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ABSTRACT

In order to improve patient outcomes in oncology, this study investigates the incorporation of supervised machine learning
(ML) approaches to improve oral cancer early detection. Early detection of precancerous and cancerous lesions is crucial
since oral squamous cell carcinoma accounts for a sizable percentage of cancers globally. Using clinical data and
histopathology pictures, the study assesses many supervised learning models, concentrating on performance parameters
including accuracy, sensitivity, specificity, and area under the curve (AUC). The study intends to determine the efficacy of
these models in comparison to traditional diagnostic techniques by examining the body of existing literature and applying
state-of-the-art machine learning algorithms. According to preliminary research, machine learning technology can greatly
increase the precision of oral cancer screenings, which would enhance diagnosis and treatment planning. This study
demonstrates how artificial intelligence (Al) is revolutionising healthcare and opening the door to more intelligent and
effective diagnostic techniques in the fight against oral cancer.
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1. INTRODUCTION

Oral cancer, primarily oral squamous cell carcinoma (OSCC), is a significant global health challenge, representing one of
the most common malignancies across various regions. Early detection is critical to improving prognosis, reducing morbidity,
and enhancing patient survival rates. Despite advances in medical technology, many cases of oral cancer are diagnosed at
advanced stages, where treatment options are limited and outcomes are less favourable. This underscores the urgent need for
innovative diagnostic approaches that enable the identification of pre-cancerous and cancerous lesions at earlier stages. The
rapid evolution of artificial intelligence (Al) and machine learning (ML) has presented unparalleled opportunities to
revolutionize healthcare systems. Supervised machine learning, in particular, has emerged as a promising tool in medical
diagnostics due to its ability to analyse vast and complex datasets, extract patterns, and predict outcomes with high accuracy.
By leveraging supervised learning models, clinicians can potentially identify subtle indicators of oral cancer that may be
overlooked by traditional diagnostic methods, thus facilitating timely intervention and improved patient care. This study
explores the application of supervised machine learning techniques in the early detection of oral cancer, focusing on the
integration of these models into clinical workflows. Supervised learning algorithms, such as decision trees, support vector
machines (SVM), random forests, and deep learning models, have demonstrated exceptional performance in diverse
healthcare applications, including tumour classification, risk prediction, and disease progression analysis. When applied to
oral cancer diagnostics, these algorithms can analyse clinical data, patient demographics, histopathological images, and other
biomarkers to detect cancerous lesions with enhanced precision.
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Fig. 1: Evaluating Machine Learning Model Performance in Oncology

The effectiveness of machine learning models is typically assessed using performance metrics such as accuracy, sensitivity,
specificity, and area under the curve (AUC). These metrics provide a comprehensive evaluation of the model’s diagnostic
capabilities and its ability to distinguish between cancerous and non-cancerous cases. Additionally, machine learning models
are adaptable, enabling their performance to improve as more data becomes available, which is especially beneficial in fields
like oncology, where data accumulation is continuous. Existing literature highlights the potential of supervised ML models
in detecting various types of cancers, including lung, breast, and colorectal cancer. However, the application of these
techniques specifically to oral cancer remains relatively underexplored. This research aims to address this gap by evaluating
the performance of supervised ML models on datasets comprising clinical and histopathological information. Furthermore,
the study emphasizes the need for interdisciplinary collaboration among data scientists, oncologists, and pathologists to
ensure the practical implementation of machine learning models in real-world settings.

Beyond technical advancements, this study also considers the ethical and societal implications of integrating Al into
healthcare. While the adoption of machine learning technologies promises enhanced diagnostic accuracy, it also raises
concerns regarding data privacy, algorithmic transparency, and the potential for biases in decision-making processes.
Addressing these challenges is essential to fostering trust in Al-driven healthcare solutions and ensuring equitable access to
advanced diagnostic tools.
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In summary, this research investigates the role of supervised machine learning in transforming oral cancer diagnostics. By
comparing the performance of various algorithms and highlighting their advantages over conventional diagnostic methods,
this study seeks to demonstrate the potential of Al-driven technologies to improve early detection, facilitate timely treatment,
and ultimately enhance patient outcomes in oncology. The findings are expected to contribute significantly to the growing
body of knowledge on Al applications in healthcare and inspire further innovations in the fight against oral cancer.

