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ARTICLE INFO ABSTRACT

Keywords: Heat capacity, a crucial physical property for chemical processes, is often understudied in Deep Eutectic Solvents
Deep eutectic solvents (DESs), which in turn are promising green alternatives to environmentally hazardous conventional solvents. This
COSMO-RS

work addresses this gap by developing a machine learning model to predict DES heat capacity and identify key
structural features influencing it. We employed a dataset of 530 DESs with corresponding experimental heat
capacity values. Quantum-chemical COSMO-RS-based descriptors, capturing detailed information about DES
structures, were calculated for each data point. Various machine learning algorithms, namely k-Nearest
Neighbours (kNN), Random Forests (RF), Neural Network Multilayer Perceptron (MLP), and Support Vector
Machines (SVM) were explored alongside a linear model (Multiple Linear Regression, MLR). Hyperparameter
optimisation ensured all models were fine-tuned for optimal performance. The most successful model, based on
the MLP technique, achieved remarkably low Average Absolute Relative Deviation (AARD) values of 0.500 %
and 3.999 % for the training and test sets, respectively. This signifies a significant improvement in prediction
accuracy compared to traditional methods. Furthermore, by applying a SHapley Additive exPlanations (SHAP)
analysis, we identified the most crucial structural factors within DES components that govern their heat capacity.
This comprehensive investigation offers valuable insights that can pave the way for an efficient design of novel
DESs in the future.

Machine learning
Heat capacity prediction
Thermodynamic modelling

and corrosive characteristics. Addressing these challenges has been the
focus of extensive research aimed at replacing environmentally harmful

1. Introduction

Heat capacity is a critical property in various chemical and industrial
processes, and its optimal value varies depending on the specific
application. In processes such as extraction and separation, it is essential
that the heat capacity of the solvent be as low as possible to reduce the
system’s energy consumption. However, that is not the case in energy-
related applications. Solar energy, for example, stands out as one of
the most naturally available renewable sources, with electricity being
produced through solar photovoltaic panels or heat via solar thermal
systems. In the conventional solar thermal approach, toxic gases are
emitted, contributing to global warming. In contrast, an alternative
method harnesses solar radiation to generate vapour, using heat transfer
or thermal fluids as a medium to store energy [1,2]. While typical
thermal fluids have limited heat storage capacity and low thermal sta-
bility, molten salts suffer from high freezing points, low heat capacities,
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compounds with sustainable solvents.

Ionic liquids (ILs) initially emerged as a greener alternative due to
their non-volatile, chemical and thermal stabilities, and tuneable fea-
tures. However, the toxicity of some ILs, high costs, and viscosities have
hindered their widespread industrial use [2-5]. In comparison, Deep
Eutectic Solvents (DESs) have the advantages of being cheap, easy to
prepare, and biodegradable, making them the next generation of sus-
tainable solvents. More importantly, DESs possess less environmental
toxicity than typical organic solvents and ILs. Therefore, designing
industrially viable DES is crucial forward reducing the use of hazardous
compounds in the near future [3].

Binary DESs are simply synthesized by combining at least one
hydrogen bond donor (HBD) and one hydrogen bond acceptor (HBA) at
a given molar ratio and temperature. The hydrogen bond network
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established between the DES components gives rise to a mixture with a
melting point significantly lower than either of its initial components
[6,7]. Depending on the molar ratios of the components and their
chemical nature, different DES properties can be attained, expanding the
scope of their use [7].

The unique tunability of DESs leads to significant design opportu-
nities, facilitating the materialisation of a wide array of this type of
solvents with physical properties tailored to specific purposes [8-10]. So
far, various DES usages have been reported, including gas absorption,
solubilisation of chemicals and pharmaceuticals, biocatalysis, purifica-
tion, electrochemical surface treatment, extraction, and chemical fuel
processing [11-13]. Yet, given the multitude of possible combinations,
experimental characterisation of each unique DES for a particular
application is impractical. Consequently, the search for computational
approaches capable of accurately predicting DES properties remains an
active area of research.

Common computational approaches include, for example, empirical
correlations based either solely on experimental data or incorporating
also estimated data, with the latter typically calculated by means of
group contribution methods like the Lydersen and Joback-Reid methods
[14-19]. However, these empirical correlations may have limited
applicability to specific DES compositions due to the complexity of DES
structures, the scarcity of experimental data, and uncertainties in the
estimated data. Molecular simulation methods instead, such as molec-
ular dynamics (MD) simulations [7,20-22] can provide a detailed un-
derstanding of DES thermodynamic properties, particularly at a
microscopic level. Nonetheless, these methods demand accurate force
fields for the individual DES components and are computationally
intensive.

More recently, Quantitative Structure-Property Relationships
(QSPR) models have been employed to forecast various DES properties,
such as density, viscosity, pH, heat capacity, surface tension, eutectic
temperature, and CO, absorption [23-35], utilising molecular de-
scriptors for the DES components. Particularly, quantum chemical mo-
lecular descriptors, based on the Conductor-like Screening Model for
Realistic Solvation (COSMO-RS) approach, have proven effective in
developing reliable models and understanding key structural factors
influencing physicochemical values. For instance, it has been shown that
DES non-polar regions enhance CO5 absorption, while strong donor
areas diminish their scavenger capacity [32]. Conversely, the same non-
polar regions are accountable for a drop in values when predicting the
DES surface tensions [29]. Similarly, COSMO-RS calculations have
successfully modelled the heat capacity of ionic liquids [36]. This wealth
of data facilitates the design of DESs with desired physicochemical
characteristics.

