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SUMMARY: 
A cross-attention-based multimodal deep learning pipeline is presented for early detection of oral cancer using histopathological images and clinical data, enabling effective integration of heterogeneous features for accurate and interpretable diagnosis.

ABSTRACT: 
This protocol presents a cross-attention-based multimodal deep learning framework for oral cancer prediction by integrating histopathological images with structured clinical data. EfficientNetB0, a pretrained convolutional neural network, is used to extract features from histopathological images, while a fully connected neural network encodes clinical features. A cross-attention mechanism enables effective interaction between modalities, allowing the model to learn clinically relevant visual features conditioned on patient-specific attributes. To enhance model robustness, a comprehensive preprocessing pipeline is implemented, including handling of missing values, data normalization, data augmentation, and class balancing. Hyperparameters are optimized using Bayesian optimization to improve convergence and performance. Experimental results demonstrate that the proposed approach outperforms unimodal and conventional fusion methods, achieving an accuracy of 88.4%, precision of 90.9%, recall of 83.3%, F1-score of 87.0%, and an area under the receiver operating characteristic curve of 0.92. Ablation studies confirm the effectiveness of cross-attention in capturing intermodal dependencies, while interpretability analyses using gradient-weighted class activation mapping indicate that the model focuses on clinically meaningful features. Overall, the proposed framework provides a robust and interpretable solution for oral cancer prediction and highlights the potential of cross-attention-based multimodal learning in enhancing computer-aided diagnosis systems.

INTRODUCTION:
Oral cancer is one of the most prevalent malignancies worldwide and remains a major public health concern, particularly in developing countries. Oral squamous cell carcinoma (OSCC)1 accounts for the majority of oral cancer cases and is associated with high morbidity and mortality when not detected at an early stage. Despite advances in medical imaging and diagnostic procedures, accurate identification of malignant and potentially malignant oral lesions remains challenging due to variations in lesion appearance, patient-specific risk factors, and limited access to expert clinicians. Conventional diagnosis relies on visual inspection and histopathological examination. While biopsy-based diagnosis2 is considered the gold standard, it is invasive, time-consuming, and requires specialized expertise. Moreover, visual assessment is subjective and prone to inter-observer variability. These limitations highlight the need for reliable, noninvasive, and automated diagnostic systems to support early and accurate detection. To address these challenges, this protocol presents a cross-attention-based multimodal deep learning (DL) framework for oral cancer prediction.

Recent advances in DL3,4, particularly convolutional neural networks (CNNs), have demonstrated strong performance in medical image analysis tasks, including oral lesion classification. Lightweight architectures such as EfficientNet have shown promising results in clinical image-based classification5,6. However, most existing approaches rely solely on image-based information and neglect valuable clinical metadata, including age, gender, smoking habits, alcohol consumption, and lesion location. Clinical factors play a crucial role in oral cancer risk assessment and provide complementary information to visual features. Consequently, unimodal models often exhibit reduced robustness and limited generalization in real-world clinical settings.

Several studies have explored multimodal approaches to address these limitations. Tusher et al.7 proposed a multimodal machine learning ensemble framework integrating clinical and imaging data, demonstrating improved diagnostic reliability. Camalan et al.8 developed a CNN-based model using transfer learning and class activation maps to highlight diagnostically relevant regions. Sampath et al.9 introduced OralNet, a DL fusion framework combining CNN features with logistic regression for oral cancer identification. Khan and Asif10 proposed a feature-level fusion approach using self-attention mechanisms to improve robustness. Devindi et al.11 developed a multimodal deep CNN pipeline integrating clinical metadata with oral lesion images to emulate clinician decision-making. Tafala et al.12 presented a multimodal framework combining histopathological images with clinical and behavioral data for distinguishing OSCC from leukoplakia. Collectively, these studies demonstrate that multimodal data fusion significantly enhances diagnostic performance compared to unimodal approaches. The literature indicates a clear transition from unimodal image-based systems to multimodal and feature fusion-driven frameworks for oral cancer detection. Approaches integrating clinical metadata, behavioral risk factors, histopathological or clinical images, and expert-derived features consistently outperform single-modality models. Advanced architectures, including CNNs, Vision Transformers, self-attention mechanisms, and hybrid fusion strategies, improve robustness, interpretability, and early-stage detection of oral cancer. These developments highlight the growing clinical relevance of multimodal artificial intelligence (AI) systems, particularly for noninvasive screening, early diagnosis, and deployment in resource-limited healthcare settings. However, challenges remain, including the complexity of aligning heterogeneous modalities, limited and imbalanced datasets, and the risk of modality dominance during fusion13,14. Additional concerns such as interpretability, computational cost, and domain shift further affect model reliability and clinical applicability.

