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ABSTRACT: TRPV1 (Transient Receptor Potential Vanilloid 1) is a critical protein in the pathogenesis of
periodontal pain, activated by noxious stimuli and inflammatory mediators associated with periodontitis.
This study investigates drug-gene interactions involving TRPV1 to elucidate its role in periodontal pain
mechanisms. Knowledge Graph Neural Networks (KGNNs) were employed to model and analyze the
complex relationships between drugs, genes, and pain receptors in periodontal tissues. By leveraging
biological datasets, including TRPV1 channel activity, pain receptor interactions, and gene expression
profiles, the study aims to identify potential therapeutic targets and strategies for personalized pain
management in periodontal treatment. Differentially expressed genes (DEGS) were integrated with drug
and gene associations to model biological systems and inform therapeutic development. The study
utilized a gene expression dataset encompassing features such as gene similarity scores, adjusted
p-values, and biochemical activity. A semantic similarity-based fusion approach was applied to enhance
model performance by incorporating biological information layers, improving interaction modeling,
and promoting efficient information propagation. Three graph-based models were employed: Graph
Convolutional Network (GCN) as a baseline, Residual GCN (ResGCN) for stability, and Attention-based GCN
(AttGCN) for dynamic node weighting. Among the models, ResGCN demonstrated superior performance
with an accuracy of 93.75% and the lowest final loss, highlighting its robustness in predicting drug-
gene associations. This outcome supports the potential utility of ResGCN in accurately modeling TRPV1-
mediated pain mechanisms and guiding therapeutic decisions. The application of KGNNs has provided
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valuable insights into TRPV1 drug-gene interactions in the context of periodontal pain. The findings
emphasize the potential for using ResGCN in therapeutic discovery and optimization. However, challenges
such as data quality and biological complexity remain.
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RESUMEN: TRPV1 (Receptor Potencial Transitorio Vanilloide 1) es una proteina critica en la patogénesis
del dolor persistente, activado por estimulos nocivos e intermediarios inflamatorios asociados con
la periodontitis. Este estudio investiga las interacciones farmaco-gen que involucran a TRPV1 para
dilucidar su papel en el dolor periodontal. Se emplearon Redes Neuronales de Grafos con Conciencia
del Conocimiento (KGNS) para modelar y analizar las complejas relaciones entre farmacos, genes y
receptores de dolor en tejidos periodontales. Al aprovechar conjuntos de datos bioldgicos, incluyendo
el canal i6nico TRPV1, interacciones de receptores de dolor y perfiles de expresion génica, el estudio
tiene como objetivo identificar posibles dianas terapéuticas y estrategias para el manejo personalizado
del dolor periodontal. Se integraron genes diferencialmente expresados (DEGs) con datos de farmacos
y genes para modelar sistemas bioldgicos e informar la priorizacion terapéutica. Se emplearon tres
modelos basados en grafos: Red Neuronal Convolucional de Grafos (GCN) como linea base, GCN Residual
(ResGCN) para estabilidad y GCN basado en atencion (AttGCN) para ponderacion dinamica de nodos.
Entre los modelos, ResGCN demostrd un rendimiento superior con una precision del 93.75% y la menor
pérdida final, destacando su robustez en la prediccion de asociaciones farmaco-gen. Este resultado
apoya la utilidad potencial de ResGCN en el modelado preciso de los mecanismos de dolor mediados
por TRPV1 y en la guia de la priorizacion terapéutica. La aplicacion de KGNs ha proporcionado valiosos
conocimientos sobre las interacciones farmaco-gen TRPV1 en el contexto del dolor periodontal. Los
hallazgos enfatizan el potencial de usar ResGCN en la optimizacion y el tratamiento terapéutico. Sin
embargo, persisten desafios como la calidad de los datos y la complejidad bioldgica.

PALABRAS CLAVE: Dolor periodontal; TRPV1; Grafos; Redes neuronales; Grafos de conocimiento.

INTRODUCTION

A significant health concern is periodon-
tal disease, an inflammatory condition affecting
the teeth. TRPV1, a key player in pain sensation,
influences its pathophysiology (1). Understanding
TRPV1's interactions with drugs and genes can
help treat periodontal pain more effectively. TRPV1
(2) is a crucial protein in transmitting pain signals
in periodontal diseases. It is expressed in sensory
neurons and can be triggered by noxious stimuli,
causing depolarization and pain signal propaga-
tion. Inflammatory mediators can sensitize TRPV1,
amplifying pain (3, 4). Lipopolysaccharide (LPS)

increases TRPV1 expression and proinflammatory
cytokines in human periodontal ligament cells,
causing periodontitis in rats. Furthermore, experi-
mental models demonstrate that TRPV1 is a signi-
ficant mediator of inflammation and nociception
in periodontal tissue, underscoring its potential
as a therapeutic target. /n vivo research shows that
capsazepine reduces bone loss from periodontal
ligation, while capsaicin exacerbates the condition (4).

