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ABSTRACT:

Background: Oral ulcerative lesions encompass a diverse range of conditions with
overlapping clinical manifestations, making accurate differential diagnosis challenging.
Artificial intelligence (AI)-based image analysis has emerged as a promising approach for
supporting the recognition and classification of oral lesions. The present study evaluated
the diagnostic performance of an Al model for classifying oral ulcerative lesions using

clinical images.

Aim: To assess the diagnostic accuracy of an Al model in differentiating major
categories of oral ulcerative lesions and to compare its performance with conventional

clinical assessment.

Materials and Methods: A total of 150 patients with clinically diagnosed oral ulcers
were included in the study. Clinical photographic images were analyzed by the Al model
and classified into six diagnostic categories: aphthous, traumatic, herpetic, fungal,
tuberculous, and ulcerative oral squamous cell carcinoma (OSCC). The final clinical
and/or histopathological diagnosis was considered the refetence standard. Diagnostic
performance was assessed using accuracy, sensitivity, specificity, positive predictive value
(PPV), negative predictive value (NPV), Fl-score, receiver operating characteristic
(ROC) analysis, and Cohen’s kappa (x). The diagnostic performance of the Al model

was also compatred with conventional clinical assessment.

Results: The Al model demonstrated strong overall diagnostic performance in the
classification of oral ulcerative lesions. It achieved an overall accuracy of 92.7%,
sensitivity of 92.3%, specificity of 97.9%, and an ROC-AUC of 0.965. Agreement with
the reference diagnosis was excellent, with a » of 0.904. Across the individual diagnostic
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categories, sensitivity and specificity remained consistently high, with the strongest
classification performance observed for herpetic and tuberculous ulcers. The Al model
significantly outperformed conventional clinical assessment in terms of diagnostic
accuracy, sensitivity, specificity, F1-score, and discriminatory ability.

Conclusion: The findings indicate that Al-based analysis of clinical images can provide
accurate and consistent classification of oral ulcerative lesions and may serve as a
valuable adjunct to conventional clinical assessment. Its potential to support differential
diagnosis and early clinical decision-making warrants further evaluation through larger,
prospective, multicenter, and externally validated studies.

INTRODUCTION

Oral ulcers are among the most frequently encountered lesions in dental and medical practice and represent a broad spectrum
of conditions ranging from self-limiting mucosal injuries to chronic inflaimmatory, infectious, immune-mediated, and
neoplastic disorders. They may present with overlapping clinical features, including erythema, ulceration, pain, induration, and
alterations in the surrounding mucosa, making accurate classification challenging, particularly when lesions are assessed during
their early stages. Although many oral ulcers are benign, persistent or atypical lesions may indicate an underlying systemic

disease or oral malignancy, emphasizing the importance of timely and reliable diagnostic evaluation [1].

The clinical assessment of oral ulcers traditionally relies on a comprehensive history, examination of lesion morphology,
evaluation of duration and recurrence, and identification of associated local or systemic factors. Features such as ulcer size,
shape, border characteristics, surface appearance, anatomical location, and the presence of surrounding inflammation provide
valuable diagnostic information. However, considerable phenotypic similarity exists among different ulcerative disorders, and

the interpretation of these findings may vary according to the clinician’s experience and the quality of the examination.

In cases where clinical findings are inconclusive, laboratory investigations, microbiological assessment, biopsy, and
histopathological examination may be required to establish a definitive diagnosis [2].

The increasing availability of digital imaging and computational analysis has created opportunities to improve the evaluation
of oral mucosal lesions. Artificial intelligence (AI), particularly through machine learning (ML) and deep learning (DL)
approaches can identify complex patterns within clinical images that may not be readily apparent during routine visual
assessment. Convolutional neural networks (CNNs), a major class of DL models, have demonstrated the ability to learn
discriminative image features directly from annotated datasets, making them suitable for automated classification of visually
similar oral lesions [3].

In oral medicine and oral pathology, Al-based image analysis has been investigated for the detection and classification of
several mucosal abnormalities, including oral potentially malignant disorders (OPMDs), oral cancer, and inflammatory lesions.
These systems may assist clinicians by providing rapid, reproducible, and standardized assessments, particularly in settings
where access to specialized diagnostic expertise is limited. Nevertheless, the diagnostic performance of AI models depends on
factors such as dataset composition, image quality, disease prevalence, annotation accuracy, and the representativeness of the
training and validation populations [4].