This protocol outlines a step-by-step procedure for developing an explainable and optimized multimodal pipeline for oral cancer prediction using histopathological images and tabular clinical data from the NDB-UFES dataset. The workflow includes systematic preprocessing of both data types, followed by dataset splitting using five-fold group-wise stratified sampling15 to prevent data leakage and maintain class balance. Subsequent steps include data augmentation, data balancing, feature encoding and projection, cross-attention-based multimodal model training, validation, hyperparameter optimization, and evaluation. Compared to unimodal approaches, this framework improves robustness, enables effective integration of heterogeneous data, and enhances interpretability through attention-based learning.

Data augmentation techniques16,17 are applied to increase image variability, while data balancing strategies18,19 address class imbalance. Feature encoding ensures that clinical data are mapped into a compatible latent space alongside image features. EfficientNetB020–22 is used for image feature extraction, while a multilayer perceptron23,24 encodes clinical data. Cross-attention mechanisms25–27 enable interaction between modalities, allowing clinical features to guide attention toward relevant image regions and capture complex interdependencies. Interpretability is further enhanced using explainable AI (XAI) techniques28–29, including gradient-weighted class activation mapping (Grad-CAM)30,31 for visual features and Shapley additive explanations (SHAP)32 for clinical features, improving transparency and trust in model predictions.

This method is particularly suitable for researchers working with multimodal biomedical datasets that combine imaging and structured clinical data for computer-aided diagnosis. It is applicable in scenarios requiring interpretable and robust predictive models for early disease detection, especially in settings where integrating heterogeneous data sources is critical. The key contributions of this study include:
(a) a cross-attention-based multimodal DL pipeline integrating histopathological images and clinical data for OSCC and leukoplakia detection;
(b) a comprehensive preprocessing framework addressing data inconsistency, scarcity, and class imbalance;
(c) hyperparameter optimization using Bayesian methods33,34 for improved model performance; and
(d) incorporation of XAI techniques, including Grad-CAM and SHAP, to enhance interpretability.

PROTOCOL: 
Follow the steps below for oral cancer prediction using a cross-attention-based multimodal fusion framework. The NDB-UFES dataset is publicly available and was collected with prior ethical approval; no new human data were collected in this study. Refer to Figure 1 for the workflow diagram.

[Place Figure 1 here]

1. Dataset Acquisition and Description

1.1. Obtain the dataset

NOTE: Perform all steps in a Python 3.12 environment using Jupyter Notebook on a system with Intel Core i7 CPU (16 GB RAM), as detailed in the Table of Materials.

1.1.1. Download the NDB-UFES multimodal dataset35 developed by the Federal University of Espírito Santo, Brazil.

1.1.2. Verify that the dataset contains 237 samples of histopathological images corresponding to OSCC and leukoplakia.

1.2. Inspect dataset contents

1.2.1. Verify that the dataset includes tabular attributes such as patient_id, image_path, localization, larger_size, tobacco_use, alcohol_consumption, sun_exposure, gender, skin_color, and age_group.

1.2.2. Confirm that image and clinical data are available for each sample.

1.2.3. Refer to Figure 2A and Figure 2B for sample images of OSCC and leukoplakia, respectively.

NOTE: The dataset integrates histopathological images with patient-specific clinical and demographic features.

