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Oral cancer remains a significant global health challenge, where early and accurate histopathological diagnosis is
essential for improving patient outcomes. Whereas deep learning has shown promise in assisting pathologists, current
methods face significant challenges by the need for exhaustive manual annotations, class imbalance, and limited con-
textual insight from patch-based analyses. This work introduces a deep learning method for the automated semantic
segmentation of 10 different tissue types within oral cancer tumor regions of interest (ROIs) on whole-slide images
(WSIs). To reduce annotation burden and enhance precision, a superpixel-based approach is proposed for data anno-
tation and incorporated a superpixel refinement step during inference to improve boundary delineationwhile reducing
noisy pixels. The model was rigorously evaluated across nine combinations of architectures and backbones, using
444.038 patches from 10 different patients for training and validation (via a 5-fold Leave-One-Fold-Out Group
K-Fold Cross-Validation) and 78.103 patches from two independent patients for testing. The present approach
achieved a robust average accuracy of 0.921 and micro Intersection over Union (IoU) of 0.859, demonstrating robust
results even in under-represented andmorphologically diverse tissue classes. Despite challenges related to class imbal-
ance and local context limitations, the proposed methodology consistently provided high-quality predictions. Further-
more, seamless integration into the open-source QuPath platform enables WSI ROI reconstruction, highlighting its
potential for real-world clinical deployment in oral cancer diagnostics.
Introduction

Oral cancer remains a significant global health concern around the
world, with 389,846 new cases and 188,438 deaths in 2022, representing
the sixteenth most common cancer worldwide in the same year.1 A critical
challenge with this disease is the very poor survival rate, mainly associated
with late diagnosis in advanced stages (stages III and IV),2 which implies
aggressive therapies and mutilations that can constitute a remarkable de-
crease in the patient's quality of life.3 For instance, the 5-year survival
rate drops from 80% in early stages of the disease to 20% in stages III and
IV.4 Within oral cancers, oral squamous cell carcinoma (OSCC) is the
most common histopathological subtype, accounting for about 90% of
cases.5,6 Oral potentially malignant disorders (OPMDs) may precede
OSCC. These lesions are described as variousmucosal disorders and include
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leukoplakia, erythroplakia, oral submucous fibrosis, and oral lichen planus,
among others disorders.7,8 At the histological level, OPMD may harbor
dysplasia at various grades and risk of oral cancer transformation.

In the literature, several methods have been proposed for the early
diagnoses of OSCC and OPMDs; however, visual examination and oral pal-
pation remain the most common screening standards.9Whereas other tech-
niques such as autofluorescence imaging, Raman spectroscopy, saliva
analysis, and buccal brushing have been explored,10 their adoption in
clinical routines is limited by a lack of robust validation and standardization
across larger populations.8 Histopathology analysis remains the gold-
standard for the diagnosis of OSCC and oral dysplasia. This examination in-
volves the analysis of hematoxylin and eosin (H&E)-stained tissue samples
undermicroscopy by pathologist. Nevertheless, this analysis could be influ-
enced by human biases and totally depend on expert's experience and
n.unicancer.fr (P. Saintigny).
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expertise to identify and interpreted subtle architectural and cellular
alterations.11 For instance, Ranganathan et al.12 reported only slight agree-
ment (average kappa = 0.139) between six pathologists in the grading of
69 tissue samples of oral epithelial dysplasia following the World Health
Organization system. Similarly, Rahul et al.13 demonstrated slight agree-
ment (kappa=0.130) between two general pathologists in assessing resec-
tion margins based on the presence/absence and grade of dysplasia. This
evidence underscores that support tools may help pathologists in assessing
oral cancer specimens.

Artificial intelligence, particularly deep learning algorithms, has
emerged in recent years as a promising tool to support clinicians in the di-
agnosis of oral cancer across a wide range of clinical applications. These
methods take advantage of the versatility and capability of deep learning
to learn intricate and complex patterns and relationships autonomously,
without the need for human intervention. For instance, several studies
have explored the use of different technologies, such as photographic
images,14 tomography,15 and Raman spectroscopy,16 for the early detection
of OSCC and OPMDs. Other works have studied the application of deep
learning architectures for classificationor segmentation tasks onhistological
images, including the classification of tissue artifacts,17 tumor/non-tumor
classification,18 tumor segmentation19 among other applications.

