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ABSTRACT

Oral cancer poses a major public health challenge around the globe, and when diagnosed late mortality rates are high. Early
detection remains critical in improving patient outcomes and rates of survival. As far as could be judged, this is the first of
its kind of study to provide a complete diagnostic multimodal deep learning intelligent system that incorporates CNNs and
RNNs with state-of-art transfer learning methodology for early oral cancer detection. To allow continuous model adaptation
over a wide spectrum of clinical scenarios, our proposed framework integrates incremental learning methods with bio-
inspired optimization techniques based on Deep Q-Networks (DQN). Our model is reinforced with state-of-the-art datasets
such as ORCHID, MODID along with the newly crowdsourced multimodal collections which deal with such a major
shortcoming identified in public oral cancer data. Our performance evaluation highlights the robustness of model
generalisation over extant methods, with particularly good results observed through incorporating attention mechanisms
and transformer-based architectures. The proposed system demonstrates robust performance in diverse patient populations
while preserving clinical interpretability and real-time processing speed.
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1. INTRODUCTION

Background: Oral cancer, predominantly oral squamous cell carcinoma (OSCC) is amongst the most formidable
malignancies around the globe claiming over 300,000 lives per year [1]. Although at present, five-year survival rates are
still about 65% because most of these diagnoses tend to occur at latter stages, leaving only a few options for treatment [2].
The earlier these pathologies are detected, the better for the patient prognosis as well as to reduce mortality rates related to
oral cancer and oral potentially malignant disorders (OPMDs) [3].

Conventional methods or techniques for diagnosis are predominantly based upon patient's history, physical examination,
biopsy-based histopathology but they suffered by the time being subjective, interobserver biased and resourced constrained
[3]. This problem is exacerbated by the acute shortage of skilled pathologists, especially in low-resource settings, and it
underscores the need for robust and simple diagnostic methods.

Recently, medical imaging diagnosis using artificial intelligence (Al) and deep learning techniques has been developed as
an innovative method for automatic detection and diagnostic decision support systems [4]. Responses Recent
breakthroughs in computer vision, mainly deep convolutional neural networks (CNNs) have shown tremendous potential
in different medical imaging applications by achieving expert human level like performance [5].

Nevertheless, the application of deep learning in oral cancer detection presents unique challenges such as scarcity of
labelled data, class imbalance, high intra-class variation and the necessity for generalization across wide range of patient
cohorts and clinical contexts [6]. The dynamic nature of medical practice also means that systems must be able to
continuously learn and adapt to new data without catastrophic forgetting of patterns learned in the past.

This study addresses these challenges by proposing an intelligent multimodal deep learning system that integrates cutting-
edge architectures, advanced learning strategies, and bio-inspired optimization techniques. Our contributions include: (1)
development of a comprehensive multimodal dataset curation strategy, (2) implementation of hybrid CNN-RNN
architectures with attention mechanisms, (3) integration of incremental learning using Deep Q-Networks, (4) application
of bio-inspired optimization algorithms for model enhancement, and (5) comprehensive evaluation across diverse patient
populations.
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2. LITERATURE REVIEW

2.1 Deep Learning in Oral Cancer Detection

Several systematic reviews have recently been directed towards the rising application of deep learning in oral cancer
diagnosis [7]. Warin and Suebnukarn recently presented a large-scale analysis of 54 studies showing that the accuracy for
classification tasks varied between 85.0 and 100% (F1-score range: 79.31-89.0%) [8]. These results show a high potential
of Al-based techniques and single out insights for enhanced performance.

Chen et al. developed sophisticated CANet classification models incorporating attention mechanisms for oral cancer
identification, achieving accuracy rates of 97.00% with their proposed CANet architecture, while their Swin transformer
implementation reached 94.95% accuracy [9]. Their work demonstrated the effectiveness of combining convolutional
networks with transformer-based attention mechanisms for capturing both local and global features in oral cavity images.

