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Introduction
Oral squamous cell carcinoma (OSCC), comprising 90% of 

oral cancers, is the sixth most common cancer globally, with 
higher prevalence in low-income regions linked to tobacco 
and areca nut use.1 Despite diagnostic and therapeutic ad-
vancements, its five-year survival rate remains low (50–60%) 
due to late-stage diagnosis and recurrence.2 Early detection 
and accurate prognosis are critical but remain challenging.

The diagnosis of OSCC is based on clinical examinations, 
histopathological evaluations, and imaging studies. How-
ever, these methods often suffer from limitations, including 
subjectivity, variability among clinicians, and challenges in 
detecting early stage lesions or predicting outcomes.3 Fur-
thermore, while traditional histopathological features such 
as depth of invasion (DOI), lymphovascular invasion (LVI), 
and perineural invasion (PNI) are well-established prognos-
tic markers, their interpretation is not always consistent, lead-
ing to variability in clinical decision-making.4

These challenges emphasize the need for advanced tools 
that can integrate diverse clinical, pathological, and imag-
ing data to improve the diagnostic accuracy and prognostic 
stratification. Artificial intelligence (AI) offers a promising 
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solution by leveraging machine learning and deep learning 
algorithms to analyse complex datasets and identify patterns 
beyond human recognition.5

AI has revolutionized healthcare by enabling the analysis 
of large and complex datasets, particularly in oncology, where 
precision medicine is increasingly critical.6 In head and neck 
cancers, including OSCC, AI has been applied to tasks such as 
image-based diagnostics, histopathological grading, and out-
come prediction, demonstrating superior accuracy compared 
to conventional methods.7 

Recent advances in hybrid AI models, which combine ma-
chine learning for tabular data with deep learning for imaging 
data, have improved the predictive capabilities. These mod-
els can integrate multimodal data, including clinical features, 
imaging studies, and histopathological parameters, to deliver 
comprehensive risk assessments.8 Such approaches are partic-
ularly relevant for OSCC, where prognosis is influenced by a 
complex interplay of tumor biology, patient demographics, and 
environmental factors.

Given the high prevalence of OSCC in low-resource set-
tings, the integration of AI-based diagnostic and prognostic 
tools offers a potentially cost-effective solution by enabling 
early detection, reducing reliance on specialist expertise, and 
optimizing treatment pathways to improve outcomes with lim-
ited healthcare resources.

This study aimed to address the limited application of AI 
in oral squamous cell carcinoma (OSCC) by developing and 
validating a hybrid AI model that integrates clinical, pathologi-
cal, and radiological data for early detection and prognostic 
evaluation. The model seeks to provide standardized risk as-
sessments, enhance early detection, and enable personalized 
prognostic evaluations. By assessing its performance and com-
paring it with clinician-based assessments, this study aimed to 
advance AI’s role of AI in precision oncology and support its 
integration into clinical practice.

Materials and Methods
This study was conducted to develop and validate an AI-

based prediction model for early detection and prognostic 
evaluation of oral cancer using clinical, histopathological, and 
radiological data. A total of 98 patients diagnosed with  OSCC 
were included. This study utilized a retrospective design, with 
all data collected from hospital records, imaging repositories, 
and histopathology archives.

Study Design
This was a retrospective observational study aimed at ana-

lysing existing clinical, pathological, and radiological data. All 
procedures followed ethical guidelines and approval was ob-
tained from the institutional ethics committee.

Study Setting
The study was conducted at a tertiary care oncology center, 

utilizing patient records between January 2018 and December 
2023. The center is equipped with comprehensive diagnostic 
and treatment facilities for oral cancer.

Ethical Considerations
This study adhered to the ethical guidelines of retrospective 

research. Ethical approval was obtained from the Institutional 
Review Board of GGSDC (GGSDC/Dean/Res/23/18). Patient 
confidentiality was maintained through data anonymization, 
and institutional ethics approval was obtained.

