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Abstract

Background: Oral cancer, predominantly arising from the oral mucosa, represents a significant global
health burden with a five-year survival rate that remains distressingly low when diagnosed at advanced
stages. The advent of Artificial Intelligence (Al) — encompassing machine learning (ML), deep learning
(DL), and convolutional neural networks (CNNs) — has created transformative opportunities for the early
and accurate detection of oral potentially malignant disorders (OPMDs) and frank oral squamous cell
carcinoma (OSCC). Objective: This comprehensive review examines the current landscape of Al
applications in oral cancer screening, with emphasis on image-based detection of mucosal abnormalities,
clinical integration challenges, and the role of AI in democratizing early diagnosis within diverse
healthcare systems. Methods: A systematic review of peer-reviewed literature published between 2015
and 2024 was conducted across PubMed, Scopus, Web of Science, and IEEE Xplore databases, yielding
78 relevant studies meeting inclusion criteria. Results: AI models — particularly CNNs and transformer-
based architectures — demonstrated sensitivity and specificity values frequently exceeding 90% in
controlled datasets for detection of leukoplakia, erythroplakia, oral submucous fibrosis, and OSCC.
Integration within point-of-care systems and smartphone-based screening tools has shown particular
promise for low-resource settings. Conclusion: Al holds exceptional potential for revolutionizing oral
cancer early detection, though challenges in dataset diversity, clinical validation, regulatory frameworks,
and ethical deployment require systematic resolution.
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1. Introduction

Oral cancer is among the most prevalent malignancies worldwide, ranking as the sixth most common
cancer globally and the third most common in South and Southeast Asia. It encompasses a group of
carcinomas affecting the lip, tongue, floor of mouth, buccal mucosa, gingiva, hard palate, and retromolar
trigone, with oral squamous cell carcinoma (OSCC) constituting over 90% of all oral malignancies.
Despite substantial advances in surgical techniques, radiation therapy, and targeted oncological therapies,
the five-year overall survival rate for OSCC remains at approximately 50-60%, a figure that has not
substantially improved over the past three decades.
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The persistently poor prognosis of oral cancer is primarily attributable to late-stage diagnosis. A significant
proportion of patients present with stage III or IV disease, when local infiltration and regional lymph node
metastasis have already occurred. In contrast, early-stage oral cancer (stage I and II) carries a five-year
survival rate exceeding 80%. This stark differential underscores the critical imperative for effective early
detection strategies.

The oral mucosa, a highly accessible anatomical surface, presents a unique opportunity for clinical
screening. Unlike many internal malignancies, oral lesions are potentially visible to clinicians and, under
optimal conditions, to patients themselves. Oral potentially malignant disorders (OPMDs) — including
leukoplakia, erythroplakia, erythroleukoplakia, oral submucous fibrosis (OSMF), and oral lichen planus
— represent precancerous changes within the mucosal epithelium, and their timely recognition is
paramount for cancer prevention. However, traditional visual examination is limited by intra- and inter-
examiner variability, inadequate training among non-specialist healthcare providers, limited access to
tertiary care in rural and low-income settings, and the subtle, non-specific early presentations of OPMDs.
Artificial Intelligence (AI) has emerged as a potentially transformative technology in clinical medicine,
offering the capacity to analyze complex, high-dimensional data — including medical images,
histopathological slides, and clinical records — with remarkable precision and reproducibility. In the
domain of oral cancer, Al-driven tools promise to augment clinical decision-making, standardize
diagnostic criteria, extend expert-level screening capability to underserved populations, and potentially
enable population-level surveillance. This review provides a comprehensive and critical appraisal of the
current state, methodological approaches, clinical potential, and outstanding challenges of Al in the early
detection of oral malignancy.

2. Epidemiology and Burden of Oral Cancer

2.1 Global Incidence and Mortality

According to GLOBOCAN 2022 estimates, approximately 389,846 new cases of lip and oral cavity
cancers were diagnosed globally, resulting in 188,438 deaths. The disease disproportionately affects males
and individuals in low- and middle-income countries (LMICs), where over two-thirds of all oral cancers
occur. High-incidence regions include South Asia (particularly India, Sri Lanka, and Bangladesh),
Southeast Asia, parts of Sub-Saharan Africa, and specific Pacific Island nations.

