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ABSTRACT 

Background: oral mucosal lesions include various types of mucosal abnormalities , such as oral cancer (OCA), 

oral potentially malignant disorders (OPMDs) and benign lesions. Proper classification at early stage is essential 

for precise clinical management; however, conventional diagnosis depends on subjective visual examination. 

Objectives: To investigate and compare three deep learning models-a customized convolutional neural network 

(BasicCNN),ResNet50, and ConvNeXt-Small-for automated four-category classification of oral lesions from 

clinical images and to determine the impact of dataset augmentation, regularization, and statistical analysis on 

model performance. 

Methods: A dataset contains 1,304 clinically validated oral images curated from Piyarathne et al.(2024) along 

with the addition of 117 external OCA images from parola et al. (2024) to address the significant OCA 

underrepresentation (4.8%). One co-author collected 20 image as external validation dataset and performed an 

excisional biopsy for five cases.Three models were trained: BasicCNN (from scratch), ResNet50 (pretrained on 

ImageNet), and ConvNeXt-Small (pretrained, AdamW, CosineAnnealingLR, dropout, label smoothing ε=0.1, and 

5-view test-time augmentation). Performance was assessed using macro F1, Cohen kappa, sensitivity, and 

specificity per class. 

Results: ConvNeXt-Small achieved the highest accuracy of 71.7% (95% CI: 65.9–77.0%), macro F1 of 0.719, 

and OCA F1 of 0.91 outperforming ResNet50 (69.8%, F1=0.697) and BasicCNN (53.2%, F1=0.538). OCA 

achieved AUC=0.950 (macro-AUC=0.881), with a sensitivity of 91.4% and a specificity of 96.9%. Pretrained 

models were statistically significantly better than BasicCNN (McNemar p < 0.001); the ConvNeXt vs. ResNet50 

difference was not significant (p = 0.590). Dataset enrichment was essential: OCA F1 improved from 0.00 to 0.63 

following enrichment. 

Conclusions: The ConvNeXt-Small architecture with progressive regularization and test-time augmentation 

outperformed other models in four-class oral lesion classification. Transfer learning played a vital role in boosting 

performance. The use of enriched data is crucial in order to detect OCA. These results can prove the possible 

application of deep learning in medical diagnostics. 
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INTRODUCTION 

Globally, oral cancer accounts for approximately 2% of all cancer cases and is associated with high mortality, 

with a 5-year survival rate of less than 60% [1]. Oral squamous cell carcinoma (OSCC) is the most prevalent 

malignancy of the oral cavity, representing the majority of oral cancer cases worldwide [2,3]. According to 

GLOBOCAN 2020, oral cancer ranked as the 16th most common cancer globally, with 377,713 new cases and 

177,757 deaths [4]. Approximately two-thirds of newly diagnosed cases in 2020 occurred in Asian countries [5]. 

The worldwide prevalence of oral potentially malignant disorders (OPMDs) is estimated at 4.67% (95% CI: 3.62–

5.84), with a higher prevalence in Asia (5.44%) [6]. 

In Iraq, 722 OSCC cases were reported between 2014 and 2018, with an estimated incidence rate of 0.4 per 

100,000 population, predominantly affecting males and those over 40 years of age [7]. A crude mortality rate of 

0.20 per 100,000 population was recorded in 2023 with 321 cases of oral cancer (0.73% of all malignancies) and 

88 deaths [8]. The majority of patients are diagnosed at advanced stages, and survival rates are still between 50% 

and 55% over the past decades despite these epidemiological loads [9]. 

The gold standard is histopathological diagnosis based on incisional or excisional biopsy, but clinical examination 

is still the primary evaluation method (10). However, there are a number of limitations to this approach: while 

biopsy complications, including bleeding and infection, have been documented, the procedure is time-consuming, 

invasive, and prone to inter-observer variability [11–14]. 
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Additionally, clinical judgment depends mainly on inspection and palpation, which are subjective and operator-

dependent, decreasing diagnostic accuracy, particularly for early-stage OPMDs [10, 11, 15]. These restrictions in 

environments of limited resourses highlight the demand for more consistent and objective techniques to enhance 

clinical decision-making [16, 17]. 

