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Abstract

Oral cancer remains a major public health problem because many patients are
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diagnosed after substantial disease progression. Oral squamous cell carcinoma
represents the major histological form of oral cancer. Conventional oral examination
remains essential for early recognition. However, screening programmes are difficult
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to implement uniformly across populations because specialist resources are unevenly
distributed. Digital epidemiology provides an opportunity to collect population-level
information through electronic health records. Artificial intelligence can analyse these
heterogeneous datasets and identify patterns associated with disease risk. Recent
studies have demonstrated the potential of machine learning for oral cancer risk
prediction. Deep learning has also produced high diagnostic performance using clinical
photographs and histopathological images. Smartphone-based systems are beginning
to extend Al-assisted screening into community settings. However, current evidence
remains dominated by retrospective studies. Many datasets are derived from single
institutions and contain limited demographic diversity. External validation remains
insufficient. Differences in image acquisition, disease prevalence, and population
characteristics can influence model performance. This review discusses how artificial
intelligence and digital epidemiology can be integrated into a population-based oral
cancer prediction framework.
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1. Introduction

Oral cancer is an important global malignancy with
considerable effects on mortality, morbidity, and quality of
life. The disease includes malignancies arising from the lip
and oral cavity. Global cancer estimates have demonstrated
a substantial burden of oral cancer with the disease
particularly affecting regions where tobacco, areca nut, and
betel quid exposure are common (Rumgay et al., 2024a; Sung
et al,, 2021) The distribution of oral cancer is therefore not

uniform. Differences in behavioral exposures and preventive
practices produce substantial variation between populations.
These differences make oral cancer an important target for
population-based risk assessment. The clinical outcome of
oral cancer is strongly associated with the stage at diagnosis.
Early lesions may be amenable to treatment with a better
chance of preserving oral function and reducing treatment-
related morbidity. Advanced disease can require extensive
surgery, radiotherapy, chemotherapy, or combinations of
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these approaches. Late diagnosis remains a major concern in
many populations. Conventional visual examination remains
the foundation of oral cancer screening. Oral potentially
malignant disorders (OPMD) provide an important
opportunity for early intervention. OPMDs represent
a heterogeneous group of oral conditions associated
with an increased risk of malignant transformation
(Warnakulasuriya et al.,, 2021). Leukoplakia, erythroplakia,
oral submucous fibrosis, and other potentially malignant
conditions do not have identical biological behavior. Some
lesions remain stable for prolonged periods. Other lesions
develop dysplasia and eventually progress to invasive cancer.
Histopathological examination remains central to risk
assessment, but dysplasia grading can show interobserver
variation (Gupta et al., 2020) Clinical appearance alone also
cannot reliably predict the future behavior of every lesion.
These characteristics create a need for models that can
integrate several clinical and pathological variables rather
than depending on a single observation.

Artificial intelligence has emerged as an important tool
for this purpose. Machine learning algorithms can identify
associations between demographic variables, clinical
characteristics, and disease outcomes. Deep learning can
identify complex features in clinical photographs and
histopathological images. Natural language processing can
potentially extract risk information from electronic clinical
records. These approaches provide an opportunity to move
from conventional single-variable risk assessment toward
multidimensional prediction. The concept is particularly
relevant to oral cancer because disease risk is influenced by
multiple interacting factors rather than a single exposure.
The current oral cancer Al literature has mainly focused on
diagnosis. The recent study has reviewed 54 deep learning
studies and found that 51 focused on diagnosis while only
threeaddressed prognostic prediction (Warin & Suebnukarn,
2024). Diagnostic studies used histopathological images,
clinical photographs, computed tomography, and other
medical imaging modalities. Reported performance was
generally high, although substantial heterogeneity existed
between studies. A more recent systematic review and
meta-analysis published in 2026 included 16 Al studies
and reported pooled sensitivity of 0.90, specificity of
0.89, and accuracy of 0.89 (Soleimani Sardou et al., 2026).
Image-based models showed pooled sensitivity of 0.94 and
specificity of 0.93. However, heterogeneity was extremely
high, with an I? value of 100%, indicating that the pooled
estimates should notbe interpreted as universally applicable
clinical performance values. A population-based Al system
could begin with demographic and behavioral risk factors.
Individuals identified as high risk could receive targeted
oral examination. Smartphone imaging could then assist
with lesion assessment. Suspicious cases could be referred
for specialist examination and biopsy. Histopathology could
provide definitive diagnosis. Following diagnosis, Al could
assist with prognostic prediction and treatment-related risk

assessment. Such an approach would transform Al from an
isolated diagnostic tool into a component of an integrated
oral cancer prevention pathway. The objective of this
review is therefore to examine the emerging relationship
between artificial intelligence and digital epidemiology in
population-based oral cancer risk prediction.

