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 A B S T R A C T

Oils are key components in personal care products, typically used as emollients to moisturize the skin 
and prevent dryness. The hydrophobicity of oils is crucial for designing tailor-made surfactant/oil/water 
(SOW) systems and can be quantified by the equivalent alkane carbon number (EACN). While various 
quantitative structure–property relationship (QSPR) models have been proposed, they require manual selection 
of informative descriptors. Recently, the largest publicly available data set with 121 EACN values was curated 
[Delforce et al. (2022), ACS Omega]. Herein, we apply graph neural networks (GNNs) for EACN prediction 
and propose a descriptor-augmented graph neural network (DA-GNN), that utilizes semi-empirical quantum 
mechanical (QM) descriptors. We first observe that the simple GNN model achieves highly accurate predictions. 
Afterwards, we find that incorporating QM descriptors enhances the accuracy of standard GNNs, resulting 
in improved EACN predictions by the DA-GNN model. However, the accuracy remains slightly lower than 
that of manually derived QSPR models, highlighting the need for sufficient data when training GNNs. We 
also experimentally measure the EACN of two cosmetic-type oils and analyze the predictive performance of 
both GNN models. The DA-GNN model accurately predicts their EACN values, making it practical for future 
applications in designing SOW systems.
1. Introduction

Oils are essential components of cosmetic formulations, as they 
can act as viscosity regulators, emollients, perfumes and solubilizers 
among others (Chuberre et al., 2019; Bhatnagar and Khurana, 2024; 
Akanny and Kohlmann, 2004). To design effective surfactant/oil/water 
(SOW) systems, knowledge of the hydrophobicity of the oil is neces-
sary (Delforce et al., 2022; Lukowicz et al., 2018). The hydrophobicity 
of an oil can be quantified using the dimensionless equivalent alkane 
carbon number (EACN) (Cash et al., 1977; Lukowicz et al., 2015). 
The EACN corresponds to the number of carbon atoms in the linear 
alkane that exhibit lipophilicity equivalent to that of the given oil (Cash 
et al., 1977). For alkanes, the EACN is thus equal to the number of 
carbon atoms of the molecule. For non-alkane oils, in contrast, the 
EACN dependence on the molecular structure is not as straightforward. 
To experimentally determine the EACN, ‘‘fish diagrams’’ of the SOW 
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system are constructed by varying the surfactant concentration and 
temperature (Queste et al., 2007). The ‘‘fish diagram’’ allows for the 
identification of the temperature 𝑇 ∗ at the intersection of Winsor phases 
I to IV, which is then compared to the 𝑇 ∗ values of n-alkanes to 
determine the EACN (Delforce et al., 2022). The EACN of the non-
alkane corresponds to the carbon number derived from an interpolation 
function between the 𝑇 ∗ values of adjacent n-alkanes. Notably, the 
learned interpolating function can also be extrapolated to negative 
values. The determination of EACN using ‘‘fish diagrams’’ consequently 
requires tedious experimental efforts.

The importance of the EACN and its lengthy experimental deter-
mination have motivated the development of predictive models based 
on structural molecular descriptors in the last years (Bouton et al., 
2010; Lukowicz et al., 2018). Recently, Delforce et al. (2022) curated 
the largest available data set reported in the literature, which contains 
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121 EACN values for various chemical species, such as n-alkanes, esters 
and ethers. They used the data set to develop a quantitative structure–
property relationship (QSPR) model, referred to as NN-6N, for predict-
ing the EACN of oils with semi-empirical quantum-mechanical (QM) 
descriptors, specifically 𝜎-moments (Delforce et al., 2022). The choice 
of descriptors was motivated by their physical meaning and a selection 
step was performed. The selected descriptors were used to train a 
multi-layer perceptron (MLP) for EACN estimation (Delforce et al., 
2022). Furthermore, the authors also proposed a graph machine (GM) 
approach (Goulon et al., 2006), that uses the 2D-structure of the 
oils as an input and extracts topological information regarding the 
molecule, i.e., topological descriptors, which are then used to train 
a MLP (Delforce et al., 2022). Their results showed that both QSPR 
models are capable of predicting the EACN of oils with high accuracy, 
with the GM outperforming the NN-6N model (Delforce et al., 2022). 
Notably, achieving this high level of predictive quality required manual 
adjustment of the QSPR models. Specifically, the authors added the 
number of carbon atoms (n) as an additional descriptor in the NN-
6N model motivated by the definition of the EACN for n-alkanes. 
Additionally, special treatment was required for hexyl octanoate in the 
GM model, so the predictive quality of the QSPR models is affected by 
manual model adjustments.

