
Introduction
Oral cancer ranks as the sixteenth most prevalent cancer 
globally, with significant morbidity and mortality rates 
(1). Oral squamous cell carcinoma (OSCC) arises from 
the oral mucosa and is considered a common malignancy 
in the head and neck region (2). It should be noted that 
OSCC predominantly affects men more than women and 
is frequently observed in middle-aged and older adults 
(3). Moreover, it can result in severe facial disfigurement 
and impairments in swallowing, speech, and taste, thereby 
severely impacting patients’ quality of life (4, 5).
Clinically, OSCC typically presents as either a red and white 

lesion or a completely red lesion with an irregular surface 
(6, 7). In addition, early-stage lesions are often painless 
(8), but as the disease progresses, they can become painful 
and may exhibit features such as ulceration, nodularity, 
and attachment to surrounding tissues (9). Ulceration 
is a common sign of OSCC, which is characterized by 
an irregular surface and borders, with the lesion’s edges 
feeling firm upon palpation (9, 10). Further, the lateral 
and posterior surfaces of the tongue are the most frequent 
sites for OSCC, accounting for approximately 50% of 
cases (11), though other areas (e.g., the floor of the mouth, 
soft palate, gingiva, buccal mucosa, and hard palate) are 
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Abstract
Introduction: Oral squamous cell carcinoma (OSCC) is a prevalent malignancy within the head 
and neck region. Nonetheless, the overall prognosis remains poor, primarily due to the late-stage 
diagnosis in a substantial proportion of patients. Thus, this study aimed to critically evaluate the 
application of artificial intelligence (AI) in the diagnostic, classificatory, and prognostic processes 
of OSCC.
Methods: PubMed, Scopus, Web of Science and Embase databases were searched up to 
December 2024. Included studies reported relevant metrics (true positive, false positive, true 
negative, false negative, sensitivity, specificity, and area under the curve [AUC]). The review 
adhered to the Preferred Reporting Items for Systematic Reviews and Meta-Analyses guidelines.
Results: The search identified 1,863 articles, with 27 meeting the inclusion criteria. AI models 
achieved a pooled sensitivity of 0.90 (95% CI: 0.81–0.95), specificity of 0.89 (95% CI: 0.83–
0.93), and an AUC of 0.733 (95% CI: 0.679–0.786). Diagnostic applications had the highest 
sensitivity, while classification tasks demonstrated superior specificity. Ultimately, prognostic 
models displayed lower sensitivity and specificity, indicating variability in performance across 
different AI applications.
Conclusion: Rapid development of AI algorithms has facilitated their application in OSCC 
diagnosis, classification, and prognosis. Additionally, AI models have shown high sensitivity and 
specificity in diagnostic applications, promising earlier detection and improved classification 
accuracy, which can lead to superior therapeutic outcomes. Moreover, their non-invasive nature 
compared to histopathological biopsy enhances patient comfort while reducing costs. Overall, 
AI holds significant potential to transform OSCC diagnosis and prognosis, finally affecting 
community oral health.
Keywords: Artificial intelligence, Oral squamous cell carcinoma, Diagnosis, Prognosis, 
Classification
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normally affected as well (12). Similarly, OSCC primarily 
spreads via lymphatic drainage to the ipsilateral cervical 
lymph nodes, but it can also metastasize to contralateral or 
bilateral nodes. Distant metastases are typically observed 
in the lungs, bones, and liver (13).
Likewise, OSCC is a highly aggressive form of oral 
cancer, and delays in diagnosis can significantly worsen 
prognosis (14). The diagnosis of OSCC involves correlating 
clinical features with histopathological findings, with 
more than 90% of cases diagnosed morphologically as 
OSCC (15). However, challenges in diagnosis may arise 
due to discrepancies between clinical presentations and 
histopathological interpretations (16).
The early diagnosis of OSCC is essential for improving 
treatment outcomes and increasing survival rates while 
reducing both morbidity and mortality (17). While 
the histopathological examination of tissue samples 
remains the gold standard for diagnosing and grading 
oral cancer, it is prone to errors (18). Furthermore, 
the variability in interpretations can influence clinical 
decisions and treatment strategies (19). As a result, there 
is an increasing need for alternative diagnostic approaches 
that offer greater precision, faster results, and more 
consistency. Recently, significant strides have been made 
in harnessing the power of artificial intelligence (AI) to 
enhance diagnostic accuracy. Notably, Landini and Osman 
pioneered the development of an automated approach 
using morphological reconstruction in order to identify 
epithelial characteristics for diagnosing oral cancer (20). 
Additionally, digital pathology, which integrates advanced 
computer technologies, is emerging as a robust tool for 
high-throughput, quantitative analysis in the field of cancer 
diagnosis (21-23).
Machine-learning (ML) techniques are employed to detect 
patterns within existing datasets, though they rely on human 
expertise to manually define and extract key features. On 
the other hand, deep learning (DL), a specialized subset of 
ML, utilizes artificial neural networks to replicate brain-
like learning processes, thereby allowing the system to 
autonomously extract features from raw image data. Both 
ML and DL have significantly enhanced the capabilities 
of computer-aided diagnostic systems, especially with the 
increase in training data (24). Researchers have combined 
various methodologies, including image processing, 
pattern recognition, ML, and DL, to develop advanced 
computer-aided diagnostic systems for OSCC diagnosis. 
The automation of oral cancer quantification has proven 
effective in minimizing discrepancies among pathologists, 
ensuring more accurate and consistent diagnoses (25).
Numerous studies have investigated the application of 
AI in the early diagnosis, prognosis, and classification of 
OSCC. This systematic review and meta-analysis will also 
evaluate the performance of AI in diagnosing, classifying, 
and predicting OSCC.

