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ABSTRACT AND KEY WORDS

Background and objective: Early diagnosis is paramount in the effective management of oral cancer, offering
numerous benefits including improved treatment outcomes, reduced morbidity and mortality, preservation of
function and appearance, cost-effectiveness, and enhanced quality of life for patients. Transformer-based models,
increasingly used in medical image analysis, are the focus of our study. We aim to compare a vision transformer
(ViT) classification method with a fully automated radiomics approach. This involves using object detection and
segmentation algorithms to effectively classify oral lesions in both cancer and control cases. A combined
approach is also presented.

Methods: The analysis included 322 patients with oral lesions, comprising 120 cancer cases and 202 controls,
with standard JPG images. Pretrained transformer-based algorithms like DEtection TRansformer (DETR),
Segment Anything (SAM), and Vision Transformers (ViT) were used to explore different pipelines for lesion
classification. For the ViT approach, images were inputted in three configurations: the entire image, a bounding
box around the lesion, and a lesion delineation. The radiomics approach involved pipelines with bounding boxes
and lesion segmentations. Additionally, a ViT-Radiomics combined approach was proposed, using ViT attention
maps as radiomics masks. To validate the models, a five-fold cross validation was used.

Results: The combined ViT-radiomics model demonstrated superior performance for small training sets, achieving
specificity = 0.97 + 0.04, sensitivity = 0.96 + 0.05, and accuracy = 0.97 + 0.02 for the 100 % of the training
set. When analyzed independently, the ViT approach using the entire image achieved the best results with
specificity = 0.99 £ 0.02, sensitivity = 0.96 + 0.05, and accuracy = 0.96 + 0.02. Following closely was the
pipeline using automatically obtained segmentations, while the one with bounding boxes had the least favour-
able outcomes. In the radiomics approach, the most effective classifier used the attention masks from the ViT
classifier (derived from the entire image), achieving specificity = 0.97 + 0.05, sensitivity = 0.95 + 0.08, and
accuracy = 0.94 + 0.03. Manual segmentations yielded the best results for both approaches, indicating potential
for performance enhancement through improved lesion segmentation.

Conclusions: The ViT classification surpassed the radiomics-based approach yet combining ViT with radiomics
yielded similar results. However, the attention maps generated by ViT tend to associate oral lesions in cancer
patients with regions distant from the lesions in control patients. For tasks requiring the examination and
comparison of features within cancer and control oral lesions, utilizing the radiomics approach with an auto-
matic lesion segmentation algorithm is recommended.

1. Introduction

vary geographically, with higher rates observed in regions with preva-
lent risk factors such as tobacco use, alcohol consumption, and betel

Oral cancer is a significant health concern worldwide, with its inci- quid chewing [2]. In the United States, oral cancer accounts for
dence varying across different populations. According to the World approximately 3 % of all cancer cases, with an estimated 54,010 new
Health Organization (WHO), there were approximately 354,864 new cases and 10,850 deaths expected in 2021 [3]. The incidence of oral
cases of oral cancer reported globally in 2020 [1]. The incidence rates cancer has been increasing in certain demographic groups, including
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young adults and non-smokers [4].

Early diagnosis of oral cancer is crucial for improving patient out-
comes and reducing mortality rates. The prognosis of oral cancer de-
pends on various factors, including the stage of the disease at diagnosis,
tumour size, location, histological grade, and the presence of metastasis
[5-8]. Early detection of oral cancer through routine screening and
diagnostic examinations can lead to timely intervention and improved
outcomes. Several screening methods, including visual examination,
toluidine blue staining, and adjunctive techniques such as auto-
fluorescence imaging and brush biopsy, have been employed for early
detection of oral cancer [9]. Additionally, advancements in molecular
biomarkers and imaging technologies present promising opportunities
for early diagnosis and risk stratification of oral cancer patients.
Although many cases of oral squamous cell carcinoma (OSCC) are still
diagnosed at advanced stages—resulting in prognosis and survival rates
that have remained largely unchanged for the past 25 years—early
diagnosis is essential. Despite progress in surgical and oncological
techniques, accurately distinguishing precancerous lesions from oral
cancers is critical for improving survival outcomes.

Tissue biopsy remains the gold standard for diagnosing oral cancer,
as with other cancers; however, prior to performing a biopsy, it is highly
beneficial to identify suspicious areas using available screening
methods. In addition to the basic inspection and palpation of oral le-
sions, several screening techniques have been developed. These include
the application of toluidine blue to selectively stain areas of dysplasia or
malignancy [10], autofluorescence, which uses specific wavelengths of
light to detect tissue changes and highlight abnormal areas [11],
chemiluminescence [12] and brush biopsy-based cytology [13]. Despite
their utility, these methods are often limited by high false positive and
false negative rates, necessitating the exploration of alternative ap-
proaches such as deep learning.

Artificial Intelligence (AI) and particularly deep learning offers
transformative potential in overcoming the limitations of traditional
screening methods by analyzing large datasets and complex patterns.
This improves diagnostic accuracy by minimizing both false positives
and false negatives. Furthermore, deep learning can integrate diverse
patient data, such as genetic and lifestyle factors, enabling personalized
screening that moves beyond the “one-size-fits-all” approach. It also
fosters standardized diagnoses by minimizing operator dependency,
ensuring consistent and accurate interpretations. Importantly, Al models
can process non-invasive data with remarkable precision, reducing the
need for painful or risky procedures. Their scalability and cost-efficiency
further make these models viable in low-resource settings. While deep
learning cannot entirely replace traditional methods, it serves as a
valuable complement, enhancing screening accuracy and efficiency, and
paving the way for faster, more accurate, and personalized diagnostics.

