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Abstract.

Background and Objective: Oral Cancer often leads to opioid tolerance,
affecting pain-sensing neurons. Certain TRPV agonists can activate the
channel transiently, followed by desensitization, whereas antagonists block
ligand-induced activation, preventing channel opening. Cancer changes the
peripheral and central nervous systems, affecting tumor interactions,
nociceptors, and the immune system. Activation of these receptors triggers
pain perception and the release of second messengers. This study uses a
large language model to find and forecast functional TRPV sequences for
oral cancer pain. Materials and Methods: TRPV proteins were obtained
from UniProt; id -Q8NER1, Q9HBAO, QINQAS5, Q9H1DO0, and Q9Y5S1
were identified and quality-checked. Deepbio analyzed FASTA sequences.
Large language models and sequence prediction techniques were used for
prediction and classification, including Protbert (a pre-trained protein
sequence model), BILSTM, LSTMAttention, and TextRGNN (a residual
graph neural network). Results: The study reveals that ProtBERT and
BiLSTM are the best predictors of amino acid sequences for TRPV1-based
oral cancer, offering a balance of sensitivity and specificity. The ProtBERT
model effectively identifies positive and negative cases related to TRPV
with an accuracy of 0.90, a sensitivity of 0.89, a specificity of 0.91, and an
AUC of 0.937. The BiLSTM model, like ProtBERT, achieves high
accuracy and sensitivity, while the LSTM Attention model is reliable at
detecting true positives. The text RGNN model has an accuracy of 0.51.
Conclusion: Machine learning models such as ProtBERT and BiLSTM
can enhance the early detection and diagnosis of oral cancer pain, but
challenges such as data quality and validation remain.

Keywords: ProtBERT, BILSTM, natural language processing, TRPV, oral
cancer, Pain.
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1. Introduction

Oral cancer, ' which is painful and resistant to analgesics, often causes opioid tolerance.

Functional TRPV (Transient Receptor Potential Vanilloid) ion channels are either homo- or hetero-
tetrameric, with four identical subunits. In afferent nociceptors, pain-sensing neurons, four TRPVs
68 (TRPV1, TRPV2, TRPV3, and TRPV4) operate as transducers of temperature and chemical
stimuli. The cancer microenvironment, characterized by elevated proton levels, is a TRPV1
agonist. TRPV1, a transient receptor potential vanilloid subtype 1, undergoes sensitization by
inflammatory molecules like bradykinin (BK). *!° Cancer causes changes in the peripheral and
central nervous systems through G-protein-coupled receptors (GPCRs), affecting tumor
interactions, nociceptors, and the immune system, leading to variability in phenotypic and genomic
characteristics. Sensory afferent terminals contain various receptors, including TRPA1, TRPVI,

TRPV4, and several TRPM members, all of which play roles in pain perception. '!:1?

This approach preserves crucial motor and somatosensory functions vital for daily activities
and quality of life. Activation of these receptors '* triggers the production of second messengers,
including phosphatidylinositol-4,5-biphosphate (PIP2), inositol triphosphate (IP3), and
diacylglycerol (DAG). This intricate signaling cascade highlights the multifaceted regulatory

pathways that contribute to TRPV 1 sensitization in response to inflammatory stimuli. 413

Oral cancer patients show increased sensitivity to spicy foods due to changes in the trigeminal
ganglion. One study found increased TRPV1 expression in these neurons, leading to a greater
capsaicin response. ERK1/2 and TRPV4 are involved in dorsal root ganglion (DRG) pain pathways
during tumor progression, with TRPV1 and TLR4 co-expressing and increasing after inoculation.
1617 Antagonists alleviate cancer-induced Pain, suggesting potential therapeutic approaches for
neuropathic pain management. Capsazepine blocks certain TRP channels; garlic and ginger
activate specific channels; and substances like nitric oxide and hydrogen peroxide interact with
different channels after tissue damage. One study shows that TRPV1 antagonists and agonists
influence pain behavior and TRPV1 expression in animal cancer models. TRPV1 antagonists
reduced pain behaviors in mice. Increased TRPV1 in dorsal root ganglion neurons and peripheral
axons after tumor inoculation indicates its role in cancer pain mechanisms.”!%!8 Modulation and
activation of TRPV1 contribute to oral cancer pain. Therefore, understanding TRPV1's role in this
pain is crucial.

