Systems .Control
Transactions

Research Article - Peer Reviewed Conference Proceeding
ESCAPE 35 - European Symposium on Computer Aided Process Engineering

Jan F.M. Van Impe, Grégoire Léonard, Satyajeet S. Bhonsale,

Ghent, Belgium. 6-9 July 2025

PSE

PRESS

Monika E. Polanska, Filip Logist (Eds.)

Comparative Analysis of PharmHGT, GCN, and GAT
Models for Predicting LogCMC in Surfactants.

Gabriela C. Theis Marchan?, Teslim Olayiwola?®, Jose Romagnoli®*

@ Louisiana State University, Department of Chemical Engineering, Baton Rouge, Louisiana 70803, United States

* Corresponding Author: jose@Isu.edu.

ABSTRACT

Predicting the critical micelle concentration (CMC) of surfactants is essential for optimizing their
applications in various industries, including pharmaceuticals, detergents, and emulsions. In this
study, we investigate the performance of graph-based machine learning models, specifically
Graph Convolutional Networks (GCN), Graph Attention Networks (GAT), and a graph-transformer
model, PharmHGT, for predicting CMC values. We aim to determine the most effective model for
capturing the structural and physicochemical properties of surfactants. Our results provide in-
sights into the relative strengths of each approach, highlighting the potential advantages of trans-
former-based architectures like PharmHGT in handling molecular graph representations compared
to traditional graph neural networks. This comparative study serves as a step towards enhancing
the accuracy of CMC predictions, contributing to the efficient design of surfactants for targeted
applications.

Keywords: Graph Neural Networks, Critical Micelle Concentration, Surfactants, Machine Learning, Molecular

Property Prediction.

INTRODUCTION

Surfactants are versatile chemical compounds uti-
lized across various industries, including cosmetics,(7)
pharmaceuticals, detergents,(2) and enhanced oil recov-
ery.(3) Their unique amphiphilic structure, containing
both hydrophilic and hydrophobic components, enables
them to interact with immiscible phases by reducing in-
terfacial tension.(4) A key property influencing surfactant
behavior is the critical micelle concentration (CMC), de-
fined as the minimum concentration at which micelles
begin to form spontaneously.

Traditional methods for CMC determination, such as
surface tension measurements(5, 6) and fluorescence
spectroscopy,(7) while accurate, are time-consuming
and require specialized equipment. Computational ap-
proaches, including quantitative structure-property rela-
tionship (QSPR) models(8) and molecular dynamics sim-
ulations,(9) offer alternatives but face limitations in accu-
racy or computational efficiency. Recent advances in
graph-based neural networks present promising oppor-
tunities for molecular property prediction, offering poten-
tially faster and more accurate predictions while

https://doi.org/10.69997/sct.107030

capturing complex structure-property relationships.

This study compares three graph-based deep learn-
ing architectures—PharmHGT, GCN, and GAT—for pre-
dicting LogCMC values. We aim to evaluate their relative
strengths in capturing molecular features and their po-
tential for accelerating surfactant design and optimiza-
tion.

METHODOLOGY

Model Architectures

PharmHGT Model

Our work adapts the Pharmacophoric-constrained
heterogeneous graph transformer (PharmHGT) architec-
ture, originally developed by Jiang et al.(70) for molecular
property prediction, to specifically address the unique
challenges of surfactant modeling and LogCMC predic-
tion. While maintaining the core heterogeneous graph ar-
chitecture of PharmHGT, we introduce several key mod-
ifications to handle surfactant-specific characteristics
such as amphiphilic structure, head group chemistry, and
tail group interactions.
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Figure 1: Schematic of the adapted PharmHGT architecture for LogCMC prediction, hfghlighting feature extraction
(atom-level, pharmacophore-level, and junction-level), the surfactant detection module, attention mechanisms,
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While the original PharmHGT framework was de-
signed for capturing pharmacophoric structures through
heterogeneous graph representation, we found it initially
struggled to recognize the unique molecular structures of
surfactants due to their unique amphiphilic nature and
the interactions between hydrophilic and hydrophobic
regions. However, the framework's underlying architec-
ture for heterogeneous graph learning provided a valua-
ble foundation. Our adaptation enhances this framework
by incorporating surfactant-specific features and atten-
tion mechanisms, enabling it to effectively capture the
distinct functional regions that significantly influence sur-
factant properties.

