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ABSTRACT 
Surface tension is a fundamental property at the liquid/gas interface, influencing phenomena such 
as capillary action, droplet formation, and interfacial behavior in chemical engineering processes. 
Despite its significance, experimental determination of surface tension is time-intensive and im-
practical for in silico-designed compounds. Predictive models are essential for bridging this gap. 
This study expands on Gaudin's COSMO-RS-based model, which assumes uniform molecular ori-
entation at the surface, by testing its predictive capability across broader temperatures (5–50°C) 
and developing a hybrid model combining first-principle and machine learning insights to improve 
Gaudin’s model predictions. The HM employs a serial configuration where COSMO-RS predictions 
serve as inputs alongside molecular descriptors, derived using the Mordred library. SHAP analysis 
guides feature selection, enhancing model interpretability. An artificial neural network refines pre-
dictions, optimized via Bayesian optimization for architecture and hyperparameters. Using a di-
verse dataset of 85 organic molecules, the HM demonstrates improved accuracy, reducing various 
metrics compared to standalone first-principle predictions. 
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INTRODUCTION 
Surface tension is a key property at the liquid/gas 

interface and plays an important role in various chemical 
engineering processes, including liquid flow and 
transport through porous media. This property is respon-
sible for various phenomena, such as capillary action, 
droplet formation, and the behavior of liquid interfaces. 
Surface tension has practical applications in various 
fields, e.g., thin layer technologies, sol–gel technologies, 
phase separation techniques, drug carriers and treat-
ment of raw materials [1]. Experimental measurement re-
sults for this property require specialized equipment and 
are time-consuming, therefore predictive models for sur-
face tension are essential. Moreover, significantly differ-
ent surface tension values for a given compound can 
arise from the method used (e.g., Wilhelmy plate, Du 
Noüy ring, maximum bubble pressure, dropweight, or 
hanging-drop) and the liquid purity [2]. Additionally, a 

transition to a greener chemical industry requires the de-
velopment of innovative and sustainable solvents. Utiliz-
ing an in-silico model enables the pre-screening of these 
materials without the need for experimental procedures, 
thereby accelerating process development. Therefore, 
reliably predicting surface tension values for candidate 
compounds is essential. Numerous predictive models 
have been proposed in the literature for surface tension, 
e.g. neural network regression and graph machine re-
gression [2], Quantitative Structure-Property Relation-
ship (QSPR) models [3], combination of group-contribu-
tion and machine learning (ML) models [4].  These rely on 
large datasets and maintain reliability only within the 
boundaries of their training data. Moreover, they do not 
incorporate any underlying physical principles of the sys-
tem. Quantum chemistry-based models are highly effec-
tive in predicting a wide range of physicochemical prop-
erties of organic compounds. The Conductor-like 
Screening Model for Real Solvents (COSMO-RS) method, 
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introduced by Andreas Klamt in 1995, integrates uni-
molecular quantum chemical calculations with exact sta-
tistical thermodynamics [5]. This approach enables the 
prediction of chemical potentials in liquids, which can be 
used to derive various thermodynamic equilibrium prop-
erties, without relying on experimental data. For example, 
COSMO-RS can be used to compute interfacial tension, 
which represents the free energy per unit surface area 
required to maintain an interface between two con-
densed phases. However, accurately predicting surface 
tension remains a significant challenge for COSMO-RS 
[6]. Recently, Gaudin proposed a COSMO-RS based 
model to predict surface tension (𝜎𝜎) of pure liquids [7]. 
Gaudin’s approach is employed in this work and ex-
plained in the Methodology paragraph of this manuscript. 
Briefly, this method assumes uniform molecular orienta-
tion, meaning that every surface segment has an equal 
probability of being exposed. While originally tested on a 
limited set of molecules at 20°C, this study aims to (1) 
evaluate its predictive performance across a broader 
temperature range and (2) develop a Hybrid Model (HM) 
that combines COSMO-RS predictions with molecular 
descriptors to estimate experimental surface tension for 
more robust predictions. By integrating domain 
knowledge, HMs improve system understanding while 
requiring less data than purely ML models. This approach 
enhances reliability and offers a high benefit-to-cost ra-
tio for complex systems [8]. In this work, a serial HM is 
employed, where the first-principle model (FPM) predic-
tions are used as an input for the ML model together with 
molecular descriptors. The ML model then predicts the 
experimental surface tension value.  