Al has witnessed significant growth in recent years. This progress has
been fuelled by the availability of vast datasets and a substantial in-
crease in computing power, particularly through graphical processing
units (GPUs). In the field of oral oncology, two predominant classifica-
tion pipelines are commonly employed: the radiomics-based approach
[14] and the more recently embraced deep learning approach [15-18].

The radiomics approach revolves around extracting a multitude of
quantitative features from medical images, which can include computed
tomography, magnetic resonance images, or simple photographic JPG
images. These extracted features serve as inputs for ML algorithms
within decision support systems [19]. Statistical, shape and texture
features are components of radiomics-based approaches in medical im-
aging and offer valuable insights into spatial patterns and variations in
tissue or tumour structures. Texture features in particular play a crucial
role in capturing subtle nuances not immediately discernible to the
human eye, proving instrumental in diagnosis, prognosis, and treatment
planning across various medical conditions, including oral oncology
[17].

In the domain of the deep learning approach, early papers in the field
harnessed the power of deep convolutional neural networks (CNNs).
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This architecture gained prominence following the victory of AlexNet
[20] in the ImageNet [21] image classification competition in 2012 and
in 2015 the U-net architecture emerged as one of the most efficient CNN
architectures for image segmentation [22]. Numerous publications have
leveraged variants of CNN algorithms for their studies [17,23-25].

Transformers emerged in 2017 as efficient models for natural lan-
guage processing (NLP) with the groundbreaking claim “attention is all
you need” [26]. Drawing inspiration from the success in NLP, Doso-
vitskiy et al. [27] introduced the vision transformer (ViT) by framing
image classification as a sequence prediction task, converting images
into a series of patches with positional encoding to retain spatial infor-
mation. This approach enables the model to capture long-term de-
pendencies within the input image. In the field of medical image
analysis, the ViT architecture has become the state of the art for many
disease diagnosis, finding applications in image detection [28], seg-
mentation [29] and classification tasks [30].

In the specific domain of oral oncology, Islam et al. [31] compared
two popular CNN models, VGG19 and MobileNet, with the
transformer-based DelT model to discriminate between benign and
malignant oral lesions. In this study, CNN-based models slightly out-
performed DelT. On the contrary, Singha Deo et al. [32] asserted the
supremacy of vision transformers in the classification of oral cancer
using histopathological images. In the realm of medical image seg-
mentation, MedSAM [33] has emerged as a recent development aimed at
customizing the segment anything model [29]. on a large-scale medical
image dataset with 1,570,263 image-mask pairs, covering 10 imaging
modalities and over 30 cancer types.

In an effort to compare radiomic-based machine learning approaches
with deep learning methods, Aubreville et al. introduced a deep
learning-based classification approach for cancerous tissue using laser
endomicroscopy images, demonstrating superior performance of DL
compared to classical machine learning textural feature-based classifiers
[34]. These results are in line with the review presented by Aydin
Demircioglu [35].

While deep-learning algorithms bring considerable advantages in
terms of process automation and task performance, radiomics offers a
higher level of interpretability, an asset in the biomedical field. This
study aims to harness machine learning-based classification, integrating
state-of-the-art vision transformer classifiers, to enhance the automation
and performance of radiomics. The objective is to compare the
transformer-based classification approach with a fully automated
radiomics process to establish an optimal pipeline for maximizing the
accuracy of classifying oral lesions as cancerous or non-cancerous. To
achieve this, advanced transformer-based algorithms for detection [28],
segmentation [29], and classification [27] were employed for the pre-
cise identification, delineation, and classification of oral lesions with the
aim of facilitating the early diagnosis of OSCCs and thereby improving
prognosis and survival rates.

2. Materials and methods
2.1. Dataset

During the period 1997-2020, we collected a sample comprising a
total of 322 patients, all recruited in the Stomatology and Maxillofacial
Surgery Service of the General University Hospital of Valencia. Of the
322 patients, 120 presented oral squamous cell carcinoma diagnosed,
according to Warnakulasuriya et al. [36] criteria. The rest of the patients
(202) presented non-cancerous oral lesions. The oral cancer group was
composed of 75 men (62.5 %) and 45 women (37.5 %). The tongue had
the highest frequency in 43 cases (35.9 %), followed by the gingiva in 40
patients (33.3 %). The ulcerated form predominated with 76 cases (63.3
%). We had 65 (54.2 %) in the initial stages of cancer, and the remaining
55 (45.8 %) were in advanced stages. The mean age of this group with
cancer was 70.12, with a SD of 10.63.

The control group of patients without cancer consisted of 202
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patients with oral leukoplakia. Of them, 92 (45.5 %) were men and 110
(54.5 %) were women. The mean age of this group was 57.88, with a SD
of 12.82.

The dataset was comprised of JPG images taken with an ordinary
digital camera (Nikon Digital Camera D5600, objective: Nikon 60 mm,
flash Viltrox Macro Ring Life JY670n). The images had the following
characteristics: width: 25.33 cm, height: 16.93 cm, resolution: 300
pixels/inch, photo dimensions 2992 px x 2000 px. The images were
manually segmented as regions of interest (ROIs) by a clinical expert
with 30 years of experience (Dr. Bagan, co-author) using ImageJ soft-
ware [37]. These segmentations will serve as the gold standard
throughout this manuscript. The gold standard bounding boxes (BB)
were derived directly from the manual segmentations.

