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KEYWORDS Abstract Background/purpose: Oral mucosal lesions are associated with a variety of patho-
Artificial intelligence; logical conditions. Most deep-learning-based convolutional neural network (CNN) systems for
Computer-assisted computer-aided diagnosis of oral lesions have typically concentrated on determining limited
diagnosis; aspects of differential diagnosis. This study aimed to develop a CNN-based diagnostic model
Deep learning; capable of classifying clinical photographs of oral ulcerative and associated lesions into five
Oral diagnosis; different diagnoses, thereby assisting clinicians in making accurate differential diagnoses.
Oral mucosa Materials and methods: A set of clinical images were selected, including 506 images of five

different diagnoses. The images were pre-processed and randomly divided into two sets for
training and testing the CNN model. The model architecture was composed of convolutional
layers, batch normalization layers, max pooling layers, the dropout layer and fully-
connected layers. Evaluation metrics included weighted-precision, weighted-recall,
weighted-F1 score, average specificity, Cohen’s Kappa coefficient, normalized confusion ma-
trix and AUC.

Results: The overall performance for the image classification showed a weighted-precision of
88.8%, a weighted-recall of 88.2%, a weighted-F1 score of 0.878, an average pecificity of
97.0%, a Kappa coefficient of 0.851, and an average AUC of 0.985.

Conclusion: The model achieved a decent classification performance (overall AUC=0.985),
showing the capacity to discern between benign and malignant potential lesions, and laid
the foundation of a novel tool that can help clinical differential diagnosis of oral mucosal
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lesions. The main challenges were the small and imbalanced dataset. Enlarging the minority
classes, incorporating more oral mucosal lesion diagnoses, employing transfer learning and
cross-validation might be included in future works to optimize the image classification model.
© 2025 Association for Dental Sciences of the Republic of China. Publishing services by Elsevier
B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.
org/licenses/by-nc-nd/4.0/).

Introduction

Oral mucosal lesions (OMLs) are common oral pathology
encountered in daily clinical practice, ranging from infec-
tious diseases, immunological disorders, to premalignancy.
They could manifest as ulcers, which are truly epithelial
and connective tissue defects, or as mixed red-and-white
lesions that mimic erosions or ulcers." Oral mucosal le-
sions, including oral ulcers, may be associated with distinct
etiological factors so it is important for clinicians to
differentiate one disease from another.®* Aphthous ulcer
(AU) is the most common oral ulcerative lesions and pre-
sents as one or several painful punched-out sores on oral
mucous membrane. Most aphthae are self-limiting or can be
relieved by eliminating the predisposing factors.” On the
other hand, oral lichen planus (OLP), as an autoimmune
disease, may present as erosions and ulcers with intermixed
white striae and patches.® Oral precancerous lesions
(OPLs), such as speckled leukoplakia, is a mixed red-and-
white lesion with a high risk of malignant trans-
formation.”® Hence, making a correct diagnosis is essen-
tial for guiding proper treatment.

Recently, increasing studies demonstrate that deep-
learning-based convolutional neural networks (CNNs),
particularly image recognition, have found extensive ap-
plications in computer-aided diagnosis (CAD) for various
medical purposes, including skin disease recognition,
breast cancer diagnosis, caries detection, tooth segmen-
tation and pulp exposure prediction. Furthermore, the
performance in disease detection and diagnosis indicates
promising results.''” Diagnosis of oral mucosal lesions
greatly relies on inspecting clinical presentations, including
the color, size, and distribution of the lesions. Thus, the
diagnosis process might be challenging and largely depend
on the clinician’s experience at present. There have been
several studies working on CNN systems in computer-aided
oral lesion diagnosis; however, most of them focused on
differentiating limited aspects of disease entity.'® On the
grounds that artificial intelligence (Al) has gained
increasing progress in the field of medicine, employing the
deep learning algorithm in the automate oral-mucosal-
lesion-image-diagnosis might be an efficient and novel
way.””“

The aim of this study was to develop a CNN-based
diagnosis model capable of classifying clinical photo-
graphs of oral ulcerative lesions or some associated oral
lesions into five distinct diagnoses; further, this CNN-based
diagnosis model was expected to be applied in clinical use
in the future.
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Materials and methods