CAUTION: Ensure compliance with patient data privacy regulations and store clinical data in secure, access-controlled environments.

[Place Figure 2 here]

2. Clinical Data Pre-Processing

NOTE: Organize the dataset such that all histopathological images (.png format) are stored in a single directory, while a separate CSV file(say clinical dataset) is located outside this directory contains image filenames along with corresponding clinical and socio-demographic attributes and class labels. 

2.1 Handle missing values

2.1.1 Identify missing values in the clinical dataset.

2.1.2 Replace missing numerical values with the mean of the respective column.

2.1.3 Replace missing categorical values with a new category labeled “Unknown.”

NOTE: Apply different imputation strategies based on feature type.

2.2. Normalize clinical data

2.2.1. Fit StandardScaler on numerical features of training data only using StandardScaler from Scikit-learn to standardize feature distributions, avoid data leakage, and facilitate fast convergence during model training. Apply the same transformation to validation and test sets.

2.2.2. Encode categorical features using LabelEncoder from Scikit-learn to assign a unique integer value to each category.

3. Histopathological Image Pre-Processing

3.1. Load the histopathological images dynamically by matching filenames from the CSV file. 

3.2. Read each image using the Python imaging library within a custom PyTorch dataset class.

3.3. Resize all histopathological images to a fixed resolution of 224 × 224 pixels.

3.4. Normalize pixel intensity values to the range [0, 1] to ensure consistency across inputs and stabilize model training.

4. Dataset Splitting

4.1. Split the dataset using five-fold group-wise stratified cross-validation implemented via StratifiedGroupKFold from sklearn.model_selection, with shuffle=True and random_state=42. 

4.2. Set global random seeds to ensure reproducibility by initializing numpy.random.seed(42) and torch.manual_seed(42) prior to data preprocessing and model training.

4.3. Ensure that samples from the same patient are not shared across folds while maintaining class balance.

4.4. Confirm that no data leakage occurs between training, validation, and test sets by verifying intersection of any two of these sets as null.

NOTE: Apply seed initialization before any data processing or model training steps to ensure consistent results across runs.

PAUSE POINT: The processed and split dataset can be saved and reused for model training.

5. Data Augmentation

5.1. Apply augmentation to the training dataset only.

5.2. Apply random rotation within ±15°to histopathological images using Torchvision transforms.

5.3. Apply horizontal flipping with probability 0.5 using Torchvision transforms.

5.4. Apply color jitter transformations with brightness = 0.2, contrast = 0.2, saturation = 0.1, and hue = 0.05 using Torchvision transforms.

5.5. Introduce small perturbations to numerical clinical features.

5.6. Preserve categorical feature values without any modification.

6. Data Balancing

6.1. Calculate the number of samples in each class (e.g., OSCC and leukoplakia) to identify imbalance.

6.2. Compute class weights as inverse class frequency to ensure that minority classes receive higher importance during training.

6.3. Perform weighted sampling using the WeightedRandomSampler function in PyTorch to address class imbalance issue in training.

6.4. Integrate WeightedRandomSampler with DataLoader (with shuffle=False) to generate balanced mini-batches during training. 

6.5. Do not apply sampling strategy to validation or test datasets.

NOTE: This approach enables the model to learn effectively from underrepresented classes without altering the original dataset distribution.

7. Model Architecture

7.1. Feature encoding

NOTE: Encode histopathological images and clinical data independently.  represents the input histopathological image; here,  indicates that the values are real numbers (pixel intensities), 𝐻 indicates the height of the image, W indicates the width of the image, and 𝐶 indicates the number of channels (C = 3 for RGB image).  represents tabular features; here,  represents the number of features in the tabular data.

7.1.1. Image feature extraction

7.1.1.1. Load histopathological images with a resolution of 224 × 224 pixels.

7.1.1.2. Initialize EfficientNetB0 as a pre-trained CNN model using torchvision. Freeze the earlier convolutional layers during training and fine-tune the last two blocks to adapt to oral lesion features.