A five-fold cross-validation strategy was applied to ensure the
robustness of the results while considering the constraints of computa-
tional resources.

To address the challenges posed by limited and imbalanced data, a
robust technique known as data augmentation was employed. Data
augmentation involves applying diverse transformations to the original
data, artificially expanding the training dataset. This technique proves
particularly beneficial in enhancing the performance and generalization
capability of machine learning models. Common data augmentation
methods encompass image rotation, flipping, cropping, resizing, addi-
tion of noise, adjustments to brightness and contrast, and geometric
transformations.

Given the constraints of a reduced and imbalanced dataset, a
comprehensive x10 (in controls) and x16 (in cancer) data augmenta-
tion strategy was implemented for the training dataset. This augmen-
tation process included horizontal and vertical flips (p = 0.5), brightness
and contrast adjustments (p = 0.3), and the addition of Gaussian noise
(p = 0.3), all implemented using the Albumentations package. Addi-
tionally, Floyd-Steinberg dithering was applied using the Pillow library.
Since the number of cancer images was divisible by 5, all five folds
contained 24 cases, becoming for each iteration 96 cases in the training
set (augmented to 1536) and 24 in the test set. However, as the number
of control images was not divisible by 5, the number of control images
varied among folds (40 or 41 cases per fold), becoming for each iteration
161 or 162 cases in the training set (augmented to 1610 or 1620) and 40
or 41 in the test set.

2.2. Methodology

As outlined in the introduction, this study aims to compare the
effectiveness of a ViT classifier with a fully automated radiomics
approach in classifying oral lesions. While ViT classification offers a
direct analysis from the original images, we hypothesize that its per-
formance could be enhanced by pre-selecting the oral lesions before
classification. Conversely, the radiomics process needs the prior detec-
tion and/or segmentation of the lesion, requiring the input of a specific
mask. As a result, separate pipelines were employed for each approach,
sometimes requiring the detection of oral lesions through bounding
boxes (referred to as detection throughout the manuscript) or their
delineation using segmentation algorithms (referred to as segmentation
throughout the manuscript). Additionally, a combined ViT-Radiomics
approach was also introduced to leverage the strengths of both
methods for enhanced classification.

Transfer learning is a machine learning technique where a model
developed for one task serves as the starting point for a model on a
second related task. It leverages knowledge gained from solving one
problem and applies it to another, potentially speeding up model
development and improving performance, especially when data for the
target task is limited. Fine-tuning, one approach to transfer learning,
involves retaining most of the layers of a pretrained model and adapting
them using target task data. This allows the model to adapt to task-
specific patterns while retaining knowledge from the source task [38].
In this study, all transformer-based algorithms were fine-tuned with gold
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standard masks, including those for detection, segmentation, and ViT
classification.

The algorithms were executed on an Intel Core i9 machine with 64
GB of RAM and an NVIDIA RTX 3060 GPU. Implementation was done
using Python (version 3.10.9), PyTorch (version 2.0.0), and torchvision
(version 0.15.1).

Detailed descriptions of the algorithms and pipelines used in this
study are provided in subsequent sections. We first introduce the algo-
rithms for oral lesion detection and segmentation, followed by de-
scriptions of the different pipelines for the ViT and radiomics
approaches and finally, we present the ViT-Radiomics combined
approach.

The code corresponding to this study is available in the following
GitHub repository: https://github.com/evachi27/Automated Oral _Ca
ncer_Classification.

2.2.1. Lesion detection and segmentation with transformer-based models

In this study, oral lesion detection was performed with the Detection
Transformer (DETR) algorithm [28] accessed through the Hugging Face
library. DETR was pioneering in applying Transformers to computer
vision tasks. It combines a convolutional neural network (CNN) back-
bone with a transformer architecture. Initially, the model utilizes a
standard CNN backbone to generate a 2D representation of the input
image. This representation is then flattened and enriched with positional
encoding. Subsequently, the data is fed into a transformer encoder. In
the following step, a transformer decoder is introduced, which takes a
fixed number of positional embeddings called “object queries™ as input.
The decoder also attends to the output of the encoder. Each output
embedding from the decoder passes through a shared feedforward
network (FFN), responsible for making predictions, including either a
detection with class and bounding box information or a “no object”
class, as in this study.

The hyperparameters for DETR were configured with a batch size of
8, trained for 100 epochs and a learning rate of le . The metric
employed to assess the performance of this algorithm was the IoU
(Intersection over Union (Eq. (1)).

Area of Overlap

IoU=
° Area of Union

Eq. 1

The segmentation of oral lesions was performed using the Segment
Anything Model (SAM), a pioneering model architecture developed by
Meta research group [29]. SAM is designed for generating segmentation
masks for various objects in an image. Trained on 1 billion masks from
11 million images, SAM allows automatic segmentation of everything in
an image or segmentation based on manual prompts. The model archi-
tecture includes an image encoder using a Mean Absolute Error (MAE)
pre-trained Vision Transformer (ViT) [39], a prompt encoder capable of
handling sparse (points, bounding boxes, text) or dense (masks) inputs,
and an efficient mask decoder that maps image and prompt embeddings
to a mask. For this study, a sparse prompt encoder using bounding boxes
was employed.

