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Summary
Background Artificial Intelligence (AI) models hold promise as useful tools in healthcare practice. We aimed to
develop and assess AI models for automatic classification of oral potentially malignant disorders (OPMD) and oral
squamous cell carcinoma (OSCC) clinical images through a Deep Learning (DL) approach, and to explore explain-
ability using Gradient-weighted Class Activation Mapping (Grad-CAM).

Methods This study assessed a dataset of 778 clinical images of OPMD and OSCC, divided into training, model
optimization, and internal testing subsets with an 8:1:1 proportion. Transfer learning strategies were applied to pre-
train 8 convolutional neural networks (CNN). Performance was evaluated by mean accuracy, precision, recall,
specificity, F1-score and area under the receiver operating characteristic (AUROC) values. Grad-CAM qualitative
appraisal was performed to assess explainability.

Findings ConvNeXt and MobileNet CNNs showed the best performance. Transfer learning strategies enhanced
performance for both algorithms, and the greatest model achieved mean accuracy, precision, recall, F1-score and
AUROC of 0.799, 0.837, 0.756, 0.794 and 0.863 during internal testing, respectively. MobileNet displayed the
lowest computational cost. Grad-CAM analysis demonstrated discrepancies between the best-performing model
and the highest explainability model.

Interpretation ConvNeXt and MobileNet DL models accurately distinguished OSCC from OPMD in clinical photo-
graphs taken with different types of image-capture devices. Grad-CAM proved to be an outstanding tool to improve
performance interpretation. Obtained results suggest that the adoption of DL models in healthcare could aid in
diagnostic assistance and decision-making during clinical practice.
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Piracicaba, São Paulo, 13414-903, Brazil.
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Research in context

Evidence before this study
Throughout the last few decades, Computer-Aided Diagnosis
(CAD) has emerged as a valuable tool in medical diagnosis.
Recognizing the inherent challenges of clinical and
histopathological assessment of oral squamous cell carcinoma
(OSCC) and oral potentially malignant disorders (OPMD), the
integration of computer vision within Artificial Intelligence
(AI) technology shows great promise in assisting oral
healthcare providers with the screening and diagnosis of
these oral lesions. Research based on AI approaches for clinical
diagnosis assistance of OPMD and OSCC is currently limited.
We searched English, Portuguese and Spanish language
publications on this topic in the PubMed database without
date restriction and tracked relevant bibliographic references
within the found papers up to February 05, 2025, to identify
any prior research utilizing AI models for the classification of
OPMD and OSCC based on imaging data. We used the
following key terms (‘artificial intelligence’ OR ‘machine
learning’ OR ‘deep learning’ OR ‘convolutional neural
network’ OR ‘artificial neural network’) AND (oral) AND
(‘cancer’ OR ‘carcinoma’ OR ‘potentially malignant disorders’).
Results from this search revealed that CAD studies evaluating
photograph-based data for OPMD and OSCC classification
predominantly rely on the assessment of white-light intraoral
photographs and fluorescence images. Other studies have
focused on non-clinical imaging data inputs, such as
histopathological or cytological preparations, cytometry
images, or optical coherence tomography, among others.
Additionally, non-imaging inputs such as medical records and
written information about clinical and histopathological
features have also been described. Overall, most reported
approaches compare both OPMD and OSCC cases with normal
mucosa or nonsuspicious/benign lesions and obtained
accuracy values range from 73% to 100%. Notably, only a
small proportion of these studies have described the use of
explainable artificial intelligence methods as visual resources
for result interpretation and explainability—such as Class

Activation Mapping (CAM), Attention Rollout or Gradient-
weighted Class Activation Mapping (Grad-CAM)—, but no
comprehensive appraisal regarding the association between
these visual explanations and performance metrics was
identified.

Added value of this study
This study offers a thorough exploration of Deep Learning
(DL) models in the context of OPMD and OSCC clinical
diagnosis. It presents four DL models that accurately
differentiate OPMD from OSCC using clinical photographs,
while also providing a comprehensive assessment
explainability and reasonability of these results through the
Grad-CAM technique. This approach effectively addresses the
“black box” drawback commonly associated with DL
technologies. Furthermore, we explore potential variations in
performance between professional and cellphone-captured
images by comparing results from different devices, obtaining
no statistically significant influence on the classification task.
Both appraisals, to our knowledge, have not been previously
conducted in the literature. Lastly, we discuss both the
capabilities and limitations of DL models in CAD, offering
valuable insights for future model development. This new
evidence significantly advances the current understanding of
AI applications in oral cancer research.

Implications of all the available evidence
Together with previously reported results in related research,
our findings support the potential of AI as an innovative,
non-invasive tool to assist clinical decision-making related to
diagnosis of oral potentially malignant and malignant lesions.
Additionally, we uniquely demonstrate the importance of
results interpretability for DL models. While subsequent effort
is needed to confirm the potential of these tools in
uncontrolled, real-world clinical settings, we anticipate that
the implementation of these models will have significant
beneficial implications in oral healthcare clinical practice.
Introduction
Oral squamous cell carcinoma (OSCC) is a malignant
neoplasm arising from the squamous epithelium of the
oral mucosa (ICD-10 C00–C06), and it represents the
most prevalent form of malignancy in the head and neck
region, contributing to high mortality rates.1 Conversely,
oral potentially malignant disorders (OPMD) encompass
a group of mucosal conditions (ICD-10 K13) character-
ized by a variable increased risk of developing OSCC.2,3