METHODOLOGY 

First Principle predictions 
Gaudin proposed a COSMO-RS based model to pre-

dict surface tension (𝜎𝜎𝑠𝑠𝑠𝑠𝑠𝑠) of pure liquids [7]. The model 
is described by  

𝜎𝜎𝑠𝑠𝑠𝑠𝑠𝑠 = −
ΔG𝑠𝑠𝑠𝑠𝑠𝑠
𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠

,                                                                                (1) 

where 𝜎𝜎𝑠𝑠𝑠𝑠𝑠𝑠 (mN/m) is the simulated surface tension, ΔG𝑠𝑠𝑠𝑠𝑠𝑠 
(kcal/mol) is the COSMO-RS simulated Gibbs free energy 
of self-solvation and 𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠 (Å2) is the molecular flat sur-
face. The implicit assumption of this model is that the mo-
lecular orientation at the surface is neglected: any sur-
face segment has the same probability to be exposed at 
the surface. However, this assumption may not be true 
for compounds where specific molecular orientations are 
energetically favored. In such cases, surface segments 
with lower desolvation energy are more likely to be ex-
posed. Both the authors of this work and Gaudin suggest 
that deviations in surface tension predictions stem from 
this simplified hypothesis.  

Data gathering 
The experimental surface tension data, used for 

model training, has been retrieved online (surface-ten-
sion.de website). The dataset contains values for 85 or-
ganic molecules. These molecules vary from small, sim-
ple compounds to larger, complex structures, with mo-
lecular weights ranging from 18.02 g/mol (water) to 260.8 
g/mol (hexachlorobutadiene). The dataset includes hy-
drocarbons, halogenated compounds, alcohols, and ni-
trogen-containing molecules. Additionally, there are 
compounds with oxygen-containing functional groups, 
such as ethers, esters and ketones. The molecules ex-
hibit a broad range of polarities, with polar compounds 
contrasting nonpolar hydrocarbons. Structural complex-
ity also varies, including linear alkanes, aromatic rings, 
and cyclic compounds. This chemical diversity makes the 
dataset suitable for exploring a wide range of physical 
and chemical properties. The Gibbs self-solvation free 
energy (ΔGsim) and molecular surfaces (Ssim) were caul-
cated from COSMOTherm software (version 24.0.0) us-
ing the BP-TVZP parameterisation, as suggested by 
Gaudin. Simulations were conducted over a temperature 
range of 5 to 50 °C, with increments of 5 °C for ΔGsim 
predictions. Molecular flat surface data were extracted 
from the COSMO file of each molecule. A comparison be-
tween the simulated surface tensions in this study and 
those from Gaudin's work revealed strong agreement. Er-
ror metrics have been calculated point by point for ΔGsim, 
𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠 and 𝜎𝜎𝑠𝑠𝑠𝑠𝑠𝑠, at T = 20 C, at which Gaudin results are 
available. The maximum absolute error observed was 
0.66 kcal/mol for  ΔGsim, 8.41 Å2 for 𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠 , and 6.74 mN/m 
for the 𝜎𝜎𝑠𝑠𝑠𝑠𝑠𝑠. The maximum absolute percentage error ob-
served was 8% for  ΔG𝑠𝑠𝑠𝑠𝑠𝑠, 5% on the 𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠 and 11% for 𝜎𝜎𝑠𝑠𝑠𝑠𝑠𝑠. 
The coefficient of determination (R2) for 𝜎𝜎𝑠𝑠𝑠𝑠𝑠𝑠, 𝑆𝑆𝑠𝑠𝑠𝑠𝑠𝑠 and 
ΔG𝑠𝑠𝑠𝑠𝑠𝑠 is 0.989, 0.999 and 0.991 respectively. The small 
deviations observed could be due to slightly different 
parametrization in older versions of COSMOTherm or to 
the chosen molecules conformer. 