In the last years, graph neural networks (GNNs), a deep learning 
technique, have been extensively applied in the field of molecular 
property prediction with very promising results (Zhou et al., 2020; 
Gilmer et al., 2017; Yang et al., 2019; Schweidtmann et al., 2020; 
Rittig et al., 2023a). For components of cosmetic formulations, such 
as surfactants, GNNs have recently been applied to predict the crit-
ical micelle concentration (CMC) and surface excess concentrations 
of both single species (Brozos et al., 2024b,c; Qin et al., 2021) and 
surfactant mixtures (Brozos et al., 2024a). Compared to classical QSPR 
methods, GNNs do not rely on pre-selected molecular descriptors; 
instead, they extract structure–property information within an end-
to-end learning framework, thereby enhancing model flexibility and 
expressiveness (Gilmer et al., 2017; Li et al., 2024). Consequently, 
GNNs can learn additional structural information that may have been 
previously overlooked during the descriptor selection process. Herein, 
we investigate the application of GNNs for predicting the EACN of oil 
molecules.

We further consider augmentation of GNNs with semi-empirical 
QM descriptors. Recently, GNNs were coupled with QM descriptors, 
which add extra structural information, and yielded better results on 
data sets from computational chemistry, experimental physical chem-
istry, biophysics and experimental physiology, with up to 2000 en-
tries (molecules) compared to pure GNNs (Li et al., 2024). To that 
extend, Biswas et al. (2023) showed that a coupled GNN with Abra-
ham parameters outperformed the single GNN model in predicting 
critical properties and acentric factors of fluids. Furthermore, hybrid 
representations, i.e., GNNs coupled with molecular descriptors, out-
performed baseline GNN models in subsequent studies at predicting 
regio-selectivity and activation energies, especially when only limited 
experimental data were available (Guan et al., 2021; Stuyver and Coley, 
2022). However, it is noted that careful selection of the QM descriptors 
should take place, as QM descriptors uncorrelated to the target property 
can introduce unwanted noise to the model (Li et al., 2024), i.e., in that 
case the model needs to learn the irrelevance of these descriptors. In 
addition, calculating QM descriptors is computationally expensive and 
time-consuming since the descriptors must be calculated first for the 
molecules of interest, significantly increasing training and prediction 
costs. Moreover, the descriptor values can vary across different software 
versions. Given that the existing databases of EACNs consist of only 
a few hundred molecules, we also explore the augmentation of GNNs 
with semi-empirical QM descriptors.

We first develop a standard GNN model using the publicly avail-
able dataset collected by Delforce et al. (2022), which contains 121 
2 
molecules. We then augment the standard GNN model with semi-
empirical QM descriptors, specifically the 𝜎-moments, as calculated 
by Delforce et al. (2022), to assess whether they can enhance pre-
dictive accuracy of the standard GNN. Next, we compare the per-
formance of the standard GNN model with that of the descriptor-
augmented model. Our findings indicate that the descriptor-augmented 
GNN model outperforms the standard GNN model. Afterwards, the 
descriptor-augmented GNN model is compared with two state-of-the 
art models developed by Delforce et al. (2022) and the exact model 
predictions are analyzed.

We further measure the EACN values of two commercial emollients 
(oils). To apply the descriptor-augmented GNN model to these oils, 
we would need to perform computationally intensive calculations of 
their semi-empirical QM descriptors using COSMO-RS, similar to those 
performed by Delforce et al. (2022). To circumvent this, we explore 
replacing the existing semi-empirical QM descriptors with newly ones 
obtained from the commercial software COSMOquick (Loschen and 
Klamt, 2012). That is, we retrain the descriptor-augmented GNN model 
using the newly calculated descriptors and make EACN predictions for 
the two commercial oils. We then compare these predictions with the 
experimental values as well as with the predictions from the standard 
GNN model.