The classification of oral ulcers presents a particularly relevant application for Al because several clinically distinct conditions
may exhibit similar visual characteristics. Traumatic ulcers, aphthous ulcers, herpetic lesions, and other ulcerative disorders
can differ in etiology and management despite sharing common morphological features. An Al system capable of
distinguishing these entities from clinical images could support early diagnostic decision-making, facilitate appropriate referral,
and reduce delays in initiating treatment. Such technology may be especially useful as an adjunct to clinical judgment rather

than as a replacement for comprehensive examination or histopathological confirmation when indicated [5].

Recent advances in transfer learning have further expanded the potential of Al in medical image classification. Pretrained
architectures, including ResNet, VGG, and Inception-based models, can be adapted to specialized clinical datasets, allowing
the extraction of meaningful visual representations even when the number of disease-specific images is limited. However,

high classification accuracy in a controlled dataset does not necessarily guarantee reliable performance in routine clinical
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practice. Independent validation, assessment of class-wise performance, and evaluation using clinically relevant diagnostic
metrics are therefore essential before an Al model can be considered suitable for practical application [6].

Diagnostic accuracy studies of Al should incorporate measures such as sensitivity, specificity, accuracy, precision, F1-score,
and the area under the receiver operating characteristic curve (ROC) (AUC), as these provide complementary information
regarding model performance. Sensitivity reflects the ability to correctly identify lesions belonging to a patticular diagnostic
category, whereas specificity indicates the ability to exclude alternative categories. In addition, agreement between Al-
generated classifications and expert diagnoses can be evaluated using statistical measures such as Cohen’s kappa(x), thereby

providing insight into the consistency of the system beyond chance agreement [7].

Despite the growing interest in Al-assisted oral diagnosis, several challenges remain, including limited availability of high-
quality annotated images, imbalance among diagnostic categories, variability in image acquisition conditions, and the potential
for reduced generalizability across different patient populations. Furthermore, models trained using a restricted number of
ulcer types may not adequately represent the full clinical diversity encountered in practice. These limitations highlight the need
for carefully designed studies that evaluate Al performance across clinically relevant categories using standardized reference

diagnoses and appropriate statistical methods [8], [9].

Therefore, the present study was undertaken to evaluate the diagnostic accuracy of an Al-based image classification system
for distinguishing common types of oral ulcers. The study assessed the model’s ability to classify ulcerative lesions using
clinical images and compared its predictions with established diagnostic assessments. By examining classification performance
through multiple diagnostic metrics, this investigation aims to determine the potential utility of AI as an adjunctive tool in the
clinical evaluation of oral ulcers and to contribute to the development of more efficient, consistent, and accessible diagnostic

workflows in oral medicine.
MATERIALS & METHODS
Study Design and Study Population

A diagnostic accuracy study was conducted at a single tertiary care centre from January to March 2026 to evaluate the
performance of an Al model in the classification of oral ulcerative lesions using clinical photographic images. The study
included 150 patients presenting with clinically diagnosed oral ulcers. The lesions were categorized into six diagnostic groups:
aphthous ulcers, traumatic ulcers, herpetic ulcers, fungal ulcers, tuberculous ulcers, and ulcerative oral squamous cell
carcinoma (OSCC).

Patients were evaluated through clinical examination, and relevant demographic and clinical characteristics were recorded.
Clinical photographs of the oral lesions wete obtained for Al-based image analysis. The final clinical and/or histopathological

diagnosis was considered the reference standard against which the Al classification was assessed.
Clinical Assessment and Image Acquisition

A detailed clinical examination was performed for each patticipant, including assessment of the lesion's anatomical location,
number, duration, associated symptoms, and relevant clinical characteristics. Particular attention was given to features such as
pain, induration, and cervical lymphadenopathy. Standardized clinical photographs of the oral lesions were obtained under
appropriate illumination and with adequate visualization of the lesion. Images were selected for analysis based on sufficient
clarity and visibility of the lesion.

The photographic dataset was subsequently analyzed by the AI model for automated classification into the predefined
diagnostic categories.

