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A B S T R A C T   

The fast and accurate prediction of Hansen solubility benefits many diverse fields such as pharmaceuticals, the 
food industry, and cosmetics. To estimate the individual HSP values (polar, dispersive, and hydrogen bonding 
components), we investigated the performance of using Mordred descriptors in multiple linear regressions and 
XGBoost modeling. For HSP predictions, we also tested a graph-based molecular representation with graph 
neural network (GNN) modeling. To select the optimal models for final training and predictions, we used nested 
cross-validation and hyper-parameter optimization. The models with the best predictive performance were 
selected through internal (R2

train, RMSE, MEPcv) and external (RMSEP, CCC, MEP, R2
test, ar2m, Δr2m) validation 

metrics using ~1200 compounds from free-available database https://www.stevenabbott.co.uk. To confirm the 
practical reliability, we examined the agreement of experimentally obtained HSP data from the literature for 93 
compounds and the data predicted by the created models. The results of GNN modeling showed the best pre
dictive characteristics, which include a coefficient of determination between experimentally obtained and pre
dicted HSP values greater than 0.76 for polar and hydrogen bond forces and greater than 0.66 for dispersive 
forces. Interpreting the fundamental basis of Hansen solubility using the created MLR equations and XGBoost 
models, HSP values were found to be influenced by van der Waals volume characteristics, 2D matrix molecular 
representation, and polarity. We elaborated on the practical benefits of using the selected GNN method through 
Hansen’s solubility sphere as an example. This is the first study to demonstrate the advantages of GNN in pre
dicting individual HSP components, as well as the first study to describe in detail their molecular basis using MLR 
and XGBoost modeling.   

1. Introduction 

The solubility of compounds in water is one of the key physical 
properties that indicates the strength of molecular interaction between 
solvent molecules, which directly affects a wide range of phenomena 
important for determining and predicting the fundamental properties of 
materials and drugs. The fast and accurate solubility prediction benefits 
many diverse fields such as pharmaceuticals, the food industry, and 
cosmetics. Commercial chemical products are manufactured as multi
component chemical mixtures, so a basic knowledge of the miscibility of 
ingredients is required to meet environmental, shelf life, and product 
quality specifications [1]. Therefore, to efficiently search for satisfying 
formulations, a predictive tool for solubility is indispensable. The sol
vent and solute have similar solubility parameters if they tend to be 
soluble [2]. Several methods that differ in their basic characteristics can 

be used to predict the solubility of compounds in water including ESOL, 
LSER, and three-dimensional Hansen solubility evaluation systems. 
ESOL (ESOL - Estimated SOLubility) is a simple method for estimating 
the aqueous solubility of a compound directly from its structure against 
several molecular properties (clogP, molecular weight, rotatable bonds, 
aromatic proportion, non-carbon proportion, H-bond donor count, 
H-bond acceptor count, polar surface area) [3]. The LSER is another 
model developed by Abraham consisting of five solute properties such as 
excess molar refraction, dipolarity/polarizability, hydrogen bond acid
ity and basicity, and McGowan volume [4]. 

A slightly more complex approach defines the total solubility (δ) 
through a three-dimensional concept, which in addition to the total 
solubility includes its hydrogen bonding (δh), polar (δp) and dispersion 
(δd) components [5]. As such, it differs from the previous ones that 
represent a one-dimensional evaluation system (logarithm of aqueous 
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solubility, logS). 
The concept of a solubility parameter (δ) was introduced by Hilde

brand and Scott, who proposed that solvents with similar δ values would 
be miscible [6]. The Hildebrand model utilizes a single parameter (δ) 
defined as the square root of the cohesive energy density, to determine 
whether a substance is a good solvent or nonsolvent for a selected 
compound [7]. Hansen proposed an extension of the Hildebrand 
parameter method to estimate the relative miscibility of polar and 
hydrogen bonding systems. Therefore, the Hansen solubility model 
(HSP) uses a three-parameter (3D) concept to quantify the solubility of 
compounds [8]. In Hansen’s approach, the Hildebrand solubility 
parameter is split into three components: polar, dispersion, and 
hydrogen bonding forces [5,8]. 

Using Hansen’s solubility parameter values (δ, δh, δp, δd), one can 
directly evaluate the pharmacokinetic potential of compounds (gastro
intestinal absorption characteristics, skin permeation), select appro
priate solvents for chemical analysis, and more precisely characterize 
pharmaceutical formulation, which is not possible only via logS [5].The 
pharmaceutical analysis can be successfully performed by considering 
unique physico-chemical and mechanical properties that can offer sig
nificant advantages in understanding compound stability, and in vivo 
performances. In pharmaceutical sciences, HSPs are an indispensable 
physico-chemical concept that has been used to predict the miscibility of 
a drug with excipients/carriers in solid dispersions [9], as well as for 
pharmacokinetic studies including prediction of compound skin pene
tration rate [5] and its oral gastrointestinal absorption [10,11]. A deep 
understanding and predicting solubility is challenging since it depends 
on the interaction between solute and solvent, along with various other 
physico-chemical properties. Different experimental methods were used 
to estimate the solubility parameter such as: swelling measurements 
[12]; viscosity measurements [9] and inverse gas chromatography (IGC) 
[13–15]. Hildebrand and Hansen solubility parameters can be estimated 
using general computational tools. Choi and Kavasallis first used 
atomistic simulations to estimate the solubility parameters of a class of 
alkyl phenol ethoxylates [16] and later applied it to estimate 3D Hansen 
solubility [17]. A related method has been applied to estimate the HSP 
forces of fat and oils-related materials [18]. It has previously been found 
to calculate HSP using molecular dynamics and structure interpolating 
group contribution (GCM) methods that explore discrete molecular 
interaction models and require knowledge of the appropriate interaction 
parameters to calculate thermodynamic properties [19–23]. A method 
based on lattice fluid theory was developed by Panayiotou [24] in order 
to estimate the hydrogen bonding component of the Hansen solubility. 
In ref. [25] a new and direct approach was proposed to estimate the 
acidic and basic components of the hydrogen bond solubility based on 
the σ-moments of the screening charge distribution or the sigma profile 
of the quantum mechanics-based COSMO-RS theory. 

In general, novel modeling approaches can differ between those 
using molecular descriptors for learning (e.g., XGBoost [26]), and 
graph-based models, (e.g., Graph Neural Networks (GNNs) [27]), that 
utilize both the structural information from the graph representation of 
a molecule, along with the information from individual atoms and 
bonds. Many quantitative structure-property relationships (QSPR) ap
proaches are data-driven and based on machine learning (ML), aiming to 
find statistical relationships between molecular information and 
experimental results to produce predictions of important 
physico-chemical properties [28–32]. For solubility determination, 
alternative calculation methods are based on combined first principles 
of quantum mechanics and artificial neural networks (ANN) [33], and 
predictive modeling based on Gaussian processes and Bayesian ML [34]. 
Different ML methods were used to estimate the solubility of acid gasses 
in ionic liquids [35]. [36]In the realm of computational solutions rooted 
in graph theory, promising outcomes have been achived in various 
predictive tasks. These include the prediction of ionic conductivity of 
ionic liquids [36], solvation free energy for solute-solvent pairs [37], 
aqueous solubility [38], and infinite dilution activity coefficient for 

solute-solvent pairs [39]. For Hansen solubility parameters prediction, 
Sanchez-Langeling et al. [34] employed a Bayesian machine learning 
approach utilizing Gaussian processes, leveraging various input data 
such as SMILES strings, COSMOtherm simulations, and quantum 
chemistry calculations. More recently, Pang J. et al. [40] fine-tuned 
pre-trained natural language processing (NLP) models (Mol2Vec and 
ChemBERTa) to derive molecule embeddings from SMILES strings, uti
lizing them for downstream prediction of HSPs. Applying the most 
optimal theoretical or computational solution to predict certain molec
ular properties can be a reliable alternative to demanding experimental 
testing while providing a basic molecular understanding. 