The adapted PharmHGT represents surfactants as
heterogeneous graphs G = (V,E), where V is the set of
nodes representing molecular components (e.g., atoms
or functional groups) and E is the set of edges represent-
ing chemical bonds or interactions. Node types are
mapped using ¢:V — 0, and edge types are mapped us-
ing Y: E —» P. This representation integrates three com-
plementary views of the molecular structure:

The atom-level view (Ga), which captures atomic
features such as atomic number, chirality, and bonding
patterns. Additionally, it encodes surfactant-specific in-
formation, such as whether an atom belongs to a hydro-
philic head group or hydrophobic tail group.

The pharmacophore-level view (Gg), which fo-
cuses on functional groups and their interactions, espe-
cially tail-head relationships. Pharmacophoric features
are derived using MACCS keys and chemical feature
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detection.

The junction-level view (Gy), which combines
atom-level and pharmacophoric information to provide a
comprehensive molecular representation.

These three complementary views are illustrated in
Figure 1in the feature extraction section, which provides
an overview of the adapted PharmHGT model and its sur-
factant-specific enhancements.

The model employs a multi-head attention mecha-
nism to dynamically learn the importance of different mo-
lecular features across atom-level, pharmacophore-
level, and junction-level views. The attention mechanism
is mathematically expressed as:

Attention(Q,K,V) = Y,epQy-0 (?_f) v, (1

where Q, K, and V are the query, key, and value ma-
trices; Qp is a learnable weight matrix specific to view p;
and o represents the SoftMax function. This mechanism
prioritizes interactions unique to surfactants, such as
those between hydrophilic head groups and hydrophobic
tail regions, achieved through dedicated attention mod-
ules. Feature propagation through the graph is governed
by a multi-view message-passing framework (MVMP),
expressed as Eq. 2:

MO (x,) =
Yuenw) Attention(H D (X, )Wy, HED (X, )Wy, HED (X,)Wy)
(2)

where M®(X,) is the updated feature of node v at
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step t; N(v) represents the neighbors of node v;
H®=D(X,) is the feature of v from the previous step; and
Wo Wi, W, are learnable projection matrices. The MVMP
framework integrates attention mechanisms to dynami-
cally aggregate and prioritize molecular interactions, ef-
fectively capturing the diverse structural and functional
relationships unique to surfactants.

After integrating surfactant-specific features into
the atom-level embeddings, the model combines all
structural views (atom-level, pharmacophore-level, and
junction-level) through a hierarchical Readout Attention
mechanism:

Zyp = ReadOutAttention(Zy, Zﬁ) (3)

where Z, and Zz are the feature embeddings from
the junction-level and pharmacophore-level views, re-
spectively. The resulting embedding Z,z is further inte-
grated with atom-level features using Eq. 4:

7= ReadOutAttention(Za, Zw;) (4)

where Z_a is the atom-level embedding. Finally, the
LogCMC prediction is obtained through a multi-layer per-
ceptron (MLP), expressed as Eq. 5:

$ = MLP(Z) (5)

GCN Model

Our GCN architecture consists of two graph convo-
lutional layers followed by a three-layer fully connected
regression network as we defined in our previous
work.(77) The model processes molecular graphs by iter-
atively updating node features based on their local neigh-
borhood information.(77, 12) Each node's feature vector
encodes atomic properties and surfactant-specific char-
acteristics. The first convolutional layer maps input fea-
tures to a hidden representation, while the second layer
refines these representations. A global mean pooling op-
eration then aggregates node-level features into a
graph-level representation, which is processed through
the regression network for final prediction. This architec-
ture effectively captures local molecular structure and
chemical bonding patterns while maintaining computa-
tional efficiency.