OSCC and OPMD can share overlapping clinical
features. Consequently, oral clinicians face an important
challenge when diagnosing these patients, as these two
www.thelancet.com Vol 47 July, 2025
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entities have significantly different outcomes in terms of
treatment and prognosis. Both OSCC and OPMD rely
on microscopic evaluation as the diagnostic gold stan-
dard, a practice linked to intra- and inter-observer vari-
ability due to subjectivity in recognizing
cytoarchitectural features.3 This highlights the impor-
tance of new approaches for more consistent, efficient
and accurate diagnosis of OPMD and OSCC to aid
clinical decision-making by prioritizing OSCC referrals,
implementing appropriate clinical follow-up protocols,
and potentially alleviate the oral cancer burden,
improving survival outcomes related to early
diagnosis.4,5

Recently, interest has grown in leveraging artificial
intelligence (AI) to support healthcare providers in
diagnosing and understanding diseases.6,7 Computer-
Aided Diagnosis (CAD) is an approach in which AI
systems are implemented to assist medical data inter-
pretation, and has proven to be an effective tool for
medical diagnosis.8 Contemporary CAD techniques
have relied heavily on Deep Learning (DL), and specif-
ically convolutional neural networks (CNNs), as they
have been proved to be particularly effective in recog-
nizing patterns for classification and image-based diag-
nosis.9 Nevertheless, challenges in interpretability exist,
as CNNs are often seen as “black boxes”, hindering
understanding of the model’s decision-making process.
Hence, methods such as Gradient-weighted Class Acti-
vation Mapping (Grad-CAM) have been proposed. Grad-
CAM is a technique applicable to various CNNs that
provides visual representation by highlighting regions of
interest in input images during classification, which can
be then interpreted by humans to obtain insights into
the model’s outputs.10,11

This study aims to develop and evaluate supervised
DL models for automatic classification of OPMD and
OSCC patients using clinical photographs. Additionally,
we explore associations between performance and
image-capturing devices, computational cost and pre-
diction thresholds for reliability. Furthermore, we use
Grad-CAM to assess explainability and enhance the
interpretability of CNNs’ predictions.

In view of this, the hypothesis we intend to test is
whether AI models can effectively recognize high-level
features and discern fine-grained visual patterns of
OPMD and OSCC in clinical images.
Methods
This is a retrospective, cross-sectional study executed
with the goal of creating a DL diagnostic assistance
model for OPMD and OSCC binary classification.

Ethics committee approval
This study was performed in accordance with the
Declaration of Helsinki and approved by the Piracicaba
Dental Ethical Committee (registration number:
www.thelancet.com Vol 47 July, 2025
42235421.9.0000.5418), which also comprised Material
Transfer Agreements between co-participant institutions
to share clinical and demographic data, digital slides and
clinical photographs. Informed consent was obtained
from all participants. CLAIM (Checklist for Artificial In-
telligence in Medical Imaging (CLAIM) recommenda-
tions were followed to report these results.12

Dataset
The dataset comprised 851 clinical photographs (taken
using either a professional camera or cellphone) from
807 patients diagnosed with OPMD or OSCC between
2005 and 2022 at three Brazilian Institutions’ oral
medicine services: 758 patients from the Piracicaba
Dental School (FOP) (Piracicaba, São Paulo, Brazil), 11
patients from the Federal University of Minas Gerais
(UFMG) (Belo Horizonte, Minas Gerais, Brazil), and 38
patients from the Federal University of Pará (UFPA)
(Belém, Pará, Brazil). In these oral medicine services,
clinical practices to ensure adequate representative
sampling of biopsy are strictly followed. Criteria for in-
clusion comprised of patients with intraoral lesions
diagnosed as OPMD or OSCC (according to World
Health Organization [WHO], 5ed).13 Histopathological
diagnosis was confirmed by evaluation of correspondent
glass slides by the researchers, who are certified oral
pathologists (C.S.S, A.L.D.A, A.R.S.S, H.A.R.P, F.P.F
and P.A.V). Disagreements regarding diagnosis were
resolved by consensus, and if consensus could not be
reached, the case would be excluded. As it is the current
gold standard for diagnosis, histopathological diagnosis
according to the WHO classification for oral epithelial
dysplasia and OSCC13 was used to obtain the reference
standard for the desired task. Patients who underwent
multiple biopsies at the same anatomic location were
each included as independent labels if clinical changes
were observed, and new biopsies were conducted at
intervals of at least three months. Clinical photographs
were excluded if considered non-representative and
poor quality (including significant blur, distortions
caused by flash, motion artifacts, or cases where the
lesion was not clearly visible) (n = 73). To deidentify data
and protect health information of the patients, an al-
phanumeric code, non-related to personal information,
was used to name the used images.

Because of the nature of both diseases, study size
was determined by the number of available cases. In
total, 404 images (52%) were labeled as OPMDs (no
dysplasia, mild, moderate and severe oral epithelial
dysplasia) and 374 (48%) were labeled as OSCC
(microinvasive, frankly invasive/conventional, and
verrucous).13

Training, validation (model optimization) and
testing for image classification
The dataset was divided into training, validation (also
known as tuning or model optimization) and internal
3
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Subset Class Images (n) Total

FOP UFMG UFPA

Training/Validation (90%) OPMD 341 8 17 366

OSCC 325 0 8 333

Test (10%) OPMD 34 1 3 38

OSCC 41 0 0 41

OPMD, Oral potentially malignant disorders; OSCC, Oral squamous cell
carcinoma; FOP, Piracicaba Dental School; UFMG, Federal University of Minas
Gerais; UFPA, Federal University of Pará.