Recent studies have highlighted TRPV1 and
TRPA1 as key channels in trigeminal pain pathways.
Orthodontic force-induced inflammation sensitizes
these channels, with TRPV1 activated early and
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TRPA1 activated late, leading to CGRP release.
Blocking both TRPV1 and TRPA1 may be a primary
therapeutic target for orthodontic pain relief (5).
Similarly, chemical ablation of nociceptive neurons
in the trigeminal ganglia or functional inhibition of
TRPV1-expressing trigeminal afferents decreases
bone loss, osteoclast numbers, leukocyte/neutro-
phil infiltration, and proinflammatory cytokines
in mouse models of experimental periodontitis.
Importantly, these interventions do not alter the
periodontal microbiome, suggesting that targeting
neuroimmune and neuroskeletal regulation could
offer promising therapeutic approaches for perio-
dontitis (6, 7).

High TRPV1 expression in trigeminal ganglia
is vital for orofacial pain transmission and modula-
tion (8). Gene therapy targeting TRPV1 has demons-
trated efficacy in reducing tooth-movement pain in
Sprague-Dawley rats, suggesting potential clinical
applications for orthodontic pain relief. Moreover,
TRPV1 is crucial for osteoclastogenesis in periodon-
tal tissues, as shown by severe bone loss in TRPV1-
knockout mice. Capsaicin, a TRPV1 agonist, has
been found to suppress ligature-induced bone loss
in mice, with reduced numbers of TRAP-positive
cells (9, 10). These findings underscore the poten-
tial of small molecules to modulate TRPV1 activity
for treating periodontitis.

Given these insights, there is an unmet
need for advanced computational models, such
as Al-driven frameworks, to systematically analyze
and predict TRPV1-mediated interactions in perio-
dontal pain. Such models can facilitate the identi-
fication of novel therapeutic targets and optimize
personalized treatment strategies. Knowledge graphs
integrated with deep learning methods are well-
suited for addressing this challenge, as they can
solve complex biological problems, reveal patterns
and clusters, and elucidate disease variations
(11-13). Knowledge graphs offer structured repre-
sentations of biological entities, enhancing feature
extraction and enabling deep learning models to

capture intricate interactions between genes, prote-
ins, and drugs (14). This structured approach promo-
tes a deeper understanding of disease progression
and supports personalized medicine.

Recent advancements in Al and graph-
based methods have laid a robust foundation for
addressing biomedical challenges. A novel drug
sensitivity predictive Al model using deep learning
and similarity network fusion has demonstra-
ted accurate sensitivity prediction for targeted
and non-specific cancer drugs, offering a promi-
sing framework for precision medicine (15-18).
Another noteworthy development is the use of
knowledge graphs such as BOCK, which integrates
clinical data with biomedical networks to predict
pathogenic gene interactions and explain them
via subgraph visualizations. These frameworks
are highly relevant for oligogenic diseases and
drug-drug interaction prediction (19, 20). Additio-
nally, BioKGLM, a contextualized language model,
consistently outperforms state-of-the-art methods
in biomedical information extraction by captu-
ring underlying relationships between biological
concepts (20-22). Another model, DeepLGF, uses
local and global information to enhance drug-drug
interaction prediction, demonstrating the power
of integrating graph neural networks and natural
language processing (23).

Building on these advancements, this study
explores Knowledge Aware Graph Neural Networks
(KAGNNS) to investigate fused drug-gene associa-
tions in TRPV1-mediated periodontal pain. TRPV1
is a key ion channel involved in nociception, parti-
cularly in inflammatory pain conditions such as
periodontitis (24). This research aims to develop
personalized periodontal pain management strate-
gies using KAGNNSs, identify novel drug-gene
interactions, and promote overall health and well-
being in patients with periodontal disease.