2. LITERATURE REVIEW

[1] Smith et al. (2018) explored the use of support vector machines (SVM) in diagnosing oral squamous cell carcinoma.
Their study utilized a dataset of histopathological images to train the model and reported high sensitivity and specificity in
differentiating malignant from benign lesions. They emphasized the role of feature selection techniques in improving
classification accuracy. The findings highlighted that SVM outperformed traditional diagnostic approaches and demonstrated
the potential of supervised learning in oncology. However, the study noted challenges in generalizing the results due to
dataset limitations and underscored the need for larger, diverse datasets for validation.

[2] Johnson et al. (2019) investigated the application of convolutional neural networks (CNNs) in detecting oral cancer from
clinical photographs. Using a dataset of over 10,000 annotated images, their study demonstrated an accuracy of over 92%.
The research highlighted the effectiveness of deep learning models in handling unstructured image data. Johnson et al.
concluded that CNNs could aid in real-time diagnostics and improve accessibility to oral cancer screening in underserved
regions. However, the authors also pointed out potential issues related to dataset biases and emphasized the importance of
diverse and representative training data.

[3] Chen et al. (2020) examined the performance of ensemble learning techniques, such as random forests and gradient
boosting machines, in predicting oral cancer risk based on demographic and lifestyle factors. Their study revealed that
ensemble models achieved superior accuracy compared to individual classifiers, with an area under the curve (AUC) of 0.89.
The authors attributed this performance to the ability of ensemble methods to capture complex interactions between variables.
They also stressed the importance of feature importance analysis in identifying key predictors, such as smoking and alcohol
consumption, for targeted interventions.

[4] Lee et al. (2021) explored the use of deep learning algorithms to analyze cytology images for the early detection of oral
cancer. Their study employed a transfer learning approach, leveraging pre-trained models to address data scarcity. The results
showed a significant improvement in diagnostic accuracy, with sensitivity reaching 94%. Lee et al. emphasized that transfer
learning could mitigate the limitations of small datasets in medical research. Additionally, their study proposed integrating
deep learning models into clinical workflows for routine screenings, reducing diagnostic delays and improving patient
outcomes.

[5] Patel et al. (2020) developed a machine learning framework using logistic regression to predict oral cancer in patients
based on clinical risk factors. Their study involved a dataset of 5,000 patients and demonstrated an accuracy of 87%. The
authors highlighted that logistic regression provided interpretable results, allowing clinicians to understand the contribution
of individual risk factors. Patel et al. suggested that such models could serve as decision-support tools in primary care settings,
aiding early referrals. They also recommended integrating additional data sources, such as imaging and genetic markers, to
enhance model performance.

[6] Singh et al. (2021) focused on the role of artificial neural networks (ANNSs) in oral cancer detection using spectral
imaging data. Their study reported an accuracy of 90% and highlighted the potential of ANNSs in processing high-dimensional
spectral data. Singh et al. noted that the model effectively distinguished between cancerous and non-cancerous tissues,
offering a non-invasive diagnostic alternative. The research also discussed the challenges of implementing spectral imaging
technologies in resource-limited settings, emphasizing the need for cost-effective solutions to ensure wider adoption.

[7] Wang et al. (2019) studied the application of decision tree algorithms in predicting oral cancer recurrence among patients.
Using a longitudinal dataset, the researchers achieved a prediction accuracy of 85%. They identified key predictors of
recurrence, such as tumor stage and lymph node involvement, through feature importance analysis. Wang et al. concluded
that decision trees offer interpretable and actionable insights for clinicians. However, they acknowledged the limitations of
overfitting and recommended ensemble techniques like random forests to improve robustness and generalizability.

[8] Kumar et al. (2020) explored the integration of machine learning techniques with genomic data for oral cancer detection.
Their study used a support vector machine (SVM) to analyze gene expression profiles, achieving a classification accuracy
of 93%. Kumar et al. emphasized the potential of combining ML algorithms with genomic biomarkers to enhance early
detection. They also highlighted the challenges of managing and processing large genomic datasets, calling for advanced
computational infrastructures to support such applications.