Materials and Methods
Protocol and Registration 
This systematic review and meta-analysis was conducted 
in accordance with the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) 
guidelines.

Search Strategy
Four electronic databases, including PubMed, Scopus, 
Embase, and Web of Science, were comprehensively 
searched using the following search strategy:
((((((Artificial Intelligence[MeSH Terms]) OR 
(Computational Intelligence[Title/Abstract])) OR 
(Machine Intelligence[Title/Abstract])) OR (Machine 
Intelligence[MeSH Terms])) OR (Deep Learning[MeSH 
Terms])) AND (((((((Head and Neck Neoplasms[MeSH 
Terms]) OR (Head[Title/Abstract] AND Neck Cancer[Title/
Abstract])) OR (Precancerous Conditions[MeSH 
Terms])) OR (Neck Cancers[Title/Abstract])) OR (Neck 
Cancer[Title/Abstract])) OR (Head Cancers[Title/
Abstract])) OR (Head Cancer[Title/Abstract]))) AND 
((((Diagnosis[MeSH Terms]) OR (Early Diagnosis[MeSH 
Terms])) OR (Early Detection of Disease[Title/Abstract])) 
OR (Disease Early Detection[Title/Abstract])) up to 
December 2024. All studies identified through the search 
were imported into EndNote software (version 20) for 
further processing, where duplicates were detected and 
removed. Then, the reference lists of eligible articles were 
manually reviewed to ensure the inclusion of all relevant 
studies. It should be noted that the search was not limited 
by language or publication date.

Eligibility Criteria
The inclusion criteria were predefined, focusing on studies 
that demonstrated the application of AI in the diagnosis, 
classification, or prognosis of OSCC. Eligible studies were 
required to report metrics such as true positives (TP), false 
positives (FP), true negatives (TN), and false negatives 
(FN), or provide data enabling the calculation of sensitivity 
(Se), specificity (Sp), or area under the curve (AUC). 
Studies with AI models capable of distinguishing OSCC 
from other tissue types, whether benign, precancerous, 
or cancerous, were included as well. However, studies 
failing to meet these criteria were excluded from the 
investigation. Likewise, studies involving animal models, 
as well as systematic reviews, meta-analyses, clinical trials, 
and randomized controlled trials, were excluded from 
this review. When multiple articles used the same dataset, 
only the study with the larger sample size was retained for 
analysis.

Study Selection and Screening
The remaining studies were imported into EndNote Version 
20 for further screening. Two reviewers independently 
assessed titles and abstracts, and any disagreements were 
resolved by consensus. Furthermore, full-text versions of 
studies deemed eligible were retrieved and independently 
screened twice. Discrepancies were also resolved through 
group discussion.