SAM, despite its impressive performance in various general tasks,
may not be as accurate as specialized algorithms designed explicitly for
medical image segmentation when applied directly to medical images
without re-training or fine-tuning [40,41]. To address this issue, the
model was fine-tuned using the gold standard segmentations of the oral
lesions.

The hyperparameters were configured with a batch size of 1, trained
for 100 epochs using the dice coefficient as loss function and a learning
rate of 1e™>. The performance of SAM was evaluated with the Dice co-
efficient (Eq. (2)).

2 x Area of Overlap

Dice=
Total Area

Eq. 2


https://github.com/evachi27/Automated_Oral_Cancer_Classification
https://github.com/evachi27/Automated_Oral_Cancer_Classification

E. Chilet-Martos et al.

2.2.2. Vision transformer-based classification

The Vision Transformer (ViT) classification architecture revolution-
ized image classification by applying the transformer architecture,
originally designed for natural language processing, to visual data [27].
ViT starts by dividing the input image into non-overlapping patches,
treating each patch as a token. These patch tokens are then linearly
embedded and combined with positional encodings to preserve spatial
information. The heart of the architecture lies in the transformer
encoder, a stack of layers incorporating self-attention mechanisms and
feedforward sub-layers. This enables ViT to capture intricate patterns
and dependencies across the entire image, both locally and globally. The
final classification is performed using a classification head on top of the
transformer encoder, predicting the class labels.

The self-attention mechanism in ViTs is a key component that en-
ables the model to capture contextual information from different regions
of the input image. Self-attention masks are matrices used to control
which regions can attend to each other in the self-attention mechanism
of transformer-based models. These masks determine the patterns of
attention across the input regions and help the model focus on relevant
information while ignoring irrelevant or distracting regions. These
masks are implemented as binary matrices of zeros and ones, where a
value of 1 indicates allowed attention and a value of O indicates
forbidden attention.

In this study, the vit-base-patch16-224-in21k model, accessible via
the Hugging Face library was employed. This model aligns with the
original architecture introduced by Dosovitskiy et al. [27]. Initially
pre-trained on the extensive ImageNet-21k dataset (comprising 14
million images with 21,843 classes) at a resolution of 224x224, it un-
derwent further fine-tuning on the ImageNet 2012 dataset (1 million
images, 1000 classes) at the same resolution. To tailor it to our specific
application, the model underwent additional fine-tuning using our
training dataset. Prior to input into the ViT model, images were resized
to a lower resolution (224x224), rescaled, and normalized across the
RGB channels with mean (0.5, 0.5, 0.5) and standard deviation (0.5, 0.5,
0.5). ViT was configured with a batch size of 2, 10 epochs and a learning
rate of 5 x 107>,

The vision transformer-based classification in this study involved
three distinct pipelines (Fig. 1):

(A1)

Original images

(B1)
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1. Direct Classification from original Image, which entailed classifying
oral lesions directly from the original image.

2. Detection and Subsequent Classification, where oral lesions were
detected through bounding boxes, and the identified small areas
were subsequently classified.

3. Detection and Segmentation before Classification, which involved
the prior detection and the subsequently delineation of the oral le-
sions, followed by classification using the segmented areas.

2.2.3. Radiomics-based classification

Radiomics, a specialized field in medical imaging, involves extract-
ing and analysing quantitative features from images to provide detailed
insights into tissue or pathology. The workflow begins with image
acquisition, followed by lesion segmentation and feature extraction,
encompassing first-order, shape-related, texture-related, and higher-
order filtered features. Feature selection algorithms are then used to
identify significant features, with subsequent application of machine
learning classification algorithms (Fig. 2).

In this classification approach, two distinct models were constructed
based on the ROIs used to train the model: 1) using gold standard
bounding boxes of the lesions and 2) leveraging gold standard seg-
mentation masks of the lesions.

To assess the performance of these models, efforts were made to
automate the radiomics process as much as possible, facilitating a
comparison between gold standard masks and automatically obtained
masks. Two pipelines were employed to segment the lesion mask for
radiomics feature calculation. The first pipeline used DETR to generate a
bounding box around the oral lesion (pipeline A2). The second pipeline
combined detection (using DETR) and segmentation (via SAM) of the
lesions (pipeline B2) (Fig. 3).

For comparison purposes, a pre-trained Convolutional Neural
Network (CNN) was applied, specifically the ResNet50 architecture
[42]. ResNet50 is widely recognized for its deep architecture and re-
sidual learning capabilities, making it a strong candidate for transfer
learning tasks.

2.2.3.1. Radiomic features. As already introduced before, the radiomics
process implies the calculation of radiomic features obtained from the
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Fig. 1. Training pipelines for the vision-based classification procedure using (A1) directly the original images; (B1) a detection of the lesion before the classification

and (C1) a detection and a segmentation algorithm before the classification.
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Fig. 3. Training pipelines for obtaining the masks automatically for radiomics classification procedure using (A2) DETR as detection algorithm to obtain a bounding
box of the oral lesion and (B2) a detection (DETR) and a segmentation (SAM) algorithm before the classification.

masks. In this study, we extracted a total of 102 radiomic features ob- - Gray Level Size Zone Matrix (GLSZM): this matrix quantifies the
tained with PyRadiomics library [43], divided in different categories (all gray level zones in an image and is defined as the number of con-
the features are listed in the Supplementary material): nected voxels that share the same gray level intensity.
- Gray Level Run Length Matrix (GLRLM): this matrix quantifies
- First Order Statistics: they describe the distribution of voxel in- gray level runs and is defined as the length in number of consecutive
tensities within the image region defined by the mask. pixels that have the same gray level value.
- Shape-based features: features obtained directly from the mask, - Neighbouring Gray Tone Difference Matrix (NGTDM): this matrix
independent from the gray level intensity distribution in the ROL quantifies the difference between a gray value and the average gray
- Gray Level Co-occurrence Matrix (GLCM): this matrix describes value of its neighbours within distance 6.
the second-order joint probability function of an image region con- - Gray Level Dependence Matrix (GLDM): this matrix quantifies
strained by the mask. gray level dependences in an image and is defined as the number of
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connected voxels within distance § that are dependent on the center
yoxel.