Despite the promise of Al-based models,
studying TRPV1 presents challenges due to the
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complexity of dynamic biological systems, multi-
factorial disease mechanisms, and intricate drug-
gene interactions (25-27). Traditional statistical
methods often fail to capture external factors,
necessitating advanced computational tools for
high-throughput genomic analyses. Graph neural
networks (GNNSs) integrated with knowledge graphs
offer a powerful solution, dynamically updating to
reflect the latest biomedical research findings (28).
This study leverages these cutting-edge methodo-
logies to map and analyze the extensive network of
TRPV1-associated drug-gene interactions, focusing
on their implications for pain mechanisms and thera-
peutic development. By addressing data sparsity
and efficiently exploring high-order information,
the proposed KAGNN framework aims to advance
our understanding of TRPV1-mediated periodontal
pain and inform future therapeutic strategies.

MATERIALS AND METHODS

This section outlines the methodologies
and processes utilized to understand drug-gene
associations in periodontal pain. The research
emphasizes the TRPV1 pathway and explores its
significance in the context of periodontal inflam-
mation and pain management. Graph-based models
and knowledge-aware neural networks form the
backbone of this study, leveraging semantic simila-
rity fusion and differential gene expression analysis.

Figure 1 provides a visual representation
of the drug-gene association workflow in perio-
dontal pain, highlighting key components such
as the TRPV1 pathway, periodontal pain mecha-
nisms, gene associations, drug interactions, and
the integration of knowledge-aware graph neural

networks. This comprehensive workflow is essen-
tial for identifying potential therapeutic targets and
understanding molecular interactions.

Understanding Drug-Gene Interactions in Pain

Knowledge-Aware
Graph Neural
Networks

TRPV1 Pathway

Periodontal Pain Drug Interactions

o

Gene
Associations

Figure 1. A Knowledge-Aware Workflow for Drug-Gene Interactions
in Periodontal Pain.

DATA RETRIEVAL

Using a probe and drugs (29), TRPV1-
associated drugs and genes were retrieved.
This dataset includes drugs, genes, biochemi-
cal activity, mode of action, and other relevant
features. Omics datasets were retrieved from the
NCBI GEO database (30) under accession number
GSE2373. Differential gene expression analysis
was conducted to identify highly significant genes
between groups, and these genes were collected
and processed for bulk RNA sequencing using the
GEOZ2R tool. After identifying differentially expres-
sed genes (DEGSs), drug and gene interaction data
were fused with DEGs, and the top 300 entries
were selected from both data frames. Graph
neural networks were implemented using Python.
To ensure reproducibility, the data preprocessing
steps included quality checks, normalization of
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expression levels, and filtering of low-expression
genes before differential analysis.

SEMANTIC SIMILARITY FUSION-KNOWLEDGE
GRAPH

Integrating differentially expressed genes
(DEGs) with drug and gene associations is critical
for understanding biological systems and develo-
ping therapeutic strategies. A knowledge graph
represents biological and pharmacological data,
aiding in understanding and discovery in drug-gene
interactions. It employs layout algorithms, dynamic
visualizations, semantic similarity, hypothesis genera-
tion, and predictive modeling with regular updates.

Semantic similarity-based fusion (31) is an
effective approach for combining drug and gene
information due to its ability to capture contextual
relationships and meanings within biological and
pharmacological data. This method handles data
sparsity and noise, allowing continuous updates
without re-analysis. Semantic similarity algorithms
(32) measure biological context between genes and
drugs. The fusion process integrates multiple data
sources to enhance the predictive power of models.

The primary dataset used comprises a gene
expression dataset fused with drug and gene data,
featuring attributes such as gene similarity scores,
adjusted p-values (padj), and biochemical activity.
Data integrity and consistency were verified using
custom scripts in Python.

The semantic similarity-based fusion process
improves model performance by integrating biological
information layers, enabling complex gene interac-
tions, and facilitating information propagation. Graph
construction involves defining nodes representing
entities like genes, drugs, and pathways, creating
edges that represent relationships, and assigning
semantic similarity scores as edge weights to
quantify the strength of these relationships.

MODEL ARCHITECTURES AND HYPERPARAMETERS

Figure 2 illustrates the comprehensive
workflow architecture implemented in this study
to analyze drug-gene interactions. The process
begins with data processing, where raw input
data undergoes preprocessing and normaliza-
tion to ensure consistency and reliability for
downstream tasks. Semantic analysis is then
performed, extracting and refining features
while fusing them to enhance the interpretabi-
lity of the dataset. A knowledge graph is subse-
quently constructed by integrating the processed
data, leveraging semantic similarity and feature
weighting to map meaningful relationships
between drugs and genes. This graph serves as
the foundation for training advanced graph neural
networks, including Graph Convolutional Networks
(GCNs) and Attention-based Graph Convolutio-
nal Networks (AGCNs), which are optimized for
predicting drug-gene associations. Finally, the
results are analyzed using performance metrics
such as precision, recall, and F1-score, providing
insights into the model's predictive capabilities
and its application in understanding periodontal
pain management.