Study Population

Inclusion Criteria
Patients were eligible for inclusion if they were aged ≥ 18 

years and had histopathologically confirmed OSCC. Only cases 
with complete clinical, histopathological, and radiological data 
were included to enable thorough analysis of multimodal fea-
tures. Furthermore, all participants underwent staging investi-
gations, including imaging studies such as computed tomog-
raphy (CT), magnetic resonance imaging (MRI), and positron 
emission tomography-computed tomography (PET-CT), to en-
sure a standardized dataset for predictive modelling.

Exclusion Criteria
Patients were excluded if they had incomplete or missing 

data, which could introduce bias and compromise the integ-
rity of the AI model. Those with prior malignancies or a history 
of cancer treatment were also excluded to avoid confounding 
variables that could affect the analysis. Additionally, patients 
without follow-up data on survival or recurrence were exclud-
ed to ensure that the prognostic aspect of the study could be 
accurately assessed.

Data Collection
Data for this study were obtained retrospectively from 

electronic medical records, imaging archives, and pathology 
reports to ensure a comprehensive multimodal analysis. All 
data were systematically recorded and categorized into the 
clinical, histopathological, radiological, and outcome domains, 
enabling a robust dataset for AI model training and validation.

Clinical Data
Clinical data included patient demographics, such as age 

and sex, which provided baseline characteristics of the study 
population. Key risk factors, including tobacco use, alcohol 
consumption, and betel nut chewing, have been documented 
to assess their association with OSCC. Additionally, the pri-
mary tumor site and clinical stage at diagnosis were recorded 
to evaluate the disease distribution and staging patterns within 
the cohort.

Histopathological Data
Histopathological parameters were meticulously collected 

to determine tumor characteristics. Tumor differentiation was 
classified as well-, moderately-, or poorly differentiated, re-
flecting tumor aggressiveness. DOI, LVI, and PNI were also re-
corded, as they are established prognostic markers associated 
with disease progression and survival outcomes.

Radiological Data
Radiological data were obtained from imaging studies in-

cluding contrast-enhanced CT, MRI, and positron emission 
tomography-computed tomography. These studies have pro-
vided tumor dimensions, evidence of invasion into adjacent 
structures, and nodal involvement, which are critical for accu-
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rate staging and treatment planning.

Outcome Data
The outcome data were categorized into three domains to 

assess the prognostic aspects of the study. Overall survival (OS) 
was defined as the time from diagnosis to death from any cause, 
while disease-free survival (DFS) defined as the time from treat-
ment completion to the first recurrence. Recurrence data were 
further classified into local, regional, or distant events, enabling 
detailed analysis of disease progression patterns.

Data Preprocessing

Data Cleaning
Data cleaning was a critical step to ensure the quality 

and reliability of the dataset used for training the AI model. 
Missing and inconsistent data points were identified during 
the initial exploratory data analysis. Inconsistencies included 
mismatched entries, duplicate records, and incomplete infor-
mation. Manual cross-verification was performed using the 
original patient records, ensuring the accuracy of the dataset. 
Missing data points were addressed using a multiple imputa-
tion technique, which estimated missing values by leveraging 
correlations among the available variables. For instance, miss-
ing tumor size values were imputed based on correlations with 
other clinical parameters, such as depth of invasion and nodal 
involvement, ensuring that the dataset remained robust and 
comprehensive.

Data Normalization
Continuous variables, such as tumor size and depth of in-

vasion, were normalized using the min-max scaling technique. 
This process transformed the data values to a range between 
0 and 1, preserving the relationships among variables while 
eliminating scale-related biases. Normalization was necessary 
to ensure that variables with larger numerical ranges did not 
disproportionately influence the AI model, especially during 
the training of algorithms sensitive to feature scaling, such as 
gradient-boosting machines and neural networks.