In recent years, artificial intelligence (AI) and deep learning approaches have attracted considerable attention in 

medical and dental research [18]. Several medical imaging techniques, including fundus, endoscopic, 

histopathological, CT, and MRI, have successfully employed deep learning [19]. AI-based systems for OPMD 

and oral cancer screening utilizing deep learning image identification have been studied in the field of oral health 

[20]. Conventional machine learning techniques depend on manual feature extraction, restricting their capapility 

to capture complex visual patterns [21]. Convolutional neural networks (CNNs) address this by automatically 

extracting hierarchical image features [22]. For lesion localization in medical imaging, deep learning-based 

detection frameworks such as YOLO and Faster R-CNN have also been used [23, 24]. 

Deep learning for automated oral lesion detection has been reported by several studies. Fu et al. utilized 5,775 

images and achieved an external validation AUC of 0.935 [25]. Warin et al. applied CNN to 700 images and 

reported a sensitivity of  82.14% [26]. Using Vision Transformers for binary OSCC classification, Flügge et al. 

achieved accuracy of 98.6% and AUC of 99% [27]. While using a CNN model, Lee et al. worked on 1,810 tongue 

images and reached an accuracy of 94.44% [28]. More recent multi-class work includes Tanriver et al. (F1=0.85, 

n=684) [29]; Talwar et al. (F1=0.84, n=2,178 smartphone images) [30]; Kouketsu et al. (OSCC sensitivity 93.9%, 

n=1,043) [31]; and Hsu et al. (F1=0.688, n=6,903, YOLOv7) [32]. 

Despite these advances, research on simultaneous four-class oral lesion classification–encompassing healthy 

mucosa, benign lesions, OPMDs, and OCA—with rigorous statistical comparison of multiple architectures 

remains limited. The present study addresses this gap by training and comparing three deep learning architectures 

for four-class oral lesion classification, with systematic evaluation of dataset enrichment, progressive 

regularization, and pairwise statistical significance testing of model differences. 

 

METHODS 

The flow diagram of the proposed system is shown in Fig. 1. The process starts with sources of datasets, then 

merges and enhances the main dataset for OCA enrichments. After that, the dataset is split into training and testing 

to be prepared for the next step. The next step is model training, and then finally model evaluation. The whole 

process is explained in the next sections. 

 

 
Fig. 1: The flow diagram of the proposed system 

 

Study Design and Dataset  

This retrospective diagnostic modeling study utilized clinical oral lesion images publicly available through 

Zenodo (DOI: 10.5281/zenodo.10664056) and described by Piyarathne et al. [33]. The dataset contains 3,000 

clinical photographs acquired using mobile phones from 714 patients at the Teaching Hospital of Peradeniya, Sri 

Lanka (2022–2023), categorized into four classes: Benign, Healthy, OCA, and OPMD, by two dentists supervised 

by oral medicine specialists. Histopathological confirmation was available for 100% of OCA cases, 56.4% of 

OPMD cases, and 15.4% of benign lesions. After file-level validation excluding 15 corrupt files, the usable 

primary dataset comprised 1,187 images. 
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External Data Enrichment for OCA Class 

The OCA class accounted for only 57 images (4.8%), yielding 11 OCA validation samples under an 80/20 

stratified split. Preliminary experiments confirmed this was clinically insufficient: a Basic CNN trained on the 

original dataset achieved OCA F1=0.00 regardless of augmentation. To address this, supplementary images were 

obtained from an external oral lesion dataset developed by Parola et al. at the University of Pisa [34, 35] accessed 

under a research-use agreement. From 125 extracted neoplastic images, 117 usable files were retained after 

validation. The final merged dataset comprised 1,304 validated images as shown in table 2, with OCA 

representation increasing from 57 image (4.8%) to 174 image 13.3% following external enrichment. 

Independent external validation was performed on 20 histopathologically confirmed clinical photographs 

collected by the authors, with five cases undergoing excisional biopsy performed by one of the co-authors. 

 

Data Preprocessing and Augmentation 

All images were resized to 224×224 pixels in RGB format. For pretrained models, ImageNet normalization was 

applied (mean= [0.485, 0.456, 0.406], std= [0.229, 0.224, 0.225]). The dataset was partitioned 80/20 using 

stratified random sampling (random_state=42), yielding training (n=1,043) and validation (n=261) sets. 

BasicCNN and ResNet50 used basic augmentation (horizontal flip, ±10° rotation, colour jitter ±0.15). ConvNeXt-

Small used a stronger pipeline: RandomResizedCrop (scale= [0.7,1.0]), vertical flip (p=0.2), rotation ±15°, colour 

jitter ±0.30, GaussianBlur (k=3), and RandomErasing (p=0.3). Validation images received deterministic 

preprocessing only. 

 

Model Architectures 

Three architectures were implemented and evaluated:  

(1)BasicCNN: a custom three-block convolutional network trained from scratch (32→ 64 →128 channels, 

Conv2D + ReLU + MaxPool2D per block), followed by Linear (100,352→256) + ReLU + Dropout (0.3) + Linear 

(256→4), ~25.8M parameters.  

(2)ResNet50: ImageNet-pretrained, with the original head replaced by Dropout (0.3) + Linear (2,048→4), fully 

fine-tuned [36]. 

(3)ConvNeXt-Small: ImageNet-pretrained, ~49.5M parameters, with Dropout (0.3) + Linear (768→4) head [37]. 

Observed overfitting (>400× train/val loss divergence) motivated four regularisation improvements: AdamW with 

weight decay 5×10⁻³; learning rate 5×10⁻⁵ with CosineAnnealingLR; label smoothing (ε=0.1); and early stopping 

(patience=7 on macro F1). At inference, five-view TTA was applied (original crop, horizontal flip, vertical flip, 

larger-scale crop, and corner crop), with softmax probabilities averaged before argmax prediction. Detailed 

hyperparameters are in Table 1. 

                                             

Table 1. Training hyperparameters per model architecture. 

Parameter BasicCNN  ResNet50  ConvNext-small  

Input size 224×224 224×w224 224×224 

Learning rate 1×10-4 1×10-4 5×10-5 

Optimizer Adam Adam AdamW 

Weight decay – – 5×10-3 

Batch size 16 8 8 

LR Scheduler – – CosineAnnealingLR 

Max epochs 50 50 30 

Dropout 0.3 (FC layer) 0.3(head) 0.3 (head) 

Test-Time 

augmentation 

No No Yes (×5 views) 

Early stopping No No Yes (patience=7) 

 

Loss function Weighted CE Weighted CE Weighted CE + 

label smoothing 

(ε=0.1) 

 

Statistical Analysis 

Performance was assessed using macro F1 (primary metric; equal weight to all classes), per-class 

precision/recall/F1, overall accuracy, and Cohen kappa (κ, Landis and Koch criteria). Sensitivity and specificity 

were computed per class in a one-vs-rest manner. ROC curves and AUC were computed for the ConvNeXt-Small 

final model using softmax probability outputs. Bootstrap 95% CIs were computed using the non-parametric 

percentile method (n=2,000 resamples, seed=42). The McNemar paired test was applied to all enriched-dataset 

model pairs (R3–R7) using actual per-sample prediction vectors, with an exact binomial test when discordant 

pairs ≤25. All analyses used Python (scikit-learn, statsmodels). Significance: α=0.05. 
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RESULTS 

The final merged dataset comprised 1,304 validated images (Table 2). OCA representation increased from 57 

(4.8%) to 174 images (13.3%) following external enrichment. 

           

Table 2. Dataset class distribution and train/validation partition after OCA enrichment. 

Category Source Total Train (80%) Val (20%) 

Healthy Primary dataset 459 367 92 

OPMDs Primary dataset 333 267 66 

Benign Primary dataset 338 270 68 

OCA Primary+External 

(parola et al.) 

 139 35 

Total – 1304 1043 261 

 

BasicCNN trained from scratch on the enriched dataset achieved an accuracy of 53.2% (95% CI: 47.1–59.4%), a 

macro of F1 0.538, and κ=0.362 (fair agreement). OCA detection was achieved (F1=0.63), a critical improvement 

over the original dataset where OCA F1=0.00 (only 11 validation samples). ResNet50 achieved substantially 

higher performance: accuracy 69.8% (95% CI: 64.0–75.1%), macro F1 0.697, κ=0.579 (Moderate agreement), 

and OCA sensitivity 88.6%. ConvNeXt-Small with advanced regularization and TTA achieved the highest 

performance: accuracy 71.7% (95% CI: 65.9–77.0%), macro F1 0.719, and OCA F1 = 0.91. Detailed per-class 

metrics are in Table 3. 

Training curves for the final ConvNeXt model are presented in Fig. 2, showing controlled train/validation loss 

convergence with label smoothing preventing loss collapse.  

Confusion matrices for all three models are shown in Fig. 3. 

 

Table 3. Per-class classification metrics for all three models on the validation set (n=261). Values for 

ConvNeXt-Small (v3+TTA) are derived from actual Kaggle prediction outputs (Figure 2). Bootstrap 95% 

CI computed with n=2,000 resamples. κ interpreted per Landis and Koch criteria. 

Model Class Precision Recall F1-

score 

n Accuracy (95% CI) 

BasicCNN Benign 0.42 0.40 0.41 68 0.532 

 OCA 0.63 0.63 0.63 35 Macro F1: 0.538 

 Healthy 0.64 0.53 0.58 92 [0.471–0.594] 

 OPMDs 0.48 0.62 0.54 66 κ = 0.362 (Fair) 

ResNet50 Benign 0.62 0.65 0.63 68 0.698 

 OCA 0.89 0.69 0.77 35 Macro F1: 0.697 

 Healthy 0.74 0.82 0.77 92 [0.640–0.751] 
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 OPMDs 0.64 0.59 0.61 66 κ = 0.579 (Moderate) 

ConvNeXt-

small 

Benign 0.61 0.60 0.60 68 0.717 

 OCA 0.91 0.91 0.91 35 Macro F1: 0.719 

(V3+TTA) Healthy 0.72 0.67 0.70 92 [0.659–0.770] 

 OPMDs 0.70 0.71 0.71 66 κ = 0.590 

      Moderate–Substantia 

 

 
Fig. 2: Training and validation loss (left) and validation accuracy (centre) and macro F1 (right) curves for 

the ConvNeXt-Small v3 + TTA model over 17 epochs. Label smoothing (ε=0.1) prevents training loss 

from collapsing to near zero, maintaining a controlled train/validation gap throughout training. Early 

stopping was triggered at epoch 17. 
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Figure 3. Normalized confusion matrices (row-normalized recall) for all three models on the validation set 

(n=261). Values represent the proportion of each true class predicted as each category; raw countsin 

parentheses.OCA recall improves from 0.63 (BasicCNN) to 0.89 (ResNet50) to 0.91 (ConvNeXt-Small 

v3+TTA). The Benign–OPMD boundary is the most consistently confusing pair across all three models. 

 

For the ConvNeXt-Small final model, one-vs-rest sensitivity and specificity were Benign (0.60, 0.86), Healthy 

(0.67, 0.90), OCA (0.914, 0.969), and OPMD (0.71, 0.89). ROC/AUC analysis (Figure 4) yielded: Benign=0.825, 

Healthy=0.908, OCA=0.950, OPMD=0.831, macro average=0.881. 

 

 
Figure 4. ROC curves for the ConvNeXt-Small v3+TTA final model using a one-vs-rest strategy (each 

class vs all others), computed from softmax probability outputs. OCA achieves the highest AUC (0.950), 

indicating excellent discrimination of malignant from non-malignant cases across all decision thresholds. 

 

McNemar pairwise testing (Table 4) confirmed that both pretrained models were statistically significantly better 

than enriched BasicCNN (ResNet50 vs. BasicCNN: n01=70, n10=27, p<0.001; ConvNeXt vs. BasicCNN: 

n01=74, n10=26, p<0.001). The difference between ResNet50 and ConvNeXt-Small was not statistically 
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significant (n01=30, n10=25, p=0.590), indicating that pretrained transfer learning—rather than specific 

architecture or regularization—was the dominant driver of improvement.  

 

Table 4. Summary statistical analysis — accuracy, 95% bootstrap CI, Cohen kappa, OCA sensitivity and 

specificity, ROC/AUC (from Figure 3), and McNemar pairwise test results. AUC values derived from 

actual softmax probability outputs of the final ConvNeXt-Small checkpoint. 

Metric BasicCNN ResNet50 ConvNeXt-Small 

(Final) 

P-value 

Accuracy 0.532 0.698 0.717 – 

95%CI (Accuracy) [0.471–0.594] [0.640–0.751] [0.659–0.770] – 

Macro F1 0.538 0.697 0.719 – 

95% CI 

Sw,(Macro F1) 

[0.475–0.597] [0.639–0.755] [0.662–0.774] – 

Cohen kappa (k) 0.362 (Fair) 0.579 (Moderate) 0.590 (Moderate – 

OCA Sensitivity 0.629 0.886 0.914 – 

OCA specificity 0.943 0.987 0.969 – 

OCA AUC – – 0.950 – 

Macro AUC – – 0.881 – 

Vs.BasicCNN (Mc 

Nemar) 

– p<0.001*** p<0.001*** – 

Vs.ResNet 50 

(Mc Nemar) 

– – p=0.590 (n.s.) – 

 

DISCUSSION 

ConvNeXt-Small with progressive regularization and test-time augmentation achieved the highest performance 

in four-class oral lesion classification (accuracy 71.7%, macro F1 0.719, OCA AUC 0.950). The most important 

statistical finding, however, is that this advantage over ResNet50 was not significant (McNemar p = 0.590), while 

both pretrained models significantly outperformed the scratch-trained CNN (p < 0.001). This confirms that 

pretrained ImageNet transfer learning is the essential enabling factor for this dataset scale, rather than any 

architecture-specific feature. 

In contrast to the original dataset, where OCA was completely undetectable (F1=0.00), the OCA class achieved 

the highest AUC (0.950) and F1 (0.91) among all classes in the final model. 
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This shift was caused mostly by dataset enlargement (4.8%→13.3% OCA representation), proving that minority-

class representation is the most crucial requirement for clinically safe oral cancer classification. Even the robust 

architecture would consistently fail to identify malignancy in the absence of data enrichment. 

Although statistically non-significant in this situation, the superiority of ConvNeXt-Small over ResNet 

architectures may be explained by its 7×7 depthwise separable convolutions permitting larger receptive fields, 

LayerNorm for training stability, and GELU activations [38]. These adjustments improve fine-grained texture 

discrimination that is required for classifying the oral lesions. However, it should not be exaggerated because the 

statistical non-significance indicates that these architectural advantages were not reflected by a noticable accuracy 

enhancement result on this 261-sample validation set. 

In all three models, benign lesions persisted as the most challenging group, highlighting the real clinical difficulty 

of differerntiating benign reactive lesions from early OPMDs. White patches visually identical to leukoplakia may 

appear in reactive lesions such as frictional keratosis. Previous studies have similarly observed lower performance 

at the benign-OPMD boundary [31, 32], which suggests it is an intrinsic feature of visual categorization rather 

than a model limitation. 

The OCA specificity of 96.9% is clinically suitable for a monitoring tool, producing false alarms in only 3.1% of 

non-cancer conditions and thereby reducing excessive referral cases. By having one undetected case in eleven 

cancer cases, the 91.4% OCA sensitivity remains a barrier for reliable clinical applications. The high OCA AUC 

(0.950) indicates that threshold scaling may be able to further enhance sensitivity while maintaining satisfactory 

specificity without the need for retraining. 

While comparing previous studies, methodological variations should be considered. Studies demonstrating 

accuracy >95% [27, 31] usually used binary formulations (OSCC vs. normal), more uniform datasets, or more 

standardized imaging conditions; therefore, making direct comparison is improper. In this study, the four-class 

simultaneous classification is inherently more difficult, and the using bootstrap CIs and McNemar testing yields 

a more cautious and consistent performance estimate than using point-estimate accuracy only. 

 

Study Limitations 

First, the generalizability of point estimates is restricted since evaluation relied on a single 261-sample validation 

split; bootstrap CIs overcome this issue.  

Second, there was inadequate histopathological confirmation for OPMD (56.4%) and benign (15.4%) categories, 

which could lead to label noise. Third, the domain shift was possibly due to cross-dataset domain discrepancies 

between the Sri Lankan primary images and the Italian external OCA. Fourth, clinical interpretability was 

restricted as the model has no explainability output (e.g., Grad-CAM). Fifth, an inadequate external validation 

sample (only 20 cases) for conclusive findings regarding generalizability.  

Future research should use multi-institutional datasets, incorporate explainable AI techniques, and prospective 

validation. 

 

CONCLUSION 

 The most accurate results in four-class oral lesion classification were recorded by ConvNeXt-Small with 

progressive regularization (AdamW, CosineAnnealingLR, label smoothing ε=0.1) and five-view test-time 

augmentation: accuracy 71.7%, macro F1 0.719, OCA F1 0.91, and OCA AUC 0.950.  

Pretrained ImageNet transfer learning was the primary cause for the statistically significant improvement over the 

scratch-trained CNN (p < 0.001).  

In order to raise OCA representation from 4.8% to 13.3% and optimize OCA detection from F1=0.00 to 0.91, data 

enrichment was crucial. Upon achieving the requirement of multi-institutional validation and explainable AI 

incorporation, these results confirm the potential of pretrained convolutional architectures as adjunctive screening 

tools for oral lesion triage. 
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