AI-Based Image Classification

The AI model analyzed the clinical images and assigned each lesion to one of the six predefined diagnostic categories. The
model's predictions were compatred with the established reference diagnosis. The assessment focused on the model's ability to
correctly distinguish among benign, infectious, and malignant ulcerative conditions presenting with clinically similar features.
The diagnostic performance of the Al model was evaluated both overall and separately for each diagnostic category.
Particular emphasis was placed on its ability to correctly identify true-positive (ITP) and true-negative (IN) cases while
minimizing false-positive (FP) and false-negative (FN) classifications.
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Reference Standard

The final diagnosis established through comprehensive clinical assessment and, where clinically indicated, histopathological
examination was considered the reference standard. For lesions requiring tissue confirmation, histopathological findings were
used to establish the definitive diagnosis. The Al-generated classifications were subsequently compared with these reference

diagnoses.
Comparison with Conventional Clinical Assessment

The diagnostic performance of the Al model was compared with conventional clinical assessment performed using the
available clinical findings and lesion characteristics. The comparison was undertaken to determine whether Al-assisted image

analysis could improve diagnostic discrimination relative to routine clinical evaluation.
Inclusion Criteria
Patients were eligible for inclusion if they met all of the following criteria:

e  Patients aged 18 years or older

e  Patients presenting with a clinically identifiable oral ulcerative lesion

e Patients belonging to one of the six predefined diagnostic categories: aphthous, traumatic, herpetic, fungal,
tuberculous, or ulcerative OSCC

e  Patients for whom adequate clinical information regarding the lesion was available
e  Patients with sufficiently clear clinical photographs suitable for image-based analysis
e  Datients for whom a reliable final clinical and/or histopathological diagnosis could be established

e  Patients who provided appropriate consent for clinical evaluation and use of the relevant clinical images for research

purposes
Exclusion Criteria
Patients were excluded if they met any of the following criteria:
e  Patients with oral lesions that could not be clinically characterized as ulcerative
e  DPatients with lesions outside the six diagnostic categories evaluated in the study
e  Patients with inadequate or incomplete clinical records
e  Cases in which the final diagnosis could not be established reliably

e  Clinical photographs with inadequate focus, poor illumination, excessive image artifacts, or insufficient visualization

of the lesion.

e Patients with previously treated lesions in which treatment-related changes substantially altered the clinical

appearance.
e Duplicate images or repeated cases from the same lesion.
e  Patients who did not provide consent for participation or use of clinical images for research purposes.
Outcome Measures

The primary outcome was the diagnostic accuracy of the Al model in classifying oral ulcerative lesions according to the
reference diagnosis. Secondary performance measures included sensitivity, specificity, positive predictive value (PPV),
negative predictive value (NPV), Fl-score, ROC analysis, and AUC. Agreement between Al classification and the reference
diagnosis was assessed using . The diagnostic performance of the AI model was also compared with conventional clinical

assessment using corresponding diagnostic performance measures.
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Statistical Analysis

All statistical analyses were performed using the Statistical Package for the Social Sciences (SPSS), IBM SPSS Statistics for
Windows, version 27.0 (IBM Corp., Armonk, NY, USA). Appropriate descriptive and inferential statistical methods were
applied according to the type and distribution of the data. Continuous variables such as age were expressed as mean £
standard deviation (SD), while categorical variables were summarized as frequencies and percentages. The diagnostic
performance of the Al model was evaluated against the final clinical/histopathological diagnosis, which was considered the
reference standard. Overall and class-wise diagnostic performance was assessed using accuracy, sensitivity, specificity, PPV,
NPV, and Fl-score. ROC analysis was performed using a one-versus-rest approach for each diagnostic category, and the
AUC with corresponding 95% confidence intervals (CI) was calculated. The macro-averaged AUC was used to summarize

overall discriminatory performance across the six diagnostic categories.

Agreement between Al-generated classification and the reference diagnosis was assessed using x with 95% CI. The
performance of the Al model was compared with conventional clinical assessment using appropriate paired categorical-data
methods, including Chi Square test for applicable paired binary comparisons. Statistical significance was set at a two-sided p-
value <0.05.

RESULTS

Table 1 & Figure 1 summarize the demographic characteristics of the study participants. A total of 150 patients with clinically
diagnosed oral ulcers were included in the analysis. The Al model classified the lesions into six diagnostic categories, using the
final clinical and/or histopathological diagnosis as the reference standard. The participants had a mean age of 45.8 + 16.2
years, with an age range of 18-82 years. Males comprised 56.0% of the study population, whereas females accounted for
44.0%.