2. Population Risk Landscape and the Need for Digital
Epidemiology

Oral cancer risk is strongly influenced by preventable
behavioral exposures. Tobacco remains one of the most
important risk factors. Smoking exposes the oral mucosa
to numerous carcinogenic compounds. Smokeless tobacco
can produce prolonged local exposure and is particularly
important in populations where chewing tobacco products
are commonly used. Areca nut represents another major
risk factor and it could be consumed alone or within betel
quid preparations. Tobacco may also be added to these
products. The importance of these exposures is evident
from recent global estimates. Rumgay et al. estimated
that 120,200 oral cancer cases diagnosed globally in
2022 were attributable to smokeless tobacco or areca nut
consumption, corresponding to approximately 30.8% of
all oral cancer cases (Rumgay et al,, 2024). The burden
was particularly high in south-central Asia. These findings
demonstrate why population-level risk prediction should
include detailed information about smokeless tobacco and
areca nut exposure rather than relying only on smoking
status. Alcohol is another established risk factor and the
relationship between alcohol and oral cancer is influenced
by dose and duration. Combined tobacco and alcohol
exposureisespeciallyimportantbecause the two exposures
can interact in carcinogenesis. A digital risk assessment
tool can capture smoking status, tobacco product type, and
cessation history. Such information can be updated over
time and it differs from a conventional risk assessment
conducted during a single clinical consultation.

Age is also associated with oral cancer risk and the
incidence generally increases with age. However, oral
cancer can occur in younger adults when strong behavioral
or genetic factors are present. A population model should
therefore treat age as a continuous risk variable rather
than defining oral cancer as a disease restricted to older
adults. Oral hygiene, access to dental care, and previous
oral lesions may also contribute to risk. These factors can
be particularly important in community-based screening
because populations with similar tobacco exposure may
still experience different outcomes because of differences
in healthcare access and social conditions. OPMDs
represent another important component of population
risk. The presence of an OPMD does not mean that cancer
will inevitably develop. The probability of malignant
transformation varies between lesion types and individual
patients. Histological dysplasia is an important predictor,
but clinical factors also contribute. Lesion size, anatomical
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site, and previous lesion history can influence the risk profile
(Warnakulasuriya et al,, 2021) This heterogeneity creates
a situation in which simple classification is insufficient.
A patient with a small stable lesion and no major risk
exposure may require a different follow-up strategy from
a patient with extensive dysplasia and continued tobacco
exposure. Machine learning is well suited to this type of
multidimensional problem. A model can combine multiple
independentvariables and generate an estimated probability
of progression. Uppal et al. systematically reviewed machine
learning approaches for predicting malignant transformation
of OPMDs and identified 15 eligible studies (Uppal et al,
2024). Reported overall prediction accuracy ranged from
74% to 95.4%. Some individual models achieved sensitivity
or specificity of 100%. The review concluded that machine
learning could incorporate multiple variables to estimate
malignant potential, although performance remained
sensitive to dataset characteristics. The findings from this
systematic review are important because they demonstrate
both the potential and limitation of Al-based risk prediction.
High accuracy values indicate that computational models
can identify useful patterns. However, variation between
datasets means that a model developed in one population
may not perform similarly elsewhere. The problem is
particularly relevant to oral cancer because risk factors differ
geographically. A model developed in a population with
high areca nut use may identify different predictors from a
model developed in a population where cigarette smoking
and alcohol are dominant exposures. Digital epidemiology
can address some of these challenges by creating larger
and more diverse datasets. Digital epidemiology offers the
possibility of updating risk when new information becomes
available. A population-based system could consequently
classify individuals according to their current risk rather
than applying a fixed label. Low-risk individuals could
remain within routine oral health services. Intermediate-
risk individuals could receive periodic monitoring. High-risk
individuals could receive more intensive clinical evaluation.
Individuals with suspicious lesions could proceed to Al-
assisted image assessment and specialist referral. This
approach may allow limited specialist resources to be
directed toward individuals with greater predicted need.