GAT Model

The GAT architecture enhances the basic graph
neural network framework by incorporating attention
mechanisms that dynamically weight the importance of
different atomic interactions.(73) Our implementation
uses a dual-layer architecture with four attention heads
in the first layer and a single consolidating head in the
second layer. This multi-head attention allows the model
to capture different aspects of molecular structure sim-
ultaneously. Each attention head computes importance
weights for neighboring atoms, enabling the model to fo-
cus on the most relevant structural features for LogCMC
Marchan et al. / LAPSE:2025.0215

prediction. The model combines local atomic features
with global molecular context through a series of atten-
tion-weighted transformations, followed by a global
pooling operation and regression layers.

Data and Implementation

Our study utilized two carefully curated datasets of
surfactants compiled from literature sources.(14-19)
Datal consists of 285 non-ionic surfactants, providing a
focused dataset for evaluating model performance on a
single surfactant class. Unlike Data1, Data2 encompasses
365 surfactants with a broader chemical diversity: 285
non-ionic, 35 cationic, 34 anionic, and 11 zwitterionic sur-
factants. This diverse dataset enables the assessment of
model generalization across different surfactant types.

For molecular representation, we used RDKit(20) to
generate comprehensive feature sets for each surfac-
tant. Atomic features included atomic number, formal
charge, hybridization state, aromaticity, and surfactant-
specific properties such as head/tail group identification.
Bond features captured bond type, conjugation, and ring
membership. For the PharmHGT model, additional phar-
macophoric features were extracted using MACCS
keys(217) and chemical feature detection.

In creating the regression models, we adopted the
PyTorch(22) for neural network components and the
Deep Graph Library (DGL)(23) for efficient graph opera-
tions. For model training and evaluation, we systemati-
cally divided the available experimental datasets (con-
taining the chemical structure and their corresponding
logCMC values) into training (70%), testing (20%), and
validation (10%) sets, maintaining the consistent distribu-
tion of surfactant types across splits. Hyperparameter
optimization was conducted using Optuna, running 100
trials per model. Table S1 in the digital supplementary
material presents the optimal hyperparameters for each
model-dataset combination. All models were trained us-
ing early stopping with patience ranging from 20-40
epochs (monitoring validation loss without improvement)
to prevent overfitting while ensuring convergence. Data
splitting was performed using stratified random sampling
to maintain a consistent distribution of surfactant types
across training, testing, and validation sets. (see Table S2
in the digital supplementary material)

RESULTS AND DISCUSSION

We evaluated the performance of PharmHGT, GCN,
and GAT models on two distinct datasets (Datal and
Data2) using root mean square error (RMSE) and mean
absolute error (MAE) as primary metrics. The compara-
tive analysis reveals notable differences in predictive ca-
pabilities across model architectures and dataset com-
positions.

For Datal, which consists exclusively of non-ionic
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surfactants (n=285), all three models demonstrated
strong predictive capabilities, albeit with varying degrees
of accuracy. As shown in Table 1, the PharmHGT model
achieved the highest performance, with a test MSE of
0.090 and MAE of 0.207, followed by the GCN model
(MSE: 0.238, MAE: 0.340) and the GAT model (MSE:
0.314, MAE: 0.369). Notably, the training metrics in Table
1indicate strong learning capacity across all models, with
PharmHGT showing the lowest training MSE (0.017) and
highest training R2 (0.990).