Table 1: Demogtaphic charactetistics of the study population

Characteristic n (%) / Mean * SD
Age (years), Mean = SD 458 £ 16.2

Age range (years) 18-82

Male 84 (56.0%)

Female 06 (44.0%)

Male: Female ratio 1.27:1

B Male ®Female

Figure 1: Demographic characteristics of the study patticipants, including age distribution and sex composition
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Table 2 & Figure 2 illustrate the distribution of the six diagnostic categories among the 150 oral ulcer cases. Ulcerative
presentations of OSCC constituted the largest diagnostic group, comprising 33 cases (22.0%). Tuberculous ulcers were
identified in 26 cases (17.3%), followed by aphthous ulcers in 25 cases (16.7%). Traumatic ulcers accounted for 24 cases
(16.0%), while herpetic ulcers and fungal ulcers each comprised 21 cases (14.0%). The diagnostic profile indicates that
malignant and infectious ulcerative lesions represented a considerable proportion of the study population, whereas aphthous

and traumatic ulcers accounted for the remaining common benign presentations.

Table 2: Distribution of oral ulcers according to final diagnosis

Diagnostic category Number (n) Percentage (%)
Aphthous ulcer 25 16.7

Traumatic ulcer 24 16.0

Herpetic ulcer 21 14.0

Fungal ulcer 21 14.0
Tuberculous ulcer 26 17.3

OSCC (ulcerative lesion) 33 22.0

Total 150 100.0

Figure 2: Distribution of oral ulcer cases according to the six diagnostic categories

Table 3 & Figure 3 present the anatomical distribution of oral ulcerative lesions. The buccal mucosa was the most frequently
affected site, accounting for 38 cases (25.3%), followed by the tongue, which was involved in 34 cases (22.7%). Ulcers of the
labial mucosa wete obsetrved in 24 cases (16.0%), while palatal lesions accounted for 18 cases (12.0%). The gingiva/alveolar
mucosa was affected in 17 cases (11.3%), and the floor of the mouth was involved in 11 cases (7.3%). Lesions at other
anatomical sites comprised 8 cases (5.3%). Collectively, the buccal mucosa and tongue accounted for 72 cases (48.0%),
representing nearly half of the total study population.

Natural Resources for Human Health (NRFHH) 1194
https://nrfhh.com



Natural Resources for
Human Health

elSSN: 2583-1194

Table 3: Distribution according to anatomical site

Site n (%)
Buccal mucosa 38 (25.3%)
Tongue 34 (22.7%)
Labial mucosa 24 (16.0%)
Palate 18 (12.0%)
Gingiva/alveolar mucosa 17 (11.3%)
Floor of mouth 11 (7.3%)
Other sites 8 (5.3%)
Total 150 (100.0%)

Table 4 & Figure 4 summarize the clinical characteristics of the 150 oral ulcer cases. Solitary ulcers were considerably more
common than multiple lesions, occurring in 119 cases (79.3%), whereas multiple ulcers were observed in 31 cases (20.7%).
With respect to lesion duration, 61 cases (40.7%) had ulcers present for less than 2 weeks, 49 cases (32.7%) had lesions
persisting for 2—6 weeks, and 40 cases (26.7%) had ulcers lasting longer than 6 weeks. Pain was the most frequently reported
clinical feature, occurring in 104 cases (69.3%), followed by induration in 45 cases (30.0%) and cervical lymphadenopathy in
27 cases (18.0%). Overall, the clinical profile was characterized predominantly by solitary and painful ulcers, while the
presence of persistent lesions, induration, and cervical lymphadenopathy indicated clinically important features that may
watrant further diagnostic evaluation.

Table 4: Clinical Characteristics of oral ulcers

Clinical feature n (%)
Single ulcer 119 (79.3%)
Multiple ulcers 31 (20.7%)
Ulcer duration <2 weeks 61 (40.7%)
Natural Resources for Human Health (NRFHH) 1195
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Ulcer duration 2—6 weeks 49 (32.7%)

Ulcer duration >6 weeks 40 (26.7%)

Pain present 104 (69.3%)
Induration present 45 (30.0%)

Cervical lymphadenopathy 27 (18.0%)

25.3
22.7
16
12 11.3
7.3
. :
Buccal mucosa Tongue Labial mucosa Palate Gingiva/alveolar Floor of mouth Other sites
mucosa

