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Abstract 
Oral cancer, with the most common type being Oral Squamous Cell Carcinoma (OSCC), is a 
pervasive world-wide health problem whose successful treatment relies on early 
detection. In this paper, presents a novel framework of ensemble learning method for oral 
lesion classification. Starting with a clinically relevant dataset of 2450 histopathological 
images from six lesion classes, expert-annotated histopathological features were 
employed to train and refine three ensemble-based models: Random Forest (RF), 
XGBoost, and CatBoost. The methods show state-of-the-art performance, with CatBoost 
obtaining the highest test accuracy of 95% compared to XGBoost (94%) and Random 
Forest (92%). More importantly, it outperforms state-of-the-art methods in oral 
histopathology categorization and can compare favorably with advanced ensemble 
method for other cancer diagnostics. This work primary contribution is the integration of 
clinical domain knowledge with machine learning, taking advantage of explainable 
histopathological features to provide a solution both highly accurate and feasible in 
practice. This framework offers the automated detection of oral lesions at scale, using a 
reliable detection method at a lower cost, and can be particularly beneficial for clinics with 
fewer resources. 
 
Keywords: Oral Lesions, Ensemble Machine Learning, Oral Squamous Cell Carcinoma 
(OSCC), Hyperplasia, Early Invasive, Carcinoma in situ, Dysplasia Grading, XGBoost, 
Random Forest, CatBoost. 

 
 Introduction 

Oral cancer remains a significant health concern and a prevalent illness, especially in 
developing nations. In OSCC - Oral squamous cell carcinoma, various types of cancers are 
classified which arise of the soft tissues of the mouth.  One of the most prevalent and 
deadliest illnesses is oral cancer, which continues to be most people’s pressing health 
concern in most countries nowadays.[1] More than 90 percent of all cases of oral cancer 
are OSCCs originating in the mouth. With almost 377,700 incidents recorded worldwide 
in 2020, malignancies of the lips and mouth cavities are the most prevalent, according to 
information from the World Cancer Fund International. [2] These cancers are the 11th 
and 18th earliest diagnosed in men and women, respectively. [3] 
The grim outlook for squamous cell carcinoma, which is on the rise in many areas, 
significantly contributes to the high mortality rates seen in the advanced stages of OSCC. 
A biopsy is the most popular technique for detection at an early stage. This treatment 
involves removing a small bit of tissue from the mouth and examining it under a clean and 
cautious microscope. But manual histological examination can have difficulty 
differentiating between healthy and malignant cellular structures. [4] 
Pathologists usually make OSCC diagnoses largely by relying on decades of practical 
expertise with biopsy samples from tissue sections. When manually identifying the cells 
through microscope biopsy images, human error is likely to increase. [5] Since the 
development of artificial intelligence, models that rely on ensemble learning have become 
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an important method in many sectors, [6] such as to predict lung tumor growth, cervical 
cancer, mouth cancer and multifarious medical diagnostics. It minimizes human error and 
workload as it enhances precision and hastens the process of image classification. 
Conditions in the oral cavity that can be precancerous are known as oral possibly 
malignant disorders.  
 

Figure 1. Histopathological Spectrum of Oral Carcinogenesis 
 

 
 

Pathological analysis of the existence and severity (mild, moderate, severe, or carcinoma 
in situ [CIS]; Figure 1 of epithelial dysplasia is employed to assess the malignant potential 
of oral premalignant lesions. Low-grade (mild or moderate) dysplasia has a substantially 
different risk of cancer than high-grade (severe) dysplasia. While severe dysplasia 
frequently develops into cancer if treatment is not obtained, most cases of low-grade 
dysplasia do not follow this path. As a result, various dysplasia are frequently treated in 
different ways. [7] 
Accurately identifying and classifying lesions is essential for early detection and 
intervention. When treatment happens promptly, it can significantly enhance outcomes 
and reduce the severity of illness. However, clinical diagnosis through the use of visual 
inspection or biopsy sample examination is slow, and interobserver reliability is often a 
concern.  Taking on these obstacles made it possible through better performing ensemble 
models that integrate the forecasts from multiple learners as opposed to single classifiers. 
These models reduce overfitting while increasing generalization and reliability.  
This research investigates comparatively the performance of three ensemble learning 
techniques: Random Forest, XGBoost, and CatBoost. These techniques are evaluated on a 
clinical dataset involving oral lesions. The chosen models are known for their proficiency 
in processing structured clinical data and for their efficiency in multi-class classification. 
The dataset comprises clinical records of oral lesions, and the records are classified into 
three categories: benign, potentially malignant, and malignant. [8] 
These research works are the first of their kind for three reasons. First, they provide a 
dataset that is meticulously annotated, which bridges the field of dental pathology and 
machine learning. Second, it is demonstrated that ensemble models, when utilized with a 
particular set of pertinent histopathological features, can be more easily interpreted and 
more computationally efficient, and can surpass the performance of deep learning models 
that are substantially more intricate. [9] Overall, a large body of statistical validation and 
benchmarking suggests that for this purpose, CatBoost is the best, thus making it a viable 
and beneficial algorithm for the early detection of oral cancer.  