The superior performance of PharmHGT can be bet-
ter understood by examining the structural complexity of
Datal. Despite focusing solely on non-ionic surfactants,
Datal exhibits considerable structural diversity at both
atomic and pharmacophoric levels. Quantitative diversity
analysis reveals five unique atom types (C: 72.55%, O:
25.64%, N: 0.92%, F: 0.59%, S: 0.31%) with significant
variance in key atom features (mean-variance: 0.036). At
the pharmacophoric level, molecules contain a wide
range of functional fragments (1-84 per molecule, aver-
age: 9.14+10.24) with varied fragment sizes (1-22 atoms,
average: 3.38+3.68). Feature similarity analysis identifies
multiple distinct structural clusters, indicating that the
dataset encompasses diverse molecular scaffolds de-
spite focusing on non-ionic surfactants. This structural
complexity particularly benefits PharmHGT's heteroge-
neous graph representation, which better captures the
varying importance of different structural features com-
pared to the more uniform approaches of GCN and GAT.

Table 1: Model Performance on Datal (Non-ionic Surfac-
tants)

in head groups. PharmHGT's superior handling of these
challenging structures (reducing prediction error by up to
31% compared to GAT) demonstrates the advantage of
heterogeneous graph representation and transformer-
based attention mechanisms for capturing complex
structure-property relationships in surfactants with

Model MSE R? MAE
Train Test Train Test Train Test
GAT 0.075 0.314 0.955 0.845 0.158 0.369
GCN 0.042 0.238 0.974 0.883 0.091 0.340
PharmHGT  0.017  0.090 0.990 0.943 0.098 0.207

Figure 2 presents scatter plots comparing predicted
versus experimental values for all three models on Data’
in the top row. The PharmHGT model exhibits the tightest
clustering around the diagonal line (R? = 0.943), indicat-
ing superior prediction accuracy across the full range of
CMC values. The GCN model shows good correlation (R?
= 0.883), while the GAT model demonstrates slightly
lower but still substantial predictive power (R? = 0.845).
Both models show increased scatter at extreme CMC val-
ues compared to PharmHGT. The outlier non-ionic sur-
factants in Figure 2 feature: (1) extreme ethoxylation pat-
terns (very short or very long chains), (2) highly branched
hydrophobic tails, and (3) atypical oxygen atom distribu-
tions throughout the molecule rather than concentrated
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Figure 2: Scatter Plots of Predicted Vs. Experimental LogCMC Values for the top row representing Data Set 1 and
the bottom row representing Data Set 2.

unconventional features.

The more diverse Data2 dataset (n=365), containing
a mixture of non-ionic, cationic, anionic, and zwitterionic
surfactants, presented a more challenging prediction
task. As detailed in Table 2, the performance differences
between models became more pronounced. The
PharmHGT model maintained robust performance (MSE:
0.171, MAE: 0.250), demonstrating effective handling of
diverse surfactant types. The GCN model showed com-
parable performance (MSE: 0.182, MAE: 0.307), while the
GAT model exhibited higher prediction error (MSE: 0.318,
MAE: 0.369). The training metrics in Table 2 reveal par-
ticularly strong learning capacity for both PharmHGT
(training MSE: 0.014, R2: 0.991) and GCN (training MSE:
0.027, R2: 0.982), suggesting effective feature extraction
from the more complex dataset.

Figure 2 illustrates the prediction performance on
Data2 through scatter plots in the bottom row. The
PharmHGT model maintains a strong correlation (R? =
0.915) despite the increased chemical diversity. The GCN
model shows similar performance (R? = 0.907), while the
GAT model (R? = 0.765) shows more substantial scatter
across surfactant types. All models display some devia-
tion from the ideal prediction line for surfactants with

Marchan et al. / LAPSE:2025.0215
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extreme LogCMC values, though this effect is least pro-
nounced in the PharmHGT predictions.