In this research, we investigate the efficacy of Genetic Algorithm 
(GA) for descriptor selection in Multiple Linear Regression model 
(MLR), XGBoost, and Graph Neural Networks (GNNs) analysis, to esti
mate 3D Hansen solubility of 1192 model compounds. Apart from the 
standard prediction metrics, the prediction accuracy of the created 
models is considered using Roy-metrics to create the strictest criteria for 
accepting any model in terms of external predictability [41]. In addition, 
we used experimentally obtained HSP values from the literature of 93 
compounds from ref. [5] and ref. [1] and tested the practical ability of 
the created models by looking at the agreement between the experi
mentally obtained data from the literature and the predicted data from 
our models. We based physicochemical interpretation of 3D Hansen 
solubility on the most successful models that meet the all validation 
criteria. The practical benefits of the selected models for solvent selec
tion and pharmacokinetic drug optimization were demonstrated using 
the fundamental characteristics of the 3D Hansen solubility sphere. The 
created models will serve as a basis for predicting and understanding the 
HSP concept of solubility. 

2. Materials and methods 

In this section we provide a theoretical background of the three- 
dimensional Hansen solubility, describe datasets, models and evalua
tion metrics. The code, models and the data used in this work are freely 
available at GitHub https://github.com/darjacvetkovic/HSP-predictio 
ns. 

2.1. Theory of three-dimensional Hansen solubility 

The basic equation governing the assignment of Hansen parameters 
is that the total cohesion energy, E, is a sum of the individual dispersive 
(Ed), polar (Ep), and hydrogen bonding (Eh) energies: 

E= Ed + Ep + Eh (1) 

Dividing Eq. (1) by the molar volume (V) gives the square of the total 
(or Hildebrand) solubility parameter (δ (MPa)1/2) as the sum of the 
squares of the Hansen dispersive (δd), polar (δp ) and hydrogen bond (δh) 
component: 

E
/

V = Ed
/
V + Ep

/
V + Eh

/
V (2)  

δ2 = δd
2 + δp

2 + δh
2 (2a)  

Quantitatively, the solubility differences between two compounds, 
compound (1) and compound (2) can be defined by following Ra [MPa1/ 

2] value: 

R2
a =4(δd (1) − δd (2))2

+
(
δp(1) − δp(2)

)2
+ (δh (1) − δh(2))2 (3)  

Quantitatively, the HSP distance between two compounds, compound 
(1) and compound (2) can be defined by Ra [MPa1/2] parameter value. 
Conversely, a large value of Ra indicates that compound (1) and com
pound (2) will have a different solubility profile. 

The Hansen solubility sphere method [5,42,43] is based on the 
principle that like dissolves like. The interaction radius R0 [MPa1/2] 
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represents the radius of the sphere of a selected molecule. The ratio 
between Ra and R0 has been called the RED number reflecting the 
relative energy distance between two molecules in the Hansen space: 

RED=Ra/R0 (4) 

By definition, RED = 0 is equivalent to no energy difference, RED < 1 
indicates high solute-solvent affinity, RED > 1 indicates low affinity and 
RED = 1 (or around 1) reflects a boundary condition [5]. The compat
ibility of a solvent with a known HSP categorizes solvents as good or 
poor. 

2.2. Datasets 

Here we describe the datasets used for training and validation, and 
for the confirmation of the practical reliability of our models. Specif
ically, we use the Hensen dataset for training and validation, while 
additional datasets from refs. [1,5] are used to further confirm the 
reliability of MLR, XGBoost and GNN models. 

a) The Hansen dataset 
To train our models, and to get initial evaluations of their perfor

mance we use the 80%:20% train-test split (Table 1) on the dataset of 
1192 small molecules from a freely available web database https://www 
.stevenabbott.co.uk (further referred to as the Hansen dataset). 

This dataset consists of 1192 structurally diverse small molecules 
such as normal alkanes, cycloalkyl compounds, alkenes, alcohols, het
erocycles, and their experimentally determined HSP values at 298K. The 
distributions (histograms) for the number of atoms, and molecular 
weights of these molecules can be found in Fig.1, while the distributions 
for Hansen solubility parameters and total solubility are shown in Fig.2. 

Molecular descriptors for these compounds, used for XGBoost and 
MLR models, were calculated using the Mordred descriptor tool for 
Python [44], while the molecular graphs and their atomic and bond 
features that were used for GNN models (see subsection 2.3), were 
generated using the deepchem library for Python [45,46]. 

Specifically, to get the molecular descriptors for training XGBoost 
and MLR models, we calculated 1613 2D molecular descriptors using the 
Mordred descriptor tool. The number of descriptors was further reduced 
by omitting the descriptors that had zero values for over 90% of the 
compounds in the dataset. Furthermore, since the calculator can 
generate various technical errors, the descriptors that had errors for over 
5% of the compounds were also discarded. Since the dataset is smaller in 
size, it is commendable to minimize the number of errors, which is why 
we used this type of strict condition.The remaining errors are managed 
by XGBoost’s ability to handle missing data and outliers through opti
mization during training, and the Genetic Algorithm’s feature selection 
process, which focuses on the most informative features, thus mitigating 
the impact of errors. Additionally, the number of features (the number of 
molecular descriptors) also exceeds the size of the dataset, so it is 
generally advised to reduce this number in a systematic way. The out
lined process generated 869 descriptors, which underwent additional 
selection tailored to each model. In the case of MLR models, a genetic 
algorithm was applied for feature selection utilizing the QSARINS soft
ware. For XGBoost models, descriptors yielding optimal performance 
were chosen within a nested cross-validation loop, alongside 

hyperparameter optimization (refer to subsection 2.3.1 and 2.3.2 for 
details). 

To get the atomic and bond features required for training GNN 
models, the procedure was more straightforward as no additional 
feature reduction is required since the featurizer in the deepchem 
module generates 9 fundamental atomic features and 4 fundamental 
bond features. These features are encoded into corresponding feature 
vectors of length 30 and 11, respectively (refer to subsection 2.3.3 for 
more information). By harnessing these features alongside the "message 
passing" mechanism inherent to GNNs, the model can effectively inte
grate information regarding the local neighborhood from each atom and 
bond within a molecule during training. This integration results in a 
comprehensive molecular feature vector that encapsulates both topo
logical and chemical properties. 

b) Additional datasets 
In order to assess the reliability of the created models in practical 

analysis, the predictions of HSP parameters of all models were compared 
with the experimentally obtained results from:  

1. ref. [1] which contains the experimentally obtained total solubility 
(δ), and  

2. ref. [5] that contains experimentally obtained all HSP values (δ, δh, 
δp, δd) 

Molecules from [1] and [5] that were in the initial set from 
https://www.stevenabbott.co.uk were excluded from evaluation. 
Furthermore, for each XGBoost model, the molecules that yielded any 
error in the calculation of their descriptors were removed from the 
dataset. This leaves us with 31 molecules (or 27 for XGBoost30 or 
XGBoost50 models) for testing from [5] and 62 molecules from [1]. The 
histograms for the number of atoms, molecular weights, Hansen solu
bility parameters, and total solubility parameters are shown in Fig. 3 , 
Fig. 4. 