Features selection and data preprocessing 
The developed model is a HM where the FPM is the 

one reported in Eq 1 and the ML part is composed by an 
Artificial Neural Network (ANN). The starting point of the 
ML part is the Simplified Molecular Input Line Entry Sys-
tem (SMILES) of the molecules. SMILES strings were 
stored from COSMOTherm along with simulation results, 
but can be easily retrieved from RDKit library as well. The 
SMILES strings are processed using the RDKit library 
(version 2024.9.4) in Python to generate chemical struc-
tures, substructures, and conformations, represented as 
text-based connection tables (MOL files). The resulting 
MOL files are subsequently analyzed with the Mordred 
library (version 1.2.0) in Python to compute molecular de-
scriptors [9]. 37 2D descriptors are calculated, among 
which four are selected as inputs for the model. The 
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calculated descriptors concern the molecule aromaticity, 
structure, geometry, polarity. They were chosen for their 
potential influence on surface tension. Deviations in flat 
surface measurements are already expected due to po-
larity and may also result from molecular geometry, 
weight, hydrophobicity, and aromaticity. Feature selec-
tion is conducted iteratively using SHAP analysis, a 
game-theoretic approach that explains machine learning 
model predictions by assigning contribution values 
(SHAP values) to each feature [10]. This method helps 
identify which features drive the predictions and whether 
their influence positively or negatively affects the pre-
dicted surface tension. The SHAP (version 0.46.0.) library 
in Python has been used for the analysis. The selection 
process begins with training a neural network with a ran-
domly chosen structure (e.g., three hidden layers with 30 
nodes per layer) and evaluating its performance on test 
set metrics. In each iteration, the least important feature 
identified through SHAP analysis is removed, and the 
model is retrained. This process continues until the model 
achieves satisfactory performance, i.e. a MSE lower than 
that of a standalone FPM. This procedure is shown in Fig-
ure 1. The final selected features are the atom and bond 
polarizability, the average molecular weight, and the 
number of double bonds in Kekulized structure. In addi-
tion to these features, the COSMO-RS simulated surface 
tensions and the corresponding temperature are also 
used as model input. The dataset is therefore composed 
of molecular descriptors, temperatures, and surface ten-
sion calculations at every temperature. Given 85 mole-
cules and temperatures ranging from 5 to 50°C with a 
step of 5°C, the dataset is composed of 850 examples 
and 6 features: simulated surface tension, temperature, 
atom and bond polarizability, average molecular weight 
and the number of double bonds in kekulized structure. 
The molecules have been organised by CAS Number and 
the test set has been randomly selected, while making 
sure that the molecules appearing in the test set are not 
included in the training set.  For simplicity, the first 680 
rows, e.g. the first 68 molecules of the dataset are used 
as training set and the remaining 170 rows, e.g. 17 mole-
cules are used as test set. The data is then standardized 
prior to model training using a standard scaler in scikit 
learn (version 1.6.1) library. 

Model development 
The workflow of the HM is given in Figure 2. Once 

the FPM calculations are completed, literature data gath-
ered and features selected, the ANN can be trained for 
predicting experimental values of surface tensions from 
5 to 50°C. The trained neural network is built and opti-
mized in Keras library (version 3.5.0) in Python. The loss 
function is represented by the mean squared error (MSE). 
Activation function is Leaky Rectified Linear Unit (Leaky 
ReLU) with α = 0.01 for all layers, except the output one 

which has a linear activation function. The number of lay-
ers, neurons per layers and learning rate of the ANN are 
optimized through a Bayesian optimization (BO). The 
number of hidden layers to be chosen by the optimizer 
ranges from 2 to 5, while the number of nodes per layer 
ranges from 5 to 100 with a step of 3. The learning rate 
minimum and maximum boundaries were 10-4 and 10-2 re-
spectively. During BO, the dataset is divided into training, 
validation, and test subsets. The test set comprises the 
last 17 molecules in the dataset, while the validation set 
is formed by randomly selecting 7 molecules (corre-
sponding to 70 rows) from the training set across tem-
peratures ranging from 5 to 50 °C. The loss function is 
the MSE on the validation set. After identifying the opti-
mal network structure, the molecules initially used for 
validation are reintegrated into the training set, ensuring 
that the test set remains entirely unseen by both the 
model and the optimizer throughout the process. The 
proposed structure is formed by three hidden layers. The 
number of nodes per layer is 17,65,59 respectively and 
the learning rate is 0.00184. The model prediction accu-
racy is evaluated on various metrics both on training and 
test set e.g. the Mean Absolute Error (MAE), Mean Abso-
lute Percentage Error (MAPE), MSE, the Root Mean 
Squared Error (RMSE), and the R². The same evaluation 
metrics are also used to compare the FPM standalone 
prediction accuracy. 