Data Extraction
Data from each eligible study were extracted, including 
the first author’s name, publication date, study design, 
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participant demographics (age and gender), country 
of origin, AI index test, reference test, and diagnostic 
outcomes (i.e., TP, FP, TN, FN). Additionally, sensitivity, 
specificity, AUC, training and validation datasets, and 
OSCC prevalence were recorded. In addition, diagnostic 
accuracy metrics for multiple AI models within a single 
study were recorded separately. The highest sensitivity and 
specificity were selected if a dataset was validated multiple 
times for a model. This situation typically occurs when 
a dataset is used in repeated validation procedures, such 
as cross-validation, where the data are split into different 
subsets for training and testing multiple times. Sensitivity 
refers to the model’s ability to correctly identify positive 
cases, while specificity represents its ability to correctly 
identify negative cases. Two researchers independently 
completed this task, with any disagreements resolved by a 
third reviewer. Finally, all extracted data were compiled in 
a Microsoft Excel file (version 2019), which was accessible 
to all authors.

Quality of Studies
The methodological quality of the selected studies was 
evaluated using the Quality Assessment Tool for Diagnostic 
Accuracy Studies (QUADAS-2) (26). This assessment 
was independently conducted by two researchers, with 
group discussions held when necessary. The focus was 
on the safeguards against bias in each study and, rather 

than categorizing bias risk, assigned a numerical value to 
the safeguards: a value of 1 for safeguards implemented 
(“yes/low bias”) and 0 for those not implemented (“no/
high bias/unclear”). This process allowed us to apply a 
bias-adjusted meta-analysis model through a quantitative 
approach (27, 28). To reduce subjectivity in the QUADAS-2 
assessment, the judgment question in each domain was 
omitted, focusing on the presence or absence of safeguard 
measures. While this approach increases reproducibility 
and simplifies the bias assessment process, it may overlook 
nuanced aspects of potential bias that could be relevant for 
interpretation. Ultimately, this method resulted in fourteen 
comprehensive bias safeguards (Figure 1).

Data Analysis
For data synthesis, diagnostic information was extracted 
directly from each study, including the number of TP, FP, 
TN, and FN. Sensitivity and specificity with 95% confidence 
intervals were used when studies did not report 2 × 2 tables 
explicitly. In cases where multiple validations were reported 
for the same dataset, the highest reported sensitivity and 
specificity were selected for meta-analysis. Although 
this approach allows the inclusion of the most favorable 
estimates, it may introduce upward bias in pooled results. 
Accordingly, future studies could consider hierarchical or 
multilevel modeling to account for repeated validations 
within the same dataset.

Figure 1. Quality Assessment Using QUADAS-2 for the Included Studies
Note. QUADAS-2: The Quality Assessment Tool for Diagnostic Accuracy Studies
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Using MedCalc software (version 20), the standard errors 
for each diagnostic effect size were calculated based on the 
extracted data. MedCalc employs methods suitable for 2 × 2 
diagnostic tables to estimate pooled sensitivity, specificity, 
and AUC) while accounting for between-study variability. 
Moreover, a random-effects model was applied to combine 
the results across studies, allowing for heterogeneity in 
diagnostic performance. Additionally, between-study 
heterogeneity was assessed using the I² statistic.
Likewise, publication bias was evaluated using both Egger’s 
and Begg’s tests. All graphical representations, including 
forest plots and summary receiver operating characteristic 
curves, were generated using MedCalc, version 20 (29, 30).

Subgroup Analysis
To better assess AI applications, studies were divided 
into two approaches. First, studies were categorized 
into diagnosis, classification, and prognosis, with each 
group separately analyzed to evaluate AI performance 
by function. Diagnosis refers to AI models that identify 
the presence or absence of a specific disease. In addition, 
classification involves categorizing diseases or tissue types 
based on their distinct characteristics. Further, prognosis 
focuses on predicting patient outcomes or treatment 
responses. Each of these categories was separately 
analyzed to comprehensively assess AI performance. In the 
second classification, studies were assigned to computed 
tomography (CT) scans, clinical and pathologic records, 
photography, magnetic resonance (MR), positron emission 
tomography, and histopathology groups, with each category 
separately analyzed due to methodological homogeneity.

Results
Study Selection

The PRISMA flowchart in Figure 2 illustrates the study 
selection process. Our comprehensive database search 
initially identified 1,863 articles. After de-duplication, 
610 were removed via EndNote 20, leaving 1,253 for title 
and abstract screening. After title and abstract review, 
1,142 publications were excluded, and only 111 remained 
for full-text review. Ultimately, due to the meta-analysis 
requirement, 27 articles with data on sensitivity, specificity, 
or AUC were included in the analysis.

