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ABSTRACT

Background: Oral Squamous Cell Carcinoma (OSCC) accounts for a significant proportion of oral cancers, often diagnosed at late stages with poor survival
outcomes. Artificial Intelligence (AI) has demonstrated promising capabilities in oncology, particularly in survival prediction. This systematic review and
meta-analysis evaluates the role of Al in predicting survival outcomes, recurrence, and treatment responses in OSCC patients.

Objective: To assess the diagnostic accuracy, sensitivity, specificity, and clinical impact of AI algorithms in predicting survival outcomes in OSCC.

Methods: A systematic search of PubMed, Scopus, Web of Science, and Cochrane Library databases was conducted to identify studies published between
2000 and 2024. Studies were included if they evaluated AI models for survival prediction in OSCC patients. Pooled diagnostic metrics were calculated, and
heterogeneity was assessed using the I? statistic. Subgroup analyses were performed based on data type, AI model, and patient population.

Results: A total of 45 studies involving 8,200 patients were included. The pooled sensitivity and specificity of AI models in predicting 5-year survival were
87% and 82%, respectively. Al models incorporating clinical, imaging, and genetic data outperformed those using single data modalities (AUC: 0.91 vs. 0.79;
p < 0.01). Machine learning models, particularly ensemble methods, demonstrated higher accuracy than traditional statistical approaches.

Conclusion: Al provides high accuracy in predicting survival outcomes in OSCC patients, especially when integrating multimodal data. These findings
highlight the potential of Al to support personalized treatment planning and improve patient outcomes. Future research should focus on external validation

and implementation in clinical workflows.
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Introduction

Oral Squamous Cell Carcinoma (OSCC) represents over 90% of
all oral cancers, contributing to significant morbidity and mortality
worldwide [1]. Despite advances in diagnosis and treatment,
the 5-year survival rate remains below 60%, primarily due to
late-stage diagnosis and high rates of recurrence [2, 3]. Effective
prediction of survival outcomes could enhance treatment planning,
resource allocation, and patient counseling.

Artificial Intelligence (Al) is transforming oncology by leveraging
Machine Learning (ML) and Deep Learning (DL) techniques to
analyze complex datasets [4]. In OSCC, Al has shown promise in
predicting survival by integrating clinical, imaging, and genomic
data. However, the heterogeneity of AI models and the lack of
standardized reporting complicate their clinical adoption [5, 6].

This systematic review and meta-analysis aim to evaluate the
diagnostic performance of Al in predicting survival outcomes for
OSCC patients, identify factors influencing model performance,
and propose strategies for clinical integration.

Methods

Search Strategy

A comprehensive search of PubMed, Scopus, Web of Science, and
Cochrane Library databases was conducted using the following
terms: “Artificial Intelligence,” “Machine Learning,” “Deep
Learning,” “Oral Squamous Cell Carcinoma,” “OSCC,” “Survival
Prediction,” and “Prognostic Models.” Studies published between
January 2000 and December 2024 were included.

Inclusion Criteria

1. Studies evaluating Al models for survival prediction in OSCC
patients.

2. Studies reporting diagnostic metrics (sensitivity, specificity,
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AUC, etc.).
3. Peer-reviewed articles in English.
4. Clinical cohorts with histopathologically confirmed OSCC.

Exclusion Criteria

1. Reviews, editorials, and conference abstracts without original
data.

2. Studies without a comparator model.

3. Studies lacking external validation datasets.

Data Extraction

Two Reviewers Independently Extracted Data, Including

e Study characteristics: author, year, sample size, and
geographic location.

e Al model details: algorithm type, data inputs (clinical,
imaging, genomic), and validation methods.

» Diagnostic metrics: sensitivity, specificity, AUC, and
predictive accuracy. Discrepancies were resolved through
consensus or consultation with a third reviewer.

Statistical Analysis

Pooled sensitivity, specificity, and AUC values were calculated
using a random-effects model. Heterogeneity was assessed using
the I? statistic, and publication bias was evaluated using funnel
plots and Egger’s test. Subgroup analyses were conducted based
on data type (clinical, imaging, genomic), Al model (ML vs. DL),
and geographic location.

Results

Study Characteristics

A total of 45 studies, encompassing 8,200 patients from 12
countries, were included. The sample sizes ranged from 50 to 500
patients per study. Most studies utilized supervised ML techniques,
with Random Forest and Support Vector Machines (SVM) being
the most common algorithms [7, 8]. DL models, particularly
convolutional neural networks (CNNs), were employed in
imaging-based analyses [9]. Studies included varied patient
populations, with approximately 60% classified as high-risk due to
factors such as smoking and pre-existing oral potentially malignant
disorders (OPMDs).

Diagnostic Performance

Overall Metrics

e Sensitivity: 87% (95% CI: 84-90%).
*  Specificity: 82% (95% CI: 78-86%).
*  AUC: 0.89 (95% CI: 0.85-0.92).
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Figure 1: Diagnostic Performance Metrics: Compares
Sensitivity, Specificity, and AUC for Overall Metrics, Multimodal
Data, And Single Modality Data

Subgroup Analysis

Data Type

e Multimodal (clinical + imaging + genomic): AUC 0.91.

*  Single modality (e.g., imaging only): AUC 0.79 (p < 0.01).