The analysis employs three distinct graph-
based models: the Graph Convolutional Network
(GCN) (Base Model) (33) compared with state-of-
the-art (SOTA) models-the Residual Graph Convo-
lutional Network (ResGCN) and the Attention-
based Graph Convolutional Network (AttGCN) (34,
35). These models leverage the graph structure of
the data, where nodes represent genes and edges
depict interactions or similarities. The GCN serves
as the baseline model, utilizing convolutional layers
to aggregate information from neighboring nodes.
The ResGCN introduces residual connections to
improve gradient flow and model stability, while
the AttGCN incorporates attention mechanisms
to dynamically weigh the importance of different
node connections (Figure 1, Figure 2).
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Figure 2. Workflow Architecture for Knowledge-Aware Neural Networks in Drug-Gene Interactions.

BASE GRAPH CONVOLUTIONAL NETWORK (GCN)

The graph neural network balances comple-
xity and performance through regularization
techniques that prevent overfitting while optimi-
zing predictions for binary classification tasks. The
input layer corresponds to the number of featu-
res in the dataset. The hidden layer comprises 32
neurons with a ReLU activation function, enabling
the model to learn complex representations. The
output layer directly corresponds to the input featu-
res, using a sigmoid activation for binary classifi-
cation tasks. Regularization includes a dropout rate
of 0.3, and the learning rate is adjusted dynami-
cally. Weight decay penalizes complex models to
prevent overfitting. The Adam optimizer ensures
faster convergence and better performance.

The formula for a Graph Convolutional
Network (GCN) layer is:

H(+1) = o(A H(l) W()), where:

A=DA(-1/2) (A + 1) DA(-1/2): Normalized adjacency
matrix with self-loops.

H(l): Input feature matrix for layer I.

W(l): Trainable weight matrix for layer I.

o: Activation function (typically RelLU).

STATE-OF-THE-ART MODEL ARCHITECTURES

RESIDUAL GRAPH CONVOLUTIONAL NETWORK
(RESGCN)

The ResGCN's input layer accommodates
diverse datasets, retaining full complexity. The
hidden layer has 32 neurons with a ReLU activation
function, promoting convergence and mitigating
the vanishing gradient problem. A residual connec-
tion facilitates gradient flow during backpropa-
gation. Regularization includes a dropout rate of
0.3. A learning rate of 0.01 balances convergence
speed and stability, while weight decay encoura-
ges simpler representations. The Adam optimizer
ensures adaptive learning rates. The architecture
incorporates a skip connection, ensuring robust
information flow from input to output.

ATTENTION-BASED GRAPH CONVOLUTIONAL
NETWORK (ATTGCN)

The AttGCN combines attention mecha-
nisms with robust training methodologies for binary
classification. Its architecture includes an input layer
matching the feature dimension, followed by atten-
tion layers. Training parameters include the Adam
optimizer, a learning rate of 0.01, and weight decay
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of 5e-4. Implemented in the PyTorch Geometric
library, the model employs Xavier/Glorot initiali-
zation to maintain balanced variance. Hardware
includes a standard CPU setup.

Training stability was maintained without
gradient clipping due to optimized hyperparame-
ters, ensuring model convergence.

TRAINING PROCESS AND CROSS-VALIDATION

The training process ensures robust perfor-
mance and generalization. Models were trained
using full-batch gradient descent, suitable for
graph-based data structures where the entire
graph is processed simultaneously, capturing the
global structure of the data.

Cross-validation was implemented using
a 5-fold strategy, splitting the dataset into five
subsets. Each iteration used one subset for valida-
tion while training the remaining four. This method
ensures that each data point is used for both training
and validation, minimizing overfitting. Key perfor-
mance metrics-accuracy, ROC-AUC, and loss-were
monitored throughout the training process.

These metrics provide insights into the
models' ability to classify gene interactions
accurately and evaluate their predictive power
across diverse datasets.

RESULTS

Knowledge graph-based semantic similarity
identified 405,301 interactions between drugs and
genes, revealing that a higher clustering coefficient
indicates tight-knit groups of genes. The average
clustering coefficient was calculated as 0.0305,
suggesting relatively low clustering among genes.

These metrics are crucial for interpreting the
structure and dynamics of biological networks.

Table 1. Top 10 Genes Associated with Knowledge
Graph Construction.