Despite significant advances in deep learning algorithms and ongoing
efforts in the context of oral cancer and OPMD, substantial limitations per-
sist regarding their practical implementation and clinical usability. The
time-consuming nature of data annotation remains a major barrier, as
deep learning model performance heavily relies on both the quantity and
quality of annotations, as well as the number of classes. Furthermore,
many existing studies often omit crucial details about test data acquisition
or rely on conventional 80%/20% random data splits. Such splits can inad-
vertently share data distribution, introducing a bias that compromises
generalizability to external datasets. Additionally, a prevalent focus on
image patch-level analysis in numerous studies limits their practical utility
in real-world clinical settings.

To overcome these limitations, this work introduces a novel deep learn-
ing architecture, rigorously evaluated using a 5-fold Leave-One-Fold-Out
(Group K-Fold) Cross-Validation scheme, that leverages superpixel-based
annotation and refinement post-processing, for the automated semantic
segmentation of regions of interest (ROIs) within WSIs. The proposed
method includes a precisely annotation of 10 different tissue types
(i.e., classes), including: epithelial tumor cells, stroma,muscle, necrosis, ke-
ratinization, salivary gland, vessel, nerve, blood, and white artifact. The ap-
proach was evaluated across multiple combinations of architectures and
backbones using two independent WSIs (comprising over 70,000 patches)
derived from different patients, achieving an remarkable accuracy of
0.921 and an Intersection over Union (IoU) of 0.859. This methodology ad-
vances beyond existing oral cancer segmentation approaches by expanding
the classification framework to a more comprehensive set of 10 different
tissue types,while also demonstrating robust performance at the ROI recon-
struction level. Additionally, the generated predictionswere integrated into
the open-source QuPath software,20 facilitating their analysis andmodifica-
tion by pathologists, thereby enhancing their usability and potential for
clinical application.

Related works

Over the past few years, deep learning has changed how new technolo-
gies andmethods are applied and integratedwithin clinicalworkflows. This
revolution allows researchers to focus on the development and refinement
of innovative technologies and methodologies, whereas deep learning acts
as a powerful tool to unlock their potential applications. For instance,
several authors have explored deep learning applications in clinical
photography, smartphone-acquired imagery, contrast-enhanced computed
tomographies, Raman spectroscopy, optical coherence tomography, and
hyperspectral data cubes.14,16,21 However, the application of these technol-
ogies remains limited, and their validation, often conducted on restricted
datasets under specific conditions, obstructs their widespread adoption. In
2

contrast, the application of deep learning directly to digital slides and
whole-slide images (WSIs) has emerged as a major focus to address
tissue-level complexities.

The application of deep learning algorithms in the analysis of OSCC his-
topathological images has been also widely explored for tasks such as classi-
fication (the categorization of an input into a defined class), detection (the
identificationof the spatial coordinates of anobjectwithin an input), and seg-
mentation (the individual pixel classification within an input). For instance,
Panigrahi et al.18 proposed an evaluation of different convolutional neural
network architectures, including VGG16, VGG19, ResNet50, InceptionV3,
andMobileNet, for the binary classificationof benign andmalignantH&E tis-
sue patches ofOSCCat 100×magnification in a set of 4000patches (20% for
test). The best accuracy was achieved by the ResNet50 architecture with
96.6%.Kaori et al.22 proposed similarmethodology but incorporated two ad-
ditional categories: a suspicious class for patches, where pathologists could
not establish a definitive diagnosis, and an unknown class for patches
exhibiting tissue artifacts such as defocus. In this case, the EfficientNet-B0 ar-
chitecture was implemented for the classification of 90,059 tissue patches
(with a25%randomsplit for testing) across differentmagnifications, they re-
ported a top-five cross-validation accuracy of 99%.Despite thepromisingdif-
ferentiation between tumor and no tumor H&E patches observed in both
studies, there remains a potential concern regarding the mixing of training
and testing data distributions, which could introduce significant bias during
model training and consequently lead to decreased performance when eval-
uated on an independent test set from different patients.