We structure this work as follows: In Section 2, we provide a 
description of the data sets used, the developed GNN models, and the 
calculations of the semi-empirical QM descriptors. In Section 3, we 
analyze and discuss the predictive quality of the GNNs and compare 
it to state-of-the-art QSPR models. Finally, we summarize our findings 
in Section 4.

2. Methods

We first describe the data set used for model development (Sec-
tion 2.1) and the complementary data set (Section 2.2). We then shortly 
describe the architectures of the GNN model and of the descriptor 
augmented one (Section 2.3). We then outline the hyperparameters and 
the model selection methodology (Section 2.4). We conclude this sec-
tion by describing the newly calculated semi-empirical QM descriptors 
(Section 2.5).

2.1. Data set and data scaling

The data set used in this study was recently compiled by Delforce 
et al. (2022) and contains experimental EACN values for 121 chem-
ical species. We adhere to the same train-test split proposed by the 
authors (Delforce et al., 2022), which consists of a training set of 111 
compounds and a test of 10 compounds (Delforce et al., 2022). For a 
comprehensive analysis of the data set, we refer reader to the original 
work of Delforce et al. (2022). As commonly done in ML, we scale the 
EACN values using the decimal logarithmic scale to obtain a normalized 
distribution. Since oils can have negative EACN values, with our data 
set containing values as low as −4, we initially shift all EACN values 
upward by 4.0001 before applying the logarithmic transformation. We 
use the logarithmic EACN values to train the model, but report all error 
metrics in absolute EACN values. Note that Delforce et al. (2022) did 
not report any data scaling prior to model training.

2.2. Complementary data set

We experimentally measure the EACN values of two more oils. 
Specifically, our complementary data set includes two single-species 
cosmetic-type oils (emollients): Cetiol® OE (purity ≥ 96%) and
Eutanol® G 16 (purity ≥ 97%). In deviation from using the fish 
diagrams, we determine the EACN of the 2 oils from the phase inversion 
temperature (PIT) value of the C10EO6/Oil/2×10−2 M NaCl aq. system 
according to the CAPICO method developed by Förster et al. (1994). 
Here, we use an oil:water ratio of 1:1 and 10% total emulsifier content 
and a calibration based on a series of n-alkanes.
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Table 1
Atom features used in the molecular graph representation. All features are 
implemented as one-hot-encoding.
 Feature Description Dimension 
 Atom type Atom type (C, Cl, N, O) 4  
 Is in a ring If the atom is part of a ring 1  
 Is aromatic If the atom is part of an aromatic system 1  
 Hybridization sp, sp2, sp3 3  
 Chirality Unspecified, clockwise, counter clockwise 3  
 # bonds Number of bonds the atom is involved in 5  
 # Hs Number of bonded hydrogen atoms 4  
 Total 21  

Table 2
Edge features used in the molecular graph representation. All features are 
implemented as one-hot-encoding.
 Feature Description Dimension 
 Bond type Single, double, triple or aromatic 4  
 Is in a ring Is the bond part of a ring ? 1  
 Conjugated Is the bond conjugated ? 1  
 Stereo None or E/Z 3  
 Total 9  

2.3. Baseline and descriptor-augmented GNN models

We use the collected data to develop GNNs for predicting the EACN 
of oils. In the GNNs, each oil molecule is represented as a molecular 
graph, where each atom corresponds to a node and each bond corre-
sponds to an edge. A feature vector containing chemical information is 
appended to both each node and each edge. The features used in this 
work are detailed in Tables  1 and 2, and are based on our previous 
works (Brozos et al., 2024b,c,a; Rittig et al., 2023a,b). The molecular 
graphs of the oils then enter the GNN, where a graph convolutional 
layer is employed to each node’s feature vector, also referred to as 
hidden state, which gets updated with structural information pertaining 
to its neighborhood (Gilmer et al., 2017; Schweidtmann et al., 2020). 
Subsequently, the updated hidden states are encoded into a vector 
known as the molecular fingerprint (FP), which represents a learned 
molecular representation (Gilmer et al., 2017; Schweidtmann et al., 
2020). Then the FP is fed into a MLP to predict the property of interest, 
i.e., the EACN value. We denote this model as B-GNN (baseline GNN).