Study and Index Test Characteristics
Table 1 provides the datasets extracted from the included 
articles. They were published between 1996 and 2023, 
mostly from the United States (n = 6) and India (n = 5). The 
most common test was histopathology (n = 7), followed by 
clinical and pathologic records (n = 6), CT (n = 3), positron 
emission tomography (PET, n = 4), photography (n = 4), 
and MR (n = 3).

Main Analysis Results
Twenty-eight datasets, including 39,204 samples, 
underwent analysis. Overall, AI had a sensitivity of 0.90 
(0.81–0.95), a specificity of 0.89 (0.83–0.93), and an AUC of 
0.733 (95% CI: 0.679–0.786). In the analysis of AI functions 
(diagnosis, classification, and prognosis), 13 studies 
assessed AI for SCC diagnosis, showing a sensitivity of 0.92 
(0.84–0.97), a specificity of 0.89 (0.80–0.94), and an AUC 
of 0.785 (95% CI: 0.712–0.857). For disease classification, 
five studies were analyzed, with a sensitivity of 0.89 (0.79–
0.94) and a specificity of 0.90 (0.79–0.95); AUC was not 
reported due to the absence of studies reporting it. Nine 
studies evaluated prognosis, displaying a sensitivity of 0.48 
(0.06–0.91), a specificity of 0.80 (0.60–0.92), and an AUC 
of 0.674 (95% CI: 0.652–0.696) (Figures 3A-D and 4).

Figure 2. PRISMA Flowchart
Note. PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses
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Table 1. Characteristics and Extracted Data From Included Studies

First Author 
(Year)

Country
Type of 
Process

Index Test
Samples 

(n)
Training 

(n)
Validation 

(n)
Sensitivity Specificity AUC Type of ML Model

Adwan A. 
Alanazi
(2022) (31)

Saudi 
Arabia

Classifying Photography NR 90% 10% 0.94 0.94 NR
Deep convolutional 

neural network 
(CNN)

André Diamant 
(2019) (32)

Canada Prognosis CT 300 194 106 NR NR
0.666 (0.636–

0.696)
DL (fully connected 

neural network)

Benjamin H 
Kann (2023) (33)

United 
States of 
America

Diagnosis CT 360 NR NR NR NR
0.720 (0.670–

0.770)
DL (CNN)

Chong Hyun 
Suh (2020) (34)

Republic of 
Korea

Diagnosis MR 60 40 20 NR NR
0.744 (0.611–

0.877)
ML (radiomics + 

SVM)

Chui Shan CHU 
(2020) (35)

Hong Kong Prognosis Histopathology
408 

(467)
NR NR 0.30 0.87 NR

ML (gradient 
boosting/decision 

tree)

Huiping Lin 
(2021) (36)

China Diagnosis Photography
760

NR NR NR NR
0.946 (0.922–

0.970)

DL (CNN-based 
mobile image 

classifier)

Jie Shan (2020) 
7(37)

China Diagnosis
Clinical and 
pathologic 

records
101 70% 30% 0.82 0.78

0.773 (0.685–
0.861)

ML (logistic 
regression/SVM)

M. R. Brickley 
(1996) (38)

United 
Kingdom

Diagnosis
Clinical and 
pathologic 

records
348 223 81 0.81 0.80 NR

Classical statistical 
model (rule-based 

classifier)

Mark Marsden 
(2020) (39)

United 
States of 
America

Diagnosis Histopathology 53 NR NR NR NR
0.738 (0.712–

0.764)
ML (RF classifier)

Mohanad A. 
Deif (2022) (40)

India Diagnosis Histopathology 1224 80% 20% 0.98 0.83 NR

Deep neural 
network + binary 
particle swarm 
optimization

Noriyuki Fujima 
(2021) (41)

United 
States of 
America

Prognosis PET 99 66 33 NR NR
0.656 (0.583–

0.729)
DL (CNN)

Nai-Ming Cheng 
(2021) (42)

Taiwan Prognosis PET NR NR NR NR NR
0.622 (0.375–

0.869)
DL (fully automated 

CNN)

Noriyuki Fujima 
(2020) (43)

United 
States of 
America

Prognosis PET 120 90 30 NR NR
0.674 (0.619–

0.729)
DL (CNN model)

