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Introduction

Oral cancer, also known as squamous cell carcinoma
(SCC), is one of the most significant head and neck

ABSTRACT

Background: Oral cancer is one of the most common head and neck malignancies, often
diagnosed at advanced stages, which compromises prognosis and increases treatment-
related morbidity. Artificial intelligence (Al) has emerged as a promising tool to support
early cancer diagnosis.

Purpose: To develop and validate an Al-based model incorporated into the Snap Oral
Cancer mobile application to assist in the screening of oral cancer and potentially
malignant lesions.

Materials and Method: This was an experimental technological study approved by the
Research Ethics Committee (CAAE: 45329721.0.0000.0039). A total of 1,523 clinical
images of SCC and potentially malignant disorders (leukoplakia, erythroplakia, and actinic
cheilitis), collected between 2001 and 2022, were used. The model was built with Mobile-
Net architecture, trained in Python with Keras/TensorFlow, and validated using performa-
nce metrics, including sensitivity, specificity, accuracy, and area under the curve (AUC).
Results: The oral cancer model achieved excellent performance, with sensitivity of 98.4%,
specificity of 87.7%, accuracy of 95.0%, and AUC of 0.93. Leukoplakia and erythroplakia
models showed high sensitivity (100% and 96.3%, respectively), but low specificity
(29.5% and 47.6%), resulting in higher false-positive rates. The actinic cheilitis model pre-
sented intermediate performance, with sensitivity 77.2%, specificity 68.4% and AUC 0.73.
Conclusion: The Al model demonstrated high efficacy in detecting oral cancer,
highlighting its clinical potential through the Snap Oral Cancer application. Despite
limitations in precursor lesions, the findings reinforce the relevance of Al as an innovative
and scalable tool for early diagnosis in dentistry. Future studies should expand the dataset
and optimize algorithms to improve performance in precursor conditions and contribute to
reducing inequalities in access to cancer diagnosis.
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malignancies, with an estimated 377,713 new cases
annually worldwide [1]. In Brazil, the National Cancer

Institute (INCA) projects 10,900 new cases among men
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and 4,200 among women for the 2023-2025 triennium
[2]. Tobacco use and alcohol consumption are recog-
nized as the main risk factors associated with the devel-
opment of this disease [3-5].

One of the major challenges in managing oral cancer
is late diagnosis, which drastically reduces five-year su-
rvival rates to 30-50% for patients at stages III and IV.
In contrast, early detection at stages I and II can increase
survival rates to up to 80%, highlighting the critical role
of timely diagnosis in improving prognosis [6-7].

Delayed diagnosis of oral cancer remains a recurrent
and multifactorial problem, associated with patient-
related delays in seeking care, difficulties in accessing
health services, and limitations in professional training
for the recognition of suspicious lesions [3, 8]. In addi-
tion to reducing survival rates, late diagnosis leads to
longer, more invasive, and costly treatments. Dentists
play a fundamental role in prevention and early detec-
tion; however, uncertainties in clinical recognition and
limited access to complementary diagnostic procedures
still represent important barriers [3].

Artificial intelligence (Al) has emerged as a promisi-
ng tool to enhance diagnostic accuracy in oncology. Re-
cent studies have demonstrated the potential of Al-based
systems to identify complex visual patterns in medical
images, surpassing some limitations of human visual
assessment [9-11]. In oral oncology, the application of
convolutional neural networks (CNNs) to clinical imag-
es has shown encouraging results in the detection of ma-
lignant and potentially malignant oral lesions [10-11].

Ilhan et al. [8] emphasized that Al-based imaging
tools may contribute to reducing diagnostic delays in
oral cancer, while Kar et al [10] highlighted the
potential of Deep Learning models to improve screening
accuracy and expand access to early diagnosis. Despite
these advances, validated and accessible Al-based
solutions remain limited, particularly within the
Brazilian public health context.

The use of Al models applied to clinical images
offers a promising alternative to reduce diagnostic
delays, enhance screening capacity, and support clinical
decision-making. This study describes the development
and initial validation of Snap Oral Cancer, an Al-based

application designed to support early diagnosis.

Materials and Method
This was an experimental, technology-based study invo-

lving the development and validation of a smartphone
application, approved by the Research Ethics Committe-
e (CAAE: 45329721.0.0000.0039; opinion: 4.952.990).

For the construction of the Al model, only images
with confirmed histopathological diagnosis were in-
cluded, while those of low quality, blurred, or lacking
diagnostic confirmation were excluded. Only images of
biopsied lesions with a confirmed histopathological
diagnosis were included. In cases where the clinical
hypothesis differed from the microscopic diagnosis, the
final classification was based solely on the histopath-
ological report, which was adopted as the gold standard.