We also explore the option to augment the GNN model with de-
scriptors. In this study, the descriptors from the work of Delforce et al. 
(2022), specifically the calculated 𝜎-moments (𝑀𝑋

0 , 𝑀𝑋
2  and 𝑀𝑋

3 ) and 
the number of carbon atoms (n) are used. The descriptors are first 
normalized to a range between 0 and 10 to align with the magnitude 
of the FP. We select these descriptors because they have been shown 
to highly correlate with the EACN, making it particularly interesting 
to examine whether they can enhance the accuracy of a baseline GNN 
model. We note that these 4 descriptors correspond to the inputs of the 
NN-6N model developed by Delforce et al. (2022), allowing for a direct 
comparison. These descriptors are then concatenated to the FP. The 
descriptor-augmented FP is then fed into a MLP to predict the EACN. 
We refer this model as DA-GNN (descriptor-augmented GNN).

2.4. Hyperparameter tuning and model selection

The GNN models are implemented in Python using PyTorch Geo-
metric (PyG) (Fey and Lenssen, 2019). We conduct hyperparameter 
tuning separately for both the B-GNN and DA-GNN models. That is, 
we train each model on 30 different, randomly selected validation sets. 
The size of the validation set is kept constant at 25 data points, which 
represents 21% of the entire data set size and approximately 23% of 
the training data set size. Given the small sizes of both the training and 
validation sets, noisy results may occur, i.e. the performance metrics 
3 
Table 3
Hyperparameters of the GNN models investigated through a grid search. The 
hyperparameter dimensions refers to the size of the molecular fingerprint and 
the size of the MLP.
 Hyperparameter Range DA-GNN B-GNN CQ-DA-GNN 
 Initial learning rate (0.005, 0.01, 0.05) 0.005 0.01 0.005  
 Dimensions (16, 32, 64) 32 32 64  
 Batch size (4, 8) 8 8 4  
 Number of MLP layers 3 3 3 3  
 Activation function ReLU ReLU ReLU ReLU  
 Maximum epochs 300 300 300 300  
 Early stopping patience 40 40 40 40  
 Learning rate decay 0.8 0.8 0.8 0.8  
 Patience 3 3 3 3  
 Optimizer Adam Adam Adam Adam  

may fluctuate significantly. To mitigate their impact, we select only the 
10 models out of the 30 that exhibit the lowest validation error. We 
utilize the average root mean square error (RMSE) of these 10 models 
to determine the optimal hyperparameter combination for each GNN 
model. The selected hyperparameters are presented in Table  3. To fur-
ther improve the predictive capability of the GNN models, we perform 
ensemble training (Dietterich, 2000) and average the predictions of the 
10 GNN models to obtain a final EACN prediction.

2.5. COSMOquick calculations and descriptor selection

As COSMO-RS calculations for the molecules in the complementary 
data set can be computationally expensive, we explore the possibility of 
replacing them with semi-empirical QM descriptors obtained from the 
commercial software COSMOquick (Loschen and Klamt, 2012), which 
utilizes fragments from a database of 40,000 molecules generated at the 
BP86/def-TZVP level (Hornig and Klamt, 2005; Pattanaik et al., 2023). 
The advantage of using COSMOquick is that requires substantially less 
time compared to COSMO-RS. Initially, we replace the 𝑀𝑋

0 , 𝑀𝑋
2  and 

𝑀𝑋
3  descriptors calculated by Delforce et al. (2022) using COSMO-

RS with those calculated using COSMOquick. We observe a deviation 
between the two sets of calculated descriptors, particularly in the case 
of 𝑀𝑋

3 . Notably, the predictive performance of the DA-GNN model 
significantly decreases as a result. Therefore, we decide to calculate 
further semi-empirical QM descriptors using the commercial software 
COSMOquick and perform a descriptor selection step.