Noriyuki Fujima 
(2021) (44)

United 
States of 
America

Prognosis PET 154 102 52 NR NR
0.706 (0.657–

0.755)
DL (CNN model)

Paula Bos (2021) 
(45)

Netherlands Prognosis MR 177 70% 30% NR NR
0.642 (0.283–

1.000)
ML (logistic 

regression/RF)

Praveen Birur N 
(2022) (46)

India Diagnosis Photography 13490 10658 2832 0.73 0.78 NR
DL (MobileNet 

CNN for point-of-
care device)

Ramya Mohan 
(2023) (47)

India Classifying Histopathology 1214 NR NR 0.96 0.97 NR
DL (fused CNN 

framework)

Rasheed 
Omobolaji Alabi 
(2022) (48)

Finland Classifying
Clinical and 
pathologic 

records
3284 3164 120 0.89 0.91 NR

ML (RF, logistic 
regression, and 

SVM)

Rasheed 
Omobolaji Alabi 
(2019) (49)

Finland Classifying
Clinical and 
pathologic 

records
311 50% 50% 0.82 0.71 NR

ML (logistic 
regression, and 

SVM)

Rasheed 
Omobolaji Alabi 
(2019) (50)

Finland Prognosis
Clinical and 
pathologic 

records
311 50% 50% 0.17 0.55 NR ML (RF, and SVM)

Rasheed 
Omobolaji Alabi 
(2021) (51)

Finland Prognosis
Clinical and 
pathologic 

records
7699 7649 50 1.00 0.87 NR

ML (nomogram and 
ML comparison 

Models)

S.Y. Yang (2022) 
(52)

China Diagnosis Histopathology 2124 1925 199 0.95 0.94 NR DL (CNN)

Sara Ranjbar 
(2017) (53)

United 
States of 
America

Classifying CT 107 NR NR 0.75 0.80 NR
Radiomics + ML 

(SVM)

Sohi Bae (2020) 
(54)

Republic of 
Korea

Diagnosis MR 174 NR NR NR NR
0.75 (0.613–

0.887)
Radiomics-based 

ML (RF/SVM)

Suliman 
Mohamed Fati 
(2022) (55)

Saudi 
Arabia

Diagnosis Histopathology 5192 80% 20% 0.97 0.98 NR
DL (hybrid CNN + 
transfer learning)
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In terms of tests, photography and histopathology had the 
best sensitivity and specificity among all test categories. 
Photography had a sensitivity of 0.93 (0.72–0.99) and a 
specificity of 0.94 (0.76–0.99), while histopathology had 
a sensitivity of 0.91 (0.72–0.98) and a specificity of 0.93 
(0.76–0.97). Other laboratory methods were ranked lower. 
Moreover, studies using clinical and pathologic records had 
a sensitivity of 0.78 (0.57–0.91) and a specificity of 0.80 
(0.68–0.88). AUCs in studies using CT, MR, and PET were 
reported as 0.694 (95% CI: 0.650–0.737), 0.689 (95% CI: 
0.622–0.756), and 0.661 (95% CI: 0.630–0.692), respectively 
(Figures 3E-J and 5).

Quality Assessment and Publication Bias
The methodological quality of the diagnostic accuracy 
studies selected for inclusion was assessed using the 
QUADAS-2 tool. This assessment was independently 
conducted by two reviewers, with any discrepancies 
addressed through group discussions when necessary. 
The tool specifically examines potential biases related 
to disease progression, partial verification, differential 
verification, incorporation, test review, diagnostic review, 
and clinical review. Studies without any evidence of these 
biases were considered to have a low risk of bias. The Begg’s 
(P = 0.2726) and Egger’s (P = 0.2785) tests indicated no 
significant publication bias in the use of AI for diagnosing, 
classifying, and predicting the prognosis of OSCC lesions 
(Figure 1).