Other works have explored the tissue semantic segmentation of OSCC
samples, a task that is significantly more challenging than classification
tasks, necessitating subsequent pre- and post-processing steps to extract
image patches from the WSIs and subsequently reconstruct the predicted
patches into the original WSI. For instance, in dos Santos et al.,19 a U-Net
architecture was proposed for the automated segmentation of tumor re-
gions and stroma classes. To do so, 1050 image patches (20% for test) at
20× magnification were randomly extracted from 15 WSIs to train and
evaluate the U-Net architecture based on the LAB color representation,
which can be more robust to brightness and contrast changes. The authors
report an accuracy of 97.6% and an IoU of 85.2% at patch level. An addi-
tional step was employed to segment regions in the entire WSI with the re-
spective reconstruction; however, quantitative results for this stage were
not provided. Furthermore, the validation was conducted on a limited
dataset, and it was not specified whether the training and testing sets
were derived from the sameWSIs. To address the challenge of data scarcity,
Dalí et al.23 studied the impact of data augmentation techniques during
training in the task of image segmentation of tumor areas in OSCC. The au-
thors trained and evaluated a U-Net architecture on two distinct datasets:
one comprising 8962 image patches (50% for test) and the other being
the dataset proposed by dos Santos et al.19 The applied transformations in-
cluded horizontal and vertical flips, rotation, transposition, grid distortion,
optical distortion, color transfer, and inpainting. Their findings indicated
that these augmentations could yield an increase in accuracy from 82.73
to 84.60% and in IoU from 65.46 to 69.69% for the first dataset, and
from 92.44 to 96.99% and from 51.98 to 81.92% for the second dataset, re-
spectively. On the other hand,Muhammad et al.24 extended the histological
analysis and proposed FABnet, a deep learning algorithm for the segmenta-
tion of micro-vessels and nerves, important prognostic factors associated
with cancer recurrence, metastasis, and poor patient survival.25 The au-
thors proposed an encoder–decoder architecture with Xception residual
blocks, followed by separable convolutions and atrous spatial pyramid
pooling. Following the principles of U-Net, the authors also implemented
a form of attention skip connections between the encoder and decoder to
enhance low-level image features necessary for the segmentation of small
vessels and nerves. The proposed network was tested on 756 patches at
20× magnification extracted from three independent WSIs, obtaining an
average IoU of 77.8% and average accuracy of 96.5%. Although high accu-
racies were reported in the study, the analysis was performed only at patch
level and not at the WSI level, which significantly limits its potential appli-
cation in clinical routines.
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Materials and methods

Dataset

Head and neck tissue specimens from patients who underwent surgical
resection for oral cancer were collected from the Centre Léon Bérard (Lyon,
France), with due consideration for patient privacy and under the approval
of the institutional ethics committee. The pathologist selected the test sam-
ples based on two criteria: the inclusion of the maximum number of tissue
classes and the minimal presence of cautery or scanning artifacts, such as
blurring. A total of 12 samples (one sample per patient) were included in
this study and digitized using a 3DHISTECH Pannoramic 150 digital scan-
ner at 20×magnification with a resolution of 0.325 μm per pixel. The tis-
sue sections were stained following classical French protocols using
hematoxylin, phloxine, and saffron (HPS), which helps to distinguish colla-
gen fibers from other connective tissue components, including muscle.

The digital slides were precisely annotated at the highest magnification
using the QuPath software by an expert pathologist. Initially, the patholo-
gist identified a ROI surrounding the tumor location. Subsequently, they
performed the annotation of 10 different tissue classes within these ROIs,
namely: epithelial tumor cells, stroma, muscle, necrosis, keratinization,
salivary gland, vessel, nerve, blood, and white artifact. For the stroma
class, we included the tumoral stroma compartment, encompassing the ex-
tracellularmatrix,fibroblasts, and immune cells. Additionally, for thewhite
artifact class, we included adipose tissue due to its strong morphological
similarity to this class.