To select the most suitable semi-empirical QM descriptors out of 
the newly calculated descriptor set and reduce redundant information, 
we perform several pre-processing steps similar to those in previous 
works (Comesana et al., 2022; Seddon et al., 2022). For the selection, 
we only consider the 111 oil molecules in the training set (cf. Sec-
tion 2.1). First, we identify and remove descriptors with low variance, 
such as those that have the same value in more than 95% of the data 
entries. Next, we eliminate descriptors with a Spearman coefficient 
lower than ±0.2 with respect to the EACN (Concise, 2008). In the final 
step, we calculate the Spearman coefficients for pairs of the remaining 
descriptors and remove one descriptor from each pair with a threshold 
of 0.6. Interestingly, 2 out of the 4 remaining semi-empirical QM 
descriptors are 𝑀𝑋

0  (surface area of the molecule) and 𝑀𝑋
3  (asymmetry 

of the 𝜎-profile), similar to the findings of Delforce et al. (2022). The 
other 2 descriptors are the chemical potential in the gas phase (𝜇𝑔𝑎𝑠

𝑖 ) 
and the 2nd 𝜎-moment that describes H-bonding donor capabilities 
(𝑀ℎ𝑏

𝑑𝑜𝑛2
). A comparison of the descriptors utilized in this work with 

those used by Delforce et al. (2022) can be found in Table  4.

3. Results

We begin this section by analyzing the prediction accuracy of the 
B-GNN and DA-GNN models and comparing their performance (Sec-
tion 3.1). Afterwards, we compare our findings with previous works 
(Section 3.2). We conclude this section by investigating the model 
performance on the complementary test set (Section 3.3).
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Table 4
A comparison between the semi-empirical QM descriptors used in this work 
and those employed in the work of Delforce et al. (2022).
 Descriptors in Delforce et al. (2022) Descriptors in this work 
 𝑀𝑋

0 𝑀𝑋
0  

 𝑀𝑋
2 𝑀𝑋

3  
 𝑀𝑋

3 𝑀ℎ𝑏
𝑑𝑜𝑛2

 
 n 𝜇𝑔𝑎𝑠

𝑖  

Table 5
Comparison between experimental EACN values and predictions from four 
models. The best model prediction for each oil molecule is highlighted in bold. 
For the two here developed models the standard deviation is also given.
 Molecule Exp. Model predictions
 B-GNN DA-GNN GM-5N NN-6N 
 Hemisqualene 14.8 14.43 ± 0.77 14.17 ± 0.63 14.7 15  
 Isododecane 11.7 9.54 ± 1.06 10.34 ± 0.39 11.9 13.6  
 Dioctylether 10.3 10.96 ± 0.72 9.89 ± 0.58 10.8 10.5  
 Octyl octanoate 8.1 6.42 ± 0.43 6.58 ± 0.18 8.7 8.8  
 Isopropyl myristate 7.3 7.13 ± 0.71 7.35 ± 0.35 7.6 6.5  
 Caryophyllene 6 4.03 ± 1.25 4.87 ± 0.67 6.6 5.8  
 Limonene 1.8 0.7 ± 0.73 0.49 ± 0.55 2.5 2.5  
 Linalyl acetate −0.9 −1.61 ± 0.85 −0.64 ± 0.64 −0.7 −0.8  
 Rose oxide −1.7 −0.13 ± 0.85 −1.22 ± 0.51 −2.5 −1.8  
 𝛽-Ionone −1.9 −0.92 ± 0.5 −2.03 ± 0.38 −2.5 −2.3  
 RMSE 1.31 0.9 0.51 0.74  
 R2 0.956 0.987 0.992 0.986  

Fig. 1. Parity plot on the ensemble of the two GNN models on the test set.

3.1. Predictive accuracy of the B-GNN model and comparison with the 
DA-GNN model

We first evaluate the performance of the B-GNN model on the test 
set described in Section 2.1. The B-GNN model achieves an RMSE of 
1.31 and an R2 of 0.956. The predictions made by the B-GNN model 
on the test set are illustrated in a parity plot in Fig.  1, showing the 
rather good fit. Considering the small number of training examples 
and the prediction accuracy of absolute experimental EACN values, we 
can conclude that the B-GNN model effectively extracts the necessary 
structural information to perform highly accurate predictions.