A detailed description of how these features are calculated can be
found on the documentation website of PyRadiomics (https://pyradio
mics.readthedocs.io). The default values were used for all parameters.
All the features were standardized using Standard Scaler function of
Scikit-learn package [44].

Out of the entire set of features, the high correlated ones (r > 90 %)
were excluded (54 features), resulting in a total of 48 features. Most of
the excluded features were derived from the GLCM matrix (19 out of 24)
and from the GLDM matrix (12 out of 14). The features that were
included and excluded from the analysis are listed in the Supplementary
material.

2.2.3.2. Machine learning classifiers. Three different popular ML algo-
rithms were tested with the remaining 47 selected features: Support
Vector Machine [45], Random Forest [46] and a Gradient Boosting [47]
using the implementation of Scikit-learn package [44]. A Grid Search
strategy was employed in all the cases to optimize the most relevant
hyperparameters of the classifiers, while default values were retained
for the remaining ones.

2.2.3.3. Most relevant features. Permutation feature importance serves
as a model inspection method applicable to any trained estimator and
tries to gauge the impact of individual features on the model’s perfor-
mance [48]. It quantifies feature importance by measuring the reduction
in the model’s score when the values of a single feature are randomly
shuffled. This shuffling disrupts the connection between the feature and
the target, allowing the observed drop in the model score to reveal the
extent to which the model relies on that specific feature. Notably, this
approach is model agnostic, offering flexibility, and can be iteratively
computed with various permutations of the feature. Its validation per-
formance, measured via the 12 score, is significantly larger than the
chance level. In this study, feature importance was applied with
Scikit-learn library to the three tested models (training, validation, and
test datasets) to study the importance of the different features (n_repeats
= 30).

2.2.4. ViT-radiomics combined approach
As previously noted, one of the primary advantages of ViT is its

Classification
ViT

Transformer Encoder

Original images

Attention maps ‘
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ability to function without the need for prior detection or segmentation
of oral lesions, a requirement in the radiomics approach. In response, a
ViT-Radiomics combined approach was proposed (Fig. 4). This model
initiates with ViT classification on the original images (pipeline A1),
using the resulting attention maps as masks to extract radiomics features
for subsequent machine learning classification. Each method (ViT and
radiomics) generates probabilities for classifying samples as either
belonging to the control or cancer group, from which weighted mean
values were calculated. Given that the ViT pipeline produced better
results than radiomics, its probabilities were assigned a weight of 60 %,
while those from radiomics were given a weight of 40 %. These com-
bined probabilities were then binarized using a threshold of 0.5.

To evaluate the robustness of the three methods (ViT, radiomics
using ViT attention maps, and the combined ViT-Radiomics approach)
across different training data sizes, the training dataset was progres-
sively reduced, with random samples taken from 20 % to 100 % of the
dataset. The test dataset remained unchanged in all cases.

3. Results
3.1. Lesions detection and segmentation with transformer-based models

Table 1 presents the performance results obtained from the different
algorithms, including DETR, SAM (using gold standard bounding boxes)
and the combination of DETR + SAM. It’s noteworthy that the DETR
algorithm demonstrated a higher ease of detection for the cancer group,
with the IoU of the cancer group averaging around 20 % higher than that
of the control group across all datasets.

In evaluating the SAM segmentation performance in test, notably

Table 1
Performance of the detection and segmentation algorithms.

DETR (IOU) SAM (DICE) DETR + SAM (DICE)
TRAIN 0.67 £+ 0.02 0.57 £ 0.01 0.52 + 0.02
CONTROL 0.58 £+ 0.02 0.49 £+ 0.01 0.43 £+ 0.02
CANCER 0.75 + 0.02 0.66 + 0.01 0.61 + 0.02
TEST 0.53 £ 0.02 0.55 + 0.02 0.45 + 0.03
CONTROL 0.46 £+ 0.03 0.47 £+ 0.02 0.37 £+ 0.030
CANCER 0.64 + 0.04 0.67 + 0.03 0.59 + 0.04

Results in mean + std of the mean IoU and Dice of the five iterations.
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Fig. 4. Integrating ViT-Radiomics for enhanced classification of oral cancer lesions.
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high Dice coefficients were observed, attributed to the assistance pro-
vided by gold standard bounding boxes. While SAM segmentation
exhibited better results for cancer cases compared to controls, the
disparity was less pronounced than in the case of DETR. However, the
application of SAM segmentation following DETR detection led to a
significant decrease in Dice coefficients. This decline was attributed to
the accumulation of errors from both DETR and SAM algorithms. Fig. 5
illustrates this dependence, especially when DETR fails to detect a lesion
(e.g. Patient 3). The interdependence of DETR and SAM errors is further
evidenced in Fig. 6, where the IoU of DETR correlates with the Dice
coefficient of SAM in the DETR + SAM segmentation (r2 =0.34 + 0.04
for train and r? = 0.41 + 0.07 for test considering the five iterations).
Additionally, the cancer group consistently exhibited higher IoU and
Dice coefficients than the control group in these evaluations.