Figure 1: Training workflow. Self-solvation energies and 
molecular flat surfaces are obtained from COSMO-RS 
predictions, and surface tension is subsequently 
calculated. A total of 37 molecular descriptors are 
computed. Feature selection is carried out using SHAP 
analysis through an iterative process. Upon completion, 
the selected descriptors, simulated surface tension, and 
corresponding temperature constitute the input dataset. 
Hyperparameter tuning is then conducted to identify the 
optimal model architecture. 
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Figure 2: HM model workflow. Mol files are retrieved from 
SMILES in RDKit library. Molecular descriptors are 
calculated from Mordred library. Surface tensions, 
temperatures and descriptors are provided to an ANN 
which can predict temperature-dependent surface 
tensions experimental data. 

RESULTS 

Model prediction accuracy 
Figure 3 shows a comparison of the predicted sur-

face tension using Gaudin standalone model, the devel-
oped HM and experimental values. The left plot shows 
the parity plot for a range of temperatures from 5 to 50°C, 
while the right one shows predictions for a temperature 
of 25°C for the HM only, middle point of the selected 
temperatures. Looking at the standalone FPM, for some, 
less polar molecules, e.g. cyclohexane, 1-chlorobutane, 
dodecane, carbon tetrachloride, 1-nitropropane, Gaudin 
approximation seems to hold. Nevertheless, some mole-
cules that show strong hydrogen-bonding association 
may orient in a specific way at the interface, with conse-
quent deviations from experimental measurements. 
Overestimated surface tension is indeed evident for 

molecules above the 20% error line. These are methanol, 
ethanol, water, formamide, glycol, propanol and 2-propa-
nol. 5 of these are also cited as overestimated outliers in 
Gaudin’s paper. Overall, apart from the molecules men-
tioned above, the standalone FPM slightly underesti-
mates surface tension. This trend is visible in the cluster-
ing of green data points below the parity line. Focusing 
on the HM model predictions, instead, all the points, for 
both training and test sets, fall within the 20% error re-
gion, showing the improved accuracy of the HM com-
pared to the FPM. The plots demonstrate that the ANN 
effectively corrects the deviations of the FPM, even for 
the aforementioned polar molecules that exhibit signifi-
cant discrepancies from the experimental values. Table 1 
presents Gaudin's standalone model metrics for predict-
ing surface tension, along with the percentage improve-
ment in these metrics when the FPM is compared to the 
HM test set performance. The decrease of all the error 
metrics and the outstanding increase of the R2 confirm 
that the HM offers a significant improvement in predictive 
performance.  

Table 1: FPM metrics and corresponding percentage im-
provement achieved when compared to the HM test set 
metrics. 

Metric FPM Improvement (%) 
MAE  mN/m -% 
MAPE   % -% 
MSE  mN/m² -% 
RMSE  mN/m -% 
R  +% 

 
 

    
Figure 3: Comparison between the FPM, the HM developed in this work and experimental data. The left plot shows 
results of surface tension calculations from 5 to 50 °C. The green points represent the FPM model predictions. 
Blue and red points represent the HM train and test dataset, respectively. The black dashed line represents the 
ideal scenario where predicted values perfectly match experimental values, indicating a model with no error. The 
gray shaded region shows a ±20% error margin, providing a visual reference for acceptable prediction deviations. 
The right plot shows a parity plot of the simulated vs experimental surface tension at 25 °C for the HM only. 
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Table 2 shows the HM metrics, both for training and 
test set. The training set metrics highlight the model ac-
curacy on known data, indicating excellent fit. For the 
test set, the metrics remain robust, also demonstrating 
good agreement with experimental data.  

Table 2: HM metrics on training and test sets.  

Metric Train Test 
MAE  mN/m  mN/m 
MAPE  % % 
MSE  mN/m²  mN/m² 
RMSE  mN/m  mN/m 
R   

 

SHAP analysis 
Figure 4 shows a SHAP violin plot for the presented 

model. In the violin plot shown, SHAP values are plotted 
for the features evaluated on the test set, with the hori-
zontal axis representing the SHAP value (i.e., the impact 
on the model's output) and the vertical axis listing the 
features. The shape of each violin represents the distri-
bution of SHAP values for a feature across the dataset, 
highlighting variability in its impact. 

 
Figure 4: SHAP analysis violin plot. Simulated surface 
tension is the most relevant feature, bond polarizability 
the least relevant one. 