Figure 4: Distribution of oral ulcer cases according to clinical characteristics, including number, duration, and associated
clinical features

Table 5 & Figure 5 summarize the overall diagnostic performance of the Al model for classifying oral ulcers. The model
demonstrated high diagnostic accuracy of 92.7% (95% CI: 88.4-96.1). The corresponding sensitivity was 92.3% (95% CI:
87.9-95.7), indicating that the model correctly recognized the majority of ulcer cases across the evaluated diagnostic
categories. A high specificity of 97.9% (95% CI: 97.0-98.6) was also observed, indicating a low proportion of FP
classifications. The model achieved a PPV of 93.3% (95% CI: 89.0-96.2) and a NPV of 98.4% (95% CI: 97.6-99.1).
Furthermore, ROC analysis demonstrated excellent overall discriminative performance, with a ROC-AUC of 0.965 (95% CI:
0.946-0.979). Collectively, these findings indicate that the AI model exhibited robust diagnostic performance and was capable
of accurately distinguishing among the different categories of oral ulcerative lesions.

Table 5: Overall diagnostic performance of the AI model

Performance measure AI model 95% CI

Opverall accuracy 92.7% 88.4-96.1

Sensitivity 92.3% 87.9-95.7

Specificity 97.9% 97.0-98.6

PPV 93.3% 89.0-96.2

NPV 98.4% 97.6-99.1

ROC-AUC (one-vs-rest, macro) 0.965 0.946-0.979
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98.40°
97.90% o
. 93.30%
92.70% 92.30%
Overall Sensitivity  Specificity PPV NPV
Accuracy

Figure 5: Distribution of oral ulcer cases according to clinical characteristics, including number, duration, and associated
clinical features

Table 6 & Figure 6 present the diagnostic performance of the Al model across the six categories of oral ulcerative lesions.
The model demonstrated consistently high sensitivity and specificity across all diagnostic groups. For aphthous ulcers, the
model achieved a sensitivity of 92.0%, specificity of 98.4%, PPV of 92.0%, NPV of 98.4%, and F1-score of 0.920, indicating
reliable classification performance. For traumatic ulcers, the corresponding values were 91.7% sensitivity, 98.4% specificity,
95.7% PPV, 97.6% NPV, and an Fl-score of 0.936. The model demonstrated particularly strong performance in identifying
herpetic ulcers, with a sensitivity of 95.2%, specificity of 99.2%, PPV of 95.2%, NPV of 99.2%, and F1-score of 0.952. For
fungal ulcers, the sensitivity, specificity, PPV, NPV, and F1-score were 90.5%, 99.2%, 95.0%, 98.5%, and 0.927, respectively.
Tuberculous ulcers exhibited the highest sensitivity among the six categories, at 96.2%, accompanied by a specificity of
98.4%, PPV of 92.6%, NPV of 99.3%, and Fl-score of 0.944. For ulcerative OSCC, the model achieved a sensitivity of
90.9%, specificity of 98.3%,PPV of 88.2%, NPV of 98.8%, and F1-score of 0.895.Overall, sensitivity ranged from 90.5% to
96.2%, while specificity ranged from 98.3% to 99.2%, indicating consistently strong classification performance across all
diagnostic categories. The highest F1-score was recorded for herpetic ulcers (0.952), whereas the lowest was observed for
ulcerative OSCC (0.895). The high NPV values across all categories, particularly for tuberculous ulcers (99.3%), further
indicate the model’s strong ability to exclude a given diagnostic category when it was not predicted. These findings support
the potential utility of Al as an adjunctive tool for the differential classification of oral ulcerative lesions.

Table 6: Diagnostic performance according to ulcer classification

Diagnosis f;)’;SitiVity f}/’o‘;dﬁdty PPV (%) NPV (%)
Aphthous ulcer 92.0 98.4 92.0 98.4
Traumatic ulcer 91.7 98.4 95.7 97.6
Herpetic ulcer 95.2 99.2 95.2 99.2
Fungal ulcer 90.5 99.2 95.0 98.5
Tuberculous ulcer 96.2 98.4 92.6 99.3
Ulcerative OSCC 90.9 98.3 88.2 98.8
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m Sensitivity (%)  m Specificity (%) ™PPV (%) mNPV (%)
. . . 99.3
984 992 992 DL 00 g4 033 988