Int. J.Adv.Sig.Img.Sci, Vol. 12, No. 3s, 2026 

 
739 

The contributions to this work are the following: 
• High performing ensemble framework development for oral lesion classification.  
• Tiered analysis of three ensemble algorithms: - Random Forest, XGBoost, CatBoost. 
• Statistical validation of the performance gains using McNemar's test. 
• Development of a clinical-engineering collaborative framework for the validation of 

the models in practice. 
The forecasted findings of this observe emphasize the fee of employing ensemble 
strategies for the automation of diagnosis of oral lesions in clinical surroundings.  
This research article is organized as follows: the suggested approach is described in 
Section 2, the results and discussion are presented in Section 3, and the study is concluded 
in Section 4. 
 

 Proposed Work 
The suggested framework for classifying oral cancer histopathology pictures using 
ensemble learning approaches seen in Figure 2 . To produce a strong ensemble model, the 
method combines several base classifiers like boosting and bagging techniques.  
 

Figure 2. Schematic of the Suggested Ensemble Learning Architecture for Oral 
Lesion Classification. 

 

 
 
The above Figure 2 involves preprocessing images, extracting features from the curated 
dataset, training of multiple ensemble models (Random Forest, XGBoost, CatBoost), and 
final classification into one of six diagnostic classes. 
 
2.1 Dataset Description 
Tissues of malignant oral lesions and healthy mucosa stained with hematoxylin, and eosin 
were obtained from the Bapuji Dental College and Hospital in Davangere, Karnataka, 
India. Patient's worries, and approval of the ethical committee (Reg. No 
ECR/1652/Inst/KA/2022/24-28/11-001) was taken into account while collecting the 
data. Private clinical dataset collected from the records of Department of Oral Pathology, 
Bapuji Dental College and Hospital. The dataset was created by cutting 2450 slide 
collections into smaller, diagnostically meaningful patches for the classification tasks 
summarized in Table 1, which displays the number of histopathological images 
constituting in the training, testing and validation data sets from various diagnostic 
classes.  
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Table 1. Dataset split for model development and evaluation 
 

Class Train Valid Test Total 

Normal 160 40 50 250 

Carcinoma in-situ 312 78 98 488 

Early Invasive 311 78 96 485 

Mild Dysplasia 293 73 91 457 

Moderate Dysplasia 254 63 79 396 

Severe Dysplasia 239 60 75 374 

Total 1569 392 489 2450 

  
2.2 Data Preprocessing 
All histopathological images were preprocessed in a standard manner to improve overall 
quality, eliminate noise and achieve consistency across the dataset before feature 
extraction and model learning. At the start, we resized all images to 224×224 for equal 
input size and lower computational cost. Denoising with median filtering was used to 
reduce salt-and-pepper noise, typical in histopathology slides. In such a way, the median 
of surrounding pixel values replaces each pixel, and this operation leads to 
reconstruction not only maintaining the fundamental morphological structures but also 
reduction in noise patterns. Color balancing was performed based on histogram 
equalization as described in Error! Reference source not found., to compensate for 
variation in staining and lighting. Additionally, pixel intensity normalization was applied, 
scaling values to the range [0, 1], which ensures uniform contrast and accelerates learning 
convergence during training. [10] 
 
 

Figure 3. Preprocessing of histopathological image using median filtering and 
CLAHE. 