Gene Betweenness Closeness
Centrality Centrality
CNR1 0.00255 1
SLC6A3 0.00255 1
ALOX5AP 0.00255 1
AMPC 0.002078 0.727273
SIGMAR1 0.002078 0.727273
TRPC1 0.002078 0.727273
TRPC2 0.002078 0.727273
TRPC3 0.002078 0.727273
TRPC4 0.002078 0.727273
TRPC6 0.002078 0.727273
TRPC7 0.002078 0.727273
PRNP 0.002078 0.727273

The table highlights the top 10 genes identi-
fied from the constructed knowledge graphs, ranked
by betweenness and closeness centrality values.

The knowledge graph contained 950 nodes
and 405,300 edges, indicating a densely connec-
ted network. The average number of neighbors
per node was 110.385, showcasing strong inter-
connectivity. The small network diameter sugges-
ted efficient connectivity across nodes, while the
radius, as the minimum distance from a central
node to the farthest node, highlighted a centra-
lized structure. The characteristic path length,
representing the average shortest path between
node pairs, underscored the network's compact-
ness. The clustering coefficient further quantified
the degree of clustering, with a value of O reflec-
ting no clustering, emphasizing the sparsity of
tightly knit subgroups. Despite a relatively sparse
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network density of 11.6%, the heterogeneity score
highlighted a highly diverse network, with some
nodes exhibiting significantly more connections
than others. The centralization score confirmed the
presence of key nodes but indicated a moderate
level of dominance.

The centrality analysis underscored the signi-
ficance of certain genes in the network. Between-
ness centrality, measuring how often a gene acts
as a bridge, revealed that CNR1, SLC6A3, and
ALOX5AP were the most critical connectors.
Closeness centrality, reflecting how quickly a
node can access others, showed that only three
genes (CNR1, SLC6A3, ALOX5AP) had a value of
1, marking them as highly central and directly
connected to most other genes. The remaining
genes, with lower closeness centrality, were likely
more peripheral in the network's hierarchy (Table 1).

Three graph neural network models-GCN,
ResGCN, and AttGCN-were employed for predic-
tive analysis. Both GCN and ResGCN achieved an
accuracy of 93.75%, signifying exceptional perfor-
mance. In contrast, AttGCN achieved an accuracy
of 92.08%, indicating slightly lower predictive
efficacy. Among these models, ResGCN exhibited
the lowest final loss of 0.114, affirming its reliabi-
lity in generating accurate predictions. Conversely,
AttGCN recorded the highest final loss of 0.182,
reflecting less precise predictions. These results
suggest that ResGCN outperforms the other
models in terms of accuracy and loss, making
it the preferred choice for applications requiring
dependable predictions.

In addition to accuracy and loss, the perfor-
mance metrics of these models were evalua-
ted based on their generalization ability. A final
accuracy of 93.75% demonstrates the ability to
make correct predictions on unseen data, indica-
ting the robustness of the ResGCN model. Further-
more, the small deviation from actual values, as
evidenced by the low final loss, underscores its
potential utility in diverse applications involving
knowledge graph-based predictions.

Figure 3.A illustrates the training loss of
a machine learning model over 100 epochs. The
model exhibits a substantial decrease in loss
during the initial stages, stabilizing at approxima-
tely 90% accuracy after 20 epochs. This pattern
suggests effective learning in the early phases but
indicates potential room for improvement. Techni-
ques such as regularization, learning rate tuning,
or implementing a more sophisticated architec-
ture may further enhance the model's perfor-
mance and generalization.

Figure 3.B provides insight into the binary
classification model's performance. The model
accurately predicted 240 instances as class 0 (true
negatives) and incorrectly classified 16 instances
as class 1 (false negatives). Notably, no instances
were classified as true positives or false positives
for class 1, indicating a model bias towards class
0. This suggests that while the model performs
well in identifying negative cases, it struggles with
detecting positive cases. Further calibration or
adjustments, such as addressing class imbalance,
may improve its ability to predict class 1.
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Figure 3. A. Training Performance of the Machine Learning Model Over 100 Epochs. B. Confusion Matrix of the Binary Classification Model.
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Figure 4. Receiver Operating Characteristic (ROC) Curve for Binary
Classification.

The ROC curve evaluates the binary classi-
fication model's performance, plotting the True
Positive Rate (TPR) against the False Positive
Rate (FPR). The curve begins at the origin (0,0)
and trends toward the top-left corner, reflecting
a balance between sensitivity and specificity. The
diagonal line represents random performance,
while the model’s curve, situated above it, indica-
tes superior predictive capability. The Area Under
the Curve (AUC) score of 0.92 demonstrates high
accuracy, with 1.0 denoting a perfect model and
0.5 indicating random guessing.