3.2. Vision transformer classification

After lesion detection and segmentation, the ViT classifier was
applied across three distinct pipelines, as illustrated in Fig. 1. To gauge
the performance of the ViT model in isolation, free from the influence of
accumulated errors from various pipelined algorithms, an evaluation
was conducted using the gold standard ROIs. The ViT model with
bounding boxes underwent testing with bounding boxes derived from
gold standard segmentations. Similarly, the ViT model with segmenta-
tions was assessed using SAM algorithm segmentations derived from
gold standard BB and gold standard manually segmented masks. For
comparison purposes, a fine-tuned ResNet50 model was also applied to
the data. The detailed results are shown in Table 2.

The ViT classification demonstrated exceptional accuracy when
using original images without prior lesion detection or segmentation.
This accuracy further increased to a mean value 0.97 when original
images were masked with gold standard segmentations. However, in the
pursuit of process automation, model performance decreased when
applying automatic detection (pipeline B1) to 0.88. With the inclusion of
detection and segmentation algorithms (pipeline C1), the accuracy
showed a decrease to 0.86, with notable reduction in sensitivity to 0.71.
The specificity, however, remained high. The results from the ResNet50
were generally significantly lower than those achieved with ViT.

Patient 1
loU=0.72

DETR
Dice=0.75
SAM
Dice=0.68
DETR + SAM

Patient 2

loU=0.52

Dice=0.77

Dice=0.78
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Upon analyzing attention masks for all models and calculating Dice
coefficients, it was observed that the ViT models predominantly focused
on cancer lesions while showing less emphasis on control lesions, evi-
denced by the Dice coefficients of the control group obtained from the
different pipelines (Table 3).

Specifically, attention maps derived from the cancer group in pipe-
line Al exhibited higher Dice coefficients in test than those from any
other pipeline, also coinciding with the highest classification accuracy,
as indicated in Table 2. It’s important to note that the precision of these
results is significantly influenced by the transformer’s patch size (16x16
in this case).

3.3. Radiomics classification

Within the radiomics procedure, the use of a mask is imperative to
extract the different radiomic features. In this context, two distinct
models were examined based on different types of masks: 1) trained with
gold standard bounding boxes and 2) trained with gold standard seg-
mentation masks. These two models were tested with different input
masks, as shown in Table 4.

Regarding the radiomics classification, the three ML classifiers
demonstrated similar metrics on the test dataset; however, SVM
exhibited slightly superior performance. Table 4 presents the results
obtained by the SVM classifier.

In the concluding phase, a comprehensive analysis of the most
crucial features for each of the two models was undertaken.

For the bounding boxes model, some of the most significant features
included Run Entropy, which had higher values in the cancer group
compared to the control group, and Long Run High Gray Level Emphasis
and the 10th percentile, both of which showed lower values in the
cancer group than in the control group. In the mask-dependent models,
key features were the Perimeter Surface Ratio and High Gray Level Run
Emphasis, both of which were smaller in the cancer group, while the
Major Axis Length exhibited the opposite trend, being larger in the
cancer group.

Patient 3
loU=0.00

Patient 4
loU=0.42

Dice=0.67 Dice=0.06

Dice=0.00 Dice=0.05

Fig. 5. Segmentation output (light pink) vs gold standard (in dark yellow) of DETR, SAM and DETR + SAM algorithms of four different patients (patients 1, 2, 3 are
cancer, patient 4 is control). (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 6. Example of the relationship between IoU obtained by DETR and the Dice coefficients of the masks obtained by DETR + SAM for the two datasets and their

corresponding r? value (fold = 2).

Table 2
Classification metrics for the different ViT pipelines.

Training Modality

Testing images Specificity Sensitivity Accuracy F1-score AUC AUC (ResNet50)
Whole image Original images (pipeline A1) 0.99 + 0.02 0.96 + 0.05 0.96 + 0.02 0.95 + 0.03 0.96 + 0.03 0.82 + 0.05
Gold Standard Bounding Boxes Gold standard BB 0.96 + 0.04 0.99 + 0.02 0.97 + 0.04 0.96 + 0.03 0.97 + 0.03 0.77 + 0.06
DETR (pipeline B1) 0.82 + 0.05 0.98 + 0.02 0.88 + 0.03 0.86 + 0.03 0.90 + 0.03 0.75 £ 0.04
Gold Standard Segmentation Masks Gold standard masks 0.97 + 0.02 0.98 + 0.02 0.98 + 0.02 0.97 + 0.02 0.98 + 0.02 0.85 + 0.03
SAM using gold standard BB 0.99 + 0.01 0.72 + 0.12 0.90 + 0.05 0.83 + 0.08 0.86 + 0.05 0.75 + 0.03
DETR + SAM (pipeline C1) 0.95 + 0.04 0.71 £ 0.11 0.86 + 0.04 0.79 + 0.07 0.83 + 0.05 0.78 + 0.04

Results in mean =+ std of the five iterations.

Table 3
Dice/IoU of the mean attention maps for the ViT classifiers.