Data collection

Photographic images in this study were collected from the
patients that were diagnosed in the Department of Sto-
matology of National Cheng Kung University Hospital, from
January 2003 to May 2023. Additional images from classical
articles and textbooks were also included to enhance the
reliability.”>?° The selection criteria included the
following five diagnoses: AU (including Bechet’s disease),
OLP, oral candidiasis (OC), OPL, and oral submucous fibrosis
(OSF). In addition to those diseases present with apparent
oral ulcers or lesions mimicking oral ulcers, OSF was also
included since it was proved to have malignant potential,
just as OPL was. Subsequently, an image set representing
the aforementioned diagnoses from different anatomical
sites in oral cavity was acquired. These images were
reviewed by a well-trained researcher to ensure the correct
diagnosis, then cropped to the boundaries of the oral cav-
ity. The image dataset was sorted into different groups by
respective diagnosis. Finally, the five groups, a total of 506
images, comprised 91 images of AU (including Bechet’s
disease), 114 images of OC, 119 images of OLP, 104 images
of OPL and 78 images of OSF, were selected and presented
in Table 1. This study was reviewed and approved by the
Institutional Review Board of National Cheng Kung Univer-
sity Hospital (A-ER-112-147).

Image pre-processing

To standardize every image, the technique of data trans-
formation was utilized to transform the data into a suitable

Table 1 Disease classes and the number of images
included within each class.

Classes Number of images
AU? 91

ocC 114

OLP 119

OPL 104

OSF 78

Total 506

Abbreviations: AU, aphthous ulcer; OC, oral candidiasis; OLP,
oral lichen planus; OPL, oral precancerous lesion; OSF, oral
submucous fibrosis.

2 Including Beghet’s disease.
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format so that it could be more accessible and informative
for further analysis or modeling.?%° Other than that, data
augmentation was employed due to the imbalanced quan-
tity of different groups of data. The purpose of augmen-
tation is to expand the size of a dataset by creating
modified versions of images in the dataset, such as flipping
the image and contrast adjustment. This helps prevent
overfitting and can lead to improved model generalization,
especially when the original dataset is relatively small.>%*’
In this study, horizontal flipping and image rotation (within
+10°) were adopted. After image transformation and
augmentation, the dataset of 544 images were randomly
divided by the algorithm into training set and test set in a
ratio of 7:3.%2 Thus, 384 and 160 of images were included in
the training set and test set, respectively. The training set
was the major data for training the CNN model, while the
model’s performance was evaluated by the test set.

CNN model building

The architecture of the model consisted of several steps,
including four convolution layers with a kernel size of 5 x 5,
four batch normalization layers after each convolution
layer, two max-pooling layers with a kernel size of 2 x 2,
the dropout layers, and three fully connected layers. The
four convolution layers had 12, 12, 24 and 24 filters,
respectively. Dropout is a regularization approach that
prevents the CNN model encountering overfitting by
randomly dropping units during the training.>* The input
size of the images was 128 x 128 x 3 pixels. The workflow
of the CNN model was illustrated in Fig. 1.3*

Evaluating metrics

To evaluate the performance of classification tasks of CNN
model, accuracy, weighted-precision, weighted-recall,
weighted-F1 score, average specificity, Cohen’s Kappa co-
efficient, normalized confusion matrix, receiver operating
characteristics curve (ROC) and area under ROC (AUC) with
95 % confidential intervals were utilized. Since “weighted-”
suggests that the scores are calculated depending on the
number of samples available in that class, these metrics are
suitable for evaluating a multiclass image classification
model which has a class-imbalanced dataset. Cohen’s
Kappa coefficient is a score that expresses the level of

agreement between two annotators on a classification
problem. The mathematical expressions show as follows:
1. Weighted-Precision Predictive
= S°¢_,w; x Precision;

Where when given C classes,

(1) Precision; is the precision of class i, while the pre-

cision being the accuracy of positive predications:
True Positives (TP);
True Positives (TP);+False Positives (FP);

(2) w; is the weight for class i, typically the proportion
of true instances of class i in the dataset.
2. Weighted-Recall (True Positive Rate)
Zic:1wi* Recall;.
Where when given C classes,
(1) Recall; is the recall of class i, while the recall being
the fraction of correctly identified positive