3.Digital Data Sources for Population-Based Oral Cancer
Prediction

Electronic health records represent one of the most
useful sources for population-based prediction because they
contain information accumulated during routine healthcare.
Longitudinal records are particularly valuable because
oral cancer develops over time. A single consultation may
capture only part of the risk profile. Repeated records
can provide information about changing exposures and
persistent lesions. However, electronic health records also
contain missing data and inconsistent documentation.
Tobacco and alcohol exposure may not be recorded in
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sufficient detail. Different hospitals may use different
coding systems. Standardization is therefore necessary
before data from multiple institutions can be combined.
Clinical photographs represent another major source of
digital information. The development of deep learning has
made image-based oral cancer detection one of the most
active areas of research. Fu et al. developed a deep learning
algorithm using 44,409 clinical photographs collected
from 11 hospitals (Fu et al., 2020). Internal validation
produced an AUC of 0.983 with sensitivity of 94.9% and
specificity of 88.7%. External validation produced an AUC
of 0.935 with sensitivity of 89.6% and specificity of 80.6%.
The model also demonstrated strong performance for
early-stage OSCC. The study showed that ordinary clinical
photographs can contain sufficient visual information for
deep learning systems to identify patterns associated with
oral cancer. The difference between internal and external
validation performance was also informative because
it demonstrated that model performance can decrease
when the algorithm is applied to data from a different
setting. Vision transformer approaches have also been
investigated. Flugge et al. evaluated a Swin Transformer
using 1,406 clinical photographs and reported an AUC
of approximately 0.99 for OSCC detection (Fligge et
al, 2023). Transformer-based models may provide
advantages in capturing relationships across different
regions of an image. However, improved architecture
does not automatically eliminate problems related to
dataset bias. A model can still learn characteristics
associated with a particular camera, institution, or patient
population. Multicenter research is therefore particularly
important. Ye et al. evaluated a YOLOX-based deep learning
model using 1,419 oral photographs obtained through
a multicenter study involving 24 participants from 14
centers (Ye et al., 2024). High performance was reported
across many studies. However, histopathological Al has
its own sources of variability. Differences in staining
procedures, tissue preparation, and annotation can affect
model performance. A model trained in one pathology
laboratory may therefore require recalibration before use
in another institution. Hyperspectral imaging represents
another developing source of information. Conventional
photographs capture information within the visible
spectrum. Hyperspectral imaging captures additional
wavelength-specific information that may reflect
differences in tissue composition. Li et al. evaluated a deep
learning-based hyperspectral approach for identifying
metastaticlymphnodetissue in OSCC using specimens from
45 patients (Li et al,, 2025). The improved ResUNet model
achieved an overall accuracy of 87.30% and an average
accuracy of 85.46% for tissue classification. Cancerous
regions were identified with an intersection-over-union
value of 0.6253. The study was preliminary and involved
a relatively small cohort. Nevertheless, it demonstrates
the possibility of combining spectral information with
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deep learning to identify tissue characteristics that may
not be visible in conventional photographs. Smartphones
provide an important bridge between digital data and
population screening. A 2026 literature review identified
23 studies published between 2015 and 2024 involving
smartphone imaging, mHealth systems, tele-dentistry,
autofluorescence, and Al-supported oral cancer detection
(Alm et al., 2026). Reported sensitivity ranged from 70% to
99%, while specificity ranged from 64% to 100%. Reported
accuracy ranged from 81% to 97%. These values indicate
considerable potential, but the broad ranges also show that
performance depends strongly on the system and study

population. Smartphone-based autofluorescence systems
provide another approach. The mDOC platform has been
evaluated as a point-of-care imaging system for primary
and community healthcare settings (Durab et al., 2025). The
technology combines conventional white-light imaging with
autofluorescence information. Such systems may become
more useful when integrated with Al. A multimodal platform
could combine patient risk factors, white-light images,
autofluorescence images, and clinical history. The resulting
model could provide a more comprehensive assessment
than a single photograph (Table 1 & Figure 1).