Recognising heat capacity’s crucial role as a thermodynamic prop-
erty, this work seeks to develop a reliable QSPR model for predicting the
heat capacities of deep eutectic solvents. Existing approaches that have
been employed so far to predict DES heat capacities include empirical
correlations [16], group contribution methods [17-20], and machine
learning models with readily available data like molecular weight and
critical pressure [26,27,35]. While these approaches have significantly
contributed to building prediction models, they can be limited by pre-
existing thermodynamic data availability, transferability, or reduced
datasets, potentially leading to inaccuracies when predicting the heat
capacities of diverse and novel DESs.

This work addresses these limitations by setting up QSPR models
using the most updated experimental data available for binary DESs and
employing molecular descriptors derived from the sigma profiles of their
components, computed using COSMO-RS. Various machine learning and
model-development techniques were systematically applied, and the
model-predicted heat capacity values were compared with experimental
data to identify the most predictive and statistically reliable approach.
The procedure for this modelling work involves several essential steps:
gathering the heat capacity dataset, deriving molecular descriptors,
implementing linear and non-linear modelling, evaluating models, and
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interpreting the best model. Fig. 1 provides an overview of the meth-
odology employed in this study. The outcomes of this study showcase its
ability to offer valuable insights into the key characteristics impacting
DES heat capacity, thereby making a substantial contribution to the
realm of DES property predictions.

2. Materials and methods

Dataset and Molecular Descriptors. The dataset comprises 530
data points, covering thirty distinct binary DESs evaluated across
various temperature ranges at constant atmospheric pressure. To
compile this database, the majority of the data was gathered from the
study carried out by Taherzadeh et al. [16], but it was subsequently
updated by incorporating additional data points obtained from pertinent
literature. Unlike properties such as density, viscosity, and surface ten-
sion, experimental heat capacity values for DESs are relatively scarce in
the literature. Therefore, the dataset includes values for only eight
different HBAs and thirteen HBDs. Despite this limitation, the presented
dataset provides a broad spectrum of heat capacity values, spanning
from 81 to 669 J mol~! K~!. This diversity establishes a robust foun-
dation for exploring the composition requirements of DESs to achieve
desired heat capacities. Table 1 summarises the dataset employed for
model development.

In our previous studies, we employed simple 0D-3D molecular de-
scriptors to elucidate the main contributing factors that account for the
density, surface tension, viscosity, and CO4 absorption capability of bi-
nary DESs [24,28,31]. However, in this study, quantum chemical
COSMO-RS-based molecular descriptors were utilized. COSMO-RS,
initially proposed by Klamt [41] and later refined [42], is a theoretical
modelling approach used to predict the thermodynamic behaviour of
liquid systems, based on the screening charge density of their species (o).
More detailed information about the theory behind COSMO-RS and its
applications can be found elsewhere [43]. In particular, COSMO-RS has
gained prominence in recent years for investigating the physicochemical
properties of DESs, providing critical structural insights into eutectic
mixtures [23,25,29,30,32,44].

In this work, the three-dimensional (3D) structures of species were
first drawn using the MOLDEN package [45]. Subsequently, geometry
optimisations were carried out with the Gaussian09 software package
[46], using the Becke-Perdew BVP86 density functional and the triple-
zeta valence polarised (TZVP) basis set with DGA1 dispersion. The
resulting COSMO files were then loaded into the COSMOThermX soft-
ware (version 2023) to compute the sigma profiles (o-profiles: 61 points
ranging within + 0.030 e/A?) of each cation, anion, and molecule. The
o-profiles were then divided into eight sections, and each section inte-
grated with the help of the trapz function of numPy in Python to spawn

several descriptors for the involved species (S*“* of sectioni, i =1, 2,
..., 8).
Considering that the DES are in fact mixtures, the final descriptors for

their corresponding combinations were calculated as follows:
S?ES — (xHBA) ((Sianion) + (sfation) ) + (XHBD)(S?BD) (1)

where xypa and xppp are the molar fractions of the HBA and HBD
components of the DESs. S2°" and S§2ti°r stand for the descriptors of the
anions and cations, respectively, whereas SHEP represents the de-
scriptors of HBD molecules. Along with these eight SPES descriptors, the
temperature (T in K) was also used as an independent variable for
establishing the QSPR models. The final SPES descriptors are hereafter
simply designated as S;-Ss.

Model Set-up and Validation. To begin with, the dataset was
divided into training and test sets by employing the ‘mixture-out’
methodology [47]. This approach involves placing all data points of a
specific type of DES either in the training set or the test set (i.e.: every
mixture with different ratios is present in either the training or the test
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Fig. 1. Overview of the methodology workflow followed in the present study.

Table 1

List of DESs investigated in this study, along with their composition, temperatures, heat capacity (C,) values, number of data points (Ndp), dataset distribution, and

corresponding references.