Discussion
Principal Findings
With the rapid advancement of computer algorithms, 
AI is increasingly used for diagnosing, classifying, and 
predicting the prognosis of OSCC patients using various 
methods. This systematic review and meta-analysis study 
assessed the diagnostic accuracy of various AI models and 
demonstrated their high accuracy in diagnosing, classifying, 
and predicting OSCC prognosis in patients. In the study by 
Flügge et al, the highest diagnostic sensitivity and specificity 
were observed using a vision transformer for OSCC 
detection in clinical photographs (57). Similarly, the study 
performed by Fati et al (55) for early OSCC diagnosis using 
histology images confirmed high sensitivity and specificity. 
However, a study conducted by Deif et al (40) using CT 
demonstrated lower specificity despite high sensitivity. For 
OSCC classification, Alanazi et al and Mohan et al using 
biomedical images and histopathology images reported 
the highest sensitivity and specificity, with subsequent 
studies following closely (31, 47). There are fewer studies 

regarding the use of AI in OSCC prognosis assessment. 
Likewise, Alabi et al, investigating SCC patients, reported 
the highest sensitivity and specificity (50, 51). Given the 
limited number of studies on OSCC prognosis with AI and 
the importance of predicting lesion and patient outcomes 
for early treatment and alternative therapeutic strategies, 
further studies are needed to explore AI in this area.

Other Applications of Artificial Intelligences in Head and 
Neck Cancers
Today, the use of AI in medicine and the assessment of 
patients and related lesions has increased with its increasing 
advancement in various fields and the high significance of 
medicine and health. Due to the high risk and recurrence 
of cancer, AI has received more attention than before. 
In addition to oral cancers, head and neck cancers are of 
great importance due to the vital proximity of the area 
and high prevalence (58-62). In head and neck oncology, 
ML methods have been widely investigated in all imaging 
techniques, including ultrasound, CT, MR, and nuclear 
medicine (63, 64). Using these tools, by standardizing the 
opinions of various researchers, reduces discrepancies 
among pathologists (25). Moreover, several studies have 
been conducted on AI use in surgery, including decision-
making, outcome prediction, and surgical approach 
development, confirming the value of AI in head and 
neck cancer surgery (65-68). However, knowledge about 
AI and its potential applications remains scarce among 
otolaryngologists and surgeons, who are critical in primary 
care for H&N cancers, requiring further studies and 
exploration (69).

Issues in Current Practice
Although biopsy, microscopic examination, and 
histopathological analysis of oral tissues are the gold 
standards for cancer evaluation, other auxiliary techniques 
can be employed to assess lesions. However, sampling errors 
can occur due to its invasive nature, potential sampling 
or transfer errors, and the lesion’s non-uniformity. 
Additionally, the shortage of pathologists and the reliance 
solely on human intelligence, due to inherent errors, can 
make lesion evaluation more challenging. Lack of access 
to necessary facilities and specialists and human errors are 
recurring issues in other lesion assessment methods.
Considering that early diagnosis and disease classification 
can lead to quicker, less invasive treatments and better 
patient prognoses, AI can fulfill this need. Additionally, AI 
can provide greater accuracy through various assessment 
methods. Furthermore, due to its reduced reliance on 

First Author 
(Year)

Country
Type of 
Process

Index Test
Samples 

(n)
Training 

(n)
Validation 

(n)
Sensitivity Specificity AUC Type of ML Model

Sumsum Sunny 
(2019) (56)

India Diagnosis Histopathology 100 NR NR 0.73 0.81 NR
ML (deep CNN 

for Tele-cytology 
platform)

Tabea Flügge 
(2023) (57)

Germany Diagnosis Photography 1406 1265 141 0.99 0.99 NR
Vision transformer 

(DL model)

Note. SVM: Support vector machine; AUC: Area under the curve; ML: Machine learning; DL: Deep learning; RF: Random forest; CT: Computed tomography; 
MR: Magnetic resonance; NR: Not reported

Table 1. Continued.
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Figure 3. The results of Analysis of Studies in Different Categories: Total (A), Type of Process, Diagnosis (B), Classifying (C), Prognosis (D), Index Test, CT (E), 
Histopathology (F), Photography (G), Clinical and Pathologic Records (H), MR (I), and PET (J)
Note. CT: Computed tomography; MR: Magnetic resonance; PET: Positron emission tomography. All parts of this figure are created by the authors

specialist expertise, AI can offer faster and broader access 
to results. In addition, it can be an auxiliary tool to help 
specialists diagnose and evaluate more accurately, thereby 
reducing the likelihood of human error while increasing 
their precision.