Table 1: Emerging Digital Health Technologies and Artificial Intelligence Models Applied in Oral
Cancer Risk Prediction

Oral Object 0SCC and leukoplakia Automated identification and (Kouketsu et al., 2024)
photographs detection detection localization of suspicious lesions
Raman ML ensembles Early oral cancer risk Incorporates molecular (Chaudhuri et al.,
spectroscopy assessment information into computational 2023)
risk assessment
Smartphone Deep neural | Premalignant/malignant | Potential low-cost screening in (Liyanage et al., 2023)
oral images networks lesion classification remote communities
Histopathology | Multiple CNN Tissue-level Supports digital pathology- (Afify et al,, 2023)
architectures classification assisted screening
Microscopic CNN + Random | Oral tissue classification | Combines deep feature extraction | (Jhawar & Pal, 2025)
tissue images Forest with conventional ML
Clinical Hybrid ML OSCC detection Demonstrates automated image (Al Duhayyim et al.,
photographs analysis using relatively small 2023; Di Fede et al,,
datasets 2025)
Clinical Deep learning 0SCC detection/ Supports automated (Alanazi et al., 2022)
photographs classification photographic screening
Intraoral lesion ML/DL Automated POC Supports decentralization of oral (Ferro et al., 2022)
data classification cancer screening

4. Artificial Intelligence for Oral Cancer and OPMD
Detection

The earliest applications of machine learning in oral
cancer relied mainly on conventional algorithms such as
artificial neural networks, random forests, and logistic
regression. These models were often based on manually
selected clinical or pathological features. Alabi et al
systematically reviewed 41 studies of machine learning
in OSCC and reported sensitivity values ranging from
0.70 to 1.00, specificity from 0.57 to 1.00, and accuracy
from 63.4% to 100% (Alabi et al., 2021). The wide range
illustrates the variability in datasets and study design.
It also demonstrates that high accuracy cannot be
interpreted without considering the patient population,
reference standard, sample size, and validation strategy.

Deep learning subsequently changed the field
because these models can learn complex features directly
from images. Warin and Suebnukarn identified 54 deep
learning studies in oral cancer (Warin & Suebnukarn,

2024). Fifty-one studies evaluated diagnosis while only three
investigated prognosis. Histopathological images were the
most common data type, followed by computed tomography
and clinical oral photographs. Reported classification
accuracy generally ranged between 85% and 100%. The
review concluded that deep learning showed promising
performance but also identified heterogeneity and limitations
in study quality. More recent meta-analyses provide broader
evidence. A 2024 systematic review and meta-analysis
evaluated Al for detecting OPMDs and oral cancer using
medical diagnostic imaging (Sahoo et al., 2024). Fifty-five
studies were included in the qualitative synthesis and 18 were
included in the quantitative analysis. The pooled sensitivity
was approximately 0.87 and specificity was approximately
0.81. The pooled diagnostic performance demonstrated a
high SROC area under the curve. These results suggest that
Al can distinguish suspicious and non-suspicious lesions with
considerable accuracy, but the performance should not be
assumed to be equivalent across all clinical environments.
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The 2026 meta-analysis provides a more recent
estimate (Soleimani Sardou et al, 2026). Sixteen eligible
studies were included. Al models showed pooled sensitivity
of 0.90, specificity of 0.89, and accuracy of 0.89. Image-based
models achieved pooled sensitivity of 0.94 and specificity
of 0.93. However, sensitivity across individual studies
ranged from 42% to 100% and specificity ranged from 63%
to 100%. The very high heterogeneity indicates that the
pooled values represent an overall research estimate rather
than a guaranteed clinical performance. OPMD detection is
particularly important because prevention becomes possible
before invasive cancer develops. Horvath et al. evaluated Al-

assisted identification of OPMDs and reported promising
diagnostic performance in their systematic review and
meta-analysis (Horvath etal,, 2026). This evidence suggests
that the future of oral cancer Al should extend beyond
lesion classification. The important question is not simply
whether alesion looks malignant. The system should ideally
estimate the probability of malignant transformation and
help determine the appropriate intensity of surveillance.
Such prediction requires longitudinal data. A cross-
sectional image can identify current appearance but cannot
fully represent future biological behavior.