7.1.1.3. Remove the final classification layer from the CNN.

7.1.1.4. Pass the input image through the CNN backbone to extract high-level feature representations.

7.1.1.5. Apply global average pooling to obtain a fixed-length feature vector.

7.1.1.6. Compute image embedding () using Equation 1:



7.1.2. Clinical feature extraction

7.1.2.1. Input processed clinical features into a clinical encoder.

7.1.2.2. Construct the clinical encoder using a two-layer multilayer perceptron, consisting of a fully connected layer with 256 neurons and ReLU activation, followed by a second fully connected layer that maps to a 128-dimensional embedding space with ReLU activation.

7.1.2.3. Generate a compact feature embedding representing the clinical modality.

7.1.2.4. Compute the tabular embedding () using Equation 2:



7.2. Projection of extracted features into common latent space

7.2.1. Set the embedding dimension to 128, with corresponding projection layers for query, key, and value in the attention module.

7.2.2. Project image features to obtain the query vector (). 

7.2.3. Project tabular features to obtain the key vector (). 

7.2.4. Project tabular features to obtain the value vector (). 

7.2.5. Compute the projections using Equations 3–5:







NOTE: , , and  are learnable projection matrices. The query vector is derived from image features, while key and value vectors are derived from tabular features.

7.3. Cross-attention-based multimodal fusion

7.3.1. Implement attention using PyTorch nn.MultiheadAttention with one attention head.

7.3.2. Compute attention scores using scaled dot-product between Q and K.

7.3.3. Normalize the attention scores using the softmax function.

7.3.4. Multiply the normalized attention weights with V to obtain the context-aware representation .

7.3.5. Compute the attention output using Equation 6:



NOTE:  represents the dimension of the query and key vectors.

7.4. Feature fusion and refinement

7.4.1. Concatenate  and  to obtain the fused representation  (Equation 7).



7.4.2. Pass the fused features through a fully connected layer with 128 neurons followed by ReLU activation.

7.4.3. Apply dropout regularization to reduce overfitting.

7.5. Final classification layer

7.5.1. Input the fused feature representation () into a fully connected classification layer to obtain a new feature representation  (Equation 8).



NOTE:  represents learnable parameters,  represents a bias vector added to the linear transformation to improve model flexibility, and  denotes a nonlinear ReLU activation function.

7.5.2. Apply a  activation function to obtain class probabilities (Equation 9):



NOTE:  represents learnable parameters and  represents a bias vector.

7.5.3. Assign the final class label based on the maximum probability score.

8. Training Procedure

8.1. Enable deterministic training behavior by setting torch.backends.cudnn.deterministic = True and torch.backends.cudnn.benchmark = False.

8.2. Define binary cross-entropy as the loss function for binary classification.

8.3. Initialize the Adam optimizer using PyTorch.

8.4. Apply Bayesian optimization using Optuna to tune hyperparameters, including learning rate, batch size, embedding dimension, and dropout rate. Use the following predefined parameter ranges: learning rate [0.00001–0.001], batch size [16, 32, 64], embedding dimension [64, 128, 256], and dropout rate [0.1–0.5]. 

8.5. Train the multimodal model for a predefined number of epochs (N = 30) for each sampled hyperparameter configuration. Apply early stopping with patience=5.

8.6. Perform validation after each epoch using the validation dataset.

8.7. Apply Bayesian optimization with 50 evaluations (10 initial random points and 40 guided iterations) over predefined parameter ranges.

8.8. Identify the best-performing model configuration.

8.9. Refer to Table 1 for optimized hyperparameters used in the proposed pipeline.

NOTE: Perform preprocessing using standard libraries such as scikit-learn and implement model training using DL frameworks such as PyTorch.

[Place Table 1 here]

9. Evaluation and Ablation Study

9.1. Compute performance metrics using scikit-learn’s sklearn.metrics functions, including accuracy_score, precision_score, recall_score, f1_score, confusion_matrix, and roc_auc_score.