Table 2: Model Performance on Data2 (Mixed surfac-
tants)

Model MSE R? MAE

Train Test Train Test Train Test
GAT 0.078 0.318 0.954 0.765 0.190 0.369
GCN 0.027 0.182 0.982 0.907 0.083 0.307
Pharm 0.014 0.171 0.991 0.915 0.080 0.250
HGT

Tables 1-2 report results from a single stratified ran-
dom split (70/20/10) with fixed random seeds to ensure
reproducible partitioning. To evaluate the impact of
model configuration on performance, we first assessed
all models with identical default parameters on the same
data split, then performed systematic hyperparameter
optimization using Optuna (100 trials per model). Notably,
PharmHGT with default parameters (R? = 0.925 on Data1)
outperformed both GCN and GAT even before optimiza-
tion (R2 = 0.862 and 0.814 respectively), demonstrating
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that its superior performance is not merely an artifact of
hyperparameter tuning. While performance may vary
slightly with different splits, the consistent ranking of
models across both default and optimized configurations
confirms the robustness of our findings with respect to
data partitioning and parameter selection.

Analysis of Model Strengths

Based on the two dataset types studied in this work,
it was discovered that PharmHGT performs better than
GCN and GAT and the GAT model showing the least ac-
curacy. The PharmHGT model's superior performance
can be attributed to its sophisticated architecture that
combines transformer-based attention mechanisms with
heterogeneous graph representation. Its consistent per-
formance across both datasets suggests effective cap-
ture of both local molecular features and global structural
patterns. The GCN model showed robust performance,
particularly on Data2, where it achieved comparable re-
sults to PharmHGT. This suggests that its message-
passing mechanism effectively captures essential molec-
ular features for LogCMC prediction. Lastly, the GAT
model's performance revealed limitations in handling di-
verse surfactant types, with accuracy decreasing notably
for the mixed surfactant dataset. This suggests that sim-
ple attention mechanisms may not fully capture the com-
plex interactions present in diverse surfactant systems.

CONCLUSION

In this study, we conducted a comprehensive com-
parison of three graph-based deep learning architectures
(PharmHGT, GCN, and GAT) for predicting LogCMC val-
ues of surfactants. Our investigation using two distinct
datasets, one focused on non-ionic surfactants and an-
other encompassing diverse surfactant types, revealed
several important findings about the capabilities and lim-
itations of each architecture.

The PharmHGT model demonstrated superior per-
formance across both datasets, achieving the highest
prediction accuracy (R? = 0.943 for non-ionic surfactants
and R2? = 0.915 for mixed surfactant types) and the most
consistent generalization behavior. The model's ability to
maintain high accuracy when transitioning from non-ionic
to mixed surfactant types (with only minimal performance
degradation) highlights its robustness in handling diverse
molecular structures. This effectiveness stems from its
sophisticated architecture that combines transformer-
based attention mechanisms with heterogeneous graph
representation.

The GCN model showed surprisingly strong perfor-
mance, particularly for the mixed surfactant dataset
where it achieved results comparable to PharmHGT (R? =
0.907). This suggests that well-designed message-pass-
ing mechanisms can effectively capture the essential
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molecular features governing surfactant behavior. The
GAT model, while performing adequately for non-ionic
surfactants (R? = 0.845), showed limitations in handling
the increased complexity of mixed surfactant types (R? =
0.765), indicating that simple attention mechanisms may
not fully capture the complex interactions present in di-
verse surfactant systems.

Future work could explore several promising direc-
tions. First, the models could be extended to predict ad-
ditional surfactant properties beyond LogCMC, such as
surface tension or aggregation humbers. Second, the ar-
chitecture could be modified to incorporate explicit han-
dling of environmental factors such as temperature, pH,
and ionic strength, which significantly influence surfac-
tant behavior. Finally, the strong performance of these
models suggests potential applications in inverse design
problems, where the goal is to generate novel surfactant
structures with desired properties.

DIGITAL SUPPLEMENTARY MATERIAL

The digital supplementary material includes Table
S1 detailing optimal hyperparameters for all models
(batch size, learning rate, hidden units, epochs, and
model-specific parameters); Table S2 showing Hyperpa-
rameter Ranges for GAT, GCN, and Graph Transformers.
This information supports findings regarding model opti-
mization, reproducibility, and result robustness. The sup-
plementary material is available at https://psecommu-
nity.org/LAPSE:2025.0036v1.
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