Afterwards, we assess the predictive performance of DA-GNN model 
on the same test set. Here, we find that the DA-GNN model exhibits 
an RMSE of 0.9 and an R2 of 0.987, i.e., the B-GNN model with 
semi-empirical QM descriptors substantially decreases the RMSE by 
approximately 35%. Fig.  1 also shows this improvement for most but 
4 
not all oils. Therefore, we can conclude that the additional structural 
information provided by the descriptors enhances the accuracy of 
predictions, positively impacting the overall model performance. These 
results are in par with the observations made recently by Li et al. 
(2024), which indicate that inclusion of QM descriptors benefits data 
sets with up to 2000 data points.

3.2. Comparison with previous works

Next, we compare our work with that of Delforce et al. (2022) 
and their two developed models, which achieved state-of-the-art per-
formance on the exact same data set. From our work, we examine the 
performance only of the DA-GNN model. As described in Section 1, the 
authors proposed two models; a GM that learns from the 2D structures 
of the oil, denoted by them as GM-5N, and a descriptor-based neural 
network, referred to as NN-6N (Delforce et al., 2022). According to 
the original work, the GM-5N model exhibited an RMSE of 0.51 and 
an R2 of 0.992, while the NN-6N had an RMSE of 0.74 and an R2 of 
0.986 on the test set (Delforce et al., 2022). As the comparison in Table 
5 shows, the DA-GNN model exhibits an RMSE of 0.9 and an R2 of 
0.987. Therefore, the RMSE of the DA-GNN is slightly higher than that 
of the NN-6N and significantly higher than that of the GM-5N model. 
Furthermore, we observe that the R2 values of all three models are 
almost identical.

Furthermore, in Table  5, we present the exact model predictions 
of the DA-GNN model, alongside the predictions from the NN-6N and 
GM-5N models for each of the 10 oil molecules in the test set (Delforce 
et al., 2022). Notably, the DA-GNN model exhibits the lowest devi-
ation from the experimental values for 2 out of the 10 molecules, 
despite having the highest RMSE among the three models. For these 
2 molecules, the DA-GNN predicted EACN values almost perfectly 
match the experimental ones. Furthermore, the highest deviation is 
observed for octyl octanoate. When compared only with the NN-6N 
model, the number of predictions with the lowest deviation increases 
to 3, and interestingly the predictions from the two models differ 
significantly. Thus, the learned representation, i.e., FP, influences the 
predictions of the DA-GNN model, and they are not solely derived 
from the structural information provided by the molecular descriptors. 
However, in these low data regimes the QSPR models outperform both 
GNN model variations in terms of RMSE, as in previous studies (Sun 
et al., 2020). We hypothesize two reasons for this result: (1) GNNs 
have more parameters and thus require more data to train effectively, 
and (2) QSPR models leverage molecular descriptors that incorporate 
domain-specific priors, enabling better generalization in data-scarce 
regimes. Overall, all models discussed so far accurately predict the 
EACN values of oil molecules, with the three models using descriptors 
outperforming the baseline GNN model. For practical applications, we 
expect all four models to be useful, as their predictions can provide 
valuable guidance in formulation design. In terms of computational 
efficiency, we expect all four models to perform rapid inference on new 
compounds, usually within milliseconds; while, for training, the GNN 
models typically require more computational time for training. Here, 
we trained the GNN models on a local machine with a CPU in a couple 
of hours.

3.3. Model retraining and performance on the complementary data set

We further experimentally measure and curate a complementary 
data set following the procedure described in Section 2.2. To per-
form predictions on the complementary data set using the DA-GNN, 
computationally expensive calculations of their semi-empirical QM de-
scriptors with COSMO-RS are necessary. To avoid this step, we calculate 
new semi-empirical QM descriptors for both the entire data set and 
the complementary data set with the commercial software COSMO-
quick (Loschen and Klamt, 2012), a process described thoroughly in 
Section 2.5. Afterwards we utilize the newly calculated semi-empirical 
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Table 6
Comparison of experimental EACN values with predictions from the two GNN 
models developed in this study on the complementary test set. In each case 
the standard deviation is also given.
 Commercial oil Experimental EACN value Model predictions
 CQ-DA-GNN B-GNN  
 Cetiol® OE 14 11.19 ± 0.73 10.96 ± 0.72 
 Eutanol® G 16 −0.76 −0.97 ± 1.83 10.96 ± 2.28 
 RMSE 1.99 8.56  