 
                                         A                                                                                 B   
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Figure 3  
(a) Original image showing moderate noise and uneven contrast. (b) Processed image 
after median filtering and Contrast Limited Adaptive Histogram Equalization (CLAHE), 
demonstrating reduced noise and enhanced nuclear and tissue contrast for improved 
feature extraction.[11] For diversity and to avoid over-fitting data, in the pre-processing 
phase, dataset augmentation techniques (horizontal and vertical flip, random rotation, 
blur) were used. Sample images are presented in Figure 4. 
 

Figure 4. Augmented Histopathological Image of Oral Lesion Using Data 
Augmentation Techniques 

 

 
 
The function set includes six histopathological criteria, together with abnormal epithelial 
stratification, basal cell hyperplasia, drop-formed rete pegs, nuclear pleomorphism, and 
hyperchromatic nucleoli, to call a few. These traits had been meticulously documented 
according to professional pathological evaluations and quantitatively rated to 
characteristics as input variables for the model. [12][13] 
 
2.3 Model Training and Hyperparameter Tuning 
Three ensemble models: Random Forest, XGBoost, and CatBoost have been implemented 
using their respective Python libraries. To achieve the most advantageous performance, 
a comprehensive hyperparameter tuning approach was conducted for every version. Grid 
Search with five-fold pass-validation was employed to systematically explore the 
hyperparameter location. This rigorous tuning procedure became crucial for maximizing 
the diagnostic accuracy of every classifier and ensuring a sincere evaluation across 
fashions. [18] 
 
2.3.1 Random Forest 
• Tuned parameters: n_estimators (100–300), max_depth (10–20, None) 
• Additional controls: min_samples_split (2, 5, 10), min_samples_leaf (1, 2, 4) 
• Feature selection options: max_features (sqrt, log2) 
 
2.3.2 XGBoost 
• Boosting rounds explored: 100, 200, 500 
• Tree complexity control: max_depth (3, 6, 9) 
• Learning rate values: 0.01, 0.1, 0.2 
• Sampling strategies: subsample (0.8, 1.0), colsample_bytree (0.8, 1.0) 
• Regularization: gamma set to 0, 1, or 5 
 
2.3.3 CatBoost 
• Iterations evaluated: 500, 1000 
• Tree depth: 4, 6, 8 
• Learning rates: 0.01, 0.03, 0.1 
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• L2 regularization: l2_leaf_reg (1, 3, 5) 
• Randomness control: random_strength (1, 3) 
 
2.4 Mathematical Formulation of the Proposed Ensemble Framework 
 Let the clinically curated histopathological dataset be represented as  
    𝐷 =  {(𝑥_𝑖, 𝑦_𝑖) | 𝑖 =  1, 2, … , 𝑁}                                    
(1) 
where N = 2450 denotes the total number of histopathological image patches,  
𝑥𝑖 ∈  𝑅𝑑 is the feature vector extracted from the ith image, and 𝑦𝑖 ∈  {0,1,2,3,4,5} denotes 
the diagnostic class labels.  represents the clinically curated histopathological dataset as 
a supervised learning formulation, where each sample consists of a feature vector 
extracted from an image and its corresponding diagnostic class label. 
 
2.4.1 Feature Representation 
Each histopathological image is mapped to a structured feature space using expert-
annotated pathological criteria. The feature vector for the ith image is defined as: 
         𝑥𝑖 =  [𝑓𝑖1, 𝑓𝑖2, … , 𝑓𝑖𝑑]                         
(2) 
where d=6 represents the number of clinically interpretable histopathological features, 
including abnormal epithelial stratification, basal cell hyperplasia, drop-shaped rete pegs, 
nuclear pleomorphism, hyperchromatic nucleoli, and mitotic activity. These features are 
quantified based on pathologist-defined grading and normalized to ensure scale 
consistency. 
 