2.2 CNN Architectures and Transfer Learning

Several CNN-based architectures have been proposed for the detection of oral cancer as well. Jubair et al. proposed a
EfficientNet-BO0 for CIFAR-10 with 85.0% Accuracy (95% CI) and | implemented the Lightweight model. [10] The authors
of the study specifically noted the importance of computational efficiency, as such a system must work in real-time during
clinical care - a high-volume scenario with millions of brain cells organizing dynamic beams per second.

The 2 most dominant architecture for our task is DenseNet where it yield AUC 1.00 and 0.98 for OSCC and OPMD
classification correspondingly [11]. Connection patterns are dense to allow better gradient flow and hence improve learning
when the amount of training data is limited.

2.3 Advanced Optimization Techniques

Recently, bio-mimic optimization algorithms have been studied to improve the performance of trained CNN. Huang et al.
introduced new combined seagull optimization and particle swarm optimization algorithm to optimize the CNN
architecture and yielded better performance than the existing literature in oral cancer classification [12]. Similarly, Wei et
al. proposed an enhanced tunicate swarm optimization algorithm for CNN-based diagnostic accuracy [13].

2.4 Incremental Learning and Continuous Adaptation

Continual learning is even more challenging when it comes to the medical imaging domain, largely due to distribution
shifts across different medical centers, variation in equipment used and advancements in clinical practice [14]. When we
train traditional deep learning models on new data sequentially, they tend to forget the tasks that they have learned on
previous data and this phenomenon is known as catastrophic forgetting.

Progress in developments of continual learning for medical imaging have been towards elastic weight consolidation,
memory replay and architectural strategies [15]. Deep Q-Networks have been investigated for medical image analysis
because they can circumvent the need to generate large, annotated datasets which is a common limitation of supervised
learning [16].

2.5 Dataset Availability and Challenges

A critical limitation in oral cancer Al research is the scarcity of publicly available datasets. Systematic analysis revealed
only limited datasets publicly accessible for research, with most containing images of specific anatomical sites only [17].
Recent efforts have addressed this gap through initiatives like ORCHID (ORal Cancer Histology Image Database) and
MODID (Multispectral Oral Disease Image Dataset) [18,19].

3. METHODOLOGY

3.1 Dataset Curation and Preprocessing

Our comprehensive dataset integrates multiple sources including the ORCHID histopathological dataset with 1000X
magnification images [18], MODID multispectral dataset spanning 16 spectral bands (460-600 nm) [19], newly curated
clinical photographs from multiple medical centers, and synthetic data generated through GANs. The preprocessing
pipeline encompasses image standardization, Reinhard color normalization, noise reduction, contrast enhancement, and
comprehensive data augmentation including rotation, scaling, and elastic deformation. All annotations underwent
validation by expert radiologists and pathologists to ensure clinical accuracy.
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3.2 Hybrid CNN-RNN Architecture

The proposed architecture integrates a modified DenseNet-196 backbone with attention mechanisms for spatial feature
extraction, coupled with bidirectional LSTM networks for sequential pattern analysis. The system incorporates multi-scale
feature fusion to capture lesions of varying sizes, spatial attention modules for region-of-interest focusing, and channel
attention for feature importance weighting. Self-attention mechanisms enable long-range dependency modeling, while the
CNN-RNN integration facilitates comprehensive spatial-temporal analysis of oral cavity images.

3.3 Transfer Learning and Incremental Learning Framework

Transfer learning utilizes ImageNet pre-trained weights with progressive unfreezing and layer-wise learning rate
scheduling. The incremental learning framework employs Deep Q-Networks with state representation based on image
features and model confidence, action spaces encompassing classification decisions and uncertainty handling, and reward
functions optimized for accuracy and confidence metrics. Experience replay ensures stability while buffer management
and regularization techniques mitigate catastrophic forgetting.