A total of 1,523 clinical photographs were used,
comprising malignant lesions, specifically SCC, and
potentially malignant oral disorders, including leu-
koplakia, erythroplakia, and actinic cheilitis. Images
were obtained from patients users of the Brazilian Uni-
fied Health System (SUS), who authorized the use of
photographs through informed consent. Additionally,
records provided by specialists from other states were
incorporated, covering the period from 2001 to 2022.
The inclusion criteria adopted in the study exclusively
comprised clinical images of oral lesions biopsied
between 2001 and 2022, all accompanied by a confir-
med histopathological diagnosis, encompassing SCC,
leukoplakia, erythroplakia, or actinic cheilitis. Furth-
ermore, only images that presented adequate quality for
analysis were considered, including good resolution,
focus, and illumination, and which were linked to duly
signed informed consent from the patients.

Conversely, all images lacking histopathological
confirmation were excluded, as were those that were
out-of-focus, low-resolution, or poorly illuminated.
Records pertaining to non-neoplastic lesions or those
outside the scope of potentially malignant disorders,
including inflammatory, infectious, or traumatic lesions,
were also excluded. Finally, duplicate or redundant
images were disregarded to ensure the integrity and
accuracy of the database used for training and validating
the Al.

Data collection for algorithm training took place be-
tween February 2022 and February 2023. Compleme-
ntary images from the Digital Atlas of Clinical-
Pathological Correlations of Oral Cancer, developed by
the research team during PPSUS (Programa de Pesquisa

para o Sistema Unico de Saude) 02/2013, were also
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included. The software was trained to recognize lesion
patterns through a Deep Learning approach, resulting in
a model capable of predicting the presence of pathology
from clinical photographs.

In the first stage, the Image Data Augmentation al-
gorithm was applied to expand the dataset by generating
new images from the originals. Subsequen-tly, the de-
velopment of the Al model for cancer image screening
was initiated. The model was built on a convolutional
neural network (CNN) with a MobileNet architecture,
composed of four layers (1,024, 1,024, 512, and 2 final
nodes), as shown in Figure 1. Training was performed in
Python using the Keras and TensorF-low libraries.
Keras supports neural network development and oper-
ates in conjunction with TensorFlow, an open-source
library designed for machine learning and deep learning.
The resulting data were stored in HDF5 format (Figure
2).

Considering the differences between Android and
iOS operating systems, which rely on distinct coding
structures, the application was developed using the Rea-
ct Native platform, ensuring cross-platform compatibil-
ity. For the web service, Python was employed in com-

bination with the Flask framework, while the web man-

Camada 1 Camada 2 Camada 3 Camada 4

Figure 1: Representation of a convolutional neural network
(CNN)
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Figure 2: Structure of the convolutional neural network
(CNN) model

ager was developed in JavaScript using the NEXT
framework. This structure enabled the administration of
the image authentication system used for Al training,
with access restricted to previously authorized users
integrated into the back end.

These technological choices were made to ensure an
efficient, functional, and scalable implementation of the
application, leveraging the specific capabilities of each
programming language and library employed.
Organization and Validation of the AI Model
The database was segmented into four separate files,
with each file corresponding to a specific binary classi-
fication task for the CNN used in the application. Imag-
es were organized into four distinct categories: oral
cancer (positive/negative), leukoplakia (positive/ nega-
tive), erythroplakia (positive/ negative), and actinic
cheilitis (positive/negative). This strategy enabled the
individualized training of the model for each lesion
type, as illustrated in Figure 3.

Model validation was a critical step to ensure the
Al’s ability to correctly identify malignant and potenti-
altially malignant lesions. The performance metrics
employed were sensitivity, specificity, and accuracy,
following the criteria proposed by Welikala et al. [12].

Figure 3: A demonstration of clinical image examples from the artificial intelligence (AI) training dataset, showing the directory

structure and the diverse visual patterns utilized in the learning process
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These metrics were essential for evaluating the mod-
el’s effectiveness in detecting and correctly classifying
lesions: sensitivity measured the ability to correctly
identify positive cases, specificity assessed the ability to
recognize negative cases, and accuracy represented the
overall proportion of correct classifications.

Performance Metrics and Statistical Analysis

To ensure transparency and reproducibility, the perform-
ance metrics and statistical procedures used for model
validation were explicitly defined. For each binary clas-
sification task, the database was randomly split into tra-
ining (80%) and test (20%) sets, as shown in Figure 4.