2.2 Risk Factors and Etiological Profile

The primary etiological factors for oral cancer include tobacco use (smoked and smokeless), areca nut
chewing, alcohol consumption, and oncogenic human papillomavirus (HPV) infection, particularly HPV-
16. The interplay of these carcinogens drives genetic mutations and epigenetic alterations in oral mucosal
epithelial cells. In South Asia, the habit of betel quid chewing — which typically combines areca nut,
slaked lime, and often tobacco — is strongly associated with oral submucous fibrosis and subsequent
malignant transformation.

2.3 Oral Potentially Malignant Disorders (OPMDs)

OPMDs represent a heterogeneous group of mucosal conditions associated with an elevated risk of
malignant transformation. The estimated rates of transformation vary considerably across lesion types and
geographic regions:
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OPYID Type
Leukoplakia 1-17.5% White patch, non-removable

by scraping
Erythroplakia 14 —-50% Red velvety lesion, high-risk
Erythroleukoplakia Up to 60% Mixed red and white lesion
Oral Submucous Fibrosis 2-8% Fibrosis, restricted mouth
opening
Oral Lichen Planus (erosive) 0.4 —-5% Chronic inflammatory,

erosive form

Actinic Cheilitis 1-35% Affects lip, sun-related

Table 1. Oral potentially malignant disorders and their approximate malignant transformation
rates.

3. Fundamentals of Artificial Intelligence in Medical Imaging

3.1 Overview of Al and Machine Learning

Artificial Intelligence refers to computational systems capable of performing tasks that conventionally
require human cognitive functions, including perception, reasoning, and learning. Within the healthcare
context, Al most commonly encompasses supervised machine learning (ML) algorithms, where models
learn predictive patterns from labeled training data, and deep learning (DL), where artificial neural
networks with multiple hidden layers autonomously extract hierarchical feature representations from raw
input data.

3.2 Convolutional Neural Networks (CNNs)

CNNs constitute the dominant deep learning architecture for medical image analysis. Composed of
convolutional, pooling, and fully connected layers, CNNs automatically learn spatially relevant features
— such as color variation, texture patterns, border irregularity, and lesion morphology — from image data
without manual feature engineering. Architectures including VGG-16, ResNet-50, InceptionV3,
EfficientNet, and DenseNet have been widely applied in oral cancer image classification tasks, frequently
achieving diagnostic performance comparable to or exceeding that of experienced clinicians.

3.3 Transfer Learning

Given the limited availability of large, annotated oral cancer image datasets — a pervasive challenge in
medical Al — transfer learning has become an indispensable strategy. Pre-trained CNN models (typically
trained on the ImageNet dataset comprising millions of diverse natural images) are fine-tuned on oral
cancer datasets, enabling the model to leverage generalizable low-level visual features while adapting
higher-level representations to the clinical domain. Transfer learning substantially reduces the training
data requirements and computational costs necessary to achieve high diagnostic accuracy.

3.4 Other Relevant A1 Methodologies

Beyond image classification CNNs, additional AI methodologies have been applied to oral cancer
detection. Object detection architectures such as YOLO (You Only Look Once) and Faster R-CNN enable
simultaneous lesion localization and classification within clinical photographs. Semantic segmentation
models (U-Net, DeepLab) delineate precise lesion boundaries, facilitating quantitative size assessment.
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Natural Language Processing (NLP) techniques have been employed to extract diagnostic signals from
clinical notes and electronic health records (EHRs). Radiomics approaches quantify high-dimensional
features from cone-beam CT (CBCT) and MRI imaging for tumor characterization and lymph node status
prediction.

4. Al Applications in Clinical Detection of Oral Mucosal Lesions

4.1 Clinical Photography-Based Detection

The most extensively investigated application of Al in oral cancer screening involves the automated
analysis of clinical photographs of the oral cavity. Standard digital cameras, DSLR systems, and
increasingly, smartphone cameras equipped with auxiliary lighting accessories have been used to acquire
standardized images of oral mucosal lesions for Al analysis.