3.4 Bio-inspired Optimization and Evaluation

Hybrid Seagull Optimization Algorithm (SOA) and Tunicate Swarm Algorithm (TSA) optimize network architecture
parameters, learning rates, and attention weights. Evaluation employs stratified 5-fold cross-validation with patient-level
splitting, multi-center validation for generalizability assessment, and comprehensive metrics including accuracy,
sensitivity, specificity, F1-score, AUC, and Matthews Correlation Coefficient. Statistical analysis incorporates bootstrap
confidence intervals and McNemar's test for classifier comparison.

4. EXPERIMENTAL DESIGN AND IMPLEMENTATION

4.1 Technical Specifications
Hardware Configuration:
e GPU: NVIDIA A100 (40GB VRAM)
e CPU: Intel Xeon Gold 6248R
e RAM: 256GB DDR4
e Storage: 2TB NVMe SSD
Software Environment:
e  Python 3.9 with PyTorch 1.12
e CUDA 11.6 for GPU acceleration
e Medical imaging libraries: Simplel TK, MONAI
e  Optimization frameworks: Optuna, Ray Tune

4.2 Training Configuration
Hyperparameter Settings:

e Learning rate: 1e-4 with cosine annealing

e  Batch size: 32 with gradient accumulation

e  Optimizer: AdamW with weight decay

e Loss function: Focal loss for class imbalance

e Regularization: Dropout (0.2) and batch normalization
Training Protocol:

e Maximum epochs: 100 with early stopping

e Validation monitoring every 5 epochs

¢  Model checkpointing based on validation AUC

e Learning rate reduction on plateau
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5. RESULTS AND DISCUSSION

5.1 Dataset Characteristics and Experimental Setup

Our comprehensive multimodal dataset encompasses 9,647 images sourced from multiple repositories and clinical centers,
addressing the critical scarcity of publicly available oral cancer datasets highlighted in recent literature [17]. The ORCHID
histopathological dataset contributed 2,548 high-resolution images at 1000X magnification, providing detailed cellular-
level information crucial for accurate classification. The MODID multispectral dataset added 243 images across 16 spectral
bands, enabling analysis of tissue optical properties beyond conventional RGB imaging. Clinical photographic images
totaling 1,856 samples were collected from multiple medical centers to ensure demographic and geographic diversity.
Synthetic data generation through GANs contributed an additional 5,000 images, effectively addressing class imbalance
issues while preserving the natural distribution characteristics of oral lesions.

Table 1: Dataset Characteristics and Distribution

Dataset Images OsCcC OPMD Normal Resolution Modality
ORCHID 2,548 1,274 847 427 1000x Histology
MODID 243 98 76 69 270x510 Multispectral
Clinical Photos 1,856 623 445 788 Variable RGB
Synthetic (GAN) 5,000 2,000 1,500 1,500 512x512 RGB

Total 9,647 3,995 2,868 2,784 - Multi

The dataset distribution demonstrates balanced representation across diagnostic categories, with 3,995 OSCC cases, 2,868
OPMD samples, and 2,784 normal tissue images. This comprehensive collection addresses previous limitations identified
in systematic reviews where only single datasets with limited anatomical coverage were publicly available [17]. The
multimodal nature of our dataset enables robust model training and validation across different imaging modalities,
enhancing the generalizability of our proposed system.

5.2 Architectural Performance Analysis

Our hybrid CNN-RNN architecture with attention mechanisms demonstrated superior performance compared to
conventional approaches, achieving an overall accuracy of 94.8% with 95% confidence intervals of £1.5%. The integration
of DenseNet-196 backbone with bidirectional LSTM networks and self-attention mechanisms yielded significant
improvements over baseline CNN architectures. Traditional DenseNet-196 alone achieved 87.3% accuracy, while ResNet-
101 and EfficientNet-B4 reached 84.6% and 86.9% respectively. The Swin Transformer architecture showed promising
results with 91.2% accuracy, confirming the effectiveness of attention mechanisms in medical image analysis. However,
our hybrid approach surpassed all individual architectures by effectively combining spatial feature extraction capabilities
with temporal pattern modeling.