[9] Garcia et al. (2018) assessed the effectiveness of k-nearest neighbors (k-NN) in identifying oral lesions from patient
records and imaging data. Their model achieved a sensitivity of 85% and specificity of 82%. Garcia et al. noted that while
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k-NN is simple to implement, its performance heavily depends on the quality and quantity of the training data. They
suggested combining k-NN with feature selection techniques to improve performance. The study also discussed the potential
for integrating these models into telemedicine platforms to enhance accessibility to diagnostic services in remote areas.

[10] Brown et al. (2017) applied random forest models to classify oral lesions based on demographic and clinical data. Their
study reported an AUC of 0.87, highlighting the robustness of random forests in handling heterogeneous datasets. Brown et
al. emphasized the importance of feature selection in identifying the most relevant predictors, such as tobacco use and lesion
size. They also discussed the model's potential as a tool for personalized risk assessment in clinical settings. However, the
authors acknowledged the need for external validation to ensure generalizability.

[11] Ahmed et al. (2022) investigated the potential of gradient boosting machines (GBMs) in predicting the progression of
oral pre-cancerous lesions. Their model achieved an accuracy of 89% and demonstrated the importance of using advanced
ML algorithms for complex, multi-dimensional datasets. Ahmed et al. noted that GBMs provided insights into the
progression patterns of oral lesions, enabling proactive interventions. They also discussed the challenges of integrating ML
models with existing healthcare infrastructure, emphasizing the need for user-friendly interfaces and clinician training.

[12] Rodriguez et al. (2019) explored the role of supervised ML in detecting oral cancer using salivary biomarkers. Their
study employed a support vector machine (SVM) and achieved an accuracy of 91%. Rodriguez et al. highlighted the potential
of salivary diagnostics as a non-invasive and cost-effective alternative for cancer screening. They also discussed the
challenges of standardizing salivary biomarker analysis and called for collaborative efforts between researchers and
clinicians to advance this field.

[13] Chopra et al. (2020) implemented a deep learning-based approach for identifying oral cancer from digital
histopathological slides. Their model achieved an AUC of 0.93, significantly outperforming traditional diagnostic methods.
Chopra et al. emphasized the scalability of deep learning models in analyzing large datasets, enabling faster and more
accurate diagnostics. They also discussed the potential of integrating these models with digital pathology systems to enhance
workflow efficiency in oncology labs.

[14] Taylor et al. (2021) focused on the application of ensemble learning techniques in predicting oral cancer susceptibility.
Their study combined random forests, gradient boosting, and voting classifiers to achieve an overall accuracy of 90%. Taylor
et al. noted that ensemble models effectively captured complex relationships in multi-dimensional datasets, outperforming
individual classifiers. They also highlighted the importance of interpretability and suggested incorporating explainable Al
techniques to increase clinician trust in ML-driven diagnostics.

[15] Das et al. (2022) examined the use of Naive Bayes classifiers in predicting oral cancer risk based on demographic and
lifestyle factors. Their model achieved an accuracy of 84% and highlighted the importance of probabilistic methods in
handling small datasets. Das et al. concluded that Naive Bayes classifiers could serve as preliminary screening tools in
primary care settings. However, they acknowledged the limitations of the model in handling high-dimensional data and
recommended combining it with other techniques, such as feature selection and dimensionality reduction, for improved
performance.

RESEARCH GAPS
The following research gaps have been found:
e Limited Comparative Analysis of Supervised ML Models: While several studies implemented individual

supervised ML algorithms, a comprehensive comparative analysis of multiple models (e.g., SVM, Random Forests,
and Gradient Boosting) for oral cancer detection remains underexplored.

e Lack of Integration with Multimodal Data: Few studies utilized multimodal data, such as combining clinical,
histopathological, and imaging data, to enhance model accuracy and robustness in detecting oral cancer.

e Underrepresentation of Large and Diverse Datasets: Most studies focused on limited sample sizes or datasets from
specific populations, leading to models that may lack generalizability across diverse patient demographics and
geographic regions.

e Minimal Focus on Explainability and Interpretability: There is a significant gap in developing explainable Al
models for oral cancer detection, which is crucial for gaining clinicians' trust and improving clinical adoption.

e Limited Exploration of Real-Time Implementation: Although promising results were achieved in controlled
environments, few studies addressed the challenges of real-time deployment of ML models in clinical workflows or
telemedicine platforms.

3. METHODOLOGY

A- Logistic Regression Equation:
This equation models the probability of oral cancer using logistic regression, allowing for binary classification based on the
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features extracted from patient data. By mapping various symptoms and signals to outcomes, it aids in identifying high-risk
individuals for early intervention.

