. While our model demonstrates
lower accuracy, direct comparison is challenging due to
differences in methodologies and test sets. For fusion
enthalpies, Chickos et al. reported a prediction error of
6.4 kJ/mol [20], closely matching our model’s accuracy.
Similarly, Liu et al. used first-principles calculations to es-
timate sublimation enthalpies, obtaining a mean absolute
error (MAE) of 13.5 kJ/mol compared to experimental val-
ues [21], which aligns with our model’'s performance.

Table 1: An overview of the model architectures perfor-
mance for the sublimation enthalpy on the test set.

Table 3: An overview of the model architectures perfor-
mance for the vaporization enthalpy on the test set.

Model RMSE MAE c
(kJ/mol) (kJ/mol) (kJ/mol)

Single task 20.2 13.9 5.1

Multitask 19.9 13.1 3.7

Soft constraint  19.9 13.1 1.4

Hard constraint  30.1 241 2.8

Table 2: An overview of the model architectures perfor-
mance for the fusion enthalpy on the test set.

Model RMSE MAE c
(kJ/mol) (kJ/mol) (kJ/mol)

Single task 11.0 6.3 2.1

Multitask 11.0 6.1 1.5

Soft constraint  11.0 6.3 3.5

Hard constraint 11.6 6.9 1.4

Leenhouts et al. / LAPSE:2025.0419
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Model RMSE MAE c
(kJ/mol) (kJ/mol) (kJ/mol)
Single task 16.2 7.3 2.8
Multitask 16.2 7.5 3.1
Soft constraint  16.5 7.5 2.9
Hard constraint  17.5 8.9 2.0
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Figure 6. Parity plot for the enthalpy predictions made by

the SolProp soft-constraint model.

The model predictions for the three phase transition
enthalpies are visualized in Figure 6 for the model that
includes the soft constraint in the loss function. The ma-
jority of the test data is predicted around the parity line,
while large deviations are observed for some specific
datapoints. The highest deviations for vaporization en-
thalpy are observed for negative experimental vaporiza-
tion enthalpies. There were a small group of high molec-
ular weight hydrocarbons for which the temperature cor-
rection resulted in a negative value because of the high
measurement temperature compared to the reference
temperature. Due to the large temperature range the
temperature correction is expected to be large too. The
low amount of available data for the heavy hydrocarbons
and the high uncertainty on the correct can explain the
lower performance of the models on this data. We did not
find a correlation between the highest errors and the ex-
perimental data that showed the highest deviations from
thermodynamic consistency in Figure 3, however only 5%
of the test set contained experimental measurements for
all three phase transition enthalpies. In addition, there
was no strong correlation between the epistemic model
uncertainties from the model ensemble and the
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prediction error.

Thermodynamic consistency

On top of the model performance, the thermody-
namic consistency of the predictions was evaluated. In
Figure 7, the predicted sublimation enthalpy is compared
to the sublimation enthalpy calculated from the fusion
and vaporization enthalpy through Equation 1. The ther-
modynamic consistency is visualized for the multitask
model as well as the model with the soft constraint. The
thermodynamic consistency for the model with the hard
constraint is omitted from Figure 7 since, as expected
from the constraint, the calculated sublimation enthalpy
is exactly equal to the predicted sublimation enthalpy.
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Figure 7. Parity plot for the thermodynamic consistency
of the multitask and soft constraint model.

The multitask modeling approach already improved
the thermodynamic consistency as compared to the ex-
perimental measurements with overlapping phase transi-
tion enthalpies (Figure 3). Yet, the calculated sublimation
enthalpy was consistently lower compared to the subli-
mation enthalpy predicted by the multitask model. The
model indeed learned the consistent underestimations
that are present in the experimental database. Applying
the soft constraint corrects for these discrepancies and
a good agreement between calculated and predicted
sublimation enthalpy was obtained (R?=0.998). Interest-
ingly, the performance of the model is hardly affected by
applying this constraint while the predictions are more
consistent. The soft constraint therefore provides a good
balance between model performance and consistent pre-
dictions. Note that increasing the value of A in the loss
function would result in a higher thermodynamic con-
sistency but at the cost of a lower accuracy of the model.
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Comparison to conventional methods

At last, the performance of our models was com-
pared to the Joback method, which is the conventional
way of determining phase transition enthalpies. In Figure
8, a parity plot is given comparing the experimental phase
transition enthalpies with the Joback calculations as im-
plemented in the thermo python library. Note that the
sublimation enthalpy was determined through the ther-
modynamic cycle from Equation 1 as it is not directly
available from the Joback method.

For fusion and vaporization enthalpies respectively,
the RMSEs is the Joback method are 21.8 kJ/mol and 19.4
kJ/mol as compared to 11.0 kJ/mol and 16.5 kJ/mol from
our soft constraint model. As such, it is demonstrated
that advancements in data availability and computational
algorithms can provide a significant improvement in
property prediction as compared to conventional meth-
ods.
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Figure 8. Parity plot for the enthalpy predictions made by
the Joback method adjusted to standard state[4],[18].

CONCLUSIONS

In this work, we digitized the compendium of
Chickos and Acree for the phase transition enthalpies of
sublimation, fusion, and vaporization. The availability of
such large and diverse database stimulates the develop-
ment of deep learning algorithms for the training and pre-
diction of these enthalpies.

Graph neural networks are used to predict these
phase transition enthalpies while accounting for thermo-
dynamics. First, no significant improvement in accuracy
was found whilst comparing single- and multitask model-
ing architectures. Additionally, adding a soft-constraint
thermodynamics loss function proved to be the best
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balance between accuracy and thermodynamic con-
sistency of the predictions. The hard-constraint loss
function enforced strict consistency, however at the cost
of the accuracy of the model specifically for sublimation
enthalpies. A comparison to the Joback method showed
an improvement in accuracy and applicability range of
the model.

Our graph neural network achieved state-of-the-art
performance on sublimation, fusion, and vaporization en-
thalpies, while adding thermodynamic consistency. This
method has the potential to be applied to the screening
materials in the early design phase of chemical processes
for all three investigated phase transition enthalpies.

DIGITAL SUPPLEMENTARY MATERIAL

The code repository of the work can be found at the
KU Leuven GitLab:

https://gitlab.kuleuven.be/creas/vermeire-
group/solprop/-/tree/phase_transition_enthalpies,

and the digitized dataset and static code at KU Leu-
ven Research Data Repository (RDR):

https://doi.org/10.48804/CBHEAB.
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