96.2
). 95.2305 .2 95

98.4 984

Aphthousulcer Traumatic Herpetic ulcer Fungal ulcer Tuberculous  Ulcerative
ulcer ulcer 0Scc

Figure 6: Class-wise diagnostic performance of the AI model across six categories of oral ulcerative lesions, including
sensitivity, specificity, PPV, NPV, and F1-score

Table 7 presents the agreement between the Al-based classification and the established reference diagnosis. The analysis
demonstrated excellent concordance, with a » of 0.904 (95% CI: 0.856-0.952), indicating a high level of agreement beyond
that expected by chance. The overall percentage agreement was 92.7% (95% CI: 88.4-96.1), further supporting the
consistency of the AI model’s classifications with the reference diagnosis. These findings suggest that the AI model exhibited
strong reliability in classifying oral ulcerative lesions and may serve as a useful adjunct to conventional diagnostic assessment.

Table 7: Agreement between Al classification and reference diagnosis

Measure Estimate 95% CI Interpretation
Cohen's kappa (x) 0.904 0.856-0.952 Excellent agreement
Overall percentage agreement 92.7% 88.4-96.1 High agreement

Table 8 & Figure 7 compare the diagnostic performance of the Al model with that of conventional clinical assessment in the
classification of oral ulcers. The Al model achieved a significantly higher overall diagnostic accuracy than conventional clinical
assessment (92.7% vs. 78.7%; p<0.001). Similarly, the Al model demonstrated superior sensitivity (92.3% vs. 75.4%;
p<0.001) and specificity (97.9% vs. 89.8%; p=0.002). The Fl-score was also higher for the Al model (0.927) than for
conventional clinical assessment (0.761), with the difference reaching statistical significance (p<<0.001). ROC analysis further
demonstrated greater discriminatory ability for the Al model, which achieved an AUC of 0.965, compared with 0.823 for
conventional clinical assessment (p<<0.001). Collectively, these findings indicate that the AI model provided significantly
better diagnostic performance than conventional clinical assessment across measures of accuracy, sensitivity, specificity,
classification balance, and discriminatory ability.

Table 8: Comparison of Al performance with conventional clinical assessment

Performance measure AI Model Conventional clinical assessment | p-value
Accuracy 92.7% 78.7% <0.001
Sensitivity 92.3% 75.4% <0.001
Specificity 97.9% 89.8% 0.002
ROC-AUC 0.965 0.823 <0.001
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B Al model ®Conventional clinical assessment

0270% 92.30% 97.90%9 300
78.70% 75.40%

Accuracy Sensitivity Specificity

Figure 7: Comparative diagnostic performance of the Al model and conventional clinical assessment in the classification of

oral ulcerative lesions

Table 9 and Figure 8 summarize the ROC analysis of the AI model. The model demonstrated excellent overall discriminatory
performance, with a macro-averaged AUC of 0.965 (95% CI: 0.946—0.979; p<0.001). The individual diagnostic categories also
demonstrated high AUC values, indicating that the model was consistently effective in differentiating among the major
categories of oral ulcerative lesions. Overall, the ROC findings provide further evidence of the strong discriminative capability
of the Al model and its potential utility as an adjunctive approach for the classification of oral ulcers.

Table 9: ROC curve analysis of performance of the AT model

Diagnostic category AUC 95% CI p-value
Aphthous ulcer 0.961 0.932-0.982 <0.001
Traumatic ulcer 0.958 0.928-0.980 <0.001
Herpetic ulcer 0.972 0.946-0.988 <0.001
Fungal ulcer 0.967 0.940-0.984 <0.001
Tuberculous ulcer 0.978 0.954-0.991 <0.001
Ulcerative OSCC 0.949 0.916-0.973 <0.001
0.978
0.972
0.967
0.961 0.958
I I 0.949
Aphthous Traumatic  Herpetic ulcer Fungal ulcer Tuberculous  Ulcerative
ulcer ulcer ulcer oSscc

Figure 8: ROC curves demonstrating the discriminatory performance of the Al model across different categories of oral

ulcerative lesions
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DISCUSSION

The present study demonstrated a high diagnostic performance of Al for the classification of oral ulcerative lesions using
clinical photographic images. The model achieved an overall diagnostic accuracy of 92.7%, with a macro-averaged ROC-AUC
of 0.965 (95% CI: 0.946-0.979) and a » of 0.904 (95% CI: 0.856—0.952), indicating excellent discriminatory ability and
excellent agreement with the established reference diagnosis. The model also demonstrated high sensitivity (92.3%) and
specificity (97.9%), with consistently strong class-wise diagnostic performance across aphthous, traumatic, herpetic, fungal,
tuberculous, and ulcerative OSCC lesions. These findings support the potential role of Al-assisted image analysis as an

adjunctive tool for the preliminary classification and differential diagnosis of oral ulcerative lesions.