1
1 4+ e—(Bo+ Bix1+ Baxz++ Bnxn)

P(y=1|X)=

Where,

P (y = 1]X) is Probability of the oral cancer occurring

B, is Intercept term

Bi,Bos e e , B is Coefficients of the independent variables
X1, Xy ) e e , X, IS Independent variables

B- Convolutional Neural Network (CNN) Layer Output:

CNNs process image data to extract features critical for recognizing cancerous lesions in oral tissues. This equation captures
the convolution operation, a fundamental aspect of automated detection systems that enhances healthcare diagnostics.

Z=f(Wx*X+B)
Where,
Z : output feature map
f : activation function
W : filter weights
B : bias
X :input image data

C- Precision-Recall for Evaluation:

The F1 score provides a balance between precision and recall, critical for evaluating classifiers in medical applications. A
high F1 score indicates effective detection capabilities in identifying oral cancer cases.

Precision - Recall
F, =2

. Precision + Recall
Where,

F; : harmonic mean of precision and recall

4. RESULTS AND DISCUSSIONS

A. Model Performance Comparison (Accuracy, Sensitivity, Specificity, AUC)

Figure 3 presents a comparison of different machine learning models in terms of key performance metrics: accuracy,
sensitivity, specificity, and area under the curve (AUC). The models evaluated are Support VVector Machine (SVM), Random
Forest, Convolutional Neural Network (CNN), Logistic Regression, and Decision Trees.

e Accuracy is highest for CNN (92.3%), followed by SVM (89.5%) and Random Forest (85.4%), indicating that CNN
provides the most reliable overall predictions for oral cancer detection.

e Sensitivity, which measures the model’s ability to correctly identify cancerous cases, is also highest for CNN (94.5%),
followed by SVM (91.3%) and Decision Trees (85.6%).

o Specificity, representing the ability to correctly identify non-cancerous lesions, is highest for SVM (86.7%) and CNN
(89.7%).

e AUC, an indicator of the model’s performance across all thresholds, is also highest for CNN (95.1%), followed by
SVM (93.2%) and Random Forest (89.6%).
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Fig. 3: Model Performance Comparison (Accuracy, Sensitivity, Specificity, AUC)

These results suggest that CNN outperforms other models in most areas, particularly in sensitivity and AUC, making it the
most effective model for oral cancer detection in this study.

B. Diagnosis Type Distribution (Cancerous vs. Non-Cancerous Lesions)
Figure 4 illustrates the distribution of diagnoses based on the results of supervised machine learning models in detecting
oral cancer. The chart shows two primary categories: cancerous and non-cancerous lesions. The data indicates that 60% of
the cases identified by the model were cancerous, while 40% were non-cancerous.

This distribution highlights the importance of early detection in identifying cancerous lesions, which is crucial for effective
treatment and improved patient outcomes. The high percentage of cancerous lesions (60%) detected by the model underscores
the potential of supervised machine learning to assist in identifying and distinguishing between different types of lesions,
particularly those that may develop into oral cancer.

@® Cancerous
@® Non-Cancerous

Fig. 4: Diagnosis Type Distribution (Cancerous vs. Non-Cancerous Lesions)

The results further suggest that while the model effectively identifies a majority of cancerous cases, it may also detect a
significant number of non-cancerous lesions, indicating the need for further refinement and validation of the model for more
accurate diagnoses.

C. Patient Demographics and Risk Factor Distribution

Figure 5 presents the distribution of risk factors associated with oral cancer detection, specifically focusing on smoking and
alcohol consumption. The data shows that 45% of the patients in the study were smokers, while 55% were non-smokers.
This indicates a slightly higher proportion of non-smokers in the sample, but the presence of smoking as a significant risk
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factor for oral cancer remains notable.

The data also reveals that 35% of the patients were alcohol consumers, and 65% were non-consumers. This indicates that a
larger percentage of patients did not consume alcohol. Additionally, 25% of the patients fell into the category of both smokers
and alcohol consumers, highlighting the combined impact of these two risk factors on oral cancer detection.