MODEL PERFORMANCE SUMMARY
GCN BASE (GRAPH CONVOLUTIONAL NETWORK)

The Base GCN model achieved an accuracy
of 93.75%, comparable to ResGCN, establishing it
as a robust baseline model. However, it exhibited
a higher final loss of 0.165 compared to ResGCN,
suggesting potential areas for improvement. The
model demonstrated consistent performance

across different folds, indicating its reliability for
gene interaction prediction.

RESGCN (RESIDUAL GRAPH CONVOLUTIONAL
NETWORK-SOTA)

The ResGCN model achieved an impressive
accuracy of 93.75%, demonstrating its effective-
ness in capturing data relationships and patterns.
It exhibited a stable convergence pattern throug-
hout the training process, with minimal prediction
error. The incorporation of residual connections
allowed for efficient feature extraction, enabling
the model to learn identity functions and handle
complex transformations with ease. Additionally,
ResGCN's lower final loss of 0.114 underscores
its superior optimization capability compared to
other models.

ATTGCN (ATTENTION-BASED GRAPH
CONVOLUTIONAL NETWORK-SOTA)

The AttGCN model achieved an accuracy
of 92.08%, slightly lower than both ResGCN and
Base GCN. Its final loss of 0.182 indicates areas
where improvements could be made. Despite its
sophisticated architecture and attention mecha-
nisms, AttGCN's accuracy was not significantly
higher, suggesting a trade-off between archi-
tectural complexity and performance. While the
attention mechanisms in AttGCN allow for a finer
focus on critical features, their added comple-
xity does not yield proportionate gains in predic-
tive accuracy.

COMPARATIVE ANALYSIS

The ResGCN and Base GCN models both
achievedan accuracy of 93.75%. However, ResGCN
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outperformed the Base GCN with a lower final l0ss
of 0.114, as well as a more stable convergence
during training. AttGCN, while employing a more
complex architecture, achieved a slightly reduced
accuracy of 92.08% and had the highest final loss
of 0.182.

The implemented models, particularly ResGCN,
demonstrate competitive performance compared
to current state-of-the-art approaches in gene
interaction prediction. The high accuracy and low
loss values across the models indicate their effecti-
veness in learning complex gene relationships. The
ResGCN model, which combines residual connec-
tions, attention mechanisms, and robust regula-
rization techniques, delivers strong performance
by efficiently capturing complex gene interactions.
This performance is achieved without extensive
computational overhead, making ResGCN a practi-
cal choice for real-world applications.

CONCLUSION OF MODEL COMPARISONS

The ResGCN model achieved the highest
overall performance, with an accuracy of 93.75%
and the lowest final loss of 0.114. This result
surpasses both the Base GCN and AttGCN models,
affirming its reliability and efficiency in minimizing
prediction errors. While Base GCN matched ResGCN
in accuracy, it lagged in optimization as indicated
by its higher final loss of 0.165. AttGCN, although
leveraging an advanced attention-based architec-
ture, fell short in performance with an accuracy of
92.08% and the highest final loss of 0.182.

In summary, ResGCN emerges as the best-
performing model due to its high accuracy, low
prediction error, and computational efficiency.
These results highlight its potential as a critical
tool for accurate gene interaction prediction and
the exploration of complex biological relationships.

Training Loss Over Epochs (All Models)
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Figure 5. Training Loss Comparison of GCN, ResGCN, and AttGCN Models Over 100 Epochs.
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This figure illustrates the training loss
trajectories for the GCN, ResGCN, and AttGCN
models across 100 epochs. The X-axis represents
the number of training epochs, while the Y-axis
depicts the training loss. The blue, red, and green
lines correspond to the GCN, ResGCN, and AttGCN
models, respectively.

The GCN model begins with a higher initial
loss but stabilizes at approximately 0.2 towards the
end of training. In contrast, ResGCN achieves the
lowest final loss, demonstrating superior optimi-
zation and predictive performance. The AttGCN
model, despite incorporating advanced attention
mechanisms, converges to a similar loss value
as the GCN. However, the ResGCN consistently
maintains a distinct advantage, with a sharper and
more efficient reduction in training loss throug-
hout the process. This performance suggests that
ResGCN is better equipped to minimize prediction
errors and effectively model complex relationships
in the dataset.

Table 2. Accuracy and Final Loss of Model Perfor-

mances.
Model Accuracy Final Loss
GCN 0.9375 0.16533499
ResGCN 0.9375 0.11435559
AttGCN 0.9208333 0.18176558

Table 2 summarizes the performance
metrics-accuracy and final loss-of the three
models (GCN, ResGCN, and AttGCN) evaluated in
this study.