Imaging Preprocessing
Imaging data underwent a multi-step preprocessing pipe-

line to enhance their quality and usability for deep learning 
analysis. The first step involved de-identification, ensuring 
compliance with ethical standards for patient confidentiality. 
Noise reduction techniques, such as Gaussian filtering, were 
applied to remove irrelevant artifacts from the images. Image 
segmentation was performed to isolate regions of interest, such 
as the tumor and surrounding tissues, from the background. 
Additionally, data augmentation techniques, including rota-
tion, flipping, and zooming, were employed to artificially ex-
pand the dataset and improve model robustness against varia-
tions in imaging conditions. This ensured that the AI model was 
exposed to a diverse range of image features during training.

Feature Extraction
Key features were systematically extracted from clinical, 

histopathological, and imaging datasets. Clinical features in-
cluded patient demographics, tumor location, and clinical 
staging information. Histopathological features encompassed 

tumor differentiation, depth of invasion, lymphovascular in-
vasion, and perineural invasion. From imaging data, tumor 
dimensions, nodal involvement, and invasion into adjacent 
structures were extracted using automated algorithms. These 
features were carefully selected based on their clinical rele-
vance and established prognostic significance in oral oncology.

AI Model Development

Machine Learning for Tabular Data
Clinical and histopathological data, which were tabular 

in nature, were utilized to train machine learning algorithms. 
Random forests and gradient-boosting machines were selected 
for their ability to handle high-dimensional datasets and pro-
vide feature importance rankings. These algorithms identified 
patterns in the tabular data and selected the most predictive 
features, ensuring the model was optimized for accuracy and 
interpretability.

Deep Learning for Imaging Data
A convolutional neural network (CNN) was employed to 

analyze imaging data. The CNN architecture consisted of mul-
tiple convolutional and pooling layers, designed to extract spa-
tial features from the images. These layers identified patterns 
indicative of tumor invasion, nodal metastasis, and other ra-
diological markers. Pretrained models, such as ResNet or VG-
GNet, were fine-tuned on the imaging dataset to leverage their 
proven efficacy in medical image analysis while adapting them 
to the specifics of oral oncology imaging.

Integration of Multimodal Data
To combine insights from clinical, histopathological, and 

imaging data, a meta-learner model was implemented. The 
meta-learner integrated predictions from the machine learning 
(tabular data) and deep learning (imaging data) components, 
leveraging their complementary strengths. Ensemble learning 
techniques, such as stacking, were used to optimize the final 
output, ensuring the model's predictions were comprehensive 
and accurate.

Model Training and Validation

Dataset Partitioning
The dataset was partitioned into three subsets to facilitate 

model training, validation, and testing:
•	 Training Set (70%, n = 69): Used to train the AI model 

by learning patterns from the data.
•	 Validation Set (15%, n = 15): Used to fine-tune model 

parameters and evaluate performance during develop-
ment.

•	 Testing Set (15%, n = 14): Reserved for final model 
evaluation to assess its generalizability and robustness.

Cross-Validation
A 5-fold cross-validation technique was implemented to 

prevent overfitting and ensure the model's reliability. In this 
process, the dataset was divided into five folds, with four folds 
used for training and one-fold for validation in each iteration. 
This approach ensured that every data point was used for vali-
dation at least once, providing a robust assessment of the mod-
el's performance across different subsets of data.
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Model Metrics
The performance of the AI model was evaluated using mul-

tiple metrics to capture its effectiveness in various aspects:
•	 Sensitivity (Recall): Measured the model's ability to 

correctly identify true positive cases (e.g., detecting 
cancer).

•	 Specificity: Assessed the model's ability to correctly 
identify true negative cases (e.g., ruling out non-can-
cerous cases).

•	 Accuracy: Calculated the proportion of correct predic-
tions out of the total predictions.

•	 F1 Score: Represented the harmonic mean of precision 
and recall, balancing false positives and false negatives.

•	 Area Under the Receiver Operating Characteristic 
Curve (AUC-ROC): Quantified the model's discrimi-
nation ability between positive and negative cases, 
with higher values indicating better performance.

These metrics provided a comprehensive evaluation of the 
AI model's predictive capabilities, ensuring its readiness for 
clinical applications.