TRPV channels, specifically TRPV 1,71 are crucial in the sensory pathway for pain perception
and inflammation. Predicting TRPV sequences is crucial for targeting oral cancer pain, given their
roles in pain sensation, inflammation, and interactions with pain pathways, thereby aiding drug
targeting and biomarker development. TRPV1 sequences can be profiled in cancer patients using
advanced sequencing technologies and compared against known databases to identify variants.
Computational modeling and functional assays can help elucidate and predict TRPV1 sequences,
which are crucial for targeting pain mechanisms in oral cancer. ! Amino acid sequence prediction
is crucial in bioinformatics, drug discovery, and synthetic biology. Accurate prediction helps in
drug discovery, biomarker identification, synthetic biology, vaccine development, and
personalized medicine. Large language model approaches for sequence prediction include BERT
(Bidirectional Encoder Representations from Transformers), BILSTM (Bidirectional Long Short-
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Term Memory Networks), and TextR-GNN (Text Representation using Graph Neural Networks).
BERT is a transformer-based model that understands the context and relationships of sequences,
while BiLSTM is a recurrent neural network that captures long-range dependencies in sequential
data. TextR-GNN leverages relational structures within data to capture complex interdependencies
between amino acid sequences, allowing for richer representations that improve predictions. 202!
These models are vital for biomedical research and therapeutic development, leading to innovations
in drug discovery, personalized medicine, and health diagnostics. 2°

BERT is a transformer-based language model designed to capture bidirectional contextual
information, which allows it to outperform many conventional large language models in sequence
inference tasks. 2> Google developed BERT as a bidirectional masked-language model to learn
from unlabeled text, including biological data. 2* In drug discovery, BERT's masked aspect is
crucial, enabling inference of missing structures in sequences such as FASTA. 242

BertAIP, 22%° a new tool for predicting anti-inflammatory peptides from protein sequences,
outperforms other methods due to its unique model and focus on key amino acids. It's effective in
drug development and inflammatory disease research, highlighting important amino acids. Feature
vectors are extracted from protein sequences, encoded using a Graph-BERT model, and processed
through a fully connected softmax layer for interaction classification. ProteinBERT, 2"-** it is a deep
language model that integrates language modeling with Gene Ontology annotation prediction. It
achieves state-of-the-art performance on protein properties benchmarks and enables the rapid
training of protein predictors with limited labeled data. A previous study introduced AMP-BERT,
a deep learning model that classified peptides into antimicrobial and non-antimicrobial categories.
This model outperformed existing methods and employed an attention mechanism to enhance
feature analysis, thereby improving its effectiveness for drug development. 2*>* Protein sequence—
based prediction models have rapidly evolved, with recent studies demonstrating improved
accuracy for ion channel related functional characterization using transformer-based architectures
and hybrid recurrent models. Incorporating these computational advances provides a stronger
justification for analyzing TRPV variants, especially in the context of oral cancer related
nociception. *°

On the other hand, GPT (Generative Pre-trained Transformer), a unidirectional model from
OpenAl, ?>% relies on large language modeling datasets to predict the next word in a sequence.
Predicting sequences is crucial in drug discovery because it allows researchers to identify potential
efficacy and interactions of novel compounds. Sophisticated models such as BERT and ProTBoRT
enhance our understanding of intricate sequences by precisely analyzing and predicting protein
sequences. 2> As a result, predicting sequences accelerates the discovery process and increases the
likelihood of identifying effective and safe drug candidates. This study uses ProtBERT-based
modelling to identify and predict pain-related TRPV variants in oral cancer.
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2. Materials and Methods

Using UniProt IDs Q8NER1, Q9HBAO, QI9NQAS, Q9H1DO0, and Q9Y5S1, the TRPV proteins
were downloaded with a 100% match; similar proteins at 90% and 50% similarity were also
retrieved in FASTA format. These sequences were then identified and quality-checked. Variable
lengths are managed by padding or truncating sequences to a uniform length. In addition,
tokenization converts amino acid sequences into tokens for model input. FASTA sequences
underwent analysis using the Deepbio tool. The study classifies functional TRPV1 sequences linked
to oral cancer pain, while class 0 refers to non-functional TRPV sequences or those not linked to
pain pathways. The functional and non-functional labels were generated computationally based on
whether TRPV 1 sequences were annotated as pain-associated or not in the dataset, without implying
biological validation. Class balance was addressed through stratified splitting to preserve
proportional representation of both classes during training and testing.