Table 1: Subset image distribution for training/validation and testing.
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testing subsets with 8:1:1 proportion (Table 1). To avoid
data leakage and to maintain independence between
training and testing data, a non-random, patient-level
split was followed, so patients with more than one
photograph of the same lesion were maintained in the
training subset, and as such, multiple photos from a
single patient would only be present in 1 of the 3 sets.

Data preparation and assessment
No image segmentation was conducted, manual or
automatic. All the original images were resized to
224 × 224 pixels, to standardize the CNNs input. The
images were kept at the RGB color space. Random data
augmentation techniques were applied during training,
consisting of random translations, rotations, mirroring,
and shearing. During training, class weights were used
to compensate for the slightly unbalanced class distri-
bution. The training was carried out using hyper-
parameters detailed in Supplementary Material 1. We
utilized the ModelCheckpoint and EarlyStopping call-
backs, training for a maximum of 250 epochs. The
Adam Optimizer with an initial learning rate of 0.001
was used, optimizing for the cross-entropy loss.

Eight architectures were explored: ConvNeXt,14 Effi-
cientNet,15 Inception,16 MobileNet,17 ResNet18

ResNetrs,19 VGG20 and Xception.21 The models and al-
gorithms were implemented using Python 3.10 and
several open-source libraries specific to machine
learning and image processing (TensorFlow + Keras,
Scikit-Learn, and OpenCV). Training, tuning and inter-
nal testing using the dataset of interest were performed
with each model for the classification task. A binary
classification model was adopted, aiming for the models
to discern between two classes: OMPD (class 0) and
OSCC (class 1). Only the best performing models were
reported.

Transfer learning strategies were applied to each
CNN to overcome the limitation of using a small data-
set. We transferred all convolutional layers from the pre-
trained models and added new subsequent classifier
layers for our task. Initially, only the new, non-
transferred layers were fitted while the transferred
layers were kept frozen. After which, the entire CNN
was fine-tuned at one tenth the learning rate. We
performed this strategy using CNNs trained on the
ImageNet Large Scale Visual Recognition Challenge
(ILSVRC)22 dataset, and the classification dataset for The
International Skin Imaging Collaboration 2019 chal-
lenge (ISIC 2019).23–25 Moreover, we also attempted a
two-step transfer learning process, where a CNN pre-
trained on the ILSVRC dataset was also further pre-
trained for the ISIC 2019 dataset, and later fine-tuned
to our dataset. Nonetheless, assessment of CNN’s per-
formance without any transfer learning strategy was also
done for performance comparative appraisal.

To evaluate performance, we used the mean accu-
racy, precision, recall, specificity, F1-score metrics and
area under the receiver operating characteristics
(AUROC) values, together with confusion matrices. Bar
graphics were generated to assess the models’ confi-
dence in prediction generation for each sensor (profes-
sional and cellphone cameras). The computational cost
of each CNN was assessed measuring the number of
parameters, inference cost and inference time on a
standardized hardware setup (CPU only inference,
AMD Ryzen 7 3800×–16 cores @ 3.900 GHz, 31997MiB
RAM @ 3200 MHz) and a single-board computer (CPU
only inference, Raspberry Pi 4 Model B Rev 1.4–4 cores
@ 1.800 GHz, 7631MiB RAM @ 3200 MHz).

Threshold assessment for valid predictions
Graphs were generated to evaluate the relationship be-
tween model accuracy and pre-defined 0.1 prediction
thresholds ranging from 0.1 to 0.9. Results were re-
ported as frequency and percentages.

Type of sensor
A quantitative analysis of the internal testing subset was
conducted to explore associations between classification
results and the image-capturing device type. Results
were reported as frequency and percentages, with
Fisher’s exact test or Chi-square test applied where
appropriate. Evaluation of variables with missing data
was performed following a listwise deletion approach. A
p-value of ≤0.05 was considered significant. All analyses
were performed using SPSS version 25 (SPSS Inc.,
Chicago, USA).

Grad-CAM analysis
To assess interpretability, visual representations were
generated for the best-performing CNN models using
Grad-CAM, a class-discriminative localization technique
which analyzes the gradients of the classification score
flowing into the last convolutional layer of the CNN
models.10 This Explainable Artificial Intelligence (XAI)
technique allows visualization of the regions that most
influenced the predictions (focus points) generated
during classification process for all input images in the
testing subset, displaying them in a heatmap form.

Two researchers (C.S.S and A.L.D.A) reviewed the
Grad-CAM output to compare the models’ classification
www.thelancet.com Vol 47 July, 2025
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Model CNN + Pre-trained
weights