PIPELINE A1 (DICE) PIPELINE B1 (I0U) PIPELINE C1 (DICE)

TRAIN 0.29 + 0.03 0.31 +0.01 0.23 £ 0.01
CONTROL  0.04 £ 0.05 0.02 + 0.02 0.05 + 0.03
CANCER 0.55 + 0.05 0.61 + 0.02 0.43 + 0.05

TEST 0.23 + 0.02 0.23 + 0.02 0.21 £ 0.02
CONTROL  0.04 £ 0.03 0.04 + 0.02 0.07 £ 0.03
CANCER 0.57 + 0.02 0.54 + 0.05 0.44 + 0.05

Results in mean =+ std of the mean IoU and Dice of the five iterations.
3.4. ViT-radiomics combined approach

The combined approach involves the use of the attention maps
derived from the ViT classification with original images as masks for the

radiomic feature extraction. This approach provides an automatic
alternative to obtain the ROIs, eliminating the need for manual
delineation.

By applying the radiomics pipeline with the ViT attention maps, we
achieved an accuracy of 0.94 + 0.03, which is slightly lower than that of
the ViT classification alone (0.96 + 0.02). By combining both ap-
proaches as depicted in Fig. 4, we managed to enhance slightly the ac-
curacy, Fl-score and AUC of each method individually. The results are
summarized in Table 5.

To examine the impact of training size on the results, we applied the
combined approach using varying percentages of images from the
training dataset. The corresponding results are shown in Fig. 7. The
combined approach showed higher accuracy when the training set was
small (20 % and 30 % of the total training images). However, from 40 %
onwards, the accuracy of the ViT-Radiomics method was nearly equiv-
alent to that of ViT alone. The radiomics procedure using attention

Table 4
Performance of the radiomics pipelines.
Training Modality Input masks Specificity Sensitivity Accuracy F1-score AUC
Gold Standard Bounding Boxes Gold standard BB 0.89 + 0.04 0.77 + 0.06 0.85 + 0.04 0.85 + 0.04 0.91 + 0.04
DETR (pipeline A2) 0.83 £ 0.07 0.73 £ 0.07 0.80 £+ 0.06 0.80 £+ 0.06 0.86 + 0.06
Gold Standard Segmentation Masks Gold standard masks 0.93 + 0.05 0.81 + 0.06 0.89 + 0.05 0.89 + 0.05 0.96 + 0.02
SAM using gold standard BB 0.92 + 0.04 0.74 =+ 0.10 0.86 + 0.05 0.87 + 0.03 0.9 + 0.04
DETR + SAM (pipeline B2) 0.87 + 0.02 0.72+0.10 0.81 + 0.05 0.82 + 0.05 0.87 + 0.04
Results in mean =+ std of the five iterations.
Table 5
Performance of the best classifiers.
Classification Pipeline Specificity Sensitivity Accuracy Fl1-score AUC
ViT with original images 0.99 + 0.02 0.96 + 0.05 0.96 + 0.02 0.95 £+ 0.03 0.96 + 0.03
Radiomics with ViT attention maps 0.97 £ 0.05 0.95 + 0.08 0.94 + 0.03 0.94 £+ 0.03 0.98 + 0.01
ViT-Radiomics combined approach 0.97 + 0.04 0.96 + 0.05 0.97 + 0.02 0.97 + 0.02 0.98 + 0.02

Results in mean + std of the five iterations.
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Fig. 7. Accuracy of the ViT, Radiomics and ViT-Radiomics approaches with different sizes of the original training dataset (mean =+ std of the five iterations).

masks showed a lower performance and a high variability across folds.
4. Discussion

Oral lesion detection, segmentation and classification is critical to
human life, as the incidence of oral cancer has increased considerably
and is seriously threatening human health. These tasks are particularly
challenging due to many factors such as indistinct boundaries, variable
contrast, and colour differences. In the recent years, transformer-based
models have dominated the field of natural language processing and
have more recently been applied to the area of computer vision, out-
performing tasks like object detection, segmentation, and classification,
and in particular to the field of medical image analysis [30]. As far as we
know, this is the first study comparing automatized transformer-based
radiomics procedure with vision transformer classifiers in oral cancer.
For each of these two approaches (transformer-based classification and
radiomics-based classification), different pipelines were tested. These
pipelines included the lesion detection and the segmentation using
different transformer-based algorithms. A combined approach was also
proposed.

4.1. Lesions detections and segmentations

For oral lesion object detection, we achieved promising results for
the cancer group; however, the average IoU for the control group was
approximately 20 % smaller than that of the cancer group, highlighting
its dependency on the type of lesion. In a study by Ickler et al. [49],
various transformer-based medical object detection algorithms,
including DETR, Conditional DETR, and DINO DETR, were compared
with a strong anchor-based one-stage detector, Retina U-Net. Interest-
ingly, DINO DETR emerged as the best-performing model in three out of
four datasets, offering the added advantage of being computationally
less demanding than Retina U-net [49].

Concerning the segmentation of oral lesions, we opted for SAM
instead of the U-Net architecture, which was used in a previous work of
our group [17]. While the cancer group exhibited similar segmentation
Dice coefficients to our previous work, the results of the control group

notably decreased. It’s worth noting that the datasets in both studies
were not identical. Despite SAM demonstrated superior performance in
natural image segmentation, it appears to deliver less favourable results
in applications like healthcare, as also noted by Ji et al. [50]. Addi-
tionally, the study by Huang et al. [41] revealed that SAM exhibited
remarkable performance in specific objects but proved to be unstable,
imperfect, or even failed in certain situations, as we also noted and
illustrated in Fig. 5 (patient 4). The results presented in Table 1, spe-
cifically SAM with gold standard bounding boxes versus DETR + SAM,
highlight that SAM requires substantial prior human knowledge to
achieve relatively accurate results in biomedical tasks, consistent with
observations by Huang et al. [41]. The decrease in the segmentation
performance inevitably impacts the classification performance as well.