Deep Bio *! is a one-stop web service for academics to develop deep learning architectures for
any biological topic. DeepBIO analyzed, optimized, and visualized biological sequencing data
using deep-learning algorithms. Deep Bio separated sequence-based datasets into training and test
data. We randomly split each dataset into 80% for training and 20% for testing to tune
hyperparameters and evaluate performance. Large language models and other algorithms for
sequence prediction used were like Protbert (pre-trained model on protein sequences), 2> BILSTM
27 (Bidirectional Long Short-Term Memory), LSTMAttention (Long Short-Term Memory (LSTM
with attention), TextRGNN (residual graph neural network for TEXT classification). Other models,
like LSTM attention and textRGNN, were used to compare and validate the LLM (Figure 1).

Predicting TRPV Sequences

TRPV Channel Functional TRPV
Insights Sequences

Understanding Identifying

TRPV channels’ sequences with

potential pain-
relief properties

role in pain
mechanisms

Potential for
alleviating pain in
oral cancer
patients

Figure 1. Shows the worktlow model.
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2. 1 Architecture and Hyperparameters

ProtBERT, ?’ it is a pre-trained variant of the BERT model that uses a transformer architecture
to capture contextual amino acid embeddings. It has 12 layers, 768 hidden units, 12 attention heads,
3072 intermediate units, the GeLU activation function, a 0.1 dropout rate, a maximum sequence
length of 512, a varying learning rate, a batch size of 32-64, and Xavier initialization (Figure 2).
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Figure 2. Shows the workflow schematics with the architecture

BiLSTM architecture uses two long short-term memory layers to process sequences in both
forward and reverse directions. It has hyperparameters like input size, hidden size, number of
layers, bidirectionality, dropout rate, learning rate, batch size, and sequence length. The model
combines outputs from both forward and backward LSTMs. The hyperparameters include input
size, hidden size, number of layers, bidirectional outputs, dropout rate, learning rate, batch size,
and sequence length. They range from 1e-3 to le-4, with a learning rate of 1e-4.
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The LSTMAttention Architecture combines an LSTM with an attention mechanism, enabling
it to focus on specific parts of the input sequence for better performance on tasks that require
contextual understanding. It has hyperparameters like input size, hidden size, number of LSTM
layers, attention mechanism, dropout rate, learning rate, sequence length, and batch size. The input
size of feature vectors is typically 128, with hidden sizes ranging from 128 to 256 based on task
complexity. There are 2 LSTM layers, usually using dot-product or scaled dot-product attention.
The dropout rate is 0.2 to 0.5, the learning rate is le-3 to 1e-4, the sequence length is flexible, and
the batch size is 32 to 64.

TextRGNN is a residual graph neural network designed for text classification tasks. It models
relationships between elements while preserving important features through residual connections.
The graph construction method, based on co-occurrences, involves nodes representing words or
characters and edges representing relationships between them. The text describes a graph
convolutional model with 3-5 layers, hidden sizes of 64-256, residual connections, ReLLU or Leaky
ReLU activation functions, dropout rate, learning rate, batch size, and a flexible maximum
sequence length.

3. Results

The model's accuracy, sensitivity, and specificity are key metrics in cancer pain detection.
High accuracy indicates correct classification of positives and negatives. Sensitivity measures
correctly identified positives; specificity measures correctly identified negatives. AUC summarizes
performance across thresholds, with higher values indicating better ability. The ProtBERT model,
with an accuracy of 0.90, sensitivity of 0.89, specificity of 0.91, and an AUC of 0.937, effectively
identifies both positive and negative TRPV1 cases. The BILSTM model, similar to ProtBERT,
achieves high accuracy and sensitivity, with a specificity of 0.89 and an AUC of 0.945, indicating
its reliability in detecting true positives. The LSTM Attention model is a strong predictive model,
achieving 0.89 in accuracy, sensitivity, and specificity, and an AUC of 0.931. The text RGNN has
an accuracy of 0.51, a sensitivity of 0.04, a specificity of 0.98, and an AUC of 0.657. The Text
RGNN, a deep neural network, has a low accuracy of 0.51, indicating it identifies only about half
of cases, compared to other models with higher accuracy. Its low sensitivity of 0.04, indicating it
identifies only 4% of actual positives, is crucial in clinical contexts where detecting true positives
can have significant negative consequences. However, its high specificity of 0.98 is not useful if
the model fails to detect genuine positive cases. The AUC of 0.657 indicates marginal performance,
suggesting it cannot discriminate between positive and negative cases (Figures 3,4,5)