Set Mean
accuracy

Precision Recall Specificity F1-score AUROC

1 ConvNeXt + ILSVRC Train 0.998 1.0 0.996 1.0 0.998 1.0

Val 0.885 0.906 0.852 0.918 0.878 0.937

Test 0.799 0.837 0.756 0.842 0.794 0.863

2 ConvNeXt + ILSVRC
and ISIC 2019

Train 1.0 1.0 1.0 1.0 1.0 1.0

Val 0.860 0.833 0.882 0.837 0.857 0.914

Test 0.750 0.818 0.658 0.842 0.729 0.847

3 ConvNeXt + ISIC 2019 Train 0.870 0.842 0.892 0.848 0.866 0.937

Val 0.788 0.771 0.794 0.783 0.782 0.821

Test 0.758 0.761 0.780 0.736 0.771 0.787

4 ConvNeXt + None Train 0.632 0.607 0.642 0.623 0.624 0.661

Val 0.647 0.628 0.647 0.648 0.637 0.587

Test 0.546 0.571 0.487 0.605 0.526 0.529

5 MobileNet + ILSVRC Train 1.0 1.0 1.0 1.0 1.0 1.0

Val 0.829 0.843 0.794 0.864 0.818 0.864

Articles
reliability, splitting them into “trustworthy” if their
Grad-CAM highlighted the targeted lesion accordingly,
or “untrustworthy” if not. They also categorized them
regarding their focus point location, distinguishing be-
tween “on-target” (heatmap highlighted approximately
≥80% of the lesion), “off-center” (approximately be-
tween 20% and 80%) or “off-target” (approximately
≤20% or less). Lastly, the models’ reasonability was
judged with an adapted scale from Selvaraju et al.,
ranging from clearly more/less reasonable ( ± 2), slightly
more/less reasonable ( ± 1), and equally reasonable (0).10

Disagreements were solved first by discussion and then
by consulting a third author (A.R.S.S).

Funding sources did not have a role regarding study
design, collection, analysis, interpretation, writing or
decision to submit this paper for publication.
Test 0.777 0.896 0.634 0.921 0.742 0.853

6 MobileNet + ILSVRC
and ISIC 2019

Train 0.858 0.815 0.903 0.814 0.857 0.948

Val 0.831 0.805 0.852 0.810 0.828 0.871

Test 0.759 0.775 0.756 0.763 0.765 0.777

7 MobileNet + ISIC 2019 Train 0.885 0.928 0.829 0.942 0.876 0.959

Val 0.815 0.818 0.794 0.837 0.805 0.881

Test 0.790 0.928 0.634 0.947 0.753 0.825

8 MobileNet + None Train 0.738 0.789 0.628 0.848 0.700 0.838

Val 0.755 0.814 0.647 0.864 0.721 0.810

Test 0.714 0.821 0.560 0.868 0.666 0.779

CNN, Convolutional neural network; AUROC, area under the receiver operating characteristics; Val, validation;
ILSVRC, ImageNet Large Scale Visual Recognition Challenge dataset; ISIC, The International Skin Imaging
Collaboration dataset; In bold, best performance according to AUROC.

Table 2: Performance metrics.
Results
A total of 778 clinical images from 681 patients were
included in this study (Table 1). Of these, 378 (55.5%)
were men and 303 (44.5%) were women, with a mean
and median age of 61.19 and 61 years, respectively
(Standard Deviation — 12.95) (range 18–94).

Models’ performances
From the eight architectures explored, two CNN had the
best results: ConvNeXt and MobileNet. Table 2 displays
performance metrics for training/validation and inter-
nal test subsets.

During training, the worst results of both networks
were generated when pre-training through transfer
learning strategies were not executed (models 4 and 8).
When transfer learning was conducted, overall perfor-
mance improved greatly (from 0.661 to 1 AUROC for
ConvNeXt, and from 0.838 to 1 for MobileNet), but the
most favorable pre-training database differed between
models: ConvNeXt obtained its best results when both
ILSVRC and ISIC 2019 pre-training was performed
(model 2), and MobileNet’s highest performance resul-
ted from the implementation of ILSVRC weights (model
5), reaching 100% mean accuracy, precision, recall,
specificity, F1-score and AUROC (Table 2).

All models presented decreasing metrics in the in-
dependent internal testing subset, as expected. Despite
this, the overall test results were solid. ConvNeXt com-
bined with the use of ILSVRC transfer learning strategy
performed as the best CNN (model 1), attaining supe-
rior performance with a mean accuracy of 0.799 and an
AUROC of 0.863. MobileNet + ISIC 2019 (model 7) also
had comparable performance, obtaining 0.790 of mean
accuracy and 0.825 AUROC. Both CNNs also showed
their lowest performance metrics during testing when
no transfer learning strategies were performed (model 4
and 8) (Table 2).

Confusion matrices of the performance of the best
four models (two of each CNN—models 1, 2, 5 and 7)
www.thelancet.com Vol 47 July, 2025
during internal testing are shown in Fig. 1, revealing an
overall efficient rate of correctly identifying both true
positives (OSCC) and true negatives (OPMD), while
highlighting a false negative (OSCC misclassified as
OPMD) of 0.244 as the main limitation of the seemingly
best performing model (model 1). ConvNeXt (models 1
and 2) showed a better accomplishment of OSCC clas-
sification while MobileNet achieved a slightly superior
accomplishment of OPMD classification. Still, confu-
sion matrices show that all models were more accurate
in classifying OPMD, indicating that the malignant class
is more prone to misclassification. However, upon
evaluating the low number of false positives (OPMD
misclassified as OSCC), we can infer the high quality of
OSCC predictions combined with high precision values
(Table 1).

Supplementary Material 2 serves as a general illus-
tration of the models’ performance and explores confi-
dence range during the classification task for each sensor.
For correct predictions, model 2 seemed to be the most
confident for both cellphone and professional cameras,
with 100% and 93% classified with a 0.9 confidence rate,
respectively. For incorrect predictions, model 5 showed to
be the model with the greatest number of cases within a
5
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Fig. 1: Internal testing confusion matrices: ConvNeXt and MobileNet. MD: Oral potentially malignant disorders; OSCC, Oral squamous cell
carcinoma.
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wider range of confidence for cellphone images (0.5–0.9),
while model 7 was highlighted having a wide confidence
range not only for incorrect professional camera pre-
dictions, but also for all correct classification results,
suggesting that, for many cases, the model was uncertain
about its predictions.
The architecture’s computational cost was also
measured (Table 3). While MobileNet exhibited higher
instantaneous power consumption on the desktop
computer (76 W) and comparable power consumption
on the single-board computer (4.8 W) to ConvNeXt, its
significantly lower mean inference time (0.0072 s on the
www.thelancet.com Vol 47 July, 2025
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Arquitecture Number of parameters Desktop computer Single-board computer

CNN Instant
power (w)

Mean inference
time (s)

Energy per
inference

Instant
power (w)

Mean inference
time (s)

Energy per
inference

ConvNeXt 49,456,226 66 W 0.5104 s 9.3573 mW h 4.8 W 3.6356 s 4.8474 mW h

MobileNet 2,998,274 76 W 0.0072 s 0.1520 mW h 4.8 W 0.1121 s 0.1494 mW h

CNN: Convolutional neural network.