DES HBA HBD Molar ratio HBA:HBD Ndp Temperatures (K) G U mol 'K ) Dataset Ref.
DO1 Sodium acetate Glycerol 0.33 7 360-300 92.3-81.1 Train [37]
D02 Betaine Ethylene glycol 0.17 11 363.15-313.15 173.2-165.6 Test [38]
D03 Betaine Ethylene glycol 0.25 11 363.15-313.15 177.5-161.7 Test [38]
D04 Betaine Glycerol 0.25 1 298.15-298.15 143.1-143.1 Train [16]
D05 Betaine Propylene glycol 0.22 1 298.15-298.15 139.9-139.9 Test [16]
D06 Choline chloride Ethylene glycol 0.33 11 353.15-303.15 205.6-190.8 Train [16]
D07 Choline chloride Glycerol 0.33 28 353.15-278.15 254.3-211.5 Test [16]
D08 Choline chloride Resorcinol 0.33 23 338.15-283.15 249.7-222.0 Train [39]
D09 Choline chloride Triethylene glycol 0.33 23 353.15-298.15 314.6-299.0 Train [16]
D10 Choline chloride Citric acid 0.33 23 353.15-298.15 449.4-422.0 Train [16]
D11 Choline chloride Fructose 0.67 23 353.15-298.15 340.1-311.5 Train [16]
D12 Choline chloride Glucose 0.67 23 353.15-298.15 356.3-327.5 Test [16]
D13 Choline chloride Malonic acid 0.50 23 353.15-298.15 240.8-226.9 Train [16]
D14 Choline chloride Oxalic acid 0.33 23 353.15-298.15 282.9-270.8 Train [16]
D15 Choline chloride Phenol 0.25 23 353.15-298.15 236.8-219.3 Train [16]
D16 Choline chloride Urea 0.33 21 338.15-288.15 197.7-180.8 Train [40]
D17 DL-Menthol Oleic Acid 0.48 20 423-328 669.6-551.0 Train [2]

D18 L-Carnitine Ethylene glycol 0.17 11 363.15-313.15 188.2-180.05 Train [38]
D19 L-Carnitine Ethylene glycol 0.20 11 363.15-313.15 193.1-170.6 Train [38]
D20 L-Carnitine Ethylene glycol 0.25 11 363.15-313.15 199.3-177.6 Train [38]
D21 Methyl triphenyl phosphonium bromide Ethylene glycol 0.20 23 353.15-298.15 256.7-237.6 Test [16]
D22 Methyl triphenyl phosphonium bromide Glycerol 0.25 23 353.15-298.15 350.2-328.5 Train [16]
D23 Methyl triphenyl phosphonium bromide Malonic acid 0.40 23 353.15-298.15 354.2-336.9 Train [16]
D24 N,N-Diethylethanolammonium chloride Ethylene glycol 0.33 11 353.15-303.15 219.8-204.1 Train [16]
D25 N,N-Diethylethanolammonium chloride Glycerol 0.33 11 353.15-303.15 269.3-250.4 Test [16]
D26 Tetrabutylammonium chloride Ethylene glycol 0.25 23 353.15-298.15 312.6-288.3 Train [16]
D27 Tetrabutylammonium chloride Glycerol 0.17 23 353.15-298.15 310.9-281.2 Test [16]
D28 Tetrabutylammonium chloride Triethylene glycol 0.50 23 353.15-298.15 479.7-445.0 Test [16]
D29 Tetrabutylammonium chloride Malonic acid 0.25 23 353.15-298.15 342.8-299.8 Train [16]
D30 Tetrabutylammonium chloride Urea 0.80 19 353.15-308.15 605.9-590.1 Train [16]

set, but never in both sets). The choice of dataset division method plays a
crucial role in QSPR modelling of mixtures, and two other methods,
namely ‘points-out’ and ‘compounds-out’, have been previously sug-
gested. In the ‘points-out’ method, the test set comprises randomly
selected data points from various mixtures, while in the ‘compounds-
out’ method, specific components are identified, and all mixtures con-
taining these components are assigned to either the training or test set.
As highlighted by Oprisiu et al. [47] and further supported by our prior
studies on DESs [24,28,31], the ‘mixture-out’ validation method is
deemed more reliable for establishing models for mixtures compared to
the ‘points-out’ validation method. In contrast, the ‘compounds-out’
validation method is considered overly stringent and may not be well-
suited for small datasets like ours, with a limited number of DESs.

In this work, the dataset division was executed using the open-access
Python-based QSAR-Mx software (https://github.com/ncordeirfcu
p/QSAR-Mx) [24,31], specifically utilising Module-1 with a seed value