QM descriptors to retrain the descriptor-augmented GNN model, which 
we now refer to as CQ-DA-GNN (COSMOquick descriptor-augmented 
GNN). We conduct a hyperparameter tuning step following the method-
ology outlined in Section 2.4 and report the optimal hyperparameters 
in Table  3. The CQ-DA-GNN model exhibits an RMSE of 0.96 and R2

of 0.977 on the test set of 10 species, discussed in the previous section. 
Both metrics are identical to those exhibited by the DA-GNN model. 
We note that in CQ-DA-GNN model, the number of carbon atoms is not 
used as an additional descriptor.

The predictions of the CQ-DA-GNN and B-GNN models on the 
complementary test set are presented in Table  6. Notably, the B-GNN 
model significantly overpredicts the EACN value of Eutanol® G 16, 
resulting in a very high RMSE value of 8.56. In contrast, the CQ-DA-
GNN model exhibits an RMSE of 1.99. Furthermore, the predictions of 
the CQ-DA-GNN are closer to the experimental value in both cases. 
This observation aligns with the findings in Section 3.1, where the 
descriptor-augmented GNN model outperformed the baseline GNN. 
Notably, the B-GNN model predicts the same EACN value for both oils. 
This is due to an averaging of the ten predicted EACN values rather 
than the model treating both oils as the same, which is also evident 
from the different standard deviations presented in Table  6. Since the 
structures of the two oils are very similar, i.e., dicaprylyl ether vs. 2-
Hexyl-1-decanol, the B-GNN model predicts EACN values that are close 
to each other. However, the difference between the two experimental 
values signifies the difficulty in estimating the EACN of non-n-alkanes. 
It should also be noted that the EACN values of the complementary test 
set were not determined with the ‘‘fish diagram’’, as the majority of the 
EACN values on the training set. Therefore, some model deviations are 
expected due to the different experimental method used.

4. Conclusion

We investigate the applicability of GNNs for predicting the EACN 
values of cosmetic oils. A recently collected, publicly available data 
set containing EACN values for 121 oil molecules was used for model 
training and evaluation. We find that a standard GNN model can 
predict the EACN values of oil molecules with a high accuracy (R2 ≥
0.94). Due to the small size of the data set, we explore a descriptor-
augmented GNN for EACN prediction, following the work of Li et al. 
(2024). As descriptors, we initially use 𝜎-moments and the number of 
carbon atoms. Our results show that the descriptor-augmented GNN 
outperforms the simple GNN model by 35% in terms of the RMSE, 
indicating that the additional structural information encapsulated in 
the descriptors enhances the predictive capability of the GNN model.

Afterwards, we compare the descriptor-augmented GNN with two 
previously developed QSPR models, one of which utilizes the same 
semi-empirical QM descriptors as inputs. We find that while the
descriptor-augmented GNN does not match their RMSE, it exhibits 
a similar R2. Thus, although the GNN models can extract structural 
information from the molecules to predict the EACN, their predictions 
still fall short compared to state-of-the-art QSPR models in these low-
data regimes. This highlights the potential of GNN and the need for 
additional high-fidelity data. In essence, the current state-of-the-art 
models developed by Delforce et al. (2022) cannot be yet outperformed 
and hence they are more suitable for current usage.
5 
Furthermore, we experimentally determine the EACN values for a 
complementary test set containing 2 cosmetic-type oils. We compute 
new semi-empirical QM descriptors using the commercial software 
COSMOquick (Loschen and Klamt, 2012) and perform a descriptor 
selection step. We then retrain the descriptor-augmented GNN with the 
newly calculated semi-empirical QM descriptors and perform predic-
tions on the complementary test set. We observe very good agreement 
between the predicted and measured EACN values for the descriptor-
augmented GNN, indicating the usefulness in industrial applications. 
Future work should investigate potential differences in EACN values 
resulting from different experimental methods. Systematic measure-
ment of additional reliable EACN values for species not present in 
the existing database can enhance the applicability domain of the 
predictive models. Finally, the impact of impurities on the EACN should 
be also systematically addressed.
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