Systematic studies have demonstrated that CNN-based classifiers trained on clinical oral images achieve
mean sensitivity values of 88—-96% and specificity values of 85-94% in distinguishing malignant or
potentially malignant lesions from benign conditions. A landmark multi-centre study by Uthoff et al.
(2018) demonstrated that a deep learning model trained on 193 images of oral lesions achieved AUC of
0.93 for OSCC detection, comparable to specialist performance. Subsequent work by Jubair et al. (2022)
reported sensitivity of 94.2% and specificity of 96.1% using a modified ResNet-50 architecture on a multi-
institutional dataset of 2,000 clinical photographs.

4.2 Dermoscopy and Narrowband Imaging (NBI)

Beyond conventional photography, Al algorithms have been applied to images acquired through oral
dermoscopy (videomicroscopy) and narrowband imaging (NBI), which enhance visualization of vascular
patterns and subepithelial architecture. Al analysis of NBI images has demonstrated promising results in
identifying angiogenic squamous dysplasia — an early vascular marker of transformation — with
sensitivities exceeding 90% in pilot studies.

4.3 Histopathological Image Analysis

Digital histopathology — the analysis of digitized whole slide images (WSIs) using computational
algorithms — represents one of the most mature applications of Al in oral cancer. Automated grading of
oral epithelial dysplasia, the primary histological predictor of malignant transformation, has been a major
focus. Al systems have demonstrated the ability to stratify OPMDs into mild, moderate, and severe
dysplasia with inter-rater reliability exceeding conventional pathologist agreement, particularly for
intermediate grades which exhibit high intra- and interobserver variability.

OSCC diagnosis from hematoxylin and eosin (H&E) stained sections has also been successfully
automated, with CNN models achieving diagnostic accuracy exceeding 95% in controlled settings.
Prognostic Al tools have been developed to predict tumor invasiveness, lymphovascular invasion,
perineural invasion, and lymph node metastasis from primary tumor histomorphological features, with
potential to guide individualized treatment planning.

4.4 Optical Coherence Tomography (OCT) and Fluorescence Imaging

OCT provides cross-sectional microstructural imaging of oral mucosal tissue up to 2 mm depth without
the need for tissue excision. Al analysis of OCT images has shown capability to differentiate dysplastic
epithelium from normal mucosa based on architectural and nuclear features, offering potential as a real-
time, non-invasive biopsy alternative. Similarly, autofluorescence imaging systems exploit differential
fluorescence between normal mucosa and dysplastic/malignant tissue; Al-assisted interpretation has
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improved the specificity of autofluorescence, which has historically been limited by false-positive results
from inflammatory lesions.

4.5 Salivary Biomarker and Multi-Omics Al Integration

Emerging research has explored Al-driven analysis of salivary biomarkers for oral cancer detection. Mass
spectrometry-based metabolomic profiles, salivary proteomics, and cell-free DNA analysis combined with
machine learning classifiers have demonstrated promising discriminatory capability between OSCC
patients and healthy controls. Multi-modal AI approaches integrating clinical imaging, histopathology,
salivary biomarkers, and clinical risk factor data represent the frontier of precision oral oncology
diagnostics.

5. Summary of AI Model Performance in Key Studies

Study Input Dataset §Sensitivity jll Specificity
(Year) Archltecture Modality Size (%) (%)
88.0

Uthoff et | Custom CNN | Clinical photos 90.0 0.93
al. (2018)

Jubair et | ResNet-50 Clinical photos | 2,000 94.2 96.1 0.97
al. (2022)

Das et al. | VGG-16 H&E histology | 1,200 93.5 91.8 0.95
(2020)

Jeyaraj et | CNN+SVM | Clinical 384 91.0 89.0 0.92
al. (2019) images

Aubreville | GoogLeNet Confocal 8,000 88.4 87.8 0.94
et al. microscopy patches

(2017)

Warin et | EfficientNetB5 | Clinical photos | 1,067 90.3 93.6 0.96
al. (2021)

Nayak et | ResNet-101 Histopathology | 750 95.1 94.7 0.98
al. (2021) WSI slides

Table 2. Performance metrics of representative Al systems for oral cancer/OPMD detection. H&E =
hematoxylin and eosin; WSI = whole slide image; AUC = area under receiver operating characteristic
curve; CNN = convolutional neural network; SVM = support vector machine.