2.3. Models and training 

The quantitative structure-property relationship (QSPR) methodol
ogy was used to define the physico-chemical basis of the 3D Hansen 
solubility (HSP) concept and to provide models with reliable predictive 
performances. We use experimentally determined HSP values of a gen
eral set of 1192 small molecules from a freely available web database, 
https://www.stevenabbott.co.uk (the Hansen dataset). Molecular de
scriptors for these compounds, used for XGBoost and MLR models, were 
calculated using the Mordred descriptor tool for Python [44], while the 
molecular graphs and their atomic and bond features that were used for 
GNN models, were generated using the deepchem library for Python 
[44,45], as described in section 2.2. We train separate models for each 
Hansen solubility parameter: δd, δp, δh. This approach enables the models 
to learn the optimal internal parameters and/or descriptors(in the case 
of XGBoost and MLR models), particularly tailored to each of these three 
solubility components. MLR models were developed in the program 
QSARINS [47,48], while XGBoost and GNN models were developed in 
Python. 

Models are trained and evaluated on the Hansen dataset, using a 
random 80%:20% train test split (Table 1). We examined the predictive 
quality of the obtained models by calculating the parameters of internal 
and external validation. The internal validation was performed on the 
training set and includes the coefficient of determination R2

train , root 
mean square error (RMSE), and Mean Error of Prediction (MEPcv). The 
external validation refers to the test set and includes the coefficient of 
determination R2

test, root mean square error of prediction (RMSEP), 
Mean Error of Prediction (MEP), and concordance correlation coeffi
cient (CCC). The root mean square error (RMSE) measures the average 
difference between a statistical model’s predicted values and the actual 
values. RMSE refers to the training set, and RMSEP refers to the test set. 

Table 1 
Data split and description table for the Hansen dataset.  

Data Number of 
molecules 

Description 

Train  953 Data used for training the models. Training is done in a 
5-fold cross-validation loop, where this dataset is 
further split into the training and validation subset. 

Test  239 Data used after training on the Train set to evaluate 
model performance.  
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A close value of these errors indicates better characteristics of the model. 
Except for the standard used MEP and R2

test, and CCC, the prediction 
accuracy of the created models is considered by using the parameters of 
Roy-metrics (ar2

m, Δr2
m). This introduces an additional more rigorous 

way of evaluating the created model. The Roy metrics are significantly 
different from other external validation metrics, among which CCC is 
the most optimistic. Parameter ar2

m along with Δr2
m (lower than 0.2) 

provides the most stringent criterion of external validation, and as for a 
minimum number of trials, these criteria are met at a given threshold 
value. In ref. [41], the use of ar2

m together with Δr2
m has been confirmed 

as the most stringent criterion for accepting any model in terms of 
external prediction [49]. 

2.3.1. Multiple Linear Regression (MLR) 
Multiple linear regression (MLR) is one of the most commonly used 

modeling methods in QSPR modeling because they are simpler and 
easier to interpret. We apply Genetic Algorithms (GA) for descriptor 
selection which is a very effective procedure, widely and successfully 

applied in many QSPR approaches [50]. Molecular descriptors were 
calculated using the Mordred Python module, and the descriptors with 
intercorrelation over 0.90 were excluded from the analysis.The 
best-fitted MLR models were selected by the GA in the program QSAR
INS. The GA is a stochastic method to solve optimization problems 
defined by fitness criteria applying Darwin’s evolution hypothesis and 
different genetic functions, i.e., crossover and mutation [51,52]. The 
leave-one-out cross-validation (LOO-CV) technique was used to assess 
the performance of the resulting model. The correlation coefficient of 
this procedure (Q2LOO) was calculated and the best model was selected 
based on the highest Q2LOO. This coefficient must be close to the value 
of R2 to prove that the model is not dependent on the data set [53]. 

2.3.2. Extreme Gradient Boosting (XGBoost) 
XGBoost, or Extreme Gradient Boosting [26], is a machine learning 

algorithm that uses a type of ensemble learning that combines the pre
dictions of multiple “weak” learners to build a strong predictive model. 
These weak learners are typically decision trees. Decision trees 

Fig. 1. Histograms of the number of atoms (left) and molecular weights (right) for the training dataset for the Hansen dataset.  

Fig. 2. Histograms for each of the Hansen solubility parameters and total solubility for the Hansen dataset.  
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systematically split data based on the most informative features (in our 
case molecular descriptors) and thresholds. In this way, they recursively 
create a tree-like structure, with each branch leading to a final predic
tion at a leaf node, ultimately guiding the decision-making process based 
on the characteristics of the data. XGBoost optimizes model performance 
by iteratively training trees to correct the errors of previous trees, which 
effectively boosts their predictive ability. Additionally, the algorithm 
includes regularization features that prevent overfitting. Due to its 
predictive power, low computational cost, and ease of implementation 
XGBoost has gained researchers’ and practitioners’ attention and was 
successfully employed in property prediction tasks [54,55]. 

In this work, we created and compared predictive models with 10 
(XGBoost10), 30 (XGBoost30) and 50 (XGBoost50) molecular de
scriptors (features). The most important descriptors for model pre
dictions were identified using a simpler XGBoost model, and these 
descriptors were then employed to train more robust models. For each 
case, a two-level nested cross-validation was implemented, as detailed in 
the following paragraphs. We do not exclude intercorrelated descriptors 
prior to training, as some correlated descriptors may represent different 
properties that, despite their correlation, do not influence each other, so 
excluding one in favor of another may not be beneficial. 

Firstly, in the 5-fold outer loop (which splits the training dataset into 

a training subset and validation subset for each fold), a “weaker” 
XGBoost model was initialized and trained for each Hansen solubility 
parameter, to select the most important features for its solubility pre
diction (either 10, 30 or 50 features for XGBoost10, XGBoost30 or 
XGBoost50, respectively). The training of these weaker models incor
porated inner cross-validation (3-fold split) with a randomized search on 
hyperparameters the max_depth, colsample_bytree, reg_alpha, reg_lambda 
parameters. The aim of this search is to find the values of these hyper
parameters that yield the best predictive results, adding additional 
confidence in feature selection. The max_depth parameter determines the 
maximum depth of a tree, with larger values indicating a more complex 
model (albeit with a higher risk of overfitting), colsample_bytree de
termines the ratio of columns (descriptors) when constructing each tree, 
while reg_alpha and reg_lambda are L2 and L1 regularization parameters 
respectively, with increasing values making the model more conserva
tive (less prone to overfitting). Following this, the most important fea
tures (10, 30, or 50) for each Hansen solubility parameter were selected 
based on the training of these “weaker” XGBoost models. Note that 
feature importances are automatically calculated for XGBoost models, 
and can be obtained via the “feature_importances_” member variable on 
the trained model. 