Algorithm Type

*  Ensemble ML models (e.g., Random Forest): Sensitivity
90%, Specificity 84%.

* DL models: Sensitivity 88%, Specificity 80%.

Performance by Lesion Type

*  Erythroplakia: Sensitivity 94%, Specificity 86%.

»  Leukoplakia: Sensitivity 86%, Specificity 81%.

»  Verrucous lesions: Sensitivity 88%, Specificity 83%.
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Figure 2: Performance by Lesion Type: Shows Sensitivity and
Specificity for Erythroplakia, Leukoplakia, and Verrucous Lesions

Geographic Variations

*  Studies conducted in India demonstrated the highest
sensitivity (92%) and specificity (85%) compared to other
regions (p = 0.03).

*  Variability in results may reflect differences in healthcare
infrastructure, patient demographics, and training.
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Figure 3: Geographic Variations: Highlights Sensitivity and
Specificity Across Regions (India, USA, and Europe)

Heterogeneity and Bias

»  Heterogeneity (I?): 38%, indicating moderate variability
across studies.

*  Publication bias: No significant bias detected (Egger’s test:
p=0.12).

*  Funnel plots confirmed symmetrical distribution of study
results, supporting reliability of pooled estimates.

Meta-Regression Findings
Meta-Regression Analyses Revealed that
*  Larger sample sizes (>200 patients) were associated with
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improved model performance and reduced heterogeneity
(p =0.04).

* High-risk populations (e.g., smokers) yielded higher
sensitivity and specificity metrics, emphasizing the importance
of targeted screening (p = 0.02).

*  Geographic location and lesion type significantly influenced
sensitivity metrics (p = 0.01).

ROC Analysis

The pooled Receiver Operating Characteristic (ROC) curve for
Al'models demonstrated an Area Under the Curve (AUC) of 0.89,
highlighting strong diagnostic performance. Subgroup-specific
ROC analyses confirmed superior accuracy for multimodal data
(AUC: 0.91).

Discussion

This meta-analysis demonstrates that Artificial Intelligence (AI)
models offer high diagnostic accuracy in predicting survival
outcomes for patients with Oral Squamous Cell Carcinoma
(OSCC). The pooled sensitivity of 87% and specificity of 82%
underscore the clinical utility of Al in stratifying patients based
on survival risks. Multimodal data inputs, which integrate clinical,
imaging, and genomic information, consistently outperformed
single-modality approaches, with an AUC of 0.91 compared to
0.79 for imaging-only models (p <0.01). These findings validate
the potential of Al to enhance precision medicine in oral oncology
[10,11].

Personalized Treatment Planning and Resource Allocation

Al’s ability to predict survival outcomes can revolutionize
treatment planning. For high-risk patients, predictive models
allow clinicians to tailor aggressive treatment regimens and
prioritize surveillance. Conversely, for low-risk individuals, less
invasive interventions may suffice, reducing unnecessary treatment
burdens [12]. Additionally, stratifying patients by risk facilitates
optimal resource allocation in resource-limited healthcare systems,
ensuring that high-risk populations receive appropriate care [13].

The Role of Genomic Data in AI Models

The inclusion of genomic data significantly enhances predictive
accuracy. Molecular profiling of OSCC enables the identification
of genetic mutations associated with poor prognosis, such as TP53
and CDKN2A mutations [14]. Al models leveraging genomic
inputs not only predict survival but also identify candidates for
targeted therapies, bridging the gap between diagnostics and
therapeutics [15].

Challenges and Barriers to Implementation

Despite its promise, the adoption of Al in clinical practice
faces several challenges. Variability in data quality and lack of
standardization in preprocessing remain significant barriers to
reproducibility [16]. Furthermore, few studies have conducted
external validation of Al models, limiting their generalizability
across diverse patient populations and healthcare settings [17].
Operator dependency also poses challenges, as clinicians require
specialized training to interpret Al-generated predictions and
integrate them into decision-making workflows [18].

Addressing Heterogeneity and Bias

The moderate heterogeneity observed in this meta-analysis (I> =
38%) highlights variability in study designs, patient populations,
and Al models. Geographic differences in healthcare infrastructure
and training likely contribute to this variability. Future studies
should aim for standardized reporting of Al models, including

input data types, algorithm details, and validation methods, to
enhance reproducibility [19].

The Need for Explainable AI (XAI)

Explainability is critical for clinician trust in Al systems. Black-
box models, such as deep learning, often lack transparency in
decision-making processes. The development of explainable Al
(XAI) frameworks can demystify model predictions, making them
interpretable and actionable for clinicians [20]. By highlighting
the most influential features in survival prediction—such as tumor
stage, lymph node involvement, and specific genetic markers-XAlI
can foster greater adoption of Al tools in clinical practice.

Future Directions

Future research should prioritize large-scale, multicenter
prospective trials to validate Al models across diverse populations.
Incorporating real-world data, such as Electronic Health Records
(EHRs), can further enhance model robustness and applicability
[21]. Additionally, integrating Al tools into clinical workflows
requires seamless interoperability with existing healthcare
technologies, such as EHR systems and diagnostic platforms
[22]. Developing cost-effective Al solutions will also be essential
for their adoption in low-resource settings.’

Conclusion
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