A subsequent patch extraction step yielding patches of size 256 × 256
pixelswas performed for training, validation, and testing themodels, as fur-
ther detailed in the “Patch Extraction” section. As shown in Table 1 and
Supplementary Table 1, each tissue sample varied in its composition of tis-
sue classes, number of patches, and ROI areas depending on the size of the
tumor. For this study, two independent samples (designated as WSI 11 and
WSI 12) were strictly held out as an independent patient-level test set. The
remaining 10 samples were allocated for model training and validation
using a 5-fold Leave-One-Fold-Out (Group K-Fold) cross-validation scheme.
To address the fact that not all images contained every tissue class, the folds
were carefully selected to ensure maximum representation of all 10 tissue
classes across each fold. This setup guaranteed that patches originating
from the same patient/WSI were strictly kept within the same fold, prevent-
ing any patient-level data leakage between the training and validation sets.

Superpixel-based annotation approach

A critical bottleneck in current artificial intelligence (AI) development is
the time-consuming and error-prone process of accurate, pixel-level anno-
tation, especially for semantic segmentation tasks. Expert clinicians often
require hours per case26 to perform the meticulous freehand delineation
necessary for large histopathological images (up to 100,000 × 100,000
Table 1
Summary of region of interest (ROI), total surface areas, and extracted patch counts
per patient sample for the training/validation and independent testing partitions.

Sample ROI area (mm2) Number of patches

WSI 1 120.3 68,204
WSI 2 23.3 12,621
WSI 3 91.6 51,738
WSI 4 17.3 9132
WSI 5 11.2 6093
WSI 6 19.9 10,961
WSI 7 211.8 120,069
WSI 8 34.0 18,985
WSI 9 217.7 123,801
WSI 10 36.5 22,434
Total 783.6 444,038
WSI 11 49.7 30,283
WSI 12 78.1 47,820
Total 127.8 78,103

3

pixels), a method that is susceptible to misclassifications. Furthermore,
the inclusion of different classes significantly increases the complexity of
this task. To overcome this annotation bottleneck and improve delineation
quality, a superpixel-based annotation approach was implemented in this
work. This strategy segments images into meaningful regions (superpixels),
allowing pathologists to annotate coherent areas rather than individual
pixels. This not only accelerates the annotation workflow but also inher-
ently enhances precision by grouping spatially and chromatically similar
pixels, thereby reducing the errors commonly associated with freehand
pixel-level delineation.

Specifically,we implemented theSimple Linear IterativeClustering (SLIC)
algorithm27 to generate these superpixels. The SLIC algorithm iteratively
groups pixels based on their color similarity and spatial proximity, resulting
in uniform and compact segments that follow the different histological struc-
tures andmorphologieswith reasonableprecision.Thismethodoffers a signif-
icant advantage over pixel-wise annotation by allowing pathologists to label
larger, semantically coherent regions with a single action.

Different superpixel sizes were visually evaluated by experts pathologist
to determine the optimal balance between annotation speed and the gran-
ularity of the resulting segments. Larger superpixels facilitated faster anno-
tation but could potentially over-segment or merge distinct tissue
structures. Conversely, smaller superpixels provided finer boundary detail
but increased the annotation time and could reintroduce the challenges as-
sociated with pixel-level precision delineation. With these considerations,
SLIC superpixels with an average size of 25 μm were selected as the most
suitable for this work. This size provided a robust trade-off, enabling effi-
cient annotation while preserving the necessary detail to accurately delin-
eate different histological structures. As illustrated in Fig. 1, pixel-level
annotation resulted in several errors and inaccurate regions, whereas
superpixel-based annotation yielded more precise and smoother segmenta-
tions with a substantial reduction in annotation time.

Patch extraction

Contrary to some conventional segmentation tasks involving natural
images, scenes, or autonomous driving, histopathological images require
a preprocessing step due to the large size of WSIs, which often exceeds
the processing capabilities of current computational architectures. To
make theWSIs usable, here is employed two different patch extraction tech-
niques from the annotated ROIs within the WSIs.

For training, as illustrated in Supplementary Fig. 1A, only fully anno-
tated patches were considered, discarding any patch containing even a sin-
gle unannotated pixel. This strict criterion aimed to train the models
exclusively on densely annotated regions. Additionally, is applied a 50%