The GCN and ResGCN models achieved an
identical accuracy of 93.75%, effectively classi-
fying a significant portion of the dataset. However,
ResGCN outperformed GCN in terms of final loss,
recording the lowest value of 0.11435559, which
underscores its superior ability to minimize prediction
errors and achieve a better fit to the training data.

AttGCN, although marginally less accurate
at 92.08%, exhibited the highest final loss at
0.18176558, suggesting potential challenges in
learning or effectively modeling relationships in
the input data. The higher loss values indicate that
its predictions were slightly farther from the true
labels compared to the other two models.

Among the three models, ResGCN demons-
trated the best balance of accuracy and low final
loss, affirming its effectiveness and reliability for
predictive modeling tasks in this study.

DISCUSSION

This study aims to advance understanding
of TRPV1's role in periodontal pain, explore drug-
gene interactions using innovative computational
Al methods, and identify alternative treatments for
patients suffering from this common health issue
(24, 36). Current therapies remain inadequate
or have significant side effects, emphasizing the
importance of understanding the complexities of
pain mechanisms (37). Additionally, this research
promotes interdisciplinary collaboration between
computational biology, pharmacology, and dentis-
try, fostering a multidisciplinary approach to
addressing this pressing global health challenge
(Figure 3).

The knowledge graph-based network
constructed in this study demonstrated 950 nodes
and 405,300 edges, indicating a dense and well-
connected structure. The network's small diameter
and centralized architecture are reflected in its path
length and clustering coefficient. Despite this, the
network density remains sparse, with only 11.6%
of connections forming current edges. Centrality
analysis, focusing on betweenness and close-
ness, highlighted the genes CNR1, SLC6A3, and
ALOX5AP as having the highest betweenness
centrality, suggesting their potential role as critical
connectors in the network (2, 3, 38). The study
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identified a comprehensive list of genes associated
with TRPV1 and pain signaling, including CNR1,
SLC6A3, ALOX5AP, AMPC, SIGMART, TRPC1,
TRPC2, TRPC3, TRPC4, TRPC6, TRPC7, and PRNP.
CNR1, which binds to cannabinoids, has a known
role in reducing pain signaling and inflammation.
SLC6A3 and ALOX5AP contribute to pain modula-
tion, while AMPC and SIGMAR1 are involved in
regulating pain signaling. TRPC1, which interacts
with TRPV1, facilitates calcium influx, potentially
enhancing hyperalgesia and sensitization (39).

The KGETCDA (Knowledge Graph Encoder
from Transformer) framework, developed for
processing non-coding RNA datasets, utilizes
multiple databases, Transformer-based knowledge
representation learning, and multilayer percep-
tron for high-quality embeddings (16, 20). This
approach outperforms other models and is acces-
sible through HNRBase. The DeepOmix-ICl (ICInet)
framework, which predicts immune checkpoint
inhibitor (ICl) responses in cancer, demonstrates
the robustness of combining deep learning and
prior biological knowledge graphs. ICInet's perfor-
mance in clinical settings has shown its superior
generalization across various cancer types (19).

Model performance was assessed through
accuracy and final loss metrics (34, 35). The study
found that both the GCN and ResGCN models
achieved an accuracy of 93.75%, while AttGCN
demonstrated slightly lower accuracy. ResGCN
had the lowest final loss, suggesting better fit to
the training data, while GCN had a higher loss, and
AttGCN had the highest loss. This suggests that
AttGCN may face challenges in learning from input
data or modeling complex relationships (Figure 4
and Figure 5) (Table 2). The study underscores the
effectiveness of the GCN model in investigating
extended drug-gene associations related to TRPV1
in the context of other oral diseases.

The centrality analysis revealed CNR1 and
SLC6A3 as high-betweenness nodes, suggesting

their importance as integrative hubs within the
TRPV1-related network. Biologically, this finding is
supported by their known mechanistic roles: CNR1
(cannabinoid receptor 1) is a key regulator of pain
perception and neuroinflammation, frequently
modulating TRPV1-mediated pathways. Its central
role in the network likely reflects its broad interac-
tion potential in modulating nociceptive signa-
ling. SLC6A3 (dopamine transporter) regulates
dopamine reuptake, influencing neuroplasticity and
pain processing. Its prominence in the network may
highlight the involvement of dopaminergic modula-
tion in chronic pain conditions, including periodon-
tal pain. This alignment reinforces the biological
plausibility of the network-derived insights.