Figure 1: Al-enabled digital epidemiology framework for population-based oral cancer risk prediction, screening, risk
stratification, and clinical referral.

5. Al-Based Risk Prediction and Prognostic
Stratification

Al-based risk prediction differs from image-based
diagnosis because the input variables can include
behavioral, demographic, clinical, and pathological
information. Alhazmi et al. provided an early example
by developing an artificial neural network model for
oral cancer risk prediction (Alhazmi et al., 2021). The
study included 73 patients and 29 variables. Fifty-one
patients had malignant disease and 22 had benign
or premalignant conditions. Variables included age,
clinical complaints, medical conditions, oral site, clinical
appearance, shammah, khat, and tobacco exposure.
Using 10-fold cross-validation, the neural network
achieved a sensitivity of 85.71%, specificity of 60%,
and accuracy of 78.95%. The study demonstrated the
feasibility of combining clinical and behavioral factors
for prediction. However, the small sample size limits
the generalizability of the model. Larger community
datasets are more appropriate for population-level risk
prediction. Recent research from rural India illustrates
this approach. Sundar et al. evaluated explainable
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machine learning for OPMD risk classification in a community-
based cross-sectional study involving 3,700 adults from
100 rural clusters in Hassan District, Karnataka (M et al,
2026). The investigators collected demographic information,
tobacco and alcohol exposure, oral hygiene information, and
oral examination findings. XGBoost achieved an AUC of 0.91
and an accuracy of 85.7%. Age, tobacco exposure, and poor
oral health were consistently important predictors. Cluster
analysis identified a subgroup with substantially higher
OPMD risk. The study is important because the model was
developed using community data rather than a specialist
hospital cohort. Such studies provide a stronger foundation
for population-level screening.

Al has also been applied to predict lymph node
metastasis. Nodal involvement has major implications for
treatment planning in OSCC. A SEER-based population study
evaluated six machine learning algorithms for predicting
nodal metastasis in patients with early T-classification OSCC
(Kwak et al., 2021). AUC values ranged from 0.768 to 0.956.
XGBoost achieved the highest AUC at 0.956. Tumor size was
identified as the most important feature using permutation
importance. This finding demonstrates the ability of machine
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learning to identify patterns associated with clinically
important outcomes. Such models may provide additional
information when treatment decisions are being considered.
Large cancer registries also provide opportunities for
survival prediction. Okeagu et al. analysed SEER data
from 1992 to 2020 to develop machine learning models
for oral cancer prognostication (Okeagu et al, 2026). The
dataset included 53,611 cases, with 39,904 complete cases
containing 21 variables. Random forest, XGBoost, LASSO, and
logistic regression were compared. Random forest produced
an AUC of approximately 77.6% and accuracy of 71.4%. SHAP
analysis indicated that localized disease stage was the most
influential variable, followed by age. The study also showed
that discrimination and calibration can behave differently.
A model may classify patients reasonably well while still
producing poorly calibrated probabilities. Another 2026
SEER-based study developed a prognostic model for OSCC
using 8,927 patients (Zhang et al., 2026). LASSO, XGBoost,
random forest, and support vector machine algorithms were
evaluated. Age, race, sex, tumor grade, and TNM stage were
among the important predictors. The final model achieved
a C-index of 0.714 compared with 0.665 for conventional
TNM staging, with external validation reported by the
investigators. These findings suggest that machine learning
can integrate demographic and tumor -characteristics
to improve individualized prognostic estimation. The
importance of these studies extends beyond algorithm
development. Conventional staging remains central to
clinical management because it is clinically interpretable
and supported by extensive evidence. Al models may provide
additional information rather than replace staging systems.
A future prognostic platform could combine TNM stage with
patient characteristics, pathological features, treatment
information, and longitudinal outcomes. Such a model could
generate individualized survival estimates and potentially
support treatment discussions.