9.2. Refer to Figure 3 for the confusion matrix.

[Place Figure 3 here]

9.3. Refer to Table 2 for performance metrics of the proposed pipeline and baseline models.

[Place Table 2 here]


9.4. Generate a confusion matrix using Scikit-learn to evaluate class-wise performance.

9.5. Calculate true positives, true negatives, false positives, and false negatives.

9.6. Analyze overfitting by comparing training and validation performance across epochs using Matplotlib.

9.7. Refer to Figure 4A and Figure 4B for training and validation performance trends.

[Place Figure 4 here]

10. Model Interpretability Using Grad-CAM 

10.1. Apply Grad-CAM using torchcam to visualize important regions in histopathological images contributing to the model’s prediction.

10.2. Compute gradients of the target class score with respect to the final convolutional layer feature maps.

10.3. Generate heatmaps using [same Grad-CAM tool as in Step 10.1] by weighting feature maps with the computed gradients and applying ReLU activation.

10.4. Overlay the heatmap on the original image using Matplotlib to highlight discriminative regions.

10.5. Interpret the highlighted regions to verify whether the model focuses on clinically relevant areas.

NOTE: Grad-CAM highlights regions in the image that contribute most to the model’s prediction.

RESULTS:
The image-only model achieved an accuracy of 78.5%, which was higher than the clinical-only model (71.3%), indicating that visual features provide stronger discriminatory information for oral cancer detection. The fusion of both modalities improved performance to 81.2%, demonstrating that clinical data contributes complementary information to image-based predictions.

Further improvements were observed with attention-based models. The self-attention fusion model achieved an accuracy of 83.6%, indicating improved intramodal feature representation. The proposed cross-attention pipeline achieved the highest accuracy of 87.4% and an area under the receiver operating characteristic curve (AUC) of 0.92, demonstrating enhanced capability in modeling inter-modal relationships.

These results show a progressive improvement from unimodal to multimodal and attention-based approaches, confirming the effectiveness of integrating heterogeneous data sources. A successful outcome of the protocol is characterized by improved classification accuracy and consistent performance across evaluation metrics when combining image and clinical data.

The model occasionally misclassified early-stage OSCC as leukoplakia, particularly when lesions exhibited mild dysplasia or subtle morphological irregularities. The model demonstrated lower sensitivity for early-stage OSCC, where discriminative features are less pronounced. Similarly, low-grade leukoplakia with minimal structural deviation from normal tissue resulted in false negatives. This suggests that the model relies heavily on high-contrast pathological features, limiting early detection capability.

The cross-attention mechanism enables interaction between image and clinical features, resulting in more informative feature representations and improved classification outcomes compared to unimodal and basic fusion approaches.

The high AUC value of 0.92 indicates strong discriminative ability across different classification thresholds. Consistent improvements across accuracy and related metrics suggest stable model performance.

The confusion matrix (Figure 3) and training curves (Figure 4) provide additional insight into classification performance and model convergence behavior. The Grad-CAM visualization (Figure 5) highlights discriminative regions associated with OSCC classification. The fused Grad-CAM and attention maps demonstrate improved localization by emphasizing diagnostically relevant regions and suppressing irrelevant areas.

[Place Figure 5 here]

FIGURE AND TABLE LEGENDS: 

Figure 1. Workflow of the proposed cross-attention-based multimodal pipeline. Schematic of the pipeline including image preprocessing, clinical data preprocessing, feature extraction, cross-attention-based fusion, and final classification.

Figure 2. Representative histopathological images from the NDB-UFES dataset. (A) Oral squamous cell carcinoma (OSCC). (B) Leukoplakia. Images illustrate morphological differences between malignant and potentially malignant lesions.

Figure 3: Confusion matrix illustrating classification performance of the proposed cross-attention-based multimodal model for oral cancer prediction. The matrix compares actual versus predicted class labels for leukoplakia and oral squamous cell carcinoma (OSCC), showing correct classifications (true positives and true negatives) and misclassifications (false positives and false negatives) across both classes.