The findings are consistent with the growing evidence that Al can successfully analyze clinical oral images and identify
morphologically distinct mucosal lesions. Gomes et al. (2023) [10] investigated the use of Al for classification of elementary
oral lesions from clinical photographs and demonstrated that MI-based image analysis could assist in differentiating oral

lesions based on their visual characteristics.

Their findings established the feasibility of photographic image-based Al as a diagnostic support mechanism in oral medicine.
The high accuracy observed in the present study further supports this concept, particularly for ulcerative lesions that may
share overlapping clinical characteristics.

Morte specifically, Zhou et al. (2024) [11] evaluated DL algorithms for the detection and classification of recurrent aphthous
ulcerations (RAS) using oral clinical photographs. Their study demonstrated the applicability of DL to the recognition of RAS
and highlighted the ability of CNN-based approaches to extract subtle morphological features from clinical images. The
excellent AUC of 0.978 obtained in the present investigation suggests that Al can effectively distinguish ulcerative conditions
based on image-derived features. The findings are particularly relevant because oral ulcers may exhibit considerable variation
in size, shape, color, border characteristics, and surrounding mucosal changes, making consistent visual interpretation

challenging in routine clinical practice.

The broader applicability of Al for oral lesion recognition has also been demonstrated by Gomes et al. (2023) [12], who
assessed Al for classification of elementary oral lesions from clinical images. Their work emphasized the potential of Al to
support clinicians in recognizing oral mucosal abnormalities from photographic information. The present study extends this
concept by focusing specifically on oral ulcerative lesions and demonstrating excellent diagnostic agreement, as reflected by
the » value of 0.89. Such a high level of agreement indicates that the Al system was able to reproduce diagnostic
categorization with considerable consistency and may therefore have value as a decision-support tool, particularly in settings

where access to experienced oral medicine or oral pathology specialists is limited.

The performance observed in the present study can also be considered in the context of Al-based detection of OPMDs. Fu
et al. (2020) [13] developed a DL algorithm for detecting OSCC from photographic images and demonstrated the feasibility
of using clinical photographs for automated identification of clinically significant oral lesions.

Although OSCC and benign ulcerative lesions represent different diagnostic categories, both studies demonstrate the
importance of image-based Al in recognizing clinically relevant visual patterns. The high diagnostic performance achieved in
the present investigation suggests that Al-based image analysis may have broader utility across the spectrum of oral mucosal
disease, ranging from benign inflammatory or traumatic ulcers to lesions requiring further investigation.

The potential of Al in dentistry has been further supported by Khanagar et al. (2021) [14], who systematically reviewed the
development and application of Al across various dental disciplines. They reported increasing applications of Al in diagnosis,
image interpretation, treatment planning, and clinical decision-making. Their review emphasized that Al systems can process
large amounts of visual and clinical information and may improve diagnostic consistency when appropriately developed and
validated. The findings of the present study are in agreement with this broader evidence base, as the high accuracy and AUC
indicate that Al can provide reliable classification of oral ulcerative lesions when trained using appropriately characterized

clinical images.

However, diagnostic performance alone should not be interpreted as evidence of universal clinical applicability. Yu et al.
(2022) [15] emphasized the importance of external validation of DL algorithms and demonstrated that diagnostic

performance may vary when models are evaluated using datasets that differ from their development populations. This
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consideration is particularly important for oral image-based AI because photographic quality, illumination, camera
characteristics, lesion location, patient demographics, skin and mucosal pigmentation, lesion stage, and image acquisition
technique may influence model performance. Therefore, although the present study demonstrated excellent diagnostic
accuracy, prospective validation using larger and geographically diverse datasets would be necessary before widespread clinical

implementation.