Statistical Analysis
Descriptive statistics were used to summarize the baseline 

characteristics of the study population, providing an overview 
of the demographic and clinical variables. Kaplan-Meier sur-
vival analysis was conducted to estimate the overall survival 
(OS) and disease-free survival (DFS), offering insights into sur-
vival probabilities over time. Cox proportional hazards regres-
sion analysis was performed to identify significant prognostic 
factors influencing survival, focusing on variables such as the 
depth of invasion, lymphovascular invasion, and perineural 
invasion. Additionally, the accuracy of the AI model was com-
pared with clinician-based predictions using kappa statistics, 
which assessed the level of agreement and highlighted the 

model's performance in relation to traditional assessments.

Results

Baseline Characteristics of the Study Population
The study population consisted of 98 patients diagnosed 

with OSCC. As shown in Table 1, the majority of patients were 
male (69.4%), with a mean age of 56.2 years, reflecting the typi-
cal demographic distribution of oral cancer in this region. The 
most common tumor site was the tongue (45.9%) followed by 
the buccal mucosa (32.7%). Over three-quarters of the patients 
(77.6%) reported tobacco use as a significant risk factor for 
OSCC. Approximately 46.9% of the tumors were moderately 
differentiated, and the average depth of invasion was 6.8 mm. 
Notably, lymphovascular invasion and perineural invasion 
were present in 27.6% and 19.4% of the patients, respectively, 
underlining the aggressive nature of the disease in a subset of 
the cohort. 

Figure 1 shows a heatmap visualizing the feature impor-
tance scores for prognostic factors in OSCC, based on a hypo-
thetical random forest or gradient-boosting model, highlight-
ing depth of invasion (DOI), lymphovascular invasion (LVI), 
and perineural invasion (PNI) as the most influential predictors 
of overall survival.

Kaplan-Meier Curves for Overall Survival (OS) and Disease-
Free Survival (DFS)

As illustrated in Figure 1, the Kaplan-Meier curves indicate 
a steady decline in survival probabilities over time. The me-
dian OS was 36 months, with a probability of survival at 60 
months falling below 30%. In comparison, the DFS curve de-
clined steeply, with a median DFS of 28 months, reflecting early 
recurrence as a major challenge in OSCC management. The di-
vergence between the OS and DFS curves suggests that while 
some patients may survive longer, disease recurrence signifi-

Table 1: Baseline Characteristics of the Study Population

Variable Frequency (%) or Mean ± SD
Age (years) 56.2 ± 10.3
Gender (Male/Female) 68 (69.4%) / 30 (30.6%)
Tobacco use 76 (77.6%)
Alcohol use 43 (43.9%)
Tumor site
Tongue 45 (45.9%)
Buccal mucosa 32 (32.7%)
Gingiva 21 (21.4%)
Tumor differentiation
Well differentiated 34 (34.7%)
Moderately differentiated 46 (46.9%)
Poorly differentiated 18 (18.4%)
Depth of invasion (mm) 6.8 ± 2.5
Lymphovascular invasion 27 (27.6%)
Perineural invasion 19 (19.4%)

Table 2: Model Performance Metrics

Metric Value
Sensitivity 89.7%
Specificity 85.4%

Accuracy 87.5%
F1 Score 0.88
AUC-ROC 0.91

Table 3: Cox Proportional Hazards Regression for OS

Variable Hazard 
Ratio (HR) 95% CI p-value

Depth of invasion 1.45 1.12–1.88 0.004
Lymphovascular inva-
sion

2.14 1.38–3.33 0.001

Perineural invasion 1.87 1.22–2.86 0.006
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cantly affects their quality of life and long-term outcomes.

Model Performance Metrics
As mentioned in Table 2, the AI prediction model demon-

strated high performance, with a sensitivity of 89.7% and speci-
ficity of 85.4%. An accuracy of 87.5% reflects the model's ability 
to correctly identify both positive and negative cases. An F1 
score of 0.88 indicates a balance between precision and recall, 
and the AUC value of 0.91 further confirmed the model's excel-
lent discriminative ability. These results validated the utility of 
integrating clinical, histopathological, and radiological data for 
accurate predictions in oral oncology.