2.4.2 Random Forest Model 
Random Forest is a bagging-based ensemble consisting of T decision trees trained on 
bootstrapped samples of the dataset. Each tree ℎ𝑡(𝑥) produces a class prediction. The final 

prediction of the Random Forest classifier is obtained using majority voting, as expressed 
in Eq. (3): 

    ŷ𝑅𝐹 =  𝑎𝑟𝑔𝑚𝑎𝑥𝑐𝛴 𝐼(ℎ𝑡(𝑥) =  𝑐)                                 (3) 

 
2.4.3 XGBoost Model 
XGBoost is a gradient boosting framework that builds an additive model of K weak 
learners, as defined in Eq. (4): 
      ŷ𝑋𝐺𝐵(𝑥) =  𝛴 𝑓𝑘(𝑥)                                                     (4) 

The corresponding regularized objective function minimized during training is given by 
Eq. (5):  
     𝐿 =  𝛴 ℓ(𝑦𝑖 , ŷ𝑖) +  𝛴 𝛺(𝑓𝑘)                                                 (5) 
2.4.4 CatBoost Model 
CatBoost is an ordered boosting algorithm that mitigates prediction shift by enforcing 
permutation-driven training. Given a random permutation π\piπ of the dataset, the 
prediction for sample iii is computed using only samples that precede it Eq. (6):  

    ŷ𝑖 =  𝛴 𝑓𝑘(𝑥𝑖|𝐷<𝑖)                                           (6) 

This ordered boosting strategy significantly improves generalization performance on 
limited and structured clinical datasets. 
 
2.4.5 Ensemble Prediction 
Although each ensemble model is evaluated independently, the overall classification 
framework can be generalized using weighted probability aggregation, as expressed in 
Eq. (7): 
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   ŷ =  𝑎𝑟𝑔𝑚𝑎𝑥𝑐𝛴 𝑤𝑚𝑃𝑚(𝑦=𝑐 |𝑥)                            (7) 

where, 
M=3  denotes the number of ensemble classifiers (RF, XGBoost, CatBoost), 
𝑤𝑚 is the weight assigned to the mth  model, and 𝑃𝑚(𝑦=𝑐 |𝑥)  is the predicted class 

probability. 
 
2.4.6 Statistical Significance Using McNemar’s Test 
To statistically compare two classifiers A and B, McNemar’s test is applied on the test set. 
Let: 
• n0 : instances misclassified by A but correctly classified by B 
• n1 : instances correctly classified by A but misclassified by B 
The McNemar test statistic is computed as given in Eq. (8): 

      𝜒2 =
(|𝑛01− 𝑛10|− 1)2

(𝑛01+ 𝑛10)
                                 (8) 

 
 Results and Discussion 

The criteria for diagnosing oral epithelial dysplasia can be located in Table 2. These 
criteria may be typically divided into two primary classes: changes within the structure 
(strata) of the epithelium and people that display cell atypia. Table 2 indicates the grading 
standards and category of oral lesions, which can be primarily based on architectural 
capabilities, cytological adjustments, and related diagnoses, with magnificence labels 
ranging from class zero to magnificence 5. All pixels had been cautiously annotated, and 
their diagnoses have been demonstrated by using oral pathologists from bapuji dental 
university and sanatorium in Davanagere to ensure accuracy. To decrease any ability bias, 
the dataset consists of pictures from a wide range of patients and variations in staining 
strategies and slide scanners. 
  

Table 2. Oral lesion grading criteria incorporating key architectural features, 
cytological changes, and corresponding diagnostic class labels. 

 
Key 

Architectural 
Feature 

Key Cytological Change Diagnosis 
Class 
Label 

Drop-shaped rete 
ridges 

Cellular pleomorphism Carcinoma in-situ Class 0 

Increased mitotic 
figures 

Increased nuclear–
cytoplasmic ratio 

Early Invasive Class 1 

Irregular 
epithelial 

stratification 

Anisonucleosis (variation 
in nuclear size) 

Mild Dysplasia Class 2 

Loss of basal cell 
polarity 

Nuclear pleomorphism 
Moderate 
Dysplasia 

Class 3 

Basal cell 
hyperplasia 

Anisocytosis (variation in 
cell size) 

Severe Dysplasia Class 4 

Normal epithelial 
architecture 

Normal cytological 
features 

Normal Class 5 

 
Figure 5 visualizes the correlation structure among different oral lesion classes based on 
extracted histopathological features. [14] Three ensemble models (Random Forest, 
XGBoost, and CatBoost) were implemented with optimized hyperparameters to assess 
classification performance. [15][16] 
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Figure 5. Visualization of the correlation structure between oral lesion classes based 

on extracted histopathological features. 
 