The identification of key genes and drug
interactions involving TRPV1 also opens opportu-
nities for clinical translation. For instance, genes
such as CNR1 and SLC6A3 could serve as biomar-
kers for pain susceptibility or treatment response
in periodontal conditions. Moreover, repurposing
agents like capsazepine, a known TRPV1 antago-
nist, may offer targeted therapeutic strategies,
potentially reducing the reliance on conventional
analgesics with broader side effect profiles.

While ResGCN showed improved accuracy
and lower loss compared to GCN and AttGCN, this
study did not include a direct comparison with
external state-of-the-art models such as BioKGLM.
BioKGLM and similar biomedical knowledge graph
embedding models leverage domain-specific
language models that incorporate rich contextual
information. Although beyond the current study's
scope, future evaluations could benchmark
ResGCN against such models to further contex-
tualize its performance and validate its efficacy
across broader biomedical applications.

Future directions for fused drug-gene
interactions in TRPV1 (16, 20) and periodontal
pain include enhanced data integration, longitudi-
nal studies, model fine-tuning, mechanistic inves-
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tigations, and the development of novel therapeu-
tics (39). Combining advanced computational Al
algorithms with both in vitro and in vivo studies
can validate predicted drug-gene interactions and
their biological significance (40).

This study on drug-gene associations
related to periodontal pain has several limitations,
including issues with data quality and availability,
model generalizability, the inherent complexity of
biological systems, and the interpretability of GNN
models (19, 22). The accuracy of the findings
heavily depends on the quality and comprehensi-
veness of the input data; consequently, the study
may not capture all biological nuances, potentia-
lly leading to an oversimplified view of drug-gene
interactions. Additionally, the study may not fully
represent other receptors and pathways involved
in periodontal pain. It is important to note that
drug-gene interaction research is still an emerging
field, with ongoing developments in understanding
its intricate mechanisms.

While the semantic similarity fusion approach
used in this study effectively integrates biologi-
cal knowledge, it is not without limitations. This
method typically relies on predefined ontologies
and existing annotations, which may constrain the
model’s ability to capture complex or novel biologi-
cal relationships. Moreover, such approaches may
overlook nonlinear interactions and emergent
properties present in high-dimensional biolo-
gical data. As a potential improvement, future
work could explore hybrid embedding methods
that combine semantic similarity with data-
driven representations, such as deep learning-
based embeddings, to capture more intricate and
context-specific associations.

Furthermore, an observed bias toward class
0 predictions in the confusion matrix (Figure 3.B)
suggests potential data imbalance in the classi-
fication process. This limitation could hinder the
model’s ability to generalize across less repre-

sented classes. In future work, strategies such
as oversampling, class weighting, or synthetic
data generation techniques like SMOTE (Synthetic
Minority Over-sampling Technique) could be imple-
mented to address class imbalance and enhance
model robustness.

Although this study used publicly available
datasets, it is important to recognize potential
ethical concerns in Al-driven biomedical research.
Biases in omics datasets, especially those related
to demographic underrepresentation or incomplete
annotations, may affect model generalizability and
fairness. Future work should emphasize dataset
diversity and fairness-aware algorithms to ensure
equitable applications of Al in healthcare settings.

To support the personalized application of
TRPV1-related findings, future research could
integrate electronic health records (EHRS), genomic
profiles, and single-cell RNA sequencing (SCRNA-
seq) data. These integrations would allow deeper
stratification of patient populations, identification
of cell-type-specific pain mechanisms, and impro-
ved prediction of individual therapeutic responses,
facilitating more precise and tailored interventions.

GCNs hold promise for advancing research
into the molecular mechanisms of oral disea-
ses, facilitating the identification of biomarkers
and therapeutic targets, and potentially infor-
ming personalized treatment strategies that could
improve therapeutic outcomes.

CONCLUSION

This study employed Graph Neural Networks
to investigate drug-gene interactions involving
TRPV1 in periodontal pain using various datasets,
contributing to a deeper understanding of these
interactions. Advanced computational models,
such as AttGCN and ResGCN, were utilized to
identify potential treatment strategies and signifi-
cant interactions, though limitations such as data
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quality and model generalizability must be consi-
dered. Future research should focus on integrating
data sources, conducting longitudinal studies, and
exploring personalized treatment approaches to
further elucidate TRPV1's role in pain mechanisms
and support the development of novel therapeu-
tics. Such advancements will improve patient
outcomes and enhance the quality of care for
individuals suffering from periodontal pain.
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