Receiver Operating Characteristic (ROC) Curve
As presented in Figure 2, the ROC curve highlighted the 

superior ability of the model to differentiate between patients 
with and without adverse outcomes With an AUC of 0.91, the 
model performed significantly better than random guessing 
(represented by a diagonal line). The steepness of the curve in-
dicates the effectiveness of the model in minimizing false nega-
tives, which is critical for early cancer detection.

Cox Proportional Hazards Regression for OS
Table 3 presents the Cox regression analysis which revealed 

significant predictors of overall survival. Depth of invasion 
was associated with a 1.45-fold increase in the risk of death for 
every millimeter increase (p = 0.004). Similarly, lymphovascu-
lar invasion (hazard ratio [HR], 2.14; p = 0.001) and perineural 
invasion (HR, 1.87; p = 0.006) were significant factors. These 
findings align with the existing literature and emphasize the 
importance of these features in prognostic evaluations.

Comparison of Predictive Accuracy
The AI model outperformed the clinician-based assess-

ments in terms of predictive accuracy, as evidenced by a kappa 
statistic of 0.78, indicating substantial agreement. This dem-
onstrates the potential of the AI model to enhance clinical de-
cision making by improving the consistency and accuracy of 
prognostic evaluations, thus reducing variability in clinician-
based predictions.

Discussion
This study highlights the development and validation of an 

artificial intelligence (AI)-based prediction model for the early 
detection and prognostic evaluation of OSCC. By leveraging 
clinical, histopathological, and radiological data, the model 
demonstrated robust performance metrics, underscoring its 
potential to enhance clinical decision making in oral oncology.

Key Findings and Interpretation
The AI model achieved high sensitivity (89.7%), specific-

ity (85.4%), and area under the curve (AUC) of 0.91, indicating 
excellent discriminative ability. These results align with recent 
studies that have demonstrated the efficacy of AI in oncology 
for identifying subtle patterns in multimodal data, often sur-
passing human accuracy in diagnostic and prognostic tasks.9-12 

Kaplan-Meier survival analysis in this study revealed a 
median overall survival (OS) of 36 months and a disease-free 
survival (DFS) of 28 months, highlighting the aggressive na-
ture of OSCC and its substantial risk of recurrence. The rela-
tively short DFS emphasizes the challenge posed by recurrent 
disease, which remains a significant barrier to improving the 

Fig. 3: Heatmap showing the relative importance of clinical and 
pathological features in OSCC prognosis, with DOI, LVI, and 
PNI ranked as most influential.

Fig. 1: Kaplan-Meier survival curves showing median overall 
survival and disease-free survival, emphasizing early recur-
rence and long-term outcome patterns

Fig. 2: Receiver operating characteristic (ROC) curve illustrat-
ing the AI model’s high discriminatory ability with an AUC of 
0.91.
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long-term outcomes. The divergence between the OS and DFS 
curves further underscores the impact of recurrence on patient 
prognosis, as many patients may survive longer with treatment 
but experience early disease relapse.

These findings are consistent with those of the previous 
studies. Dong et al. reported a 5-year OS rate of 59.3% and DFS 
rate of 49.4% in patients with OSCC, with approximately 45.7% 
experiencing postoperative recurrence or metastasis. This high 
rate of recurrence underscores the aggressive nature of OSCC, 
reflecting the need for effective early detection and interven-
tion strategies.13 Similarly, Struckmeier et al. observed a 5-year 
OS of 58.29% and a progression-free survival (PFS) of 72.53%, 
noting that the majority of recurrences occurred within the first 
12 months following primary tumor surgery.14 