Secondly, after selecting the most important descriptors for each 

Fig. 3. Histograms of the number of atoms and molecular weights (a) and Hansen solubility parameters (b), along with total solubility for molecules in ref. [5]  
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parameter, “stronger” models are initialized and trained using the 
hyperopt Python module [56] for distributed asynchronous 
hyper-parameter optimization. The parameters that are optimized are 
max_depth, gamma, reg_alpha, reg_lambda, colsample_bytree, min_child_
weight. Here, the gamma parameter represents minimum loss reduction 
required to make the next split on a leaf node of the tree, with higher 
values indicating a more conservative model. Additionally, min_child_
weight corresponds to the minimum number of instances that need to be 
in each node - larger values indicating a more conservative model. The 
performance of each “stronger” model is evaluated on the validation 
subset from the outer cross-validation loop, and its hyperparameters, R2 

score, RMSE score, and features (descriptors) used for training from the 
previous step are recorded. Finally, at the end of the 5-fold outer 
cross-validation loop, for each hyperparameter we are left with 5 models 
and descriptor sets that yielded the best results inside their corre
sponding loop iteration (that is, outer cross-validation split). The per
formance of these models is then evaluated (for each HSP) and models 
with best performance and the corresponding molecular descriptors 
used are selected for final training on the whole training set (remember 
that the outer cross-validation loop split the training dataset into a 
training subset and validation subset). 

In summary, the "weaker" XGBoost models are trained to select the 
optimal number of molecular descriptors that the model itself considers 
most important. Both the feature selection and hyperparameter opti
mization were applied in the cross-validation loop to achieve more 
confidence, yielding features that were used for training the final pre
dictive XGBoost models. 

2.3.3. Graph Neural Networks 
Graph Neural Networks (GNNs) [25] are machine learning models 

specifically designed for learning on graph structures. Graphs are 
structures that consist of nodes and edges that connect them, and as such 
they are used to represent molecules [27]. The molecular graph is the 
most natural representation of a molecule. Each graph of a molecule can 
be represented as G = (ν,ε), where ν is the set of atoms and ε is the set of 
bonds. νi ∈ ν is the i-th atom and eij ∈ ε is the chemical bond between the 

i-th atom and the j-th atom [34]. A graph-based representation of the 
molecule and the graph-learning mechanism are given in Fig. 5. In our 
research, we use the simplified molecular-input line-entry system 
(SMILES) [48] strings of molecules to convert molecular structure to 
molecular graphs. The SMILES of each molecule were converted into a 
molecular graph using the RDKit toolkit [49] for Python. 

Unlike XGBoost and MLR models that utilize molecular descriptors, 
GNN models use the features of nodes (atoms) and edges (bonds) for 
learning. They do the learning via the “message passing” mechanism 
which effectively combines these features for each atom/bond and their 
local environment [27,29,30]. Depending on the mathematical or 
methodological formulations for the message-passing mechanism, we 
can distinguish different GNN models. In this work we train and test four 
different GNN models for predicting each of the Hansen solubility pa
rameters: the graph convolutional network model (GCN) [57], graph 
attention network (GAT) model [58], the AttentiveFP model [59] and 
the message passing neural network (MPNN) model from [60]. Similarly 
to XGBoost modeling, we perform cross-validation along with hyper
parameter optimization and select the model with the best mean per
formance across all cross-validation folds for final extensive training.The 
procedure is as follows. 

For GNN modeling, we initialize the atomic and bond features [39], 
and GCN, GAT, AttentiveFP, and MPNN models using the deepchem 
Python module. Similarly to XGBoost modeling, the four models are 
trained in a 5-fold cross-validation loop to assess their mean perfor
mance on different train-validation data splits. In this process, hyperopt 
is employed to tune various model hyperparameters for different 
deepchem PyTorch models. There is no need for an inner 
cross-validation loop, or “weaker” models since we do not need to 
further reduce the number of features like in XGBoost modeling. For the 
GCN model, hyperparameters such as layer_sizes, dropouts, and the re
sidual parameter are optimized. These parameters control aspects like 
the size of each layer, neural network node dropout rates, and the in
clusion of residual connections, which influence the model’s depth and 
regularization. Similarly, for the GAT model, optimization is done on 
parameters like layer_sizes and dropouts, determining the layer sizes and 

Fig. 4. Histograms of the number of atoms and molecular weights (a) and total solubility (b) for molecules in ref. [1]  
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dropout rates for the network. The AttentiveFP model’s hyper
parameters include dropouts, num_layers, graph_feat_size, and num_time
steps, affecting features such as dropout rates, the number of layers, the 
size for graph representations and the number time steps for updating 
the graph representations. Lastly, the MPNN model’s hyperparameters 
involve node_out_feats, edge_hidden_feats, num_step_message_passing, drop
outs, and self_loop, defining node and edge output dimensions, the 
number of message passing rounds, dropout rates, and the inclusion of 
self-loops in the message passing process, respectively. GNN training 
with hyperparameter optimization is time-consuming, which is why, for 
the purpose of performance assessment with cross-validation, the 
models were trained for a smaller number of epochs (200) along with 
early stopping. When the cross-validation loop ends, the mean perfor
mance metrics of all four models are compared. The best-performing 
model for each Hansen solubility parameter was selected for final 
training with a more extensive hyperparameter optimization search to 
provide the best results. 

3. Results and Discussion 

In this section, we present and discuss the results of our study, and 
compare the performance of our models with those found in the litera
ture. Additionally, we provide a physico-chemical interpretation of the 
Hansen solubility parameters by analyzing the importance of molecular 
descriptors used in the XGBoost10 and MLR models. Finally, we 
demonstrate the practical applicability of our approach through the 
concept of the HSP sphere, with the predictions derived from GNN 
models. 

3.1. Molecular and graph theory for HSPs prediction 

The statistical performance of three proposed methods including 
XGBoost, MLR and GNNs was tested by predicting Hansen solubility of 
1192 structurally diverse set of small molecules from the Hansen dataset 
(Section 2.2). The most important statistical results are summarized in 
Table 2. More detailed results containing all evaluation metrics and 
descriptors can be found in the Supplemenatry Information table. 

All created models meet the internal and external validation criteria. 
GNN models gave significantly better statistical results in the case of the 
prediction of polar forces than the rest of the models (R2

test= 0.82, ar2
m =

0.76, and Δr2
m = 0.06). MLR model showed better predictive perfor

mances for dispersive forces (R2
test = 0.85, ar2

m = 0.78, and Δr2
m = 0.07), 

closely followed by the GAT GNN model (R2
test= 0.85, ar2

m = 0.76, and 
Δr2

m = 0.14), while XGBoost models were more suitable for predicting 
the hydrogen bond forces (R2

test ≥ 0.75, ar2
m ≥ 0.66 and Δr2

m ≤ 0.09), 
specifically the XGBoost50 model performed best with R2

test = 0.80, ar2
m 

= 0.74 and Δr2
m = 0.06. Additionally, we observe that XGBoost10, 

XGBoost30 and XGBoost50 models have similar predictive perfor
mances within the respective HSP components (i.e., R2

test, ar2
m, and Δr2

m 
values) which suggests that even 10 molecular descriptors (XGBoost10) 
per Hansen solubility parameter are enough for successful prediction on 
this dataset. 