4.2. Vision transformer and radiomics classification

In our study, the vision transformer approach demonstrated superior
classification performance compared to the radiomics procedure,
aligning with a recent systematic review conducted by Aydin Demi-
rcioglu [35]. The review, which analyzed 1229 records, revealed that
deep modelling outperformed generic radiomic modelling in 74 % of
cases during internal validation. Additionally, fused models exhibited
superior performance compared to both approaches individually in 72 %
of cases, as we have also demonstrated with our ViT-Radiomics com-
bined approach. The ViT classifier demonstrated exceptional perfor-
mance with a 97 % mean accuracy when employing gold standard
masks, which highlights the potential for further enhancing overall ac-
curacy by improving lesion segmentation.

In arecent study conducted by Islam et al. on the classification of oral
lesion images, various models, including convolutional neural networks
(VGG19, MobileNet), and the transformer-based model Data-Efficient
Image Transformer (DeIT) were employed [31]. The findings indicated
that convolutional-based models achieved a remarkable accuracy rate of
100 %, while DelT exhibited a slightly lower but still impressive accu-
racy of 98.73 %. The superior performance of convolutional-based
models was attributed to their deeper architectures and utilization of
pre-trained models. Despite a marginally lower accuracy, the
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transformer-based model, DelT, showcased notable generalization ca-
pabilities to unseen data. The study by Islam et al. emphasized that while
convolutional networks may be better suited for medical problems, they
demand higher computational resources, and their performance is more
contingent on the quality and quantity of training data [31]. However,
the fine-tuned ResNet50 model in our study demonstrated significantly
lower performance compared to the ViT model (Table 2). Regarding the
ViT results, we observed slightly lower performance metrics when using
the original images compared to the findings of Islam et al. Several
factors might contribute to this difference, including ViT’s potential
challenge in performing well with limited data. Moreover, DelT, despite
sharing the same architecture as ViT, incorporates an additional distil-
lation token in the input, interacting with class and patch tokens through
self-attention layers, potentially enhancing results [51]. Another
possible factor could be variations in the homogeneity/heterogeneity of
the two datasets.

In the context of the radiomics approach, using the average of the
attention maps from the ViT classifier as ROIs yielded a classification
closely aligned with that obtained by the ViT classifier alone (0.94 +
0.03 and 0.96 + 0.02, respectively). This approach offers the advantage
of circumventing the need for manual segmentation, a laborious and
resource-intensive task. However, a detailed analysis of the Dice co-
efficients in Table 3 revealed that the attention masks accurately cover
oral lesions in the cancer group but not in the control group (Dice co-
efficients nearly 0). Comparatively, the model using segmentation masks
outperformed the one employing bounding boxes.

Finally, our study demonstrates that integrating ViT and radiomics
approaches enhances accuracy, particularly for smaller training sets (20
% and 30 % of the original size), while achieving comparable perfor-
mance to ViT alone for larger datasets. However, careful handling of
radiomic feature information remains essential in this context. This is
because the comparison primarily involves cancer lesions with other
parts of the oral cavity rather than with non-cancerous lesions, as evi-
denced by the Dice coefficients in Table 3. Additionally, shape-based
features may not be highly accurate due to the resolution limitations
of ViT attention maps, which depend on the patch size used in the
transformer (in this case, 16x16). Moreover, in assigning a 60 % weight
to ViT, we aimed to prioritize its contribution without overemphasizing
it, though further experiments will be needed to refine this value
depending on the dataset. Despite these challenges, combining multiple
models remains an excellent option.

In summary, Al emphasizes non-invasiveness by utilizing images
derived from standard modalities and eliminating the need for invasive
procedures or chemical applications that may cause discomfort or tissue
irritation. Additionally, AI excels in extracting features related to
texture, intensity, and shape that traditional methods may miss, allow-
ing for earlier and more precise detection of dysplastic or malignant
changes. Combined with its cost-effectiveness, scalability, and minimal
reliance on consumables or specialized tools, deep learning emerges as
an advantageous alternative. These benefits not only enhance diagnostic
performance but also make screening more accessible, particularly in
low-resource settings, positioning it as a game-changer in oral cancer
diagnostics.

4.3. Limitations of the study

We acknowledge that the main limitation of this study is the rela-
tively small number of cases, particularly in the cancer group and the
lack of external validation dataset. Additionally, future investigations
should encompass testing additional models to further enhance the
comprehensiveness and robustness of the findings.

5. Conclusions

The ViT classification outperformed the radiomics-based approach;
however, integrating ViT with radiomics produced even better results,
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particularly for small training sets. Nonetheless, the attention maps
produced by ViT often link oral lesions in cancer patients with areas far
from the lesions observed in control patients. For tasks necessitating the
analysis and comparison of characteristics within both cancerous and
non-cancerous oral lesions, it is advisable to employ the radiomics
approach alongside an automated lesion segmentation algorithm.

Our research facilitates the early diagnosis of OSCCs, thereby
improving prognosis and survival rates. By focusing on the early
detection of potentially malignant lesions and differentiating them from
oral lesions, we hope to contribute significantly to the advancement of
oral cancer diagnostics and patient care.
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