Figure 4. Model performance evaluation during training. (A) Training and validation accuracy curves. (B) Training and validation loss curves. The curves demonstrate progressive learning and convergence. Curves represent single-run performance without variability estimation.

Figure 5. Grad-CAM and cross-attention-based visualization. From left to right: original histopathological image, Grad-CAM heatmap, cross-attention map, and fused Grad-CAM × attention visualization. The fused map highlights diagnostically relevant regions with improved localization.

Table 1. Optimized hyperparameters for the proposed cross-attention-based multimodal deep learning model. The table summarizes the final hyperparameters used to train the proposed model, including the learning rate, batch size, embedding dimension, and dropout rate. These parameters were selected to ensure stable training, efficient convergence, and improved model performance.

Table 2. Performance comparison of unimodal, multimodal, and attention-based fusion models for oral cancer classification. The table presents the performance of different models, including image-only, clinical-only, multimodal fusion, self-attention-based fusion, and the proposed cross-attention-based multimodal model. Evaluation metrics include accuracy, precision, recall, F1-score, and AUC. The results demonstrate progressive improvement with multimodal integration and attention mechanisms, with the proposed model achieving the highest overall performance.

DISCUSSION:
The experimental results demonstrate the effectiveness of multimodal learning for oral cancer classification, with a consistent performance improvement observed as more sophisticated fusion strategies are introduced. These findings are consistent with prior studies demonstrating strong diagnostic performance of multimodal approaches compared to unimodal methods7–12. The image-only model achieved an accuracy of 78.5%, indicating that visual features extracted from histopathological images provide strong discriminatory information. However, its performance is limited by the absence of complementary clinical context. Similarly, the clinical-only model yielded a lower accuracy of 71.3%, suggesting that tabular features alone are insufficient for robust classification, likely due to their limited ability to capture complex morphological patterns.

The multimodal fusion model without attention improved the accuracy to 81.2%, confirming that combining visual and clinical modalities enhances predictive capability. This improvement highlights the complementary nature of heterogeneous data sources in medical diagnosis and aligns with previously reported multimodal frameworks, such as those achieving 81% accuracy and moderate correlation performance (Matthews correlation coefficient = 0.57) through integration of clinical metadata and imaging features11.

Further enhancement is observed with the self-attention-based fusion model, which achieved an accuracy of 83.6%. The use of self-attention allows the model to learn intra-modal feature dependencies, leading to better feature representation and improved classification performance, consistent with prior attention-based feature fusion approaches10.

The proposed cross-attention-based multimodal fusion model outperforms all baseline approaches, achieving the highest accuracy of 88.4%, precision of 90.9%, F1-score of 87%, and AUC of 0.92. This performance is comparable to previously reported multimodal and attention-based frameworks, including models achieving 91% accuracy and AUC of 0.937, 97.8% accuracy9, 98.83% accuracy10, and 97% accuracy with high precision and F1-score12. These comparisons demonstrate that cross-attention effectively models intermodal relationships by aligning clinically relevant features with spatially informative regions in the image. Consequently, the model can focus on diagnostically meaningful areas, leading to more accurate and reliable predictions.

From a clinical perspective, the high precision (90.9%) indicates a low false-positive rate, which is crucial for reducing unnecessary anxiety and medical interventions. Although the recall (83.3%) is slightly lower than that of the self-attention model, it remains sufficiently high, suggesting that most malignant cases are correctly identified. This trade-off reflects a balanced and practical diagnostic system.

The explainability analysis using Grad-CAM and cross-attention further supports these findings. While Grad-CAM highlights broadly relevant regions, the cross-attention mechanism refines this focus by incorporating clinical insights. The fused visualization demonstrates more precise localization of pathological regions, reducing noise and improving interpretability. This is consistent with studies demonstrating the role of XAI in highlighting diagnostically relevant regions and improving transparency in DL-based diagnostic systems8,30–32.
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