We then proceed to test our models on additional datasets from [5] 
and [1], previously described in the Dataset section. For GNN models we 
use the AttentiveFP architectures to predict the dispersive (δd) and 
hydrogen bond (δh) components, but use the GAT architecture to predict 
the polar component (δp), since those specific architectures yielded the 
best results for the corresponding components (as presented in Table 2). 

Fig. 5. Graph representation of the molecule and the graph learning mechanism. Each atom is represented by a node and each bond with an edge - their feature 
vectors are used by the GNN model for learning the final graph feature vector that is used for HSP prediction. Atomic and bond features are combined and updated for 
each atom/bond with the features from their local environment (this constitutes “message passing” mechanism). The (molecular) graph feature vector is calculated 
by aggregating individual atomic/bond features which is used to predict HSP parameters. 
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Additionally, we note that we calculate the total solubility δ from the 
equation (2a), after getting model predictions for its components. The 
obtained prediction results are presented in Table 3. 

The most successful agreement of the predicted solubility data with 
the experimental values from the literature was shown by the created 
GNN models (R2 > 0.60). In the first step, the best correlation with δ [1] 
was found for the GNN models (R2 = 0.76), which is higher than the 
correlation obtained by the proposed calculation method in ref. [1] (R2 

= 0.70), Fig. 6. The best correlations with experimental partial (δd, δp, 
δh), and total solubility (δ) parameters of 59 model compounds [5] were 
also found for the GNN predictions. This confirms the practical valida
tion of the created GNN method, Fig. 7. 

Furthermore, we note that the GNN models seem to be the only 
models that meet the criteria R2 > 0.60, for all predictions, while other 
models sometimes fail to do so. Specifically, all models other than the 
GNN model fail to meet this criteria when predicting the dispersive 
component δd from ref. [5], and MLR fails for δp [5], while XGBoost10 
fails to meet the criteria for δ [1]. The reason for this discrepancy may be 
that the MLR and XGBoost models overfit the training data which hin
ders their generalization abilities, but upon closer inspection it appears 
that this decrease in performance seems to be the case only for the 
dispersive component δd [5] - for the polar and hydrogen bond 
component in [5] the models seem to have even better performance than 
for the same components from Table 2 (i.e. the Hansen dataset test set). 
This is unexpected, and the reason for this may lie in the nature of the 
dispersive component. It is known that the strength of the London 
dispersion forces also depends significantly on the shape of the molecule 
because the shape determines how much one molecule can interact with 
neighboring molecules at any time, therefore a 3D molecular description 
could give better results. Even for the GNN model, the decrease in pre
dictions of the dispersive solubility parameter is apparent. Additionally, 
the decreased prediction performance could be due to the distribution of 
the training dataset (Figure 2), which contains significantly fewer data 
points (molecules) with dispersive component values around 12 MPa1/2 

and 20 MPa1/2. As a result, the models may struggle to generalize pre
dictions for such molecules. It is particularly visible that octanoic acid, 

and glycerol are the prediction confidence outliers (Fig. 7), the removal 
of which increases the coefficient of determination (R2) from 0.66 to 
0.73. Despite this, the coefficient of determination for the GNN model is 
still greater than 0.50. 

Additionally, we calculate the relative errors of total solubility pre
dictions for each of these test datasets, and for each model - GNN, 
XGBoost with 10, 30, 50 features and for the MLR model. We present the 
distributions of these errors in the form of box-plots in Fig 8. Box plots 
provide a simple overview of the underlying distribution - they display 
the median, quartiles, and the outliers in the data, which is in our case 
the relative error in total solubility prediction for each molecule. From 
Fig 8 (a). We confirm that the GNN model has the best performance on 
the data from [5] - the median of the relative error distribution is the 
lowest, while only one of the outliers (molecules) has a relative error 
more than 20%. On the other hand, from Fig 8 (b). for the data in [1] all 
the models seem to exhibit very similar performance when it comes to 
the distributions of relative errors. 

3.1.1. Comparison with the results from the literature 
Sanchez-Langeling et al. [34] investigated the applicability of 

Gaussian processes, a Bayesian machine learning approach (gpHSP) for 
HSP prediction emphasizing the importance of molecular similarity, 
sigma profile similarity, electrostatic similarity, and shape/size simi
larity. Multiple models for solubility prediction were compared with 
reported experimental data where the Pearson’s correlation coefficient 
was obtained within the following range 0.91 > r > 0.37. Given the 
disparity in the molecular types utilized in their study compared to ours 
(small molecules up to 200 atoms, and polymers), direct comparison of 
these models is challenging. However, it’s noteworthy that while the 
features employed in [34] may encode richer physico-chemical infor
mation about the molecules (such as their electrostatic properties), they 
could entail computational intensity in their calculation - which is not 
the case for Mordred descriptors. One might consider these differences 
when deciding which approach to implement. Our results show that 
XGBoost10, MLR, and GNN modeling meet reliable applicability in 
practice with a high degree of agreement between predicted values and 
experimental data from the literature. 

More recently, Pang J. et al. [40] utilized Natural Language Pro
cessing (NLP)-inspired molecular embedding models to predict Hansen 
solubility parameters on the Hansen dataset. Specifically, they fine 
tuned pre-trained Mol2Vec [61] and ChemBERTa models [62,63] to get 
a feature vector of a molecule from its SMILES representation, and then 
used those features to predict HSPs. Furthermore, the authors also tested 
the predictions using Morgan fingerprints as descriptors with XGBoost 
models for comparison, but the ChemBERTa models have yielded the 
best results overall (Zinc-base and 77M-MTR). Nevertheless, it seems 

Table 2 
The most important statistical results of the created models.The external validation is performed on Hansen’s dataset test set that includes the following parameters: 
R2test, RMSEP, CCC, MEP, ar2m, and Δr2m values. The internal validation is based on a training set including R2, r2

adj, RMSE, and MEPcv values.  

HSP Model R2train RMSE CCC MEP R2test RMSEP ar2m Δr2m 

Dispersive forces MLR 0.85 0.71 0.92 0.53 0.85 0.72 0.78 0.07 
XGBoost 10 0.87 0.65 0.88 0.65 0.78 0.89 0.70 0.12 
XGBoost 30 0.91 0.54 0.88 0.60 0.78 0.90 0.69 0.10 
XGBoost 50 0.93 0.47 0.90 0.58 0.81 0.84 0.73 0.10 
GNN (AttentiveFP) 0.93 0.43 0.91 0.53 0.85 0.80 0.76 0.14 

Polar forces MLR 0.60 2.76 0.70 2.37 0.50 3.25 0.50 0.10 
XGBoost 10 0.76 2.09 0.78 1.90 0.65 2.66 0.53 0.22 
XGBoost 30 0.77 2.07 0.79 1.95 0.65 2.64 0.54 0.21 
XGBoost 50 0.88 1.48 0.79 2.00 0.64 2.69 0.52 0.18 
GNN (GAT) 0.89 1.30 0.90 1.31 0.82 2.10 0.76 0.06 

Hydrogen bond forces MLR 0.73 2.88 0.80 2.12 0.64 3.11 0.53 0.03 
XGBoost 10 0.88 1.80 0.86 0.86 0.75 2.51 0.66 0.09 
XGBoost 30 0.92 1.43 0.88 1.58 0.77 2.40 0.70 0.03 
XGBoost 50 0.90 1.67 0.90 1.43 0.80 2.22 0.74 0.06 
GNN (AttentiveFP) 0.91 1.44 0.82 1.86 0.67 2.64 0.57 0.07  

Table 3 
The coefficient of determination (R2) between predicted and experimentally 
obtained solubilities.  