of 1 and an interval of 4. This module automatically generated the
training and test sets along with the S?ES descriptors (Eq. (1)). Moreover,
within the ‘mixture-out’ method, each binary DES (defined by a specific
combination of its two components) is initially sorted in descending
order. Then, starting from the second DES, every fourth DES is selected
and placed in the test set. This resulted in assigning twenty-two mixtures
for training and eight mixtures for testing. To enhance data distribution,
the DES labelled as D28 was included in the test set. Consequently, nine
DESs with a total of 154 data points constituted the test set, while the
remaining 375 data points from twenty-one DESs formed the training
set. Importantly, as such, we guaranteed that at least some components
were present in both the training and test sets. In this specific case, only
glucose and propylene glycol (HBDs) are present exclusively in the test
set. Details about the training and test sets distribution are outlined in
Table 1.
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Regarding the modelling framework, we opted to develop both linear
and non-linear models using multiple linear regression (MLR) and a
variety of machine learning (ML) algorithms, respectively. To mitigate
unbalanced skewness, the response variable was converted to natural
logarithmic scaling (—In Cp), and all models were developed based on
the nine descriptors (i.e.: the eight S1-Sg plus T). Module-1 of QSAR-Mx
was employed to establish the best MLR model. Concerning the non-
linear models, these were developed by resourcing to four different
machine learning regression algorithms, namely k-Nearest Neighbours
(kNN) [48], Random Forests (RF) [49], Neural Network Multilayer
Perceptron (MLP) [50], and Support Vector Machines (SVM) [51]. The
non-linear models were generated using the Python-based Scikit-learn
libraries, and the descriptors were standardised using the StandardScaler
function implemented in Scikit-learn [52]. Additionally, a 5-fold cross-
validation scheme was utilised to optimise the hyperparameters asso-
ciated with each machine learning algorithm, employing a systematic
grid search for the best model hyperparameters through the Grid-
SearchCV function in Scikit-learn.

The parameters optimised during model development are shown in
Table 2. However, in the case of MLP, the hidden layer sizes, the number
of neurons in each layer, and the alpha values (essentially the learning
rate) were initially varied, while keeping fixed the activation function
and solver. Once the optimal hidden layers and alpha values were
determined, the other parameters were further fine-tuned, such as the
activation function and solver, using GridSearchCV. Where applicable, a
random state of 42 was consistently set for both model development and
validation.

To assess the performance of the models, the average absolute rela-
tive deviation (AARD) was calculated. AARD, a well-known metric often
used to judge the models’ ability to predict physicochemical charac-
teristics, is expressed as follows:

k o )
AARD (%) = 120 x 3 (Pt = Vi) o

YExp i

Here, Ypredi, Yexpi, and k refer to the predicted heat capacity by the
model, the experimental heat capacity values, and the number of data
points, respectively. Given that multiple models were established in the
present study, the AARD values were used as a guide for selecting the
most predictive ones. Additional statistical metrics considered included
the coefficient of determination (RZ), root mean square error (RMSE),
mean absolute residual (MAR), and standard deviation (SD), calculated
as follows:

Table 2
List of parameters considered for hyperparameter optimisation of the machine
learning algorithms exploited in this study.

Machine learning tool Parameters

kNN n-neighbours: 1-50
weights: uniform, distance
algorithm: auto, ball_tree, kd_tree, brute

SVM C: 0.1, 1.0, 10, 100, 1000
gamma: 1, 0.1, 0.01, 0.001
kernel: rbf, linear, poly, sigmoid

RF criterion: MSE, MAE
max_features: auto, sqrt, log2
max_depth: 10, 30, 50, 70, 90, 100, 200
n_estimators: 50, 100, 200
min_samples _leaf: 1, 2, 4
min_samples_split: 2, 5, 10

MLP hidden_layer sizes: varied in a stepwise manner
activation: relu, tanh, logistic, identity
solver: 1bfgs, adam, sgd
alpha: 0.1, 0.01, 0.001, 0.0001
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in which, Y refers to the mean value of the experimental heat capacity.

Furthermore, internal R? cross-validation measures based on the
leave-one-out (Qfoo) or leave-many-out (Q%.fold) approaches were taken
into account [53]. For external validation, the model’s predictive ability
(R%red) was calculated [54]. The equations for these parameters are
similar to R%, but their application is different. For instance, in leave-
one-out (LOO), the LOO predicted values (Y o0) are used in place of
Ypred to calculate Qfoo applying Eq. (3). In contrast, the k-fold cross-
validation is employed in the leave-many-out approach to assess the
internal predictivity of the ML-based non-linear models. To do so, the
dataset is partitioned into five equal subsets for the determination of Q.
fold, With 80 % of the data (four subsets) utilised as the training set and
the remaining 20 % used as the prediction set. This procedure is
repeated five times to collect all the predicted results for all five test sets,
and the resulting values are used as Ypreq in Eq. (3). As previously
mentioned, the 5-fold cross-validation results were exploited not only
for assessing the model’s internal predictivity, but also for hyper-
parameter optimisation during the set-up of ML models. In the latter
case, the dependent variable for each DES in the test set is predicted
(Ypreq) using the specific derived model, and then, these values are
employed in the R3req calculation. It is worth mentioning that while
calculating these statistical parameters, the logarithmic response vari-
able values were converted back to their original values (i.e., the heat
capacity in J mol ! K1),

Applicability domain of the models. To ensure the reliability of the
QSPR model predictions, it is crucial to define their applicability
domain, which outlines the chemical space boundaries within which the
models are valid. In this study, two complementary methodologies were
adopted to determine the applicability domain of our models. In the first
method, popularly known as the ‘Leverage approach’, a Williams plot
(standardised residuals vs. leverage values) is built to define structural
outliers (in terms of leverage values) and response outliers (in terms of
standardised residuals). Specifically, data-points whose leverage values
exceed the threshold h* (h* = 3p/N, where p is the number of descriptors
in the model plus one, and N is total number of data-points in the
training set) were spotted as structural outliers [55]. The second method
that has been proposed by Roy et al. [56], known as the ‘Standardization
approach’, involves standardising the model descriptors and applying
simple rules to identify structural outliers. Data-points flagged as
structural outliers by either of these methods were treated as outliers of
the model.