(Positive Value)

prediCtionS:TPi+False NZF;atives (FN);
(2) w; is the weight for class i, typically the proportion
of true instances of class i in the dataset.
3. Weighted-F1 score = Zic=1wi*F1i
Where when given C classes.
(1) F1; is the F1 score for class i, while F1 score being
the harmonic mean of precision and recall

(2) Fty = 2 preconctecsy |
4. Average Specificity (True Negative Rate) =

1 S~¢Specificity;
Where when given C classes,
(1) Specificity; is the specificity for class i, while the

e s . True Negatives (TN);
SpeC]ﬁC]ty bemg True Negatives (TN);-+False Pos’itives (FP);

5. Cohen’s Kappa coefficient = x = %_
(1) po is the observed agreement and p. is the expected
agreement when both annotators assign labels

randomly.

(2) pe = Zic=1ptrue,i * Ppred.i

i. Ptrue,i 1s the proportion of true instances in class i.
ii. ppreq,i is the proportion of predicted instances in

class i.

A confusion matrix can help summarize the performance
of a classification model by comparing predicted and actual
values, and thus evaluate whether the model is biased to-
ward the majority class or consistently misclassifying
certain classes. For multi-class classification, the ROC curve
is normally plotted for each class against the others (One vs
Rest, OVR).
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Figure 1

The workflow of the convolutional neural network (CNN) model. The model consisted of 4 convolution layers, each with

a batch normalization layer following, 2 max-pooling layers, the dropout layers, and 3 fully connected layers.
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Results
Class-based performance in the test set

The precision, recall, and F1-score for each disease class in
the test set were shown in Table 2. Among all classes, the
OLP group had the highest precision (97.0 %), followed by
the AU group (96.0 %), the OSF group (90.0 %), the OPL
group (84.4 %), and the OC group with the lowest (78.6 %).
In terms of recall, the AU group ranked the highest (100 %),
followed by the OC group (97.1 %), the OLP group (94.1 %),
the OPL group (84.4 %), and the OSF group with the lowest
(64.3 %). For the F1-score, which is the harmonic mean of
precision and recall, the AU group led with 0.980, followed
by the OLP group (0.955), the oral candidiasis group
(0.868), the OPL group (0.844), and the OSF group (0.750).

The normalized confusion matrix to evaluate the per-
formance of the CNN model in the test set was illustrated in
Fig. 2, indicating that the CNN model reached a normalized
true positive rate of 1.00 for the AU group, 0.97 for the OC
group, 0.94 for the OLP group, 0.84 for the OPL group and
0.64 for the OSF group. The OSF group was the most
commonly misclassified group (recall = 0.64), often being
labeled as OC or OPL by the algorithm. The OPL group was
prone to misclassification as OC and OSF, while OLP tended
to be misclassified as OC and OPL.

Class-based ROC curves and AUC values

The ROC curves for each class with the relevant AUC values
were shown in Fig. 3. The respective AUC for each class
were: 1.00 for the AU group, 0.99 for the OC group, 0.99 for
the OLP group, 0.98 for the OPL group, and 0.98 for the OSF
group.

Overall performance for the oral-mucosal-lesion-
image classification model

The overall performance of the CNN model achieved a
weighted-precision of 88.8 %, a weighted-recall of 88.2 %, a
weighted-F1 score of 0.878, an average specificity of
97.0 %, a Kappa coefficient of 0.851, and an average AUC of
0.985.

Table 2 Precision, recall, and F1-score of each disease
class in the test set.

Precision (%) Recall (%) F1-score
AU? 96.0 100.0 0.980
ocC 78.6 97.1 0.868
OLP 97.0 94.1 0.955
OPL 84.4 84.4 0.844
OSF 90.0 64.3 0.750

Abbreviations: AU, aphthous ulcer; OC, oral candidiasis; OLP,
oral lichen planus; OPL, oral precancerous lesion; OSF, oral
submucous fibrosis.

2 Including Beghet’s disease.

Discussion

Diagnosis of oral mucosal lesions might be challenging and
largely depend on the clinician’s experience in current.
Progressively, deep learning system has gained its popu-
larity in aiding diagnosis of oral mucosal lesions. Zhou et al.
reported a CNN model using pretrained algorithm for clas-
sification and detection of recurrent aphthous ulcerative
lesions based on non-invasive oral images.>? The presented
deep learning CNN image classification model aimed to help
clinical work using five different diagnoses of oral mucosal
lesion photographs. Accurate diagnosis via CNN model not
only can guide the proper treatment but also greatly
palliate medical burden. In this study, the model achieved a
final AUC of 0.985, which could be regarded as an excellent
differential classification performance.