Limitations
This systematic review and meta-analysis had certain 
limitations. Initially, more studies were identified and 
reviewed, but due to the lack of criteria required for 
analysis, they could not be included in our meta-analysis. 
It should be noted that the number of studies assessing 

AI for the prognosis of OSCC was relatively small. This 
limited sample size likely contributed to the lower pooled 
sensitivity and specificity observed in this subgroup. 
Consequently, the robustness of conclusions regarding 
prognostic performance is somewhat limited, and further 
high-quality studies are needed to strengthen evidence in 
this area. Likewise, many of the included studies provided 
limited details on AI model validation. Variation in data 
splitting and validation methods (e.g., cross-validation 
or external validation) may affect results and introduce 
potential over-fitting. Thus, future studies should report 
these processes more clearly in order to improve reliability 
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and generalizability. Additionally, although the included 
studies reported diagnostic accuracy metrics (e.g., 
sensitivity, specificity, and AUC), limited information 
was available on clinical utility measures, (e.g., positive 
predictive value, negative predictive value, or decision 
curve analysis). Consequently, the real-world impact 
of AI-assisted diagnosis on patient outcomes remains 
unclear. Hence, future studies should incorporate these 
metrics to better assess the clinical relevance of AI in OSCC 
management. 

Likewise, our approach to QUADAS-2, which omitted 
the judgment question, may have oversimplified the 
assessment of bias. Some subtle but potentially important 
aspects of study quality might not have been captured, and 
this should be considered when interpreting the pooled 
results. While our systematic review and meta-analysis 
synthesized available AI studies for OSCC, many of the 
included studies did not completely adhere to AI-specific 
reporting standards (e.g., CONSORT-AI or TRIPOD-
AI). Incorporating these standards in future research 
would improve the transparency, reproducibility, and 
comparability of AI diagnostic and prognostic studies. 

Ultimately, some included studies, particularly those 
evaluating AI for classification tasks, did not report 
AUC values, limiting a comprehensive comparison of 
diagnostic performance across different AI applications 
and highlighting the need for complete reporting of all 
relevant accuracy metrics in future research.

Policy Implications and Future Research
Datasets other than those used for training should be 
utilized for a better assessment of AI performance. To 
ensure more capable AI, diverse datasets should be 
employed for training, making the system more reliable. 
To achieve such machines, a database should first be 
established, allowing various machines to be trained on 
broader datasets as needed. In addition, studies in AI 
usage should report more data, including TP, FP, TN, FN, 
sensitivity, and specificity, for comparative studies.
Further, AI-based screening of OSCC lesions can be 
routinely conducted in large populations, preventing 
disease progression with early diagnosis and leading to 
better prognosis with more superficial treatment. AI use 
can reduce specialists’ human error and analyze patient 

Figure 4. Graphical Comparison of Analysis’s Results of the Included Studies in Various Categories: Total, Type of process, Diagnosis, Classifying, and Prognosis

Figure 5. Graphical Comparison of Analysis’s Results of Included Studies in Varied Categories



Avicenna J Dent Res 2026;18(2) 115

Using artificial intelligence in OSCC

data to arrive at more accurate conclusions, especially 
in cases of disagreement. Furthermore, AI can assist in 
determining OSCC prognosis since human intelligence 
cannot explore all data and reach a specific prognosis, 
but AI can be a guide for necessary treatment. However, 
studies on OSCC prognosis with AI are limited, and given 
its importance in treatment selection, it is recommended 
that future studies focus more on this area.
Another recommendation is to conduct more studies using 
multiple methods simultaneously, as this approach can 
yield more accurate results based on more comprehensive 
data and provide more robust and broader findings.

Conclusion
The findings revealed that early diagnosis of OSCC plays 
a crucial role in treatment and improvement of disease 
prognosis. Moreover, the staging and grading of the 
disease significantly could help in treatment planning 
and prognosis prediction. Using AI as an auxiliary tool 
for probable OSCC diagnosis was found to significantly 
assist in speeding up diagnosis and determining disease 
staging and grading. In addition, the data demonstrated 
this tool can help with accurate and faster diagnosis and 
can be more accessible, cheaper, and more manageable, 
allowing for broader community use, even for screening 
purposes. Based on the findings, AI can use various 
methods to achieve more accurate and acceptable results. 
Additionally, compared to the current gold standard of 
biopsy for histopathology tests, it is non-invasive and more 
acceptable to patients, with lower costs. However, ethical 
and legal concerns in this area require greater attention. 
Finally, AI can also be utilized as an auxiliary tool in the 
early detection of secondary OSCCs and the recurrence 
of lesions.
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