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From pixels to prognosis: How Al is revolutionizing oral cancer management
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Abstract

Oral cancer, particularly oral squamous cell carcinoma (OSCC), remains a significant global health burden with high mortality
rates due to late diagnosis, tumor heterogeneity, and limited access to specialist care. Traditional diagnostic approaches, while
valuable, are constrained by subjectivity, delay, and geographic disparities. Recent advancements in artificial intelligence (Al)
offer transformative potential in improving the accuracy, efficiency, and scalability of oral cancer management.Al is poised to
revolutionize oral cancer management by bridging diagnostic gaps, personalizing treatment, and enabling early intervention.
However, widespread adoption will require rigorous validation, ethical deployment, and interdisciplinary collaboration. As
technology continues to evolve, Al can serve not as a replacement, but as a powerful adjunct to clinical expertise ushering in a

new era of precision oral oncology.
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Introduction

Oral Squamous Cell Carcinoma (OSCC) most common oral
cancer continues to pose a formidable global health burden,
particularly in developing countries where early detection
and specialized care are lacking. Globally, there were
approximately 377,700 new cases and 177,800 deaths due to
ip and oral cavity cancers in 2020 alone ™. In countries like
India and Sri Lanka, it ranks among the top three
malignancies 2. Despite significant advancements in
treatment, survival rates have stagnated, largely due to late
diagnosis, limited screening programs, and inconsistency in
histopathological interpretations.

Artificial Intelligence (Al), with its unparalleled ability to
analyze vast and complex datasets, is now being harnessed
to change the trajectory of oral cancer care transforming the
journey from pixels in digital imaging to meaningful
prognostic insights.

Rationale: Why Oral Cancer Demands Al Intervention
Traditional approaches including visual inspection, punch
biopsies, and histological analysis are limited by
interobserver variability and delayed detection. Studies
suggest that nearly half of oral cancers are diagnosed at
Stage 111 or 1V, significantly lowering the five-year survival
rate Bl AI’s power lies in its capacity to offer rapid,
scalable, and reproducible evaluations, making it
particularly valuable in underserved settings [,

Early Detection Using Image-Based Al

Image classification algorithms, especially Convolutional
Neural Networks (CNNs), have shown accuracy rates
exceeding 90% in differentiating between normal,
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precancerous, and cancerous oral lesions from clinical
photographs B,

A real-world trial in India used a smartphone-based Al
application that enabled frontline health workers to screen
rural populations, demonstrating strong correlation with
specialist diagnoses and reducing the screening burden [©1,

Such platforms can serve as cost-effective, scalable
alternatives to traditional ~mass-screening programs
especially where oral cancer prevalence is high but access to
specialists is low.

Histopathology Goes Digital: From Microscope to
Algorithm
Al-driven histopathological image  analysis is

revolutionizing traditional pathology by offering more
objective interpretations.

Deep learning models trained on Whole Slide Images
(WSiIs) can detect tumor invasion patterns, nuclear atypia,
and mitotic activity with remarkable consistency "],

An Al system developed by Fu et al. accurately classified
OSCC histology samples with >94%  sensitivity,
outperforming even junior pathologists 1.

Furthermore, Al can automate the grading process,
mitigating intra- and interobserver variation in dysplasia
classification [,

These advances not only reduce diagnostic errors but also
support real-time, remote pathology in underserved regions.

Al and Radiomics in | aging Modalities
Al models now utilize radiomic features extracted from
MRI, CT, and PET scans to evaluate tumor heterogeneity,
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volume, and vascularity.

Aerts et al. demonstrated that machine learning-based
radiomics could predict local failure and disease-free
survival in head and neck cancers with higher accuracy than
traditional staging systems (4,

Radiomics combined with Al has shown promise in
predicting lymph node metastasis and guiding surgical
margin delineation, both essential for treatment planning in
OSCC [12.13],

Such techniques offer non-invasive tools for risk
stratification and improve the precision of therapeutic
decisions.

Al in Genomic and Molecular Profiling

Oral cancers are genetically heterogeneous. Al can integrate
multi-omics data genomics, transcriptomics, and proteomics
to identify molecular subtypes, mutational signatures, and
therapy targets.

Al algorithms have identified key mutations (TP53,
CDKNZ2A, PIK3CA) linked with prognosis and therapeutic
response (41,

Tang et al. used machine learning to classify OSCC
subtypes based on gene expression, achieving more accurate
survival predictions than TNM staging 51,

In another study, deep learning models using DNA
methylation and miRNA profiles outperformed traditional
molecular classifiers in predicting treatment response [61,
These developments represent a major step toward precision
oncology for oral cancer.

Prognostic Models Beyond TNM

Conventional staging systems such as TNM do not fully
capture tumor biology or individual variability. Al models
integrating imaging, histology, and genomics provide more
personalized prognostication.

Deep survival models have shown 20% higher predictive
accuracy for 5-year survival when compared to clinical
models alone ],

Lu et al. developed a pathology-based Al tool that could
stratify head and neck cancer patients by risk with high
sensitivity (18,

These tools enable clinicians to customize treatment
intensity and follow-up based on real-time, data-driven risk
assessments.

Al in Clinical Decisio Support
Al-driven Clinical Decision Support Systems (CDSS) are
being developed to analyze electronic health records

(EHRs), radiological findings, pathology results, and
genomic data.

CDSS can recommend treatment pathways, predict
complications, and flag inconsistencies in clinical

documentation [29],

Al-integrated oncology dashboards are being deployed to
suggest radiation plans, chemotherapy regimens, and
surgical strategies with minimal human bias [2°1,

These systems enhance clinical workflow, reduce cognitive
burden, and promote evidence-based decision-making.

Surgical Assistance and Margin Control

Intraoperative use of Al and image-guided surgery tools
help:

Identify tumor margins with fluorescence-aided systems,
Enhance robotic surgical precision,
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Ensure functional
deglutition) 21,

Al can analyze real-time data during surgery to recommend
resection  boundaries, improving outcomes  while
minimizing complications.

preservation (speech, mastication,

Post-Treatment Monitoring and Recurrence Prediction
Recurrence rates in OSCC remain high. Al-enabled systems
can help monitor patients remotely and predict recurrence
using: Symptom tracking via mHealth applications,
Telemedicine with real-time image upload, Al-powered
voice and swallow pattern analysis 2223,

Such tools offer low-cost follow-up alternatives, particularly
for rural or immobile patients.

Ethical, Regulatory, and Practical Challenges While the
potential is immense, challenges persist:

Algorithmic bias: Most models are trained on Western data,
making them less effective in diverse ethnic populations 4],
Lack of interpretability: Deep learning models often
function as "black boxes", limiting trust and adoption 2,
Data privacy and regulatory approval remain key hurdles,
particularly when integrating Al into patient-facing
platforms [?61. International cooperation, transparent
validation studies, and diverse datasets are essential to
mitigate these risks.

Future Prospects

The integration of federated learning, multi-modal Al, and
real-time decision tools points toward a future where oral
cancer management is Early, Personalized, Equitable.

Al will not replace clinicians but rather augment their
decision-making ability. When blended with clinical
expertise and ethical frameworks, it can become the most
powerful tool in the fight against oral cancer.

Conclusion

From pixels captured via smartphones to prognosis
predicted using deep neural networks, the role of Al in oral
cancer management is profound and expanding. It enhances
accuracy, reduces costs, bridges healthcare disparities, and
ultimately holds the promise to save lives. The key lies in
responsible development, validation, and integration into
real-world practice.
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