6. Integration into Healthcare Systems

6.1 Point-of-Care and Low-Resource Settings

One of the most compelling applications of Al-driven oral cancer detection is its potential deployment in
low-resource primary healthcare settings, where specialist access is severely limited and the burden of
disease is disproportionately high. Smartphone-based Al screening tools have been developed that require
only a standard mobile device equipped with a simple LED ring light or custom oral speculum attachment
to acquire diagnostic-quality intraoral images. These tools, when linked to cloud-based or on-device Al
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classifiers, can provide near-instantaneous risk stratification, guiding frontline health workers in triage
and referral decisions.

Community health worker (CHW)-administered oral cancer screening programs augmented by Al tools
have been piloted in India, Bangladesh, and sub-Saharan Africa, demonstrating feasibility and
acceptability. Al-assisted screening in these programs has shown diagnostic concordance with specialist
oral surgeons exceeding 85%, suggesting significant potential for reducing the specialist bottleneck that
currently constrains oral cancer detection at the population level.

6.2 Integration with Electronic Health Records and Clinical Workflows

At the institutional level, Al tools for oral cancer detection are being integrated within broader digital
health ecosystems. EHR-linked Al systems can mine longitudinal patient data — tobacco and alcohol use
history, prior OPMD diagnoses, HPV status, family history — to generate individualized risk scores that
stratify patients for enhanced surveillance. Natural language processing algorithms applied to clinical
notes and referral letters can identify patients with documented mucosal abnormalities who may have been
lost to follow-up, supporting proactive outreach and re-evaluation.

Radiology Al platforms integrated with CBCT and MRI acquisition workflows can automate detection
and staging of oral cancers, assess bone invasion, delineate tumor margins, and identify suspicious cervical
lymph nodes, reducing radiologist burden and turnaround time. Seamless integration with reporting
systems enables Al-generated findings to be embedded directly within structured radiological reports,
preserving the human-in-the-loop oversight essential for clinical decision-making.

6.3 Telemedicine and Remote Specialist Consultation

Al-enabled tele-oral medicine platforms allow primary care providers in remote locations to acquire
intraoral images, receive Al pre-screening results, and escalate cases electronically for specialist review,
effectively extending the reach of expert oral oncology services. Hybrid human-Al frameworks where Al
serves as a first-line filter — flagging high-risk lesions for mandatory specialist review while providing
reassurance for clearly benign conditions — optimize workflow efficiency while maintaining safety
standards.

7. Challenges, Limitations, and Ethical Considerations

7.1 Data Quality and Diversity

A fundamental constraint in Al-based oral cancer detection is the availability of large, diverse, well-
annotated training datasets. Most published studies have been conducted using datasets derived from
single institutions in specific geographic regions, limiting model generalizability to populations with
differing mucosal pigmentation, disease prevalence, risk factor profiles, and imaging equipment. The
performance of Al models trained predominantly on lighter-skinned populations may be systematically
degraded when applied to darker oral mucosa, a critical equity concern given the high burden of oral
cancer in South and Southeast Asian populations.

Annotation quality is a further challenge; ground truth labels derived from visual clinical assessment —
rather than histopathological confirmation — introduce label noise that may substantially degrade model
reliability. Collaborative efforts to establish standardized, multi-institutional, demographically diverse,
histopathologically confirmed image repositories — analogous to the ImageNet or TCGA resources in
broader Al and oncology fields — are urgently required.

7.2 Clinical Validation and Regulatory Approval

The transition from experimental Al tools demonstrating impressive performance on curated retrospective
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datasets to clinically approved, prospectively validated diagnostic devices is a significant and multistep
undertaking. Regulatory bodies including the US FDA (under the Software as a Medical Device, SaMD
framework), the European Medicines Agency, and equivalent national authorities require rigorous
prospective clinical trials demonstrating safety, efficacy, and robustness across diverse patient populations
before Al tools can be incorporated into routine clinical pathways.