Model Interpretation. The linear models may simply be interpreted
from the standardised coefficients associated with the descriptors. On
the other hand, tools such as SHAP (SHapley Additive exPlanations)
approach help understand the contributions of different independent
parameters of ML non-linear models [57].

The SHAP approach, proposed by Lundberg and Lee [57], is based on
the well-known Shapley value concept, initially introduced by the
mathematician Lloyd Shapley [58]. SHAP is a tool for model interpret-
ability, aiming to make machine learning models more transparent and



A.K. Halder et al.

understandable. It leverages concepts from cooperative game theory to
fairly allocate the contribution of each feature to the model’s pre-
dictions. SHAP achieves this by distributing the overall reward among
different “players” (descriptors) based on their relative contributions to
the model’s outcome. It provides information about each descriptor’s
positive (increasing values) and negative (decreasing values) contribu-
tions to the response variable under consideration, ranking descriptors
based on their overall influence on the model. This approach thus offers
a nuanced understanding of the impact of individual descriptors within
non-linear machine learning models [59].

3. Results and discussion

Decoding the Physical Significance of o-Profiles. Essentially,
COSMO-RS o-profiles characterise the surface polarity of species and
serve as a means of providing insights into the nature of intermolecular
interactions among the components of a mixture, including both polar
and nonpolar interactions. Fig. 2 showcases illustrative examples of the
probability distribution of the computed o-profiles for selected ions and
HBD components, alongside representations of their 3D structures. In
this representation, red indicates negative (electron-rich) regions, blue
represents (electron-deficient) regions, and green highlights the
nonpolar, neutral regions of the species. Additionally, three main areas
can be identified in this figure depending on the screening charge den-
sity: the HBD area, the nonpolar (hydrophobic) area, and the HBA area.
The two dotted perpendicular lines, positioned at —0.007 and +0.007 e/
A2, demarcate the boundaries between the nonpolar area and the two
polar areas (HBD and HBA).

As depicted in Fig. 2a, it is evident that anions and cations with a
single functional group exhibit only one thin peak either in the HBA area
(Cl” and Br™) or in the HBD area (Na™t) according to their respective
charges. Other cations, such as methyltriphenylphosphonium (MTPP™),
choline (Ch™), and tetrabutylammonium (TBA™) cations display prom-
inent peaks mainly in the nonpolar area due to the presence of nonpolar
alkyl groups (like methyl and butyl). Upon comparing Ch* and TBA™, it
is noticeable that the former has a o-profile curve more shifted towards
the left (more positive), whereas the latter displays a single broad peak
in the nonpolar region. This distinction arises from the structural dif-
ferences between the two cations. Ch™ contains a positively charged

- - m — -
(a) 300 HBD Non-polar HBA
25.0 : : < [ch]
¢ [Na*
200 (e
—_ —[8r]
i<}
e 15.0 —[Na']
10.0
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nitrogen (N7) and a hydroxyl group (-OH) with a positively charged
hydrogen, with its fewer carbon atoms unable to balance such a positive
charge, resulting in a more positive overall profile. In contrast, TBA™
features a symmetrical structure with four identical butyl groups
attached to the central nitrogen. As a result, the positive charge on the
nitrogen is effectively neutralised by the surrounding butyl groups,
leading to a high and broad peak in the nonpolar area. It is also seen that
aromatic-containing cations (C=C), like MTPP™, feature two peaks in
the nonpolar area instead of just one peak.

From Fig. 2b, it can be observed that all the HBD components have
multiple broad peaks spanning both the HBA and HBD areas of the
o-profile, indicating that these molecules can act as both HBAs and
HBDs. Moreover, the height of these peaks is much lower than the ones
of the ions, save for the case of triethylene glycol (TG) that has a
dominant high peak in the nonpolar area. This can be explained by the
presence of a longer hydrocarbon chain with two ether linkages in TG
that contributes to a more prominent nonpolar hydrophobic region in its
o-profile compared to the other diols, like propylene glycol (PG) and
ethylene glycol (EG).

Overall, the analysis of Fig. 2 reinforces the concept of o-profiles
reflecting the charge distribution and polarity of species. It demonstrates
how these profiles can be utilised to compare and understand the
properties of different DES components and highlights the usefulness of
descriptors derived from the integration of target s-profile sections for
QSPR modelling studies.

QSPR Models and Evaluation. Following the strategy formerly
outlined, we began by seeking the best linear model relating the heat
capacity (—In Cp) and the eight SP"5-based descriptors (S1-Sg) along with
the measured temperature (T) for the training set. However, it became
evident that Sy held less significance in the model, as indicated by a
probability value (p-value) exceeding 0.05. Consequently, the final
model was established using the remaining descriptors. The MLR
equation and its detailed statistical results are presented in Table 3. It
can be observed that the MLR model achieved an AARD of 8.516 %
through leave-one-out (LOO) cross-validation and an AARD of 7.845 %
during its evaluation using the test set comprising 154 data points.

The maximum intercorrelation (Pearson R) between any two de-
scriptors of this model was found to be 0.73, which is satisfactory.
Furthermore, although the developed MLR model demonstrated good
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Fig. 2. Probability distribution of the derived o-profiles for six selected (a) ions and (b) HBD components.
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Table 3
Statistical performance of the developed MLR model.