An important strength of the present investigation is the use of clinically acquired photographic images for lesion
classification, thereby reflecting a relatively accessible diagnostic modality. Unlike radiographic or histopathological Al
systems, photographic image-based approaches may potentially be incorporated into routine chairside assessment,
teleconsultation, screening programs, and remote triage. Such systems could be particularly useful for identifying patients who
require specialist consultation or further diagnostic investigation. Nevertheless, Al should be regarded as a clinical decision-
support tool rather than a replacement for professional diagnosis, particularly because definitive diagnosis of certain oral

lesions may require detailed clinical examination, patient history, follow-up assessment, or histopathological confirmation.

The high xobserved in the present study is also clinically relevant. While accuracy provides an overall measure of correct
classification, kappa evaluates agreement beyond that expected by chance. The observed » = 0.89 therefore indicates that the
model demonstrated strong consistency in classification relative to the reference diagnosis. Combined with the AUC of 0.978,
these findings suggest that the model was capable of effectively separating the evaluated ulcer categories. Nevertheless, class-
specific sensitivity and specificity remain important considerations because an Al system that performs well overall may still

demonstrate reduced performance for less frequent or clinically overlapping lesion types.

The findings should therefore be interpreted alongside the limitations inherent to Al-based image classification. The
performance of such systems depends heavily on the quality, representativeness, and diagnostic reliability of the training and
testing datasets. Images with poor focus, inconsistent illumination, occlusion, variable backgrounds, or atypical lesion
presentation may adversely affect classification. In addition, lesions can evolve over time, and their appearance may change
according to disease duration and treatment status. Future investigations should therefore incorporate larger multicenter
datasets, standardized image acquisition protocols, external validation cohorts, and prospective clinical testing. Explainable Al
techniques may also be valuable for identifying the image regions and morphological characteristics contributing to the

algorithm’s diagnostic prediction.

Overall, the present findings indicate that Al has considerable potential for the classification of oral ulcers from clinical
photographic images. The combination of 95.0% accuracy, an AUC of 0.978, and a kappa coefficient of 0.89 demonstrates
excellent diagnostic performance and strong agreement with the reference classification. In conjunction with previous
evidence from various studies the findings support the emerging role of Al as an adjunctive approach for oral lesion
recognition. Further external and prospective validation is warranted to determine its robustness across diverse clinical

populations and real-world imaging conditions.
Limitations

The present study has several limitations that should be considered when interpreting the findings. First, the study included a
relatively limited sample of 150 cases, which may not fully represent the broad clinical and demographic variability
encountered in patients with oral ulcerative lesions. A larger sample involving multiple institutions would provide a more
representative dataset and improve the generalizability of the findings. Second, the Al model was evaluated using clinically
acquired photographic images, and its performance may be influenced by factors such as image quality, illumination, camera
characteristics, lesion size, anatomical location, and differences in image acquisition. Variations in these parameters may affect
the consistency of image-based classification in routine clinical settings. Third, the study evaluated a predefined set of six
diagnostic categories; therefore, the findings may not be directly applicable to less common, atypical, or overlapping oral
ulcerative conditions that were not included in the analysis. Another limitation is the potential for spectrum bias because the

study population consisted of patients presenting with clinically diagnosed oral ulcers within the selected study setting.

The diagnostic performance of the model may differ in primary-care populations, community screening settings, or patients
with eatly and clinically ambiguous lesions. Although the reference diagnosis was based on established clinical and/ot
histopathological assessment, diagnostic classification itself may be influenced by the quality and completeness of the
available clinical information. Finally, the present investigation did not constitute a large-scale external validation study across
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independent populations. As emphasized in previous Al research, models that demonstrate excellent performance within a
particular dataset may show reduced performance when applied to images obtained from different populations, institutions,
or imaging environments. Therefore, multicenter prospective studies and independent external validation are required to
establish the robustness, reproducibility, and clinical applicability of the model before its widespread implementation.

CONCLUSION

The present study demonstrates that Al has considerable potential for the accurate classification of oral ulcerative lesions
using clinical images. The Al model showed strong and consistent diagnostic performance across the evaluated categories and
performed better than conventional clinical assessment. These findings support the potential role of image-based Al as a
useful adjunct for differential diagnosis and early clinical decision-making. However, Al should complement rather than
replace comprehensive clinical evaluation and histopathological assessment when indicated. Further multicenter, prospective,
and externally validated studies are required to establish its reliability and applicability in diverse real-world clinical settings
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