6. Population-Based Screening and Public Health
Applications

Smartphone based systems can allow trained personnel
to capture images and risk information without requiring
an oral medicine specialist to be physically present. Recent
research on the RiskOCA platform provides an example of
this approach. The system combined patient risk profiling,
guided smartphone imaging, deep learning, and specialist
review. The model was trained using 2,226 annotated
images and tested in 1,242 adults aged 40 years or older
in rural Thailand. Mean Al classification accuracy across
three diagnostic categories was approximately 93.22%
(Wongsapai et al., 2026). The involvement of village health
volunteers demonstrates how Al can be incorporated into an
existing community health structure rather than functioning
as a separate technology. Smartphone autofluorescence
represents another possible pathway. The mDOC system was
evaluated in a clinical imaging study involving 111 patients

and 223 anatomical sites (Durab et al., 2025). The system
combined white-light and autofluorescence imaging and
was designed to support referral decisions in primary and
community healthcare settings. The potential value of such
technology may increase when optical imaging is combined
with Al The Al system could first determine whether image
quality is sufficient. It could then combine white-light and
fluorescence features with clinical risk information. The
most effective Al system may therefore be one that connects
risk prediction with an intervention pathway. A high-risk
individual could receive counselling. A persistent lesion could
trigger referral. A suspicious image could receive specialist
review. A confirmed cancer could enter a prognostic pathway.
This creates a continuum between epidemiology and clinical
care.

7. Future Perspective

The future of Al-based oral cancer prediction is likely
to involve multimodal systems rather than single-input
models. Clinical photographs can describe visible lesions
and behavioral data can describe exposure. Combining
these information sources could produce a more complete
representation of oral cancer risk. Federated learning may
help develop such models without requiring all patient data
to be transferred to a central database. Multiple hospitals
could train a shared model while retaining patient-level
information locally. This approach could increase dataset
diversity while addressing some data-sharing concerns.
Prospective studies will be required to determine whether
federated systems provide reliable performance across
institutions. Dynamic risk prediction is another important
direction. Oral cancer risk changes over time and tobacco
exposure can stop or increase. Digital systems can update risk
when new information becomes available. A future platform
could therefore generate an individualized risk trajectory
rather than a single static score.

Explainable risk scores could also improve clinical
use. A system could report an estimated risk together
with the main contributing variables. Such output would
be more informative than a simple “high-risk” label. The
clinician could review the factors and determine whether
the prediction is clinically reasonable. This approach would
also make it easier to identify potential errors. Future
studies should prioritize large prospective multicenter
cohorts. Data should be collected from different geographical
regions and socioeconomic populations.. Researchers should
report sensitivity, specificity, predictive values, calibration,
discrimination, and clinical utility. The effect of Al on referral
rates and diagnostic delay should also be evaluated. Cost-
effectiveness should be included because a technically
accurate model may still have limited public health value
if implementation is too expensive. The research agenda
should also move toward integrated clinical pathways. A
future population-based platform could begin with a digital
questionnaire. The system could estimate individual risk
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based on demographic and behavioral information. High-
risk individuals could undergo targeted examination.
Smartphone imaging could identify suspicious lesions.
Al could prioritize cases for specialist assessment and
histopathology could provide definitive diagnosis.
Al could then assist with prognostic prediction after
cancer confirmation. Public health authorities could
use aggregated information to monitor geographic and
temporal changes in disease risk. Such a framework
would represent a significant change from the current
image-centered Al literature. Most existing studies ask
whether Al can recognize cancer from an image. The
more important population-health question is whether Al
can help identify people at risk before advanced disease
develops and improve the pathway from risk recognition
to definitive diagnosis. The recent evidence on OPMD
transformation prediction, community risk classification,
smartphone screening, and registry-based prognostic
modelling suggests that the necessary components are
beginning to emerge.

8. Conclusion

In conclusion, artificial intelligence and digital
epidemiology provide complementary approaches
for improving oral cancer early detection. Al offers
the analytical capacity to integrate complex datasets.
Digital epidemiology provides access to population-level
information. The combination could supporta continuous
pathway from behavioral risk assessment to lesion
detection and prognostic stratification. Current evidence
is encouraging, but most models remain retrospective
and require stronger external and prospective validation.
The future value of Al in oral cancer will therefore depend
not only on algorithmic accuracy but also on population
representativeness and measurable improvement in
patient outcomes. A clinically responsible system should
complement specialist assessment rather than replace
it. The ultimate objective should be earlier identification
of high-risk individuals and more efficient movement of
those patients into appropriate treatment pathways.
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