 
 

Figure 6. Decision Tree Structure for Multiclass Classification of Malignant Oral 
Lesion Subtypes. 

 

 
The Figure 6 represents the hierarchical decision-making process used for multiclass oral 
lesion classification. Each internal node displays a decision rule of the form f602 ≤ 2.673, 
where f602 denotes the selected discriminative feature and 2.673 represents the learned 
threshold value that partitions the dataset into two subsets. The Gini value shown at each 
node indicates the degree of class impurity, with lower values corresponding to higher 
class homogeneity. The term samples refer to the total number of training instances that 
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reach a particular node during tree construction.  The value vector [a, b, c, d, e] represents 
the class-wise distribution of samples across the malignant oral lesion categories, where 
each element corresponds to the number of samples belonging to a specific class.  
Based on this distribution, the predicted class shown at the node corresponds to the 
majority class, such as Early Invasive. Internal nodes indicate that further splitting is 
performed to improve class purity, whereas leaf nodes represent terminal decisions 
where no additional splitting is required and the final class label is assigned. Collectively, 
these parameters provide an interpretable representation of how feature thresholds, 
impurity reduction, and class dominance guide the classification process within the 
decision tree model. 
 
3.1 Experimental Evaluation of the Random Forest Model. 
The learning curve in Error! Reference source not found. shows that both training and 
validation accuracy of the Random Forest model increase steadily with the number of 
trees, with a minimal gap between them, indicating stable learning and negligible 
overfitting. The model achieves strong generalization, reflected by an overall accuracy of 
89% and consistent macro and weighted average scores. Class-wise evaluation 
demonstrates excellent performance for the Early Invasive class, with high precision, 
recall, and F1-score, while the mild, moderate, and severe dysplasia classes exhibit 
balanced and reliable differentiation of progressive lesion stages. Normal and Carcinoma 
in situ classes also show satisfactory results, confirming robustness across all categories. 
The high macro-average ROC AUC of 0.9867 highlights strong multiclass discriminative 
ability, and the confusion matrix further confirms reliable predictions, with limited 
misclassification mainly occurring between morphologically similar adjacent dysplasia 
stages. 
 
Figure 7. Performance evaluation of the Random Forest model. (a) Learning curves 

showing training and validation accuracy. (b) Precision-Recall curve. (c) Feature 
importance chart. (d) Confusion matrix. 

 
(a) 
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(b) 
 

 
 

(c) 
 

 
 

(d) 
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4.1 Experimental Evaluation of the XGBoost Model. 
The learning curve in Figure 8 shows that the XGBoost model achieves steady 
improvement in both training and validation accuracy, reaching 99.0% and 94.0%, 
respectively, with a minimal gap, indicating good generalization and limited overfitting. 
The model attains an overall accuracy of 92% with balanced macro and weighted average 
precision, recall, and F1-scores (0.92). Class-wise results highlight near-perfect 
performance for the Early Invasive class and consistently strong discrimination across 
dysplasia stages, while Normal and Carcinoma in situ classes also perform reliably. The 
high macro-average ROC AUC of 0.9930 and the strong diagonal dominance observed in 
the confusion matrix further confirm the robust multiclass discriminative capability of 
XGBoost. 
 

Figure 8. Performance evaluation of the XGBoost model. (a) Learning curves. (b) 
Precision-Recall curve. (c) Feature importance chart. (d) Confusion matrix. 