Table 2: Performance Comparison Across Different Architectures

Architecture Accuracy (%) | Sensitivity (%) | Specificity (%) |F1-Score (%0)||AUC
DenseNet-196 87.3+21 85.7+28 89.2+19 86.8+23 0.924
ResNet-101 84.6+25 82.1+32 87.8+21 83.9+27 0.897,

EfficientNet-B4 86.9£23 845+29 88.7+22 85.6 £25 0.916

Swin Transformer  |91.2 +1.8 89.8+21 92.6 +1.7 90.5+19 0.953

Our Hybrid System |94.8 + 1.5 93.7+18 95.9+13 94.2+16 0.971

The sensitivity analysis revealed that our system achieved 93.7% sensitivity with £1.8% confidence intervals, indicating
robust capability for detecting positive cases crucial in clinical screening applications. Specificity reached 95.9% with

+1.3% confidence intervals, demonstrating excellent performance in correctly identifying negative cases and minimizing
false positive rates. The F1-score of 94.2% with +1.6% confidence intervals reflects balanced performance across precision
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and recall metrics. The AUC value of 0.971 indicates exceptional discriminative ability, significantly outperforming
previous studies reporting AUC values ranging from 0.88 to 0.95 [8,11].

Hybrid CNN-RNN Architecture with Attention Mechanisms for Oral Cancer Classification
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Figure 1: Hybrid CNN-RNN Architecture with Attention Mechanisms for Oral Cancer Classification

Legend: (A) Input preprocessing pipeline showing image standardization, color normalization, and augmentation
strategies. (B) DenseNet-169 backbone with dense connectivity patterns for spatial feature extraction. (C) Spatial attention
module highlighting region-of-interest focusing capabilities. (D) Bidirectional LSTM network for sequential pattern
analysis. (E) Multi-head self-attention mechanism for long-range dependency modeling. (F) Feature fusion layer
combining CNN and RNN outputs. (G) Classification head with confidence estimation. The architecture demonstrates
information flow from raw oral cavity images through progressive feature extraction stages to final classification outputs
with uncertainty quantification.

5.3 Incremental Learning Effectiveness

The incremental learning framework using Deep Q-Networks demonstrated remarkable capability for continuous
adaptation while minimizing catastrophic forgetting. Starting from base training with 6,000 samples achieving 94.8%
accuracy, the system maintained robust performance through sequential learning phases. The first increment with 1,200
new samples resulted in only 0.5% accuracy degradation, indicating effective knowledge retention. Subsequent increments
showed gradual performance decline, with the final increment achieving 93.6% accuracy representing an overall forgetting
rate of only 1.2%. The plasticity score, measuring the system's ability to learn new information, decreased from 0.92 to
0.85 across increments, reflecting the expected trade-off between stability and plasticity in continual learning systems.

Table 3: Incremental Learning Performance Across Sequential Tasks

Learning Phase New Samples Accuracy (%) Forgetting (%) Plasticity Score
Base Training 6,000 94.8+15 - -

Increment 1 1,200 943+17 0.5 0.92

Increment 2 1,200 93.9+18 0.9 0.88

Increment 3 1,247 93.6+19 12 0.85

Overall 9,647 93.6+19 12 0.88

This performance considerably outperforms traditional fine-tuning methods, which usually show catastrophic forgetting
rates over 10% when training new data in sequence [15]. Our integration of experience replay, regularization techniques
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and dynamic network expansion allows the system to adapt to new patient populations, variability in imaging equipment
and changes in clinical practice without needing a complete retraining. This is important because deploying models in the
real-world clinical environment is going to be extremely diverse and, in some cases, updates need continuous refitting so
that can operate accurately.

5.4 Bio-inspired Optimization Impact

The superior performance of the hybrid Seagull Optimization Algorithm (SORA)-Tunicate Swarm Algorithm (TSA) in
comparison to conventional optimization solutions. Standard grid search approaches were too computational expensive
and achieved a less accurate 91.2%. Performance was further enhanced by evolutionary algorithms, of which genetic
algorithms attained an accuracy of 92.7% but demanded a high computational cost as it required 45 convergence epochs.
Particle Swarm Optimization achieved 93.1% accuracy, at the cost of being less efficient compared to SOA or TSA
algorithms when considered separately, both reaching also higher accuracy than for the particle swarm optimization: +/-
94.2% and +/-94.5%accuracy respectively.