Table 3: Computational cost.

Type of sensor Cellphone camera Professional câmera p-value

Internal testing subset (n = 79) 20 (100%) 59 (100%)

Models

ConvNeXt + ILSVRC (model 1) 0.333a

Correct prediction 18 (90) 45 (76.27)

Incorrect prediction 2 (10) 14 (23.73)

ConvNeXt + ILSVRC + ISIC 2019 (model 2) 0.527b

Correct prediction 16 (80) 43 (72.88)

Incorrect prediction 4 (20) 16 (27.12)

MobileNet + ILSVRC (model 5) 1.000a

Correct prediction 16 (80) 45 (76.27)

Incorrect prediction 4 (20) 14 (23.73)

MobileNet + ISIC 2019 (model 7) 0.537a

Correct prediction 17 (85) 45 (76.27)

Incorrect prediction 3 (15) 14 (23.73)

ILSVRC, ImageNet Large Scale Visual Recognition Challenge dataset; ISIC, The International Skin Imaging
Collaboration dataset. aFisher’s exact test double-sided p-value. bPearson’s chi-square test p-value.

Table 4: Correlation between classification and type of sensor.

Articles
desktop and 0.1121 s on the single-board) confirms its
overall superior efficiency. However, both are inferred
in under a second, which is generally acceptable to most
applications (Table 3).

Overall, according to performance metrics, the
greatest model was ConvNeXt + ILSVRC (model 1),
which reached almost perfect training metrics and the
best performance in the test subset. MobileNet + ISIC
2019 (model 7) had a slightly lower but comparable
performance during testing, while generating lower
computational cost.

Threshold assessment for valid predictions
Results from Supplementary Material 3 showed that
three of the four best-performing models achieved
maximum accuracy based on over 81% of valid pre-
dictions when considering a threshold of 0.9 (model 1, 2
and 5), confirming prediction reliability. The model with
the highest number of valid predictions at this threshold
was Model 2, with 72 (91.1%) valid predictions, followed
by Model 1, with 70 (88.6%). Conversely, the model that
generated the fewest valid predictions at the highest
threshold (0.9) was Model 7, with only 39.2% valid
predictions. Overall, ConvNeXt demonstrated superior
performance at higher thresholds, whereas MobileNet
achieved the highest number of valid predictions when
using a threshold of 0.6.

Type of sensor
Within the internal testing subset, a total of 20 (25.31%)
images were taken with a cellphone camera and 59
(74.78%) with a professional camera. Distribution be-
tween correct and incorrect predictions according to the
type of device used is shown in Table 4. Altogether, the
models had a range of correct predictions between 80
and 90% when images were taken with cellphone
camera, compared to 72.88–76.27% when a professional
camera was used. Regarding incorrect predictions,
ranges varied from 10 to 20% for cellphone cameras and
from 23.73 to 27.12% for professional cameras. The
inclusion of cellphone cameras did not seem to nega-
tively influence the prediction rate, as the correct pre-
diction rate was higher for this group, and confidence
range was more consistent than for professional cam-
eras when classifying correctly (Supplementary Material
2). Statistical analysis by Fisher’s exact test and
www.thelancet.com Vol 47 July, 2025
Pearson’s chi-square test revealed no significant asso-
ciation between the type of sensor and the generated
predictions (Table 4).

Grad-CAM analysis
To infer the decision-making process of CNN models,
the top-4 performing models were assessed using Grad-
CAM: ConvNeXt models 1 and 2, and MobileNet
models 5 and 7. These images served as graphical rep-
resentation depicted by color to make the models’ de-
cision understandable, indicating the focus points
during classification, with blue denoting highest in-
tensity (Fig. 2). When the identification was effective,
Grad-CAM representations consistently highlighted
relevant areas (Fig. 2a). Yet, deviations were also iden-
tified emphasizing broader or more imprecise areas that
do not fit the targeted lesion, such as teeth, gloves, oral
retractors or other oral and extraoral areas (Fig. 2b).
These discrepancies between the performance metrics
reached during the classification task and the heatmap
representations indicate some unexpected findings in
which the models’ predictions were not supported by
the Grad-CAM illustrations.