Equation Statistical results

—In G, =—65.766(+3.426) S;
—5.659(+1.850) S3+4.429
(+0.526) S4 + 9.527(+0.962)

Niraining = 376, R? = 0.942, Qoo = 0.940,
AARD; o0 = 8.620 %, MAR oo = 25.170,
RMSE 00 = 30.648,

S5+24.073 Niest = 154, Rreq = 0.889,

(41.284) Sg + 23.783(4+2.942)  AARDyeq; = 8.257 %, MAReq = 25.140,
$,-34.373 RMSEe5e = 30.992

(+7.848) Sg + 0.001(£0.000)

T+4.058

(40.102)

statistical predictivity in terms of Qfoo (= 0.940) and R%red (= 0.889),
the MAR 00, RMSE; 00, MAR¢est and RMSE; . values were considered
slightly high. Given the potential limitations of the MLR model, we
explored whether different machine learning tools could yield more
statistically significant results using all the nine descriptors (i.e.: S1-Sg
and T). In search of potentially better non-linear models, four machine
learning (ML) algorithms (kNN, RF, SVM, and MLP) were explored,
utilising hyperparameter optimisation for fine-tuning. As mentioned, a
slightly different hyperparameter optimisation technique was employed
for MLP compared to other ML tools. For kNN, RF, and SVM, all pa-
rameters listed in Table 2 were simultaneously varied. However, for
setting up the final MLP model, we took a step-by-step approach.
Initially, we adjusted two crucial parameters — the number of hidden
layers and alpha values — while keeping default values for all other pa-
rameters, except for the solver and maximum number of iterations.
Preliminary trials indicated that the ’1bgfs’ (Limited-memory Broyden-
Fletcher-Goldfarb-Shanno) solver, coupled with a higher number of it-
erations, consistently produced superior model quality. Therefore, the
solver was initially set as lbgfs and the maximum number of iterations
was fixed at 7000. Subsequently, we optimised the number of hidden
layers, number of neurons in the hidden layers and alpha value. We
started with a single hidden layer, varying the number of neurons from 5
to 30 in increments of 5. We then explored a two-layer architecture, with
the number of neurons in the second layer being less than the first.
Additionally, for each neuron configuration, we tested four different
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the activity function and solver parameters were varied, but with no
improvement on the model behaviour.

The AARD values of the final fine-tuned machine learning models
thus established, along with the optimised parameters, are presented in
Table 4.

Among these ML algorithms, kNN and RF showed high overfitting,
evidenced by significantly lower AARD values in 5-fold cross-validation
on the training set (i.e., AARDsfq) compared to the test set (i.e.,
AARDycst). Conversely, SVM produced a balanced model with AARD
values of 7.097 % (5-fold) and 10.308 % (test). Yet, MLP yielded the
most predictive non-linear model, with an AARD of 0.500 % (5-fold) and
superior performance on the test set. The detailed statistical results of
this model are presented in Table 5.

As shown in Table 5, the final MLP model exhibited satisfactory
statistical predictive performance for both the training and test sets.
Fig. 4 displays a comparison between the experimental heat capacities
and the predicted values (Fig. 4A), as well as the residual values
(Fig. 4B), alongside with the correlation matrix for the descriptors in the
MLP model. By observing Fig. 4A and Fig. 4B, it becomes apparent that
this model accurately predicts DESs with both low and high heat ca-
pacities, while its performance is less optimal for those with interme-
diate values. Additionally, the correlation matrix presented in Fig. 4C
indicates that the model’s descriptors do not demonstrate strong inter-
collinearity (> 0.80).

Applicability domain of the models. As per the Williams plot, the
results revealed that all data-points belonging to D01 (Table 1) of the
training set were projected as structural outliers. Interestingly, these
same data-points were depicted as outliers according to the ‘Standard-
ization approach’. In addition, the data-points in D17 (Table 1) were
further flagged as outliers by the ‘Standardization approach’. Never-
theless, none of the test set data-points were classified as outliers by
either method, indicating that the model’s predictions for the test set are
likely reliable within the established applicability domain.

Table 4
Comparison of performance metrics for four machine learning models.

o . Model  AARDs AARD Selected Parameters
alpha values: 0.1, 0.01, 0.001, and 0.0001. The predictive accuracy of %) S-fold %) test
the training set model was assessed by 5-fold cross-validated AARD P - . p
. : NN 0.452 14.669 n_neighbours = 2, weights = ’distance’
vall?es (AARDs o14). The AARDs 14 Of the training set 1mprovec.1 > 1.0 RF 0.445 12.833 max_ depth — 10, max features — *sqrt’,
%) in the presence of two layers compared to one layer. As depicted in random state — 42
Fig. 3, the lowest AARDs_o1q was achieved when 30 and 25 neurons were SVM 7.097 10.308 gamma = 0.1
added in two layers while maintaining the alpha value at 0.01. No sig- MLP 0.500 3.999 alpha = 0.01, hidden layer sizes = (30,
nificant improvement (i.e., 5 %) in AARDs ¢,)q was achieved when a third 25.), .
1 ! d d max_iter = 7000, random_state = 42,
ayer was .1n.tro uced. . solver — “Ibfgs’
After fixing the number of hidden layers, neurons and alpha values,
5 | AARD5_fo14 (%)
0.85
al @ o o ° o (] 0.50
0.75
=3 e ° © ° ® o
f‘-’- Lowest AARDq 4 (%) value = 0.500 0.70
©
=)
22 0.65
+0.60
1 L ] L ] L ] e o e L J e o o @ & @
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Fig. 3. Variation of the predictivity of the MLP model developed in the first step with two hidden layers in the presence of different numbers of neurons and alpha

values (represented as —log(alpha) for clarity; alpha = 0.0001, 0.001, 0.01, 0.1).
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Table 5
Detailed statistical results for the final MLP model.