Model performance was evaluated using the metrics
of sensitivity, specificity, and accuracy, calculated from
the components of the confusion matrix: true positives
(TP), true negatives (TN), false positives (FP), and false
negatives (FN). The metrics were defined as shown in
Table 1 [13].

Table 1: Calculation of performance metrics. True positives
(TP), true negatives (TN), false positives (FP), and false ne-
gatives (FN). Sensitivity: true positive rate; specificity: true
negative rate; accuracy: proportion of correct classifications

Performance Metric Calculation

Sensitivity (True Positive Rate) TP/ TP+FN
Specificity (True Negative Rate) TN/ TN+FP
Accuracy TP+TN/ TP+TN+FP+FN

To assess the reliability of the estimates, 95%
confidence intervals (CI) for sensitivity, specificity, and
accuracy were calculated using the Wilson method [14],
which is widely recommended for binary proportions in
diagnostic studies.

Additionally, receiver operating characteristic
(ROC) curves were constructed for each classification
model, and the area under the curve (AUC) was
calculated using the non-parametric DeLong method,
widely employed in the validation of Al-based
diagnostic models. The ROC curves and AUC values
were obtained using the scikit-learn library (Python,
version 3.10.4). All statistical analyses were performed
in Python, using TensorFlow/Keras for model training
and scikit-learn for calculating metrics and ROC curves.

The adopted significance level was o= 0.05.

Results

The confusion matrices indicated that the model
developed for oral cancer achieved excellent perfor-
mance, characterized by few false negatives and a high
accuracy rate. In contrast, the models for erythroplaki
and leukoplakia demonstrated high sensitivity but low
specificity, resulting in a greater number of false

positives. For actinic cheilitis, performance was

Figure 4: Image training process used for the artificial intelligence (AI) model based on convolutional neural network (CNN)
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Figure 5: Confusion matrices of the artificial intelligence (Al) models used in the Snap Oral Cancer application for the diagnosis of oral
lesions. True positives (TP), true negatives (TN), false positives (FP), and false negatives (FN) are presented. Al: artificial intelligence

intermediate, with a more balanced distribution of
correct and incorrect classifications (Figure 5).

The values presented correspond to the number of
cases classified as TP, FN, FP, and TN. This model
showed excellent performance, with high sensitivity and
a low number of false negatives. Conversely, the
erythroplakia and leukoplakia models exhibited high
sensitivity but low specificity, reflecting a higher
number of false positives. The actinic cheilitis model
showed intermediate performance, with a partially
balanced distribution between correct and incorrect
classifications.

For data analysis, mean sensitivity, specificity, and
accuracy were calculated to assess model performance.
Prediction errors were first measured for each class
separately, and then the final scores were reported by
calculating the mean of these results, weighted equally.
The metrics were defined as follows: sensitivity
represents the correct detection rate of true positives;
and specificity corresponds to the proportion of true
negatives correctly identified.

Table 2 presents the performance metrics of the
models trained for the four evaluated conditions. The
oral cancer model showed high sensitivity (98.4%; 95%
CI: 96.7-99.3) and accuracy of 95.0% (95% CI: 92.1-

96.9). In contrast, the leukoplakia and erythroplakia
models showed low specificity (29.5% and 47.6%,
respectively), resulting in a greater number of false
positives.

To complement the performance analysis, ROC
curves were constructed for each classification model.
This type of analysis enabled assessment of the
algorithm’s discriminative capacity across different
cutoff points, highlighting the relationship between
sensitivity and specificity. In addition, the calculation of
the AUC provided a global indicator of model accuracy,
widely used in Al-based medical diagnostic studies
(Figure 6).

The best performance was observed for the oral
cancer model (AUC=0.93), whereas leukoplakia (AUC

Table 2: Performance metrics of the models trained for the
four evaluated conditions. Cl indicates confidence interval

Model Sensitivity _ Specificity _Accuracy
Oral cancer (gg gfgg 3) 82?171)?7) (gzg_ggg.S)
Erytroplakia (g(? 2_3;{;5) (4{1, ;_65020) (576.39(;/80.0)
Leukoplakia (971.(;(-)'1(2;60.0) (21%?)%.8) (6;2.—1;31)
77.2% 68.4% 72.1%

Actinic cheilils 751 g3.1) (61.9-742)  (674-76.4)
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Figure 6: Receiver Operating Characteristic (ROC) curves of the artificial intelligence (Al) models in the Snap Oral Cancer application
for the evaluated conditions. ROC: receiver operating characteristic; AUC: area under the curve; Al: artificial intelligence

=0.65) and erythroplakia (AUC= 0.72) showed lower
specificity, reflecting higher false-positive rates. The
actinic cheilitis model demonstrated intermediate
performance (AUC=0.73).