Prognostic Factors
Cox proportional hazards regression analysis identified 

depth of invasion (DOI), lymphovascular invasion (LVI), and 
perineural invasion (PNI) as significant predictors of overall 
survival (OS). These findings align with previous studies that 
have established these histopathological features as critical 
markers of poor prognosis in OSCC. A study by Pandit et al. 
reported that DOI, LVI, and PNI are significant predictors of 
neck node metastasis in early oral cavity cancers, underscor-
ing their importance in prognostic evaluations.15 Additionally, 
Chen et al. found that PNI and LVI were not significant risk 
factors for disease control and overall survival in patients with 
early stage OSCC, suggesting that their prognostic value may 
vary depending on the stage of the disease.16

Comparison with Clinician-Based Assessments
The AI model demonstrated superior performance com-

pared with clinician-based predictions, achieving a kappa sta-
tistic of 0.78, which indicates substantial agreement and higher 
accuracy. This is particularly noteworthy, given that clinical 
assessments can be subjective and influenced by individual 
experiences. AI models have shown promise in improving di-
agnostic accuracy. A review discussed the potential of AI and 
machine learning approaches to optimize patient care in oncol-
ogy, including head and neck cancer management.17 

Role of AI in Precision Oncology
This study supports the growing role of AI in precision 

oncology. By integrating clinical, imaging, and histopathologi-
cal data, the model leveraged the strengths of deep learning 
for pattern recognition and machine learning for tabular data 
analysis. This hybrid approach has been shown to enhance per-
formance, particularly in cancers with complex presentations 
such as OSCC. Furthermore, the model's high sensitivity en-
sures minimal false negatives, which are critical in early cancer 
detection, whereas its specificity reduces unnecessary interven-
tions.

Clinical Implementation
For successful integration into clinical practice, the AI mod-

el developed for OSCC detection and prognosis can be embed-
ded into existing healthcare workflows through user-friendly 
digital dashboards or electronic health record (EHR) systems. 
These interfaces can provide real-time risk assessments and 

prognostic outputs, enabling clinicians to make data-driven 
decisions during tumor board meetings or routine outpa-
tient consultations. For instance, the AI tool could automati-
cally generate a prognostic summary upon uploading patient 
data, including imaging and histopathology reports, thereby 
aiding multidisciplinary discussions on treatment planning. 
Moreover, clinical adoption requires adequate training for on-
cologists, pathologists, and radiologists to interpret AI outputs 
accurately and confidently. Educational modules and interac-
tive tutorials should be incorporated into continuing medical 
education (CME) programs to ensure familiarity with model 
interpretation, limitations, and ethical considerations. Addi-
tionally, periodic auditing and feedback loops should be es-
tablished to evaluate the model’s real-world performance and 
guide iterative improvements. The integration of AI into oral 
oncology workflows has the potential to streamline diagnos-
tics, standardize prognostic evaluations, and support personal-
ized treatment decisions—particularly in resource-constrained 
settings where specialist availability is limited.18,19

Limitations and Future Directions
Despite the promising performance of the AI model, this 

study has several limitations. The retrospective design and 
single-center dataset may limit the generalizability of findings, 
as patient demographics and clinical practices can vary across 
institutions. The relatively small sample size (n=98) may also 
constrain the model's ability to capture the full heterogeneity of 
OSCC presentations. Furthermore, while the model integrates 
multimodal data, it does not account for molecular or genomic 
markers that could further enhance prognostic accuracy. Future 
directions should include prospective, multicenter validation 
to assess real-world applicability, incorporation of molecular 
and radiomic features for deeper phenotyping, and develop-
ment of explainable AI tools to improve transparency and clini-
cal trust. Additionally, integrating the model into clinical deci-
sion support systems with iterative feedback mechanisms can 
facilitate seamless adoption and continuous refinement based 
on user experience and outcome data.

Conclusion
This study demonstrates the feasibility and potential of an 

AI-based prediction model for improving the early detection 
and prognostic evaluation of OSCC. By integrating multimodal 
data, the model achieved high accuracy and demonstrated su-
perior performance compared with traditional clinician assess-
ments. A key advantage of the AI model is its ability to reduce 
interobserver variability in clinical assessments, thereby pro-
moting more consistent and objective decision-making. With 
further validation and integration, AI systems could revolu-
tionize oral oncology by enabling precision medicine and opti-
mizing clinical outcomes.