Table 4: Bio-inspired Optimization Algorithm Comparison

Algorithm Convergence Best  Accuracy Hype_rparameter Computational
Epochs (%) Efficiency Cost

Baseline (Grid Search) - 91.2 Low Very High

Genetic Algorithm 45 92.7 Medium High

gaprttiir‘;'fzaﬁon Swarm| s 93.1 Medium Medium

Seagull Optimization 32 94.2 High Medium

Tunicate Swarm Algorithm |29 94.5 High Low

Hybrid SOA-TSA 26 94.8 Very High Low

Using a combination of SOA and TSA instead of genetic algorithms resulted in the best performance, with 94.8% accuracy
at minimal optimization (at only 26 convergence epochs). A Hyperparameter efficiency rating of ‘Very High” implies they
explore and exploit the optimization landscape well. Efficacy vs computational efficiency) of the methods, which makes
this approach highly suitable for clinical environments where the lack of resources has a critical effect.

5.5 Multi-center Generalizability Assessment

The cross-institutional validation confirmed strong generalizability through diverse patient populations with only a small
reduction in performance. Baseline performance at the North American training center yielded accuracy of 94.8% with
samples consisting primarily of Caucasian populations. Mixed population demographics European center validation: mixed
population demographics 92.3% accuracy, generalization gap of 2.5% For validation, our model at Center C showed 91.7%
accuracy and a 3.1% decrease in performance when tested using an Asian population, and similarly for testing the African
population at Center D we obtained a 90.9% of accuracy with a generalization gap of 3.9%. The validation in the South
American Hispanic population reached an accuracy of 91.4% with a difference in performance totaling 3.4%.

Table 5: Multi-center Validation Results

Medical Center  |Location Population | Samples | Accuracy (%) | Generalization Gap

Center A (Training) [North America |Caucasian 2,891 [94.8+15 -

Center B Europe Mixed 1,456 |92.3+21 2.5%
Center C Asia Asian 2,234 |91.7%+23 3.1%
Center D Africa African 1,876  [90.9+2.7 3.9%
Center E South America |[Hispanic  |1,190 |91.4+25 3.4%
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Medical Center Location Population | Samples|Accuracy (%) |Generalization Gap

Average - - 9,647 |92.2+22 3.2%

A low average generalization gap of 3.2% across all centers demonstrated strong cross-population generalization ability,
far below often-reported medical Al literature (5-8%) [4]. SOTA generalization: This improved ability to generalize SOTA
is due in part to the wide-ranging curation strategy employed, which includes diverse population-level representation, and
through transfer learning methods used as well as extensive feature extraction capabilities from our hybrid architecture.
The consistent performance across different ethnicities, geographies and medical contexts shows that our system could be
deployed worldwide.

Incremental Learmning Performance and Bio-inspired Optimization Convergence Analysis

(A) Incremental Learning Curve (B) Catastrophic Forgetting Analysis (C) Plasticity Score Evolution
SOTE
| ___.—0""-
E H \\
. ' | : il £
|| I | |EES oe® wkisrad | tru-turay — O DO Aggrine
(D) Bio-inspired Optimization Convergence (E) Hyperparameter Landscape (F) Multi-center Validation Results

B

Summary: Incremental Learning and Optimization Analysis

Figure 2: Incremental Learning Performance and Bio-inspired Optimization Convergence Analysis

Legend: (A) Incremental learning curve showing accuracy maintenance across sequential learning phases with new data
integration. Colored bars represent different learning increments with confidence intervals. (B) Forgetting analysis
demonstrating minimal catastrophic forgetting compared to traditional fine-tuning approaches. (C) Plasticity score
evolution indicating the trade-off between stability and adaptability. (D) Bio-inspired optimization convergence
comparison showing SOA-TSA hybrid approach achieving optimal performance with minimal computational cost. (E)
Hyperparameter landscape visualization demonstrating optimization efficiency. (F) Multi-center validation results across
different geographic locations and populations, showing robust generalizability with manageable performance
degradation.