Training set parameters Test set parameters

R? 0.999 - -

Q2 o1 0.999 R3.eq 0.976
AARDs fo14 (%) 0.500 AARDc; (%) 3.999
MARs_g1g (J mol 1 K1) 1.358 MAR s (J mol ' K1) 11.316
RMSEs.folq (J mol™* K1) 2.860 RMSEese (J mol 1 K1) 14.282

Feature importance. To understand the explainability behind the
final MLP model’s predictions for DES critical properties (C,), we
employed the SHAP approach to analyse the relative importance and
contributions of the model’s features (descriptors). Particularly, we
focused on the significance of its S; descriptors in capturing the DES’s
ability to act as a hydrogen bond acceptor (HBA), hydrogen bond donor
(HBD), and its non-polar character. As previously mentioned, we
divided the o-profile curves into eight sections. By calculating the in-
tegral area under each section, we obtained eight molecular descriptors
(S1-Sg) that quantify these specific regions of the o-profile (see Table 6).

Fig. 5 shows the SHAP results of the feature analysis of the MLP
model. In the subplots of this figure, the features are sorted from the
most significant one to the least significant. Higher feature values
(highlighted in red in Fig. 5A) of the descriptor indicate a higher heat
capacity if they are associated with positive SHAP values. Conversely, if
a higher feature value of any descriptor is linked to a negative SHAP
value (highlighted in blue in Fig. 5A), it suggests that a higher value of
this descriptor decreases the heat capacity of DES.

The SHAP analysis applied to the MLP model pinpointed the non-
polar descriptor S4 as the primary contributor to higher heat capacity
values. Elevated S4 values are attributed to the presence of non-polar
fragments like ~CH, —CHj, and -CHs. Consequently, DESs containing
components such as tetrabutylammonium chloride (D28, D30), DL-
menthol (D17), and oleic acid (D17) exhibit higher heat capacities as
they possess these non-polar fragments in their structures. Similarly,
belonging to a non-polar region, Ss was also found to contribute to
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increased heat capacities, albeit to a lesser extent than Ss4.

Additionally, Sg emerged as the second most relevant descriptor of
the model, indicating that fragments comprising strong HBAs exhibit
low DES’ heat capacity. For example, HBAs such as sodium acetate,
betaine, and carnitine that have high Sg values consistently exhibit
lower heat capacities. Interestingly, triethylene glycol (TG) is the only
HBD in the dataset that has a positive value for this descriptor.

The favourable effect of Sy can be seen in D30, which has high heat
capacity values (590-606 J mol ! K’l) owing to the presence of urea.
Moreover, Sy values are bolstered by the existence of HBAs containing
anions such as CI~ and Br~. The weak acceptor region (S¢) also con-
tributes to increase the heat capacity values, as observed in D10, where
the HBD, citric acid, presents a high Sg value, thereby influencing the
rise of DES’s heat capacity.

Descriptors associated with the hydrogen bond donor region (S;-S3)
tend to have higher heat capacities, as their higher values (red points in
Fig. 5A) are situated in the positive region of the SHAP analysis.

Table 6
Partitioning within the ¢ range into eight descriptors.
Descriptors o-range (e/A?) Significance
Hydrogen bond donor area Strong HBD
S -0.030 <6< -0.023  (e.g.:Na")
S —0.023 <0< —0.015 HBD (e.g.: H")
S3 —0.014 <6< —0.007 Weak HBD (e.g.:N*,P™")
Non-polar area Non-polar
S4 —0.007 < ¢ < 0.000 (e.g.: C, H)
Ss 0.000 < ¢ < +0.007 Non-polar
Hydrogen bond acceptor Weak HBA
area +0.007 <0 < +0.015  (e.g.: C=0Y7)
Se
S, +0.015 < 6 < +0.023 HBA (e.g.: Cl, Br)
Sg +0.023 <0 < +0.030  Strong HBA
o T
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Fig. 4. Plots of (A) observed vs. predicted heat capacity values and (B) residual vs. observed heat capacity values as per the MLP model. (C) Heatmap showing the

correlation matrix for the descriptors of the MLP model.
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Fig. 5. SHAP Feature Analysis of the MLP Model. (A) Summary plot showing feature contributions (colour) and importance (dot size) for model predictions (Positive
SHAP values indicate favourable contributions, while negative values indicate unfavourable contributions.). (B) Bar plot depicting the mean absolute SHAP value for

each feature, highlighting their relative importance to the model.

However, the significance of these descriptors is relatively less as
compared to those of S4-Sg. The measuring temperature is positively
correlated since, in most cases, an increase in temperature leads to a
steady increase in heat capacity values.