Interesting findings were revealed during Grad-CAM
reliability evaluation. Despite not having the highest
7
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Fig. 2: Gradient-weighted Class Activation Mapping (Grad-CAM) visual representation: a) On-target focus points represented by blue high-
lighting of the lesion of interest; b) Off-target focus points, represented by blue highlighted areas outside the lesion of interest, targeting other
irrelevant parts of the mouth or other distractors, such as teeth or buccal retractors; c) Comparison between ConvNext models 1 (ILSVRC pre-
training) and 2 (ILSVRC + ISIC 2019 pre-training), showing correct explainable classification of OSCC (input 1), in which the model 1 achieved a
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performance metrics, Model 5 (MobileNet + ILSVRC)
showed the highest reliability: 46 cases were considered
“trustworthy” in its ability to accurately identify the
targeted lesion, opposed to model 1 with 41, model 2
with 36, and model 7 with 33 trustworthy Grad-CAM
representations (Table 5). Also, 20 images displayed an
“on-target” focus point’s location within the heatmap,
compared with 17 from model 1, 12 from model 2 and
18 from model 7. The Grad-CAM representations were,
in cases, vastly different between models when
compared side-by-side, highlighting that the CNN
“learns” distinctly despite similar performance. Addi-
tionally, the most trustworthy models were based on
different architectures but were both pre-trained with
ILSVRC, and the application of a two-step transfer
learning strategy did not seem to increase the model’s
capacity to recognize the affected area. As previously
mentioned, we confirmed that the visual representation
was, sometimes, dissonant with the obtained classifica-
tion, as we identified that, in models 1 and 2, 29 and 28
cases were classified correctly by the model, respectively,
but exhibited an untrustworthy Grad-CAM visual rep-
resentation. In the case of models 5 and 7, this situation
was found in 21 and 36 cases, respectively. Likewise, we
also identified a lower number of misclassified cases
(range 5–7 cases per model) in which Grad-CAM visu-
alization was accurate regarding lesion localization.

Regarding ConvNeXt, model 1’s predictions were
categorized as clearly or slightly more reasonable than
model 2 in a total of 32 cases against 25. Model 2 often
exhibited less precision in generating heatmaps for
lesion identification (Fig. 2c). When contrasting focus
point location, model 1 images revealed 17 “on-target”
and 26 “off-centered” heatmaps (Table 5), a difference
that further highlighted the disparity between the two
but was consistent with the modest variance in perfor-
mance metrics.

A different pattern was observed between Mobile-
Net’s models 5 and 7: we noted that the model with the
best metrics, in this case, was not the most reliable
(Fig. 2d). While performance metrics of model 7 were
better, suggesting usefulness of ISIC 2019 pre-training,
Grad-CAM assessment revealed that the model’s focus
points were trustworthy in only 33 images, opposed to
46 trustworthy Grad-CAM representations of model 5,
which involved the use of ILSVRC weights. According to
reasonability assessment, outstanding differences were
also noted: 33 Grad-CAM images of the model 5
(ILSVRC pre-trained model) were considered clearly and
slightly more reasonable compared to 18 cases from
model 7 (ISIC 2029 pre-training). ISIC 2019 pre-
slightly more reasonable prediction; d) Comparison between MobileNet m
a clearly more reasonable on-centered heatmap for OPMD classification
heatmap of the lesion of interest. Input 0: OPMD, input 1: OSCC. CNN
disorders; OSCC, Oral squamous cell carcinoma; ILSVRC, ImageNet Large Sc
Imaging Collaboration dataset.
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training seemed to be useful to increase performance
metrics in classification, but this was not equivalent to
good explainability and reliability (Table 5).

Altogether, we confirmed through Grad-CAM anal-
ysis that the greatest model regarding explainability was
MobileNet (model 5), which benefited from a single-step
transfer learning strategy with ILSVRC and demon-
strated the highest reliability despite lower (but still
competitive) performance metrics compared to other
models.
Discussion
In the last years, deep convolutional networks have
outperformed the state-of-the-art in many visual
recognition tasks.9 AI-based diagnosis research in the
context of oral cavity is scarce, especially those using a
DL approach through clinical photograph evaluation.8,26

Through our approach, we explore CNN use for
recognition of high-level features in clinical photo-
graphs and report four high-performing models for
OPMD and OSCC classification comparing perfor-
mance and computational cost, whilst also displaying
and assessing Grad-CAM visualizations, which has
superior relevance in this AI era to build not only ac-
curate but “transparent” models to aid decision
tasks.10,11 We anticipate that these models could be
impactful in future clinical practice for healthcare
professionals’ diagnostic assistance, particularly in re-
gions around the world where access to infrastructure,
resources and specialized oral medicine services are
limited.

In our study, we aimed to achieve OPMD and OSCC
classification. Two ConvNeXt-based models showed
high and comparable efficacy, albeit employing different
fine-tuning strategies during their development. Our
results demonstrated the expected significance of pre-
training strategies in enhancing learning capacity, as
previously reported.27 In this sense, it is important to
note that different transfer learning strategies yielded
contrasting results across models, which is an inter-
esting area for further study.

We identified a decrease in performance metrics
from the training to testing stages, which was antici-
pated. The model is expected to reach higher values
during training since DL models optimizes itself by
“learning from the error”, meaning that the CNN up-
dates their weights and bias to optimize the activation
function. Since the validation subset is “held out” to
avoid data leakage, it is also expected to see lower values
in this subset when compared to training, which means
odels 5 (ILSVRC pre-training) and 7 (ISIC 2019 pre-training), showing
, while model 7 attained a correct classification but an off-target
, Convolutional neural network; OPMD, Oral potentially malignant
ale Visual Recognition Challenge dataset; ISIC, The International Skin

9
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Model 1 ConvNeXt
(pre-trained with
ILSVRC)

Model 2 ConvNeXt
(pre-trained with
ILSVRC + ISIC2019)

Model 5 MobileNet
(pre-trained with
ILSVRC)

Model 7 MobileNet
(pre-trained with ISIC
2019)

Internal testing subset (n = 79) Number of cases (n)

Correctly classified cases 63 59 61 62

Trustworthiness of classification according to grad-CAM representation

Trustworthy 41 36 46 33

Untrustworthy 38 43 33 46

Focus point’s location

On-target 17 12 20 18

Off-center 26 27 26 17

Off-target 36 40 33 44

Reasonability Comparison between model 1 and 2 Comparison between model 5 and 7

Prediction seems clearly more reasonable 24 17 19 7

Prediction seems slightly more reasonable 8 8 14 11

Both models’ predictions seem equally
reasonable

22 28

Grad-CAM, Gradient-weighted Class Activation Mapping; ILSVRC, ImageNet Large Scale Visual Recognition Challenge dataset; ISIC, The International Skin Imaging
Collaboration dataset.