R2 HSP MLR XGBoost10 XGBoost30 XGBoost50 GNN 

ẟ [1] 0.67 0.58 0.61 0.69 0.76 
ẟd [5] 0.42 0.45 0.4 0.38 0.66 
ẟp [5] 0.56 0.77 0.71 0.85 0.98 
ẟh [5] 0.86 0.9 0.94 0.9 0.96 
ẟ [5] 0.77 0.76 0.79 0.77 0.94  
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Fig. 6. The correlation between experimental and GNN-predicted ẟ for the dataset in ref. [1]. The names of the 15 molecules with the highest difference in pre
dictions are shown in the graph. The prediction interval estimates the range within which a future observation is expected to fall with the 95% confidence level. 

Fig. 7. The correlation between experimental and GNN-predicted HSPs (δd, δp, δh )for the compounds in ref. [5], the 3 molecules with the highest difference in 
predictions for each solubility parameter are shown in the graphs. 
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that our models perform better on the same dataset (Table 4). In Table 4, 
we compare the performance of our best models from Table 2, with the 
best models from [40]. Our models achieve better results than the NLP 
based models for all Hansen solubility parameters on the Hansen data
set, especially for the polar component (R2test (GAT) = 0.82 vs. R2test 
(Zinc-base) = 0.41). Pang J. et al. suggest that the reason behind the 
poor performance on the polar component might be due to intrinsic 
errors in its definition, which limits the prediction accuracy of ML 
models. However, our results indicate that this may not be the case, as 
we obtained good prediction results with the GAT model on both the 
Hansen dataset and the datasets from [1] and [5]. This seems to be the 
case only for the GAT model, as we observe poorer performance of 
XGBoost and MLR models (R2test ≤ 0.65). On the other hand, if we 
compare the performances on all the models from Table 2, the 
NLP-based model performed slightly better than our GNN (AttentiveFP) 
and MLR models for the hydrogen bond component on the Hansen 
dataset (R2test (77M-MTR) = 0.7, vs. R2test (AttentiveFP) = 0.67, R2test 
(MLR) = 0.64). Still, we have tested our models on two additional 
datasets [1] and [5], which showed that our GNN models have good 
generalization capabilities, as well as some of the other models (refer to 
the previous section for details). 

3.2. Physico-chemical interpretation 

Through the physico-chemical interpretation based on selected 2D 
Mordred descriptors, we described the fundamental concept of HSP 
solubility. In MLR and XGboost modeling, the most significant molecular 
characteristics that influence the individual HSP values (δd, δp, δh) are 
discussed separately. 

Interpreting GNN models is challenging due to their reliance on basic 
atom and bond properties, and while methods like identifying important 
subgraph structures or using interaction map layers for solute-solvent 
interactions exist, they are outside the scope of this paper but offer 
promising potential for future research [73-75,37]. Nevertheless, mo
lecular representation and learning based on GNNs have shown excel
lent accuracy and precision in various fields [31,76–78]. These results 
show their importance for further advancement of graph based methods 
for numerical prediction of different physico-chemical properties, and 
show the need for further development of methods and approaches that 

would enable their interpretability. 

3.2.1. SHAP feature importance information in XGBoost 
In the obtained XGBoost10 modeling, HSP forces are determined by 

the interplay between geometry, structural and physico-chemical 
properties of compounds. We use the SHAP values [64] to get the 
feature (molecular descriptor) importance information from the created 
XGBoost10 model and understand the molecular basis of 3D Hansen 
solubility, Fig. 9. SHAP values are based on the Shapley values from 
game theory, specifically it is a way of determining the contribution of 
each player in a collaborative game. The players in the machine learning 
context are features, that is, molecular descriptors for our case. The bar 
plots in Figure 9 (left panels) show the mean average impact of features 
for each model (that is, the model for each of the solubility parameters), 
while the swarm plots, Fig. 9 (right panels), represent more detailed 
distributions. Each circle in the swarm plot corresponds to a molecule 
and is colored based on a specific feature’s value (ranging from low to 
high). Red circle positioned on the right side of the scale means that a 
high feature value positively influences the model prediction, leading to 
a higher HSP parameter value. Conversely, the blue circle situated on 
the left side of the scale implies that the feature had a negative impact on 
the model prediction, resulting in a lower predicted HSP parameter 
value. Notably, when blue circles (representing molecules with lower 
feature values) appear on the right side of the scale, it signifies that these 
lower features had a positive influence on the prediction, and vice versa. 

The influence of molecular features on HSP values is discussed in 
relation to the common property, which can be divided into several 
classes including features associated with the van der Waals surface, 2D 
matrix molecular description and polarity. The influence of these 
properties is discussed below for each individual HSP component (δd, δp, 
δh). 

It is known that ionization can affect the solubility of compounds in 
certain solvents. In the case of a covalent compound that dissolves in 
polar solvents (eg, water), no ionization should occur because the force 
driving the dissolution process would then be van der Waals attraction. 
Van der Waals attractions were found to be influential in modeling HSPs. 
The features associated with VSA (van der Waals surface area) represent 
a volume surface area that can be calculated either for the entire 
molecule or for parts of the molecule with certain attributes. In the 
PEOE_VSA parameter, PEOE denotes Partial Equalization of Orbital 
Electronegativities, which is a charge calculation method, and VSA 
signifies Van der Waals Surface Area [65,66]. PEOE_VSA6 corresponds 
to the division of the surface of the molecule conditioned by the atomic 
partial charge less than -0.05 which was found for polar HSP attractions 
(δp). The descriptor VSA_EState8 is found for the component 
δd indicating the level of accessibility of the atom in the molecule for 
dispersive forces. VSA_EState8 is equal to the sum of the electro
topological state (E-state) values of atoms with a van der Waals surface 
area between 6.45 and 7.00 [67]. GATS1v represents the Geary auto
correlation coefficient of van der Waals volume separated by one bond. 
The SMR_VSA5 descriptor (van der Waals atomic surface where molar 

Fig. 8. Box plots of relative errors of predictions of total solubility for each model. (a) Relative errors of prediction on the data from [5] , (b) relative errors of 
prediction on the data from [1] 

Table 4 
Comparison of our best models with the best models from [40]. For comparison 
with other models refer to Table 2.  

HSP Model RMSEP R2test 

Dispersive forces MLR 0.72 0.85 
GNN (AttentiveFP) 0.8 0.85 
Zinc-base 0.83 0.73 

Polar forces GNN (GAT) 2.1 0.82 
Zinc-base 2.83 0.41 

Hydrogen bond forces XGBoost 50 2.22 0.8 
77M-MTR 2.7 0.7  

D. Cvetković et al.                                                                                                                                                                                                                              



Chemometrics and Intelligent Laboratory Systems 251 (2024) 105168

11

refractivity is between 2.45 and 2.75) is the contributor to the dispersive 
HSP component, which measures the steric factors and bulkiness of the 
given molecules. SMR_VSA5 is based on molar refractivity, which is 
directly related to the polarizability of tested molecules and dispersion 
force strength (δd). 