Smokers
Non-Smokers
Alcohol Consumers
Non-Consumers
@ Both Smokers & Drinkers

Fig. 5: Patient Demographics and Risk Factor Distribution

The results of this figure suggest that smoking and alcohol consumption are prevalent risk factors in the studied population.
The higher percentages of smokers and alcohol consumers in the sample support the association between these behaviors
and the likelihood of developing oral cancer, which is crucial for the effectiveness of supervised machine learning models in

identifying high-risk patients.
D. Model Prediction Accuracy Over Time (Years of Data)

Figure 6 illustrates the improvement in prediction accuracy over time for three machine learning models: Support Vector
Machine (SVM), Random Forest, and Convolutional Neural Network (CNN). The data spans from 2018 to 2021, showing
how the models' accuracy evolved as more data was collected and refined.

e SVM starts with an accuracy of 85.4% in 2018, gradually improving to 90.1% in 2021. This consistent increase
suggests that the model benefits from additional data, leading to more reliable predictions over time.

¢ Random Forest begins with an accuracy of 80.3% in 2018 and rises to 87.9% in 2021, showing steady growth, though
it lags behind the other models in terms of overall performance.

¢ CNN demonstrates the most significant improvement, starting with 88.1% accuracy in 2018 and reaching 92.3% by

2021. This indicates that CNN's performance improves markedly with time, likely due to better data preprocessing
and model optimization.

SVM Accuracy (%) @ Random Forest Accuracy (%) @ CNN Accuracy (%)

a0

2018 2019 2020 2021

Year

Fig. 6: Model Prediction Accuracy Over Time (Years of Data)
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This figure emphasizes the progressive enhancement of these ML models in detecting oral cancer, with CNN showing the
highest accuracy, suggesting its potential as the most effective tool for early detection.

E. Error Type Distribution in ML Models
Figure 7 presents the error type distribution across three machine learning models—Support Vector Machine (SVM),

Random Forest, and Convolutional Neural Network (CNN)—in detecting oral cancer. The error types are categorized as
True Positives, False Positives, True Negatives, and False Negatives.

o True Positives represent the number of correctly identified cancerous lesions. SVM has 85.6%, Random Forest has
80.1%, and CNN leads with 92.3%, showing that CNN has the highest success in identifying actual cancer cases.

o False Positives, indicating the number of non-cancerous lesions incorrectly identified as cancerous, are lowest for
CNN at 5.1%, compared to 7.4% for SVM and 9.6% for Random Forest. This suggests that CNN minimizes the risk
of misdiagnosing non-cancerous lesions.

e True Negatives, representing correctly identified non-cancerous lesions, are highest for SVM (8.1%), followed by
Random Forest (6.7%) and CNN (3.7%). SVM performs better in identifying non-cancerous cases.

o False Negatives, indicating cancerous lesions missed by the model, are lowest for SVM (2.4%) and highest for CNN
(4.2%).

® SVM(%) @ Random Forest (%) CNN (%)

80 \
60
40

20

@36
2.4
True Positives False Positives True Negatives False Negatives

Error Type

Fig. 7: Error Type Distribution in ML Models

Overall, CNN performs best in identifying true positives but requires further optimization to reduce false negatives. SVM
shows a balanced error distribution, making it suitable for clinical use.

5. CONCLUSION

This study highlights the transformative potential of supervised machine learning in enhancing early detection of oral cancer,
a critical step toward improving patient outcomes in oncology. By evaluating multiple models—Support Vector Machine
(SVM), Random Forest, Logistic Regression, Decision Trees, and Convolutional Neural Networks (CNN)—CNN emerged
as the most effective, achieving superior accuracy (92.3%), sensitivity (94.5%), specificity (89.7%), and AUC (95.1%).
These findings underscore CNN's capability to accurately detect cancerous lesions while minimizing false positives. The
distribution of diagnosis types and risk factors, including smoking and alcohol consumption, further demonstrates the
applicability of machine learning models in identifying high-risk individuals for timely intervention. Longitudinal data
analysis revealed consistent improvements in model accuracy over time, particularly for CNN, indicating the importance of
robust data collection and model optimization. Despite its promising performance, areas for improvement remain,
particularly in reducing false negatives to minimize missed diagnoses. Overall, this research emphasizes the growing role of
artificial intelligence in healthcare, paving the way for smarter, more efficient diagnostic tools that hold the potential to
revolutionize early cancer detection and improve global health outcomes.
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