Table 5: Gradient-weighted Class Activation Mapping (Grad-CAM) explainability assessment.
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that the CNN can perform well on unseen data. Addi-
tionally, the test subset ultimately proves the models’
generalization ability.

Our performance results initially indicated that the
most promising architecture is ConvNeXt, which is also
the newest CNN-based model. Using a classic convolu-
tional network as a base, ConvNeXt incorporates char-
acteristics of both transformers and CNN architecture.14

However, the relevance of MobileNet must be noted, as
it generated comparable results with our best perform-
ing network using a much lower computational cost
while also attaining greater explainability and reliability.
MobileNet CNNs are based on a streamlined architec-
ture that uses depthwise separable convolutions to build
light weight deep neural networks.17 MobileNet was
approximately 70 times faster than ConvNeXt on a
desktop computer and about 32 times faster on a single-
board computer. This difference is due to MobileNet’s
shallower architecture, which better utilizes the multiple
cores of the desktop CPU by enabling greater paral-
lelism. In contrast, ConvNeXt’s deeper structure limits
parallel processing, reducing its efficiency. On the
single-board computer—simulating low-resource
equipment such as embedded or mobile devices, the
limited processing capacity restricted the potential for
MobileNet’s parallelism. As a result, both models fully
utilized available resources, leading to similar instanta-
neous power consumption but reduced relative speed
advantage for MobileNet. CPU utilization analysis
confirmed this: on the desktop, ConvNeXt used 20–60%
of all cores, while MobileNet maintained ∼70%; on the
single-board computer, both models exceeded 90% uti-
lization. Depending on the purpose for which the
network is developed (i.e., a screening mobile app), it
may be determined that the use of a network with a
lower computational cost is more useful, while for a
computer program there is no problem using one at a
higher cost. Based on this, along with the reported
explainability outcomes, we consider that MobileNet, in
conjunction with ILSVRC pre-training can be a model to
be explored to develop assistance tools for clinical
diagnosis.

Previous studies have trained CNNmodels for OSCC
classification tasks.28–43 A comparative table of related
literature is presented in Supplementary Material 4.
Higher accuracy for OSCC classification has been pre-
viously reported: Warin et al. achieved an AUROC of
0.98–1.00 using DenseNet121 to classify 980 images
into “non-pathological”, OSCC and OPMD.43 Similarly,
Tanriver et al. classified 684 images into benign,
OPMD, and carcinoma categories, reporting an F1-score
of 0.858,39 although, in both studies, no explainability
approach was considered. Some previous experiments
have been conducted exclusively on tongue lesions,30,34,38

while others have been based on collected images from
online sources,28,29,33,35,36,38,40 classification of “non-cancer”
vs. “cancer” or “suspicious” vs. “not suspicious”, and
often grouping both OPMD and OSCC in the same
category.30,31,35,40 Various studies included normal mu-
cosa as one of the classes.32,41,42 Although some of pre-
vious work has incorporated XAI techniques for visual
representation,31,32,34,37,42,43 no formal explainability anal-
ysis has been reported. In this work, we aimed for early
detection of potentially malignant and malignant le-
sions, so our sample included OPMD and OSCC. This
approach closely resembles the substantial challenge of
overlapping clinical features faced by oral clinicians
during visual examination, as most dentists can
www.thelancet.com Vol 47 July, 2025
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discriminate oral mucosa from pathological alterations,
whereas discerning between potentially malignant and
malignant lesions can be troublesome. Yet, we recog-
nize that this decision restricted our sample size and
understand that including in-situ (severe oral epithelial
dysplasia) and microinvasive OSCC cases can carry a
risk, as these borderline entities and overall dysplasia
classification involves greater complexity because of
subjective histopathological evaluation. Also, factors
such as larger sample size,17 sociodemographic data
analysis, and implementation of other processing tools,
can positively influence the results for multimodal DL
approach in the future. Nevertheless, regardless of
sampling and methodological limitations, we developed
a pure classification model that generated competitive
outcomes and provided a deep dive in various models’
performance and interpretability.

For this study, most images were captured in clinical
settings where standardized protocols for intraoral im-
age acquisition are well established. However, a portion
of the sample was obtained using cellphone cameras
under non-standardized conditions. Utilizing images
from different sensors in CNNs has been shown to
enhance the generalization of the network’s applica-
bility, as the predictions become less dependent on
image quality.44 Implementing a pre-processing stage
and employing resizing methods can ensure a certain
degree of standardization, facilitating proper task
execution.44 Nevertheless, it is relevant to note that im-
age capture involves many variables beyond quality at-
tributes like size and resolution, including
compositional features such as angle, framing and dis-
tance. Pictures taken with cellphone cameras or under
non-standardized settings could introduce potential
intrinsic bias associated with these variables. Since we
opted to include photos taken with different devices, we
analyzed the association between image-capture devices
and classification results to see if it would have a
discernible impact on the classification task. In our
study, the use of lower-resolution cellphone images does
not seem to adversely affect the models’ performance.
Whilst our results demonstrated no statistically signifi-
cant influence, the models seemed to perform compe-
tently for this group, which can highlight the value of
normalization and represent an advantage for future
general use. Under subjective appraisal, we could not
recognize any pattern within this group of pictures that
could justify the higher confidence and prediction rate.
Still, given to the limited number of cellphone images in
our sample, the hypothesis that the aforementioned at-
tributes could impact the results in a larger dataset
should be considered and explored in prospective
research.