Table 1 shows the performance metrics for Protbert, BILSTM, LSTMAttention, and
TextRGNN, with accuracies of 93%, 94%, 93%, and 65%, respectively. The study reveals that
ProtBERT and BiLSTM are the best predictors of amino acid sequences for TRPV1-based oral
cancer, offering a balance of sensitivity and specificity. TextRGNN, on the other hand, struggles
due to low sensitivity and lower accuracy, making it unsuitable for this task. These models could
aid in the early detection and treatment of oral cancer. The sensitivity of Protbert, BILSTM,
LSTMAttention, and TextRGNN is the percentage of positive cases correctly detected, while the
specificity is the genuine negative rate.
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Table 1. Shows the performance metrics for Protbert, BILSTM, LSTMAttention, and TextRGNN, with
accuracies of 93%, 94%, 93%, and 65%, respectively.

Model ACC SENSITIVITY SPECIFICITY AUC
Protbert 0.9 0.89 0.91 0.937
BiLSTM 0.9 0.91 0.89 0.945

LSTMAttention 0.89 0.89 0.89 0.931
TextRGNN 0.51 0.04 0.98 0.657

The BiLSTM model was the top performer with an AUC of 0.945 and an F1 score of 0.901.
Protbert, BiLSTM, and LSTMAttention also showed strong results, with high mean accuracies,
sensitivities, specificities, and AUCs of 0.897-0.938. TextRGNN underperformed significantly,
achieving only 0.51 in accuracy, 0.04 in sensitivity, 0.98 in specificity, and a poor AUC of 0.657.
Strong positive correlations were found between accuracy, sensitivity, AUC, and F1, while
specificity negatively correlated, mainly due to TextRGNN's outlier performance.

3. 1 Roc Curve

The Receiver Operating Characteristic (ROC) shows the trade-off between a model's true
positive rate (sensitivity) and false positive rate (1-specificity) over categorization thresholds.
Protbert, BILSTM, LSTMAttention, and TextRGNN have high TPR and low FPR in the upper-left
ROC region (Figure 3).
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Figure 3. Illustrates the model ROC and precision-recall curves used to evaluate the trade-off between sensitivity and
specificity, with a higher AUC indicating better performance. The ROC and Precision—Recall curves compare the
classification performance of the four models used in this study. ProtBERT, BiLSTM, and LSTM-Attention
consistently exhibit high true-positive detection rates, with AUC values above 0.93, demonstrating their strong ability
to differentiate pain-associated TRPV variants. In contrast, TextRGNN performed noticeably worse, as indicated by
its lower AUC of 0.657 and decreased precision across recall levels. Overall, the curves show that transformer- and
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LSTM-based architectures significantly outperform graph-based models in predicting TRPV variants.
3. 2 Precision Recall Curve

The Receiver Operating Characteristic (ROC) shows the trade-off between a model's true
positive rate (sensitivity) and false positive rate (1-specificity) over categorization thresholds.
Protbert, BILSTM, LSTMAttention, and TextRGNN have high TPR and low FPR in the upper-left
ROC region (Figure 4).
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Figure 4. Shows the epoch plots of test accuracy and test loss for the algorithms, and indicates that Protbert, BILSTM,
LSTMAttention, and TextRGNN models achieve moderate accuracy, with peaks around epoch 20. BiLSTM and
LSTMAttention show rapid improvement, while TextRGNN remains flat at 0.5, indicating no learning or poor
performance. Loss decreases initially but fluctuates after step 20, while TextRGNN shows a slightly higher loss. The
test accuracy curves show that ProtBERT, BiLSTM, and LSTM-Attention quickly converge and stay stable around
0.85-0.90, indicating effective learning of TRPV pain-related patterns. In contrast, TextRGNN remains near 0.50,
showing it can't learn discriminative features. The test loss curves also decrease and stabilize for the LSTM and
transformer models, while TextRGNN's loss stays high. These trends demonstrate that transformer and LSTM models
generalize well, but graph-based modeling is insufficient for this dataset.
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Figure 5. Shows the SHAP values explain model performances and feature contributions. Summary plots show the
amino acid features that influence predictions. ProtBERT, BiLSTM, and LSTM-Attention exhibit consistent patterns
with high-value features driving positive predictions for pain-related TRPV variants, indicating stable, interpretable
learning. TextRGNN produces scattered, low-magnitude SHAP values, indicating weak capture of sequence patterns.
Overall, transformer- and LSTM-based models are more accurate and rely on biologically relevant features compared
to the graph-based model.