Very few Al-based oral cancer detection systems have progressed to phase III prospective clinical trials
or achieved regulatory clearance, highlighting the translational gap between research innovation and
clinical deployment. Investment in infrastructure for multi-site prospective trials and engagement with
regulatory science are essential accelerators of Al clinical translation.

7.3 Explainability and Clinician Trust

Many high-performing deep learning models operate as 'black boxes,' providing diagnostic outputs
without transparent mechanistic justification. Clinicians require not only accurate predictions but also
interpretable explanations — which morphological features informed the diagnosis, what regions of the
lesion are of highest concern — to integrate Al findings into their clinical reasoning and to maintain
appropriate oversight. Explainability techniques including Grad-CAM (Gradient-weighted Class
Activation Mapping), SHAP (SHapley Additive exPlanations), and LIME (Local Interpretable Model-
agnostic Explanations) generate visual saliency maps highlighting diagnostically relevant image regions,
substantially improving clinician trust and enabling identification of model errors. Explainability-by-
design approaches embedded within Al model architectures represent an important direction for future
development.

7.4 Ethical and Equity Considerations

Al deployment in oral cancer screening carries important ethical dimensions. Patient privacy and data
security require robust governance frameworks governing collection, storage, processing, and sharing of
sensitive oral image and health record data. Informed consent processes must ensure patients understand
how Al tools contribute to their clinical assessment. The risk of algorithmic bias — whereby Al systems
perform systematically less well for underrepresented demographic subgroups — demands proactive
monitoring, auditing, and remediation.

Equity in Al benefits is a paramount concern: while Al screening tools hold particular promise for
underserved low-resource settings, the digital divide — differential access to smartphones, reliable
internet connectivity, and compatible healthcare infrastructure — may paradoxically concentrate Al
benefits in already-resourced health systems unless deliberate design and deployment strategies prioritize
equity.

8. Future Directions

The evolution of Al in oral cancer detection is progressing along several parallel trajectories. Federated
learning — an approach enabling Al models to be trained collaboratively across multiple institutions
without centralizing sensitive patient data — holds promise for addressing data scarcity and privacy
concerns simultaneously. Large-scale foundation models pre-trained on diverse biomedical data may
dramatically reduce the labeled data requirements for specialist oral oncology Al applications.
Multi-modal Al systems integrating clinical imaging, histopathology, radiology, molecular biomarkers,
and patient clinical data into unified diagnostic platforms represent the next frontier of precision oral
cancer diagnostics. Such systems may not only enhance early detection but also enable individualized
prognosis prediction, treatment selection optimization, and response monitoring. The convergence of Al
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with emerging technologies — including intraoral scanning, hyperspectral imaging, and label-free

molecular imaging modalities — will further expand the diagnostic toolkit available for oral mucosal
surveillance.

Prospective Al-augmented oral cancer screening programs at the population level, integrated with national
health systems in high-burden countries, are a critical translational target. Their successful implementation
will require interdisciplinary collaboration spanning oral medicine, oncology, computer science, health
economics, regulatory science, and public health, underpinned by sustained funding and policy
commitment.

9. Conclusion

Artificial Intelligence represents a paradigm-shifting opportunity in the early detection of oral malignancy
within the oral mucosa. The convergence of advanced deep learning architectures, increasingly available
digital imaging technologies, and the accessibility of mobile health platforms creates a uniquely favorable
landscape for Al-driven oral cancer screening to improve patient outcomes at both individual and
population levels. Published evidence consistently demonstrates Al diagnostic performance approaching
or matching that of specialist clinicians, with particular potential for deployment in primary healthcare
and community settings where oral oncology expertise is scarce.

Realizing this potential demands concerted effort to address the outstanding challenges of data diversity,
prospective clinical validation, regulatory translation, algorithmic explainability, and equitable
deployment. The ultimate benchmark of success for Al in oral cancer detection will be its demonstrable
contribution to stage migration — a measurable increase in the proportion of oral cancers diagnosed at
early, curable stages — and a meaningful improvement in the five-year survival rates that have stubbornly
resisted improvement for decades. With rigorous science, responsible governance, and an unwavering
commitment to health equity, Al has the capacity to become a cornerstone of global oral cancer control.
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