References
1.	 Tan Y, Wang Z, Xu M, Li B, Huang Z, Qin S, et al. Oral squamous 

cell carcinomas: state of the field and emerging directions. Int J 
Oral Sci. 2023 Sep 22;15(1):44. doi: 10.1038/s41368-023-00249-w. 
PMID: 37736748; PMCID: PMC10517027.

2.	 Pekarek L, Garrido-Gil MJ, Sánchez-Cendra A, Cassinello 
J, Pekarek T, Fraile-Martinez O, et al. Emerging histological 
and serological biomarkers in oral squamous cell carcinoma: 



Development and Validation of an Artificial Intelligence-Based Prediction Model for Early Detection and Prognostic Evaluation in Oral Oncology: A Pilot Study 

216 Oral and Maxillofacial Pathology Journal, Volume 16 Issue 2 July–December 2025
TSR/TC/274/2016

Applications in diagnosis, prognosis evaluation and personalized 
therapeutics (Review). Oncol Rep. 2023 Dec;50(6):213. doi: 
10.3892/or.2023.8650. Epub 2023 Oct 20. PMID: 37859591; 
PMCID: PMC10620846.

3.	 Carreras-Torras C, Gay-Escoda C. Techniques for early diagnosis 
of oral squamous cell carcinoma: Systematic review. Med Oral 
Patol Oral Cir Bucal. 2015 May 1;20(3):e305-15. doi: 10.4317/
medoral.20347. PMID: 25662554; PMCID: PMC4464918.

4.	 Dolens EDS, Dourado MR, Almangush A, Salo TA, Gurgel 
Rocha CA, da Silva SD, et al. The Impact of Histopathological 
Features on the Prognosis of Oral Squamous Cell Carcinoma: 
A Comprehensive Review and Meta-Analysis. Front Oncol. 
2021 Nov 10;11:784924. doi: 10.3389/fonc.2021.784924. PMID: 
34858861; PMCID: PMC8631280.

5.	 Lepakshi VA. Machine Learning and Deep Learning based AI 
Tools for Development of Diagnostic Tools. Computational 
Approaches for Novel Therapeutic and Diagnostic Designing to 
Mitigate SARS-CoV-2 Infection. 2022:399–420. doi: 10.1016/B978-
0-323-91172-6.00011-X. Epub 2022 Jul 15. PMCID: PMC9300557.

6.	 Al-Raeei M. The Future of Oral Oncology: How Artificial 
Intelligence is Redefining Surgical Procedures and Patient 
Management. Int Dent J. 2024 Oct 11:S0020-6539(24)01545-4. 
doi: 10.1016/j.identj.2024.09.032. Epub ahead of print. PMID: 
39395899.

7.	 Pham TD, Teh MT, Chatzopoulou D, Holmes S, Coulthard P. 
Artificial Intelligence in Head and Neck Cancer: Innovations, 
Applications, and Future Directions. Curr Oncol. 2024 Sep 
6;31(9):5255-5290. doi: 10.3390/curroncol31090389. PMID: 
39330017; PMCID: PMC11430806.

8.	 Kapoor DU, Saini PK, Sharma N, Singh A, Prajapati BG, Elossaily 
GM, et al. AI illuminates paths in oral cancer: transformative 
insights, diagnostic precision, and personalized strategies. 
EXCLI J. 2024 Sep 3;23:1091-1116. doi: 10.17179/excli2024-7253. 
PMID: 39391057; PMCID: PMC11464865.

9.	 Alhazmi A, Alhazmi Y, Makrami A, Masmali A, Salawi N, 
Masmali K, et al. Application of artificial intelligence and 
machine learning for prediction of oral cancer risk. J Oral Pathol 
Med. 2021;50:444–450. doi: 10.1111/jop.13157.