 
(a) 

 

 
 

(b) 
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(c) 

 

 
 

(d) 
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3.4 Experimental Evaluation of the CatBoost Model 
The learning curve presented in Figure 9 illustrates the progressive improvement of the 
CatBoost model, where both training and validation accuracy increase consistently with 
the number of boosting iterations, reaching final values of 99.0% and 95.0%, respectively. 
The narrow gap between the two curves indicates stable learning behavior and minimal 
overfitting, demonstrating strong generalization capability. The classification report 
further confirms the robustness of the model, with an overall accuracy of 93% and well-
balanced macro and weighted average precision, recall, and F1-scores. Class-wise analysis 
reveals perfect performance for the Early Invasive class, achieving precision, recall, and 
F1-score of 1.00, while the dysplasia stages (mild, moderate, and severe) show 
consistently high and balanced metrics, reflecting reliable differentiation across 
progressive lesion stages. The Normal class attains perfect recall with a high F1-score, and 
Carcinoma in situ also demonstrates satisfactory performance. The high macro-average 
ROC AUC of 0.9936 highlights the excellent multiclass discriminative ability of CatBoost. 
This strong performance is further supported by the confusion matrix, which exhibits 
dominant diagonal entries with only minor misclassifications, primarily between 
morphologically similar adjacent dysplasia classes, confirming the model’s effectiveness 
and robustness in oral lesion classification. 
 

Figure 9. Performance evaluation of the CatBoost model. (a) Learning curves. (b) 
Precision-Recall curve. (c) Feature importance chart. (d) Confusion matrix. 

 
(a) 
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(b) 
 

 
 
 
 

 
(c) 
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(d) 
 

 
Figure 10 illustrates the ROC curves of the ensemble learning models, highlighting their 
discriminative performance across different decision thresholds. All models perform 
substantially better than the random classifier, indicating effective class separation. 
Among them, CatBoost achieves the highest AUC value, demonstrating superior 
discrimination capability. XGBoost and Random Forest also show high AUC values, 
confirming robust and reliable classification performance. 
 
Figure 10. ROC curve analysis demonstrates the discriminative performance of each 

ensemble model. 
 

 
The ROC–AUC comparison in the Figure 11 demonstrates the discriminative effectiveness 
of ensemble learning models for oral lesion detection. Random Forest achieved an AUC of 
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0.940, indicating good classification capability, while XGBoost improved performance 
with an AUC of 0.960, reflecting enhanced separation between lesion classes. CatBoost 
outperformed the other models with the highest AUC of 0.987, signifying excellent 
discriminative power and more reliable differentiation of oral lesion categories. These 
results underscore the advantage of advanced ensemble techniques, particularly 
CatBoost, in achieving robust and accurate diagnostic performance for oral lesion 
classification. 
 

Figure 11. AUC performance comparison highlights the discriminative ability of 
ensemble learning models for oral lesion detection. 

 

 
 

3.3 Statistical Significance Testing Using McNemar's Test 
To evaluate whether the observed performance differences between CatBoost and the 
remaining ensemble models were statistically significant rather than random, McNemar’s 
test was performed using their respective test set predictions. [17] McNemar's test is 
particularly suitable for comparing two classifiers on the same dataset, as it uses a paired 
design that evaluates discordant predictions instances where one model was correct 
while the other was incorrect. The null hypothesis for this test states that both models 
have the same error rate. The results of pairwise comparisons at a significance level of α 
= 0.05 are summarized in Table 3. 
 

Table 3. Results of McNemar's Test for Pairwise Model Comparison. 
 

Model Comparison χ² Statistic p-value Statistical Significance 
(α=0.05) 

CatBoost vs. XGBoost 4.12 0.042 Yes 
CatBoost vs. Random 

Forest 
9.80 0.002 Yes 

XGBoost vs. Random 
Forest 

2.05 0.153 No 

3.3.1   Discussion 
A comparison of several approaches from the collection of current literature and the 
suggested ensemble model in the field of oral histopathology image classification is shown 
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in the Table 4 below. The techniques employed, the kinds of input images examined, and 
the accuracy attained are all taken into consideration when evaluating the models. 

 
Table 4. Comparative performance of different methods for classifying oral 

histopathology images. 
 