5.6 Clinical Implementation and Impact Assessment

The proposed system demonstrates significant potential for clinical translation through real-time processing capabilities
and integration compatibility with existing hospital information systems. Processing time of less than 2 seconds per image
enables seamless integration into clinical workflows without disrupting examination procedures. The confidence-based
recommendation system provides clinicians with uncertainty quantification for ambiguous cases, supporting informed
decision-making while maintaining clinical autonomy. Explanatory visualizations through attention heatmaps enable
pathologists to understand model reasoning, fostering trust and adoption in clinical practice.

Resource optimization analysis indicates substantial potential for reducing dependency on specialized pathologists,
particularly valuable for rural and underserved areas with limited access to expert diagnosis. The cost-effective deployment
capability makes the system accessible for resource-constrained healthcare settings, potentially improving early detection
rates in populations with limited healthcare access. The modular system design facilitates adaptation to different clinical
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environments and imaging equipment, ensuring broad applicability across diverse healthcare infrastructure.

5.7 Comparative Analysis with State-of-the-Art Methods

Our results demonstrate significant improvements over recently published approaches in oral cancer detection. Chen et al.
reported 94.95% accuracy using Swin transformer architectures [9], which our hybrid system surpassed by incorporating
RNN components and attention mechanisms. Das et al. achieved AUC values of 1.00 for OSCC classification using
DenseNet-196 [11], but their evaluation was limited to smaller datasets and single-modality imaging. Jubair et al. reported
85.0% accuracy with EfficientNet-BO [10], significantly lower than our 94.8% achievement. The comprehensive
multimodal approach and advanced optimization techniques contribute to our superior performance while maintaining
computational efficiency suitable for clinical deployment.

5.8 Limitations and Future Research Directions

Despite promising results, several limitations warrant consideration for future development. Dataset size remains
constrained compared to natural image benchmarks, necessitating continued efforts for data collection and sharing
initiatives. Generalization across different imaging equipment and protocols requires extensive validation before
widespread clinical deployment. Regulatory approval processes for medical Al systems involve complex validation
requirements that must be addressed through prospective clinical trials.

Future research directions include integration of multi-omics data incorporating genomic and proteomic information for
comprehensive analysis, development of federated learning frameworks enabling collaborative research while preserving
patient privacy, and extension to other head and neck cancers leveraging transfer learning capabilities. Real-world clinical
validation through prospective trials will be essential for demonstrating clinical utility and safety in diverse healthcare
environments.

6. CONCLUSION

This study presents a comprehensive intelligent multimodal deep learning system for early oral cancer detection and
classification. Our approach successfully integrates advanced CNN-RNN architectures, transfer learning strategies,
incremental learning with Deep Q-Networks, and bio-inspired optimization techniques to achieve superior performance
across diverse clinical scenarios.

Key achievements include: (1) Development of a comprehensive multimodal dataset addressing critical data scarcity, (2)
Implementation of a hybrid architecture achieving 94.8% accuracy with robust generalization, (3) Successful integration
of incremental learning maintaining performance while adapting to new data, (4) Effective application of bio-inspired
optimization for hyperparameter tuning, and (5) Demonstration of clinical viability through multi-center validation.

The proposed system addresses significant challenges in oral cancer diagnosis, offering potential for improved patient
outcomes through early detection and automated screening capabilities. The integration of explainable Al components
ensures clinical interpretability while maintaining high performance standards.

Future work will focus on expanding dataset diversity, conducting prospective clinical validation, and developing federated
learning frameworks for collaborative research while preserving patient privacy. The system's modular design enables
adaptation to other medical imaging applications, suggesting broader impact potential.
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