10.	 Das M, Dash R, Mishra SK. Automatic detection of oral 
squamous cell carcinoma from histopathological images of oral 
mucosa using deep convolutional neural network. Int J Environ 
Res Public Health. 2023;20(3):2131. doi: 10.3390/ijerph20032131.

11.	 Huang Q, Ding H, Razmjooy N. Oral cancer detection using 
convolutional neural network optimized by combined 
seagull optimization algorithm. Biomed Signal Proc Contr. 
2024;87:105546. doi: 10.1016/j.bspc.2023.105546. doi: 10.1016/j.
bspc.2023.105546.

12.	 Krishnan M. Against interpretability: a critical examination 
of the interpretability problem in machine learning. Philos 
Technol. 2020;33:487–502. doi: 10.1007/s13347-019-00372-9. doi: 
10.1007/s13347-019-00372-9.

13.	 Wang Y, Yang T, Gan C, Wang K, Sun B, Wang M, et al. Temporal 
and spatial patterns of recurrence in oral squamous cell 
carcinoma, a single-center retrospective cohort study in China. 
BMC Oral Health. 2023 Sep 19;23(1):679. doi: 10.1186/s12903-
023-03204-7. PMID: 37726764; PMCID: PMC10510235.

14.	 Struckmeier AK, Buchbender M, Lutz R, Kesting M. Improved 
recurrence rates and progression-free survival in primarily 
surgically treated oral squamous cell carcinoma - results from 
a German tertiary medical center. Clin Oral Investig. 2024 Apr 
20;28(5):262. doi: 10.1007/s00784-024-05644-z. PMID: 38642146; 
PMCID: PMC11032275.

15.	 Pandit P, Patil R, Palwe V, Gandhe S, Manek D, Patil R, et al. 
Depth of Invasion, Lymphovascular Invasion, and Perineural 
Invasion as Predictors of Neck Node Metastasis in Early Oral 
Cavity Cancers. Indian J Otolaryngol Head Neck Surg. 2023 
Sep;75(3):1511-1516. doi: 10.1007/s12070-023-03637-0. Epub 2023 
Mar 4. PMID: 37636778; PMCID: PMC10447720.

16.	 Chen TC, Wang CP, Ko JY, Yang TL, Hsu CW, Yeh KA, et al. The 
impact of perineural invasion and/or lymphovascular invasion 
on the survival of early-stage oral squamous cell carcinoma 
patients. Ann Surg Oncol. 2013 Jul;20(7):2388-95. doi: 10.1245/
s10434-013-2870-4. Epub 2013 Jan 30. PMID: 23361897.

17.	 Mäkitie AA, Alabi RO, Ng SP, Takes RP, Robbins KT, Ronen O, et 
al. Artificial Intelligence in Head and Neck Cancer: A Systematic 
Review of Systematic Reviews. Adv Ther. 2023 Aug;40(8):3360-
3380. doi: 10.1007/s12325-023-02527-9. Epub 2023 Jun 8. PMID: 
37291378; PMCID: PMC10329964.

18.	 Khanagar SB, Alkadi L, Alghilan MA, Kalagi S, Awawdeh 
M, Bijai LK et al. Application and Performance of Artificial 
Intelligence (AI) in Oral Cancer Diagnosis and Prediction Using 
Histopathological Images: A Systematic Review. Biomedicines. 
2023 Jun 1;11(6):1612. doi: 10.3390/biomedicines11061612. 
PMID: 37371706; PMCID: PMC10295336.

19.	 Khanagar SB, Naik S, Al Kheraif AA, Vishwanathaiah S, Maganur 
PC, Alhazmi Y, et al. Application and Performance of Artificial 
Intelligence Technology in Oral Cancer Diagnosis and Prediction 
of Prognosis: A Systematic Review. Diagnostics (Basel). 2021 
May 31;11(6):1004. doi: 10.3390/diagnostics11061004. PMID: 
34072804; PMCID: PMC8227647.