The model performed outstanding on AU (including
Bechet’s disease) since it achieved high precision (96.0 %)
and recall (100 %), suggesting the capacity of correctly
identifying the images of this class and rarely misclassified
other classes as AU. The recall was high for oral candidiasis
(97.1 %), which meant the model identified most instances
of this class. However, the precision was relatively low
(78.6 %), indicating that the model easily misclassified
other classes as oral candidiasis. The model performed well
on OLP due to the strong precision (97.0 %) and recall
(94.1 %). The model’s performance on OPL was balanced,
with a fairly high precision (84.4 %) and recall (84.4 %). For
OSF, there were a high precision (90.0 %) but a low recall
(64.3 %), suggesting that the model was good at predicting
OSF when the images actually were. On the other hand, the
model had the tendency of missing actual OSF instances.

According to the confusion matrix, OLP, OPL, and OSF
were most likely to be misclassified as oral candidiasis,
which explains the low precision of oral candidiasis. OSF
was often mislabeled as oral candidiasis, OPL, and OLP,
contributing to its low recall. These were probably due to
the small dataset of OSF and the similar features between
oral candidiasis and other classes, which affected recall
and precision. To improve the results, increasing the OSF
dataset and enhancing feature extraction from images
might be necessary. All in all, as the respective ROC curve
and AUC for each class indicated, the model still seemed to
have a decent overall performance and certainly had the
capacity to discern between benign and malighant-
potential lesions (Fig. 3). It was notable that although
OPL and OSF had identical AUC values (0.98), they varied
significantly in recall, with OPL at 84.4 % and OSF lower at
64.3 %. A high AUC but low recall is not an uncommon
phenomenon, especially in imbalanced datasets, and it
arises from the different approaches in which AUC and
recall evaluate the model’s performance. The high AUC
score for OSF indicated that the model was good at dis-
tinguishing between the class and other classes across
different thresholds. However, the lower recall value sug-
gested that at specific threshold, the model missed more
true positive instances for OSF, leading to a higher false-
negative rate.

The probable overfitting of a model, which is a common
challenge in CNN model training, usually indicates that the
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model is memorizing the training data instead of learning
the pattern. This phenomenon is particularly pronounced
when the dataset is small and imbalanced. Alternatively,
early stopping prevents the model from learning noise in
the training data by monitoring the peak of test accuracy
and terminating the training session as accuracy starts to
decline. Priorly, to handle the problem, the dropout tech-
nique and data augmentation had already been adopted.
Enlarging the dataset could also be taken into consider-
ation, which was meant for eliminating the imbalanced
classes.®

Though not presented in this study, there are several
ways that can also make improvements on the model’s
performance. Cross-validation is a data resembling method
for assessing the generalization ability of predictive models
and preventing overfitting.>® Stratified K-fold cross-
validation, where the dataset is divided into several folds
and the class distribution in each fold is identical in the
entire dataset, is useful in class-imbalanced classifications.
One of its key advantages is to maintain class distribution
during the training process, leading to a more robust eval-
uation of the model’s performance.®” Transfer learning re-
fers to introducing a pre-trained CNN model as the starting
point for a model on a new but similar task. This technique is
known to enhance model performance and is reported to be
used in computer-aided diagnosis.'®3%3¢ Therefore, it was
worthwhile to enlarge the dataset, and further, to subdivide
different clinical subtypes in the training set as well as
adopting transfer learning and cross-validation.

The statistical performances of the model reached a
final AUC of 0.985 and the model certainly had the ca-
pacity to discern between benign and malignant-potential
lesions, being suggestive of an excellent role in classifi-
cation performance. On the whole, the proposed model
laid the foundations of a novel tool that might be feasible
of helping clinical differential diagnosis of oral mucosal
lesions. In terms of enhancing clinical significance,
enlarging the minority classes, incorporating more oral
mucosal lesion diagnoses, employing transfer learning,
and adopting cross-validation might be included in future
works.
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