To evaluate the performance of our model in anticipating these oc-
currences, we plotted the predicted and experimental heat capacity
values as a function of temperature for the DESs test set (Fig. 6). It is
noteworthy that the majority of the test set DESs reflects changes in heat
capacity with increasing temperature. It is noticeable also that, save for
the DES formed by choline chloride and glucose, all other DES are
accurately predicted by the model.

Finally, we sought to determine whether our proposed model could
effectively predict the heat capacity for entirely distinct data, such as
ternary DESs. To accomplish this, we gathered data from 44 ternary
DESs consisting of choline chloride, urea, and L-arginine, as documented
in Table 7. Here, it is worth noting that all these ternary DESs were found
to lie within the model’s applicability domain. The model exhibited an
AARD of 3.132 %, indicating its potential applicability for predicting the
heat capacities of ternary DESs as well. This also underscores the model
robustness and versatility across diverse compositions, further vali-
dating its utility in predictive modelling.

Comparison with previous models. Our literature review revealed
three previous attempts to develop QSPR models for the heat capacity of
DESs. These models, however, exclusively relied on thermodynamic
critical features of the DESs. In contrast, our work pioneers the use of
quantum chemical COSMO-RS descriptors to characterise and predict
the heat capacity of DESs, offering deeper insights into the underlying
mechanisms governing their heat capacities. Taherzadeh et al. [16]
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Fig. 6. Comparison of heat capacities calculated by the MLP model (lines) with
experimental data (points) from the literature across varying measurement
temperatures (in K).

proposed an equation based on critical properties and molecular weight
to calculate the isobaric heat capacity of eutectic solvents. Using a
dataset comprising 28 DESs with 505 data points, their model achieved
AARD values of 4.3 % and 5.5 % for the training and test sets, respec-
tively. Our model, which incorporates a larger dataset and exhibits
improved statistical performance, therefore significantly surpasses these
previous results. Later, Bagherzadeh et al. [27] employed fifteen ma-
chine learning techniques to predict the heat capacity of DESs, utilising a
combination of critical properties with experimental temperature.
Despite achieving an excellent overall AARD of 0.27 %, their model
relied on a random split of data into training and test sets (i.e., ‘points-
out’ validation; Cf. Section 2), limiting its robustness. Very recently,
Darwish et al. [35] developed a group-contribution model using a
dataset of 2,696 data-points. However, all these data-points were not
reported as DESs but simply as IL mixtures in the original literature,
potentially neglecting the specific hydrogen bonding interactions char-
acteristic of DESs. By focussing specifically on DESs and leveraging
quantum chemical descriptors, our proposed model provides a more
accurate and insightful approach to predicting their heat capacity.

4. Conclusions

This work highlights the importance of heat capacity, an often under-
reported yet crucial physicochemical property for deep eutectic sol-
vents. Our objective was to bridge this gap by developing a robust
predictive model for DES heat capacities. Through the compilation of an
extensive dataset comprising over 500 data points, we explored various
machine learning approaches. Our most statistically robust model
emerged from the MLP technique, utilising descriptors derived from
quantum-chemical COSMO-RS sigma profiles. This innovative approach
represents a significant advancement in DES heat capacity prediction, as
it leverages the detailed information captured within COSMO-RS
o-profiles.

In comparison to a prior model reliant on correlations with ther-
modynamic descriptors, which encompassed a broader array of DES
types (24 binary and 4 ternary) [16], our research focused specifically
on binary DESs (30 types). This focus, coupled with the power of
COSMO-RS descriptors, yielded a remarkable improvement in accuracy.
Our model achieved exceptionally low AARD values of 0.500 % and
3.999 % for the training and test sets, respectively, demonstrating a
significant reduction in error compared to the previous model’s 4.3 %
and 5.5 % AARD [16].

Beyond establishing a highly accurate predictive tool, this research
offers valuable insights for future DES design. By employing the SHAP
approach, we were able to identify and understand the key chemical
features within DES components that significantly contribute to their
heat capacity values. This knowledge enables researchers to customise
DES development for specific applications where heat capacity is
crucial, such as thermal energy storage. In conclusion, this work paves
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Table 7
List of ternary DESs investigated in this study, along with their composition, number of data points (Ndp), temperatures, heat capacity (C,) values, and corresponding
references.
DES HBA HBD1, Molar Fractions HBA:HBD1:HBD2 Ndp Temperatures (K) G U mol ! K’l) Ref.
HBD2
TO1 Choline chloride Urea, 0.328:0.656:0.016 11 303.15-353.15 182.21-193.74 [16]
L-arginine
TO2 Choline chloride Urea, 0.323:0.645:0.032 11 303.15-353.16 184.38-195.82 [16]
L-arginine
TO3 Choline chloride Urea, 0.317:0.635:0.048 11 303.15-353.17 186.54-197.89 [16]
L-arginine
TO04 Choline chloride Urea, 0.313:0.625:0.063 11 303.15-353.18 188.70-199.96 [16]
L-arginine

the way for a new era of accurate DES heat capacity prediction by
combining MLP and COSMO-RS descriptors. It not only offers a reliable
tool for future DES design but also equips researchers with essential
knowledge to engineer DESs with tailored functionalities.
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