Overall, the oral cancer model achieved excellent
results, with high sensitivity, satisfactory specificity, and
an AUC of 0.93, confirming its clinical potential. In
contrast, the leukoplakia and erythroplakia models
achieved high sensitivity but low specificity, leading to
an increased number of false positives. The actinic
cheilitis model obtained intermediate outcomes, with
partial balance between correct and incorrect classificat-
ions. These findings suggest that although Al is highly
promising for oral cancer diagnosis, further refinements
are needed to optimize its application in precursor

lesions.

Discussion

The Al system developed in this study demonstrated
promising performance for the diagnosis of oral cancer,
achieving an accuracy of 95.0%, specificity of 87.7%,
and sensitivity of 98.4%. The Deep Learning-based
model showed high accuracy in image analysis,
particularly for oral cancer, reinforcing its potential as a
supportive tool for early detection. In contrast, the
models applied to leukoplakia and erythroplakia,
although achieving high sensitivity, demonstrated low

specificity, resulting in a greater number of false

positives. For actinic cheilitis, the outcomes were
intermediate, with a more balanced distribution of
correct and incorrect classifications.

The results obtained in this study outperformed
previous findings, such as those reported by Lin ef al.
[15] and Jeyaraj and Nadar [16], who achieved
sensitivities of 94% and 83%, respectively. These data
highlight progress compared with models previously
tested for the early diagnosis of this condition.
Moreover, earlier studies have reinforced the potential
of Al in dentistry and oncology. Fu et al [17]
demonstrated that algorithms can identify detailed
visual patterns in complex oral images with
performance surpassing that of specialists, while Kar ez
al. [10] showed that Deep Learning models detected
potentially malignant lesions with greater accuracy than
conventional methods. These findings are consistent
with the present study and strengthen the role of Al as a
reliable clinical support tool.

Recently, Bajpai [18] reinforced the potential of Al-
based tools in the screening and detection of malignant
and potentially malignant lesions of the oral cavity.
These findings corroborate the results of the present
study, which demonstrate the model's robust
performance in recognizing SCC and moderate
performance for precursor lesions.

When analyzing specific lesion types, leukoplakia
showed 100% sensitivity but low specificity (29.5%),
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resulting in a high false-positive rate. This contrasts
with the study of Gonzalez and Quintero- Rojas [19],
who reported 75% sensitivity and 98% specificity,
highlighting different strategies to balance these two
parameters. For erythroplakia, sensitivity of 96.2% and
specificity of 47.6% were similar to the results reported
by Liyanage et al. [20], reiterating the challenges
inherent in diagnosing this lesion type. Regarding
actinic cheilitis, sensitivity of 77.2% and specificity of
68.3% were comparable to the findings of Spyridonos et
al. [21], indicating satisfactory performance but with
room for improvement.

The high sensitivity achieved for oral cancer
suggests that the model could play a meaningful role in
the screening of patients in the early stages of the
disease, thereby improving the likelihood of early
detection. An innovative aspect of this study lies in the
translation of results into clinical practice through an
application accessible to primary care professionals.
Such a tool could enhance diagnostic accuracy, reduce
inequalities in access to healthcare, and streamline
referral pathways in settings with limited specialist
coverage. Additionally, the use of this application could
contribute to the development of real-time epidemiolo-
gical databases, supporting more effective public health
policies for the prevention and control of oral cancer.

Among the limitations of this study, the low
specificity of the models applied to precursor lesions,
particularly leukoplakia and erythroplakia should be
highlighted, as this resulted in a high number of false
positives. This limitation may be related to the clinical
variability of the lesions, the heterogeneous quality of
the images, and the imbalance within the dataset.

The integration of histopathological images and
complementary examinations may contribute to the
development of more robust models. Multicenter
clinical trials will be essential to validate the application
across different dental practice scenarios and to
consolidate its clinical applicability. In this way, Al
could be effectively incorporated as a large-scale
diagnostic support tool, strengthening its contribution to
both oral health and oncology.

Conclusion
The Al model developed in this study demonstrated
excellent performance for oral cancer detection, with

high sensitivity, satisfactory specificity, and strong

overall accuracy, confirming its clinical potential.
Although challenges remain for precursor lesions, the
integration of this model into a mobile application
represents an innovative and scalable strategy to support
early diagnosis, particularly in primary care settings. By
enhancing diagnostic capacity and reducing disparities
in access to specialized services, this approach offers a

promising contribution to oral health and cancer control.
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