4. Discussion

TRPV1, &7:3273% 3 heat- and ligand-gated ion channel, is pivotal in initiating the pain pathway
via sensory ganglion neurons. Transient Receptor Potential Vanilloid (TRPV) proteins constitute a
subgroup of the TRP ion channel family. 7! 131632 playing diverse roles in sensory perception
and cellular processes. In response to heat and capsaicin, TRPV1, TRPV2, TRPV3, and TRPV4
mediate pain and temperature perception. It is implicated in mechanosensation, osmoregulation,
and thermosensation. These TRPV proteins are collectively integral to various physiological
processes, including nociception, sensory perception, and cellular homeostasis. These protein
sequence predictions 273> 3% are essential for designing novel drugs and can reduce resistance.
Large protein sequence-based language models can predict protein shapes and activities. Protein
design, structure prediction, ligand-binding affinity prediction, and protein-protein interaction
prediction are among their molecular biology applications. 2% 3°
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The Umami-BERT model, » a two-step training method, outperforms other models in
predicting umami peptides from amino acid sequences, with high accuracy rates of 93.23% on
balanced data and 95.00% on unbalanced data. A recent study using a 738-million-parameter
autoregressive Transformer model, ProtGPT2, predicts protein sequences. After training on 50
million non-annotated protein sequences, it can synthesize de novo protein sequences quickly,
similar to our study results showing that the BILSTM, LSTMAttention, and TextRGNN models
achieved predictive performance rates of 93%, 94%, and 93%, respectively. The ProtBERT model
successfully identifies positive and negative TRPV cases with an accuracy of 0.90, a sensitivity of
0.89, a specificity of 0.91, and an AUC of 0.937. Similarly, the BILSTM model demonstrates high
accuracy and sensitivity, with a specificity of 0.89 and an AUC of 0.945. The LSTM Attention
model reliably detects true-positive cases, achieving an accuracy of 0.89, a sensitivity of 0.89, a
specificity of 0.89, and an AUC of 0.931 (Figures 3,4,5). Explainable Al models with SHAP plots
enhance trust and facilitate informed decision-making in clinical environments. Protbert's color
coding distinguishes high and low SHAP values, promoting positive and negative features (Figure
5).

The future of oral cancer pain prediction sequence models includes further fine-tuning
existing models and incorporating additional data and features, such as genetic data, clinical
parameters, and biochemical markers. Clinical validation studies can assess their practical
applicability and foster partnerships between researchers and clinicians. Collaborating with public
health organizations can raise awareness about the potential of these predictive models, promote
early detection strategies, and empower populations suffering from oral cancer pain. This study
improves our understanding of pain mechanisms by accurately predicting functional TRPV
sequences, especially TRPV1, paving the way for targeted therapies. TRPV sequences may serve
as biomarkers for personalizing pain management strategies, enhancing early detection and
diagnosis, streamlining drug discovery and design, and facilitating the integration of Al into
clinical practice. The research highlights the critical role of machine learning and Al in clinical
workflows for managing pain in cancer patients.

This study has limitations in detecting and treating TRPV1-based oral cancer pain,
including data quality, interpretability, overfitting, validation, computational resources, and
regulatory issues. Limited datasets may hinder generalization, high sensitivity may cause false
positives, and higher costs may result. Overfitting leads to models performing well on training data
but poorly on new data, making them unsuitable for clinical use. Computational resources may be
scarce in low-resource settings. The study is also limited by annotation-based labels, a lack of wet-
lab validation, and potential issues with model generalizability due to sequence diversity. Future
work should include larger datasets and experimental validation.

5. Conclusion

Large language models like ProtBERT and BiLSTM could improve TRPV 1-based oral cancer
pain management, but issues like data quality, interpretability, overfitting, and validation remain.
Future research should optimize models, add clinical features, and develop explainable Al tools.
These models could help identify pain-related TRPV variants earlier, enabling targeted treatment
and better decisions. This study shows ProtBERT and LSTM models can predict pain-related
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use remains speculative without experimental and patient validation.

Abbreviation Full Form
ProtBERT A version of BERT (Bidirectional Encoder Representations from Transformers)
BERT Bidirectional Encoder Representations from Transformers
BiLSTM Bi-directional Long Short-Term Memory
ROC Receiver Operating Characteristic
AUC Area Under the Curve
LLM Large Language Model
SHAP SHapley Additive exPlanations
TRPV Transient Receptor Potential Vanilloid
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