SM1_Dz(Z) belongs to a set of descriptors calculated from 2D 
matrices derived from the molecular graph (2D matrix-based de
scriptors). This descriptor is the sum of the eigenvalues of the Barysz 
matrix, whose elements take into account information on both the bond 
order and the atomic number. In δd modeling, this descriptor refers to 
heteroatoms that influence dispersive HSP forces. The molecules with 
the lowest SM1_Dz(Z) values are entirely constituted by carbon atoms 
(both aromatic and not) while the largest values are taken on by highly 
fluorinated and chlorinated compounds and, more in general, com
pounds with several heteroatoms. In addition, the number of hetero 
atoms (nHetero) was also found to have a significant effect on dispersive 
forces (δd). It is known that the greater the difference in electronega
tivity, the more polarized the electron distribution and the greater the 
partial charges of the atoms. SM1_Dzpe is the spectral moment of order 1 
from the Barysz matrix weighted by Pauling electronegativity, while the 
SM1_Dzm is weighted by mass. These two descriptors are selected within 
polar HSP (δp) forces. ATS6p is the Broto-Moreau autocorrelation 

descriptor of lag 6 that is weighted by polarizability. It was found as an 
important factor for δp modeling. BCUTi-1h is the first largest ionization 
potential-weighted eigenvalue of the loading matrix that was identified 
as an influential feature for the polar HSP forces (δp). BCUT metrics are 
an extension of Burden’s parameters that are based on a combination of 
an atomic number for each atom and a description of the nominal bond 
type for adjacent and non-adjacent atoms. These descriptors reflect the 
influence of bonding information and atomic properties (eg, atomic 
charge, polarizability, hydrogen bonding abilities relevant to intermo
lecular interactions) on solubility properties. 

The descriptors associated with the polarity of molecules are related 
to the hydrogen bond and surface area. The contribution of hydrogen 
bond donor atoms (ETA_dEpsilon_D), the number of hydrogen bond 
donors (nHBDon), and the number of hydrogen bond acceptors 
(nHBAcc) are directly associated with the hydrogen bonding forces and 
are included in polar (δp) and hydrogen bonding (δh) HSP components. 
ETA_dEpsilon accounts for the electronegativity contribution of 
hydrogen bond donor atoms in relation to the electronegativity of heavy 
atoms in a compound. The nHBDon is calculated as the number of 
hydrogen bond donors in a compound, which are any − OH or − NH 
groups where the formal charge of the oxygen or nitrogen is non- 
negative (i.e., formal charge≥0), while the nHBAcc is the number of 

Fig. 9. SHAP feature importances for XGBoost10 models.  
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hydrogen bond acceptors in a compound. ETA_psi_1 descriptor appears 
only once for the model describing the δd HSP. This extended top
ochemical atom descriptor is a measure of the hydrogen bonding pro
pensity of the molecules and/or polar surface area. A higher ETA_Psi_1 
descriptor value describes compounds with less electronegative atoms, 
which are parts of hydrogen bond forming and polar surface area. More 
polarizable molecules and molecules with larger surfaces have the for
mation of greater dispersive forces [68]. IC0 descriptor is associated 
with the size and complexity of molecules, a zeroth order information 
content index. IC0 is calculated from Shannon’s entropy as −

∑
i pi log2 

pi , where pi is the probability of randomly selecting an atom of a specific 
type i in the molecule. This descriptor characterizes molecular 
complexity as the average amount of information per atom type. IC0 is 
included only for the polar HSP component, which indicates that this 
descriptor is significant in describing solubility properties for uncharged 
polar compounds. The positive sign of its regression coefficient from the 
δp/MLR model indicates that compounds containing more different 
types of atoms (ie, more complex molecules) are more soluble and form 
stronger polar interactions. For the hydrogen bonding HSP component, 
topological polar surface area (TopoPSA) becomes less important than 
hydrogen bond properties (nHBDon, nHBAcc). TopoPSA calculated 
based on the fragment contribution method, describes the polar surface 
of the compound, while TopoPSA(NO) uses only nitrogen and oxygen 
atoms and reverts to the polar HSP component. Compounds with a larger 
polar surface may be involved in stronger interactions with the polar 
solvents [69]. The molecular framework fraction (fMF) has the greatest 
influence on the dispersion HSP forces (δd). The descriptor fMF is 
defined as the number of heavy atoms in the molecular framework MF 
divided by the total number of heavy atoms (HEVtotal). From δd/MLR 
the solubility increases with increasing fMF and this trend is indepen
dent of the ionization state of the molecule. The atom-bond connectivity 
(ABC) index is one of the recently most investigated degree-based mo
lecular structure descriptors. The relationship between the Graovac–
Ghorbani index of atom–bond connectivity (ABCGC) and the dispersive 
HSP forces was established in δd/XGBoost modeling. A topological 
descriptor, (SIC01) describes a structural information content of 0-order. 
It reflects the size and compactness of the molecule. The descriptor 
SIC01 is based on Shannon information theory and like other molecular 
complexity indices makes the division of atoms into different classes 
depending on the size of the coordination sphere taken into account near 
a given atom. Its effect on solubility including a negative effect on 
dispersive HSP in MLR indicates that the solubility of the tested com
pounds decreases with increasing their molecular size. AMID_X is the 
most influential descriptor in δp/XGBoost modeling. AMID_X calculates 
the averaged molecular weighted path (ID) on halogen atoms. Relatively 
high electronegativity of halogens gives highly polar interactions of 
covalent bonds, so a larger number of halogens favors polar HSP in
teractions. AMID_O was found important for δh/XGboost modeling and 
it represents averaged molecular ID on O atoms which emphasizes the 
importance of oxygen atoms in the creation of hydrogen bonds. Another 
significant descriptor that has an impact on the hydrogen-bonding HSP 
component in XGBoost modeling, NsOH, indicates the number of sOH 
(–OH) type atoms. This descriptor is related to hydrophilicity. The 
ATSC1are is based on Allred–Rochow electronegativity between adja
cent atoms, and it was selected within hydrogen bond HSP forces (δh). 
Consequently, it could identify polar bonds in the cations and act as a 
measure of dipolar interaction strength to δh forces. It was found that the 
ratio between molecular hydrophilicity and hydrophobicity (SLogP), as 
well as the number of all atoms (nAtom descriptor), are more important 
in predicting solubility (δh/XGBoost). 