Additionally, the color gradient within each violin in-
dicates the corresponding feature value, with red denot-
ing high feature values and blue denoting low feature val-
ues. This dual representation allows for an intuitive un-
derstanding of both the direction and magnitude of fea-
ture contributions to the model predictions. For the de-
veloped HM, the simulated surface tension is the most 
influential feature, with higher simulated surface tension 
(red) generally increasing the model's predictions and 
lower values (blue) reducing them. The widespread indi-
cates a substantial variability in its impact. The average 
molecular weight of a molecule is nothing else than the 
sum of molecular weights of its elements divided by the 
number of elements. It is strictly correlated with the mo-
lecular weight, which can affect the hydrophobicity of a 
molecule, thus affecting how it behaves at a liquid inter-
face. However, the effect can vary depending on the 

compound's structure and functional groups. For exam-
ple, if the molecule is large but contains hydrophobic re-
gions, it may reduce surface tension by disrupting water's 
hydrogen bonding network. Conversely, molecules with 
hydrophilic groups and higher molecular weights may in-
crease surface tension by reinforcing interfacial interac-
tions. The average molecular weight feature shows a less 
pronounced but consistent positive influence on predic-
tions when its values are high, while lower values have 
little to no effect. Aromaticity can be defined in a multi-
tude of ways. Moreover, ‘aromatic’ moieties in structures 
can be represented in Kekulé form using alternating sin-
gle and double bonds [11]. Double bonds introduce rigid-
ity and delocalized π-electron systems, which can affect 
molecular interactions. Molecules with a higher number 
of double bonds in the Kekulized structure could exhibit 
increased molecular polarizability, which can contribute 
to higher surface tension. Additionally, these aromatic 
systems may alter the hydrophobicity or hydrophilicity of 
a molecule, further affecting how it behaves at liquid in-
terfaces. The number of double bonds in kekulized struc-
ture feature has a balanced influence, with higher values 
slightly increasing the predictions and lower values re-
ducing them. The spread of SHAP values suggests mod-
erate variability in its impact. High temperatures tend to 
lower the prediction values, while lower temperatures 
slightly increase them. This behavior aligns with expec-
tations. As temperature rises, the self-solvation energy 
slightly increases (e.g. becomes less negative). Since 
surface tension is calculated as the negative ratio of the 
self-solvation energy to the molar surface (which is tem-
perature-independent), an increase in temperature re-
sults in a decrease in surface tension. Polarizability 
measures how easily the electron cloud around an atom 
can be distorted by external electric fields. It affects the 
strength of van der Waals forces, which play a significant 
role in determining surface tension. Atomic polarizability 
is a parameter depending on the ease of deforming the 
valence electron clouds of a chemical species.  Mordred 
iterates over all atoms and bonds of a molecule and then 
return the sum of all atomic and bond polarizabilities as a 
total value. Molecules with higher atom polarizability of-
ten exhibit stronger intermolecular attractions, poten-
tially increasing surface tension. Similar to atom polariza-
bility, bond polarizability refers to the distortion of elec-
tron density within bonds. It influences the molecule's 
ability to interact with neighboring molecules. While its 
direct impact on surface tension may be weaker com-
pared to atom polarizability, it can contribute to intermo-
lecular forces. The variability indicates a modest but sig-
nificant influence. Atom and bond polarizability exhibit a 
narrower range of SHAP values, indicating a limited im-
pact overall. 
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CONCLUSIONS 
 A HM to accurately predict surface tension of or-
ganic molecules from 5 to 50°C has been presented. This 
study highlights the value of integrating first-principle 
and data-driven methods to enhance prediction. Never-
theless, the developed HM was trained on a relatively 
small dataset consisting of 68 molecules. The authors of 
this work have parallelly revisited a comprehensive but 
largely inaccessible, due to its outdated digital format, 
dataset of over 2000 surface tension measurements, 
transforming it into a machine-readable format to elimi-
nate manual transcription errors. The experimental data 
utilized in this work originates from Jasper's compilation 
[12]. The dataset will be used for model training in future 
work. Moreover, the authors are currently working at an 
improved, physics-informed, version of the current 
model. In order to prove previous assumption on devia-
tion source, 53 pseudo-experimental self-solvation free 
energies have been found from dGsolvDB1 dataset [13]. 
Through the FPM, calculations of the real molecular sur-
face can be performed. The ANN can be therefore trained 
to also predict the deviation between the flat surface and 
the real one, in order to show how restrictive this hypoth-
esis can be.  Additionally, developing a model capable of 
pointing the sources of FPM deviations and addressing 
them could be highly beneficial. Such a model could then 
be adapted and extended to a wider range of applica-
tions.  
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