In CNNs, particularly those used for image classifi-
cation, understanding which parts of the input image
are influential for the network’s decision can be chal-
lenging. Grad-CAM exploits the spatial information
www.thelancet.com Vol 47 July, 2025
preserved through convolutional layers and uses the
feature maps produced by the last layer to understand
which parts of an input image were important for a
classification decision.10,45 We conducted a comprehen-
sive assessment of the models’ performance and reli-
ability, which has not been previously reported in
medical literature using XAI methods. This was useful
to critically understand that metrics did not fully
represent overall capacity, revealing discrepancies in
lesion recognition and classification. Some intriguing
correlations can be made through this approach: for
example, we identified that the number of false nega-
tives in our best models’ confusion matrices varied from
0.244 to 0.366 (Fig. 1), demonstrating low risk of
missing an OSCC diagnosis, which would represent the
worst-case scenario. In contrast, false positives, which
would imply the risk of overtreatment, were notably
lower (0.053–0.158). This situation was observed with
some exuberant OPMD malignant-passing lesions that
ended up being misclassified as OSCC by the CNN,
resembling human interpretation. Grad-CAM cannot
provide interpretability, as it is a visual representation
and does not reveal the reasoning process influencing
the results given by the model. Thus, clinicians’
assessment is imperative to determine whether the
explainability given by the model is suitable or not to the
assigned task, and therefore, contribute to relevant in-
sights to enhance AI performance.45 We also acknowl-
edge the potential for future research focused on XAI
methods to deepen comprehension about
interpretability.

In the context of oral diseases, the prevalence of
OSCC and OPMD is low. In 2022, GLOBOCAN 5-year
prevalence of lip and oral cavity cancer was estimated
to be 0.0139% (13.9 per 100,000 habitants) (https://gco.
iarc.fr/), while a recent meta-analysis reported a world-
wide prevalence of 4.47% for OPMD.2 Conversely, there
are a wide range of oral lesions that may share similar
clinical features such as color, surface and location, and
are highly prevalent. Different from regular clinical
practice, our models were trained in a restricted,
controlled setting using a carefully selected sample of
OPMD and OSCC cases. Therefore, to endorse wide-
spread use of this technology, we acknowledge that the
efficacy of these AI models in aiding diagnosis when
presented with a broader repertoire of lesions has yet to
be proven, which will be investigated in future studies.

Some limitations have been mentioned and must be
noted while interpreting our results, such as lack of
demographic data analysis including race/ethnicity,
limited sample size and the intrinsic nature of subjec-
tive histopathological evaluation for the diagnosis of
these lesions, especially when assessing borderline le-
sions such as in-situ and microinvasive OSCC. More-
over, due to factors such as intraoperative variables,
visual subjectivity and expertise, incisional biopsies
carry a risk of providing limited data. We aimed to
11

https://gco.iarc.fr/
https://gco.iarc.fr/
http://www.thelancet.com


Articles

12
minimize these influencing factors by collecting a
multicentric sample from reference oral medicine ser-
vices, ensuring standardized biopsy protocols. Addi-
tionally, microscopic assessments were conducted by
experienced oral pathologists to achieve histopatholog-
ical consensus. To further strengthen diagnostic val-
idity, we carefully selected cases and excluded any
ambiguous ones. In addition, some influencing factors
can affect Grad-CAM representations, such as network
size or depth,27 and we also only assessed the best-
performing models, so reinterpretation of some
explainability results could be possible when analyzing
the remaining models, or by getting deeper into the
model’s layers. Finally, to help mitigate the lack of
external validation, our dataset includes a wide range of
imaging conditions, including images from different
institutions and devices, which provides an interesting
degree of variability and robustness to our results.
Nevertheless, we recognize that this does not fully
replace independent testing, and we plan to overcome
this limitation in future studies.

This comprehensive evaluation offers a more un-
derstanding of the DL methods’ capabilities and limi-
tations for oral cancer diagnosis. Further studies using
segmentation to delimit the lesion by experienced pa-
thologists and stomatologists may be useful to provide
more information to the model using other approaches
to classification.

Conclusions
DL models proved to accurately distinguish OSCC from
OPMD in clinical photographs. The ConvNeXt archi-
tecture combined with ILSVRC pre-training strategy,
achieved metrics of 0.799 mean accuracy, 0.837 preci-
sion, 0.756 recall, 0.842 specificity, 0.794 F1-score and
0.863 AUROC, and obtained good explainability. Mobi-
leNet was demonstrated to be a low computational cost
alternative with comparable performance results and
superior explainability. Grad-CAM technique was
proved to be an outstanding tool for performance
interpretation, changing the optics on what model per-
formed best, bringing the MobileNet architecture com-
bined with ILSVRC pre-training strategy to the spotlight
of the best model according to the heatmaps trustwor-
thiness, focus and reasonability. The use of images
captured with different devices did not statistically in-
fluence the classification task. This study provides a
highly detailed exploration of the capabilities and limi-
tations of DL models in the context of OPMD and OSCC
clinical diagnosis.
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