3.2.2. Physico-chemical interpretation from MLR 
A hybrid approach combining GA with multiple linear regressions 

(MLR) was used to define the most suitable predictive MLR dependences 
to characterize the dispersion (δd), polar (δp), and hydrogen bonding (δh) 
HSP components. The following MLR predictive models are obtained 

(Eqs. (5a)-(5c)):  

1. δd = 18.23 – 0.27 nO – 0.002 ATS5dv – 0.07 AATS0i + 0.05 AATS1i – 
0.003 ATSC3dv + 0.0004 ATSC2v – 0.03 ATSC3p + 0.04 AATSC1v +
0.21 nBondsKD + 0.19 C1SP3 – 0.35 Xc-3dv + 1.21 AXp-1dv + 1.09 
Mm – 0.08 SdssC – 0.01 fragCpx + 3.94 fMF + 3.07 IC0 – 4.72 SIC0 – 
0.02 MIC4 – 0.17 VSA_EState8 + 0.04 Wpol  

2. δp = 2.26 – 2.55 nN – 3.27 nO + 0.003 ATS8v - 2. 26 ATSC0c + 2.84 
ATSC2c + 0.02 ATSC3dv – 0.07 ATSC6p – 1.71 BalabanJ + 0.46 Xpc- 
4dv – 1.25 AXp-1dv + 0.18 SdO – 2.21 nHBDon + 5.19 IC0 + 0.94 IC1 
– 0.17 Kier1- 0.04 PEOE_VSA6 + 0.14 SlogP_VSA2 – 0.13 VSA_EState2 
+ 0.27 TopoPSA(NO) – 8.50 GGI5 + 0.04 TSRW10  

3. δh = 11.59 + 0.44 nHetero – 1.79 nO – 0.04 AATS0v + 1.79 AATS0p – 
4.93 ATSC0c + 0.04 ATSC0dv – 0.01 ATSC7dv – 0.29 ATSC3se +
144.59 AATSC0c – 1.19 AATSC1dv – 1.10 AATSC0i – 2.37 AXp-1dv – 
0.79 NsssCH + 2.07 SsssCH + 0.48 SsOH + 1.15 nHBAcc + 0.89 
nHBDon + 1.74 IC0 – 1.28 CIC1 + 0.12 EState_VSA2 + 0.04 ESta
te_VSA7 – 6.03 GGI5 

Within the dispersive HSP component (δd), there are significant 
positive contributions of molecular framework fMF and information 
content index IC0, and negative contribution of topological descriptor 
SIC0 (Eq. (5a)). The information content index (IC) and its derivatives 
(order 0-2) are equal to the average information content (IC‾) multiplied 
by the total number of atoms. The IC‾ is based on Shannon’s information 
theory, which provides information related to the effect of molecular 
symmetry within δd forces. For hydrogen-bond δh modeling, there is also 
a significant influence of information content indices (IC0, IC1). The 
molecular attributes that describe the average atomic charge distribu
tion on the molecular topology (ATSC0c) showed a negative contribu
tion to the polar HSP forces (δp). Within the δh HSP component, the GGI5 
descriptor showed a negative contribution. The GGI5 descriptor is a 
topological charge index of order 5, proposed by Galvez et al. [70,71], 
and represents the total amount of charge transfer in the molecule. It 
suggests that the net charge transfer between five atoms, among others, 
mostly affects hydrogen bonding. ATSC0c is an autocorrelation 
descriptor calculated by taking the sum of the formal charges of atoms 
and is found to have a positive effect on δh forces. A higher ATSC0c value 
shows the influence of electronegative groups and hence, the charges 
imparted by these groups are favorable for hydrogen bonding. 

So far, a detailed molecular description of Hansen solubility con
cerning individual HSP values (δd, δp, δh) has not been done. In the 
literature, there is an application of σ-moments and COSMO-RS de
scriptors for the prediction of Hansen solubility [72]. In ref. [34] 
Sanchez-Lengeling et al. select the influence of the shape and size of 
molecules, electrostatic forces, molecular structure, and their σ-profile. 
In our study, the molecular basis of individual Hansen solubility was 
described through MLR and XGBoost modeling.Regarding the existing 
ML studies, our manuscript, thanks to obtained MLR coefficients, in
vestigates the fundamental concept of HSP and describes it in more 
detail. 

3.3. Practical application 

The most commonly evaluated phenomena in the pharmaceutical 
industry lie within the solubility interactions based on the 3D Hansen 
solubility concept. By understanding the fundamental characteristics of 
the HSP sphere, the GNN-predicted HSPs can be successfully used to 
solve problems in standard analytical and pharmaceutical analysis. In 
Hansen space, Ra is the Euclidean distance, and R0 is the experimentally 
measured interaction radius. To visualize the Hansen solubility spheres 
for the investigated compounds, predicted from the developed models, 
Python’s matplotlib library was used. According to Hansen space 
(Fig. 10 (a)), all compounds with a high degree of human skin perme
ation rate are placed at the center of the sphere with coordinates δh = 11, 
δp = 12.5, δd = 17.6, and interaction radius R0 = 5 [5]. The 
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GNN-predicted HSP values show that dimethyl sulfoxide is expected to 
have a higher degree of human skin permeation rate compared to 
n-butanol and cyclohexane. 

Selecting the best solvent for a particular analytical purpose is also 
one of the most imperative concepts among the chemical analysis. By 
fixing the R0 value and applying the RED formula to the predicted HSP 
values, it is possible to accurately report a chemical pair as soluble or 
insoluble. The interaction sphere of lignin [5] example considering the 
GNNs-predicted HSP values of the model solvents is given in Fig. 10 (b). 
All good and ’limiting’ solvents are contained inside the sphere (R0 > Ra) 
or at least on its surface (R0 = Ra), closer to the geometrical center of the 
sphere. According to the results obtained in Fig. 10 (b), dimethyl sulf
oxide can be classified as ’good’(R0 > Ra), n-butanol as a solvent of 
moderate type (R0 = Ra), while the cyclohexane has ’poor’ character
istics for dissolving lignin (R0 < Ra). 

From the obtained results (Table 2), it can be seen that there is a 
weaker agreement between the experimental data from the literature 
and the predicted values of the dispersive HSP component (R2=0.66). It 
is known that dispersive forces can strongly depend on the shape and 
position of the molecule in space. Therefore, we might expect better 
results using 3D molecular interpretation compared to 2D and graph- 
based molecular interpretation in δd modeling. 

4. Conclusions 

Our results show that the three-dimensional Hansen solubility 
concept can be successfully predicted using Mordred descriptors (MLR, 
XGBoost) and graph-based molecular interpretation (GNN). The created 
computational models meet the criteria of internal and external vali
dation metrics and can be used in the reliable HSP predictions. The 
fundamental basis of individual HSP forces has been successfully 
explained for MLR, and XGBoost10 modeling with the features associ
ated with van der Waals surface area, 2D-matrix, and polarity. In 
addition, the coefficients of each parameter in the MLR equation 
revealed the specific influence of molecular interactions dominating 
Hansen solubility. 

Our study also confirms the promising predictive capabilities of 
GNNs and their improved ability to generalize to unseen data. The best 
agreement between experimental HSPs from the literature and predicted 
data was found for GNN modeling including R2 > 0.65 for dispersive and 
R2 > 0.75 for polar and hydrogen bonding HSP forces. As such, the 

created models could enable solvent screening for chemical and phar
maceutical analysis. 

Moving forward, future work would benefit from larger and more 
comprehensive datasets since both the quantity and quality of the data 
are of pivotal importance for machine learning in any field. Addition
ally, exploration into alternative models, varying combinations of GNN 
layers, or hybrid modeling could yield valuable insights. Beyond 
investigating alternative model approaches, incorporating additional 
features - particularly global molecular features, into GNN models could 
be a promising direction for future research. Furthermore, enhancing 
the interpretability of GNN models is of significant value. This can be 
achieved through existing methods for subgraph importance or through 
explainability techniques for the solute-solvent approach for HSP pre
diction. Improving interpretability not only increases trust in the models 
but could also provide additional physico-chemical insights into each 
Hansen solubility parameter. Nonetheless, our current research has 
introduced and proposed promising novel methods to predict and un
derstand the concept of Hansen solubility. 
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