Model 
from 

Literatur
e 

Techniqu
e used 

Type of Medical 
Image 

Extracted 
Features 

Classifie
r Used 

Model 
accurac

y (%) 

Chang et 
al. [19] 

Ensemble 
Feature-

Based 

Dermoscopic 
Skin Lesion 

Images 

Handcrafted & 
Learned 
Features 

XGBoost 91.5% 

Priya 
Natha et 
al. [20] 

Ensemble 
Learning 

Dermoscopic 
Skin Lesion 

Images 

Automatic 
(CNN-learned) 

Ensembl
e of CNNs 

93% 

Proposed 
Ensemble 

Model 

Ensemble 
Learning 

Histopathologica
l Oral Image 

Expert-
Annotated 

Histopathologica
l (6 criteria) 

Random 
Forest, 

XGBoost, 
CatBoost 

95% 
 

 
The study findings support the substantial potential of ensemble learning approaches to 
improve the precision and dependability of histopathological oral lesion 
classification. Table 4 provides specifics about the suggested framework, which leverages 
expert-annotated histopathological features, achieved a superior test accuracy of 95% 
with the CatBoost classifier. In addition to outperforming existing and deep learning 
models created for oral pathology but also competes favourably with state-of-the-art 
ensemble methods applied in related domains of cancer diagnostics. 
Among the three ensemble models rigorously evaluated in this work, CatBoost 
consistently demonstrated the highest efficacy, achieving a test accuracy of 95%, an F1-
score of 0.93, and well-balanced sensitivity and specificity. XGBoost followed closely with 
94% accuracy, reinforcing the established dominance of gradient-boosting algorithms in 
capturing complex, non-linear interactions within feature data and their robustness in 
correcting sequential classification errors. The strong Performance of the boosting 
algorithms was regular with the findings of Chang et al. [19] who observed that XGBoost 
changed into additionally very a hit inside the category of skin lesions. On the other hand, 
the Random Forest classifier supplied a strong, moderate overall performance baseline 
with 92% accuracy, that's a sworn statement of its credibility as a bagging-based 
ensemble method.  
A key differentiator of this take a look at, as illustrated in Table 5, is its reliance on a 
concise set of six expert-annotated histopathological features. This method stands in 
assessment to preceding works that by and large rely on computerized characteristic 
extraction thru deep mastering. [20] [21] By building models on functions at once used 
by pathologists, together with nuclear pleomorphism and abnormal epithelial 
stratification, this framework gives transparent decision-making pathways. By mitigating 
the black-box characteristics of deep gaining knowledge of fashions and enhancing 
interpretability, this approach will become greater like-minded with actual-time clinical 
workflows and laptop-aided diagnostic (CAD) programs. Furthermore, the ensemble 
framework's inherent mechanism of combining more than one learner efficiently reduces 
each bias and variance, contributing to its robust generalizability on unseen facts. The 
robustness of the model was enhanced through the use of statistical data augmentation 
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strategies, including flipping, rotation, and brightness adjustment. These strategies were 
key in lowering overfitting; it is mainly important even as you’re dealing with restricted 
clinical datasets. 
When contextualized in the broader panorama of automatic cancer analysis, our proposed 
model demonstrates that a cautiously designed feature-primarily based definitely 
ensemble can gain contemporary average performance. It surpasses the CNN-based 
totally classifier with the resource of Sukegawa et al. (86%) and together with the pores 
and pores and skin maximum cancers detection system with the useful resource of Priya 
Natha et al. [20] (93%). These findings underscore the practical relevance of our 
ensemble getting to know framework in helping the early detection and type of oral 
lesions, a capability that is especially precious in aid-limited clinical settings due to its 
computational performance. Therefore, further validation on larger, multi-institutional 
datasets is crucial to verify the model's robustness and to set up its broader clinical 
applicability. 
 

 Conclusion 
This study establishes a unique, current ensemble reading framework for the class of 
histopathological oral lesions. By leveraging a clinically curated dataset and a fixed of 
expert-defined histopathological abilities, we've got showed that superior boosting 
algorithms can obtain advanced diagnostic accuracy at the same time as retaining model 
interpretability. The rigorous comparative analysis confirms CatBoost as the pinnacle-
acting version with 95% check accuracy, outperforming extraordinary ensemble 
techniques and surpassing the overall performance of existing deep mastering and 
ensemble fashions cited within the literature for both oral and different most cancers 
diagnostics. The resulting framework gives a robust combination of excessive accuracy, 
computational performance, and medical relevance, supplying a scalable and value-
effective answer for early oral most cancers detection. These findings robustly verify the 
transformative ability of integrating domain know-how with ensemble gadget studying to 
decorate diagnostic workflows, reduce interpretive subjectivity, and in the end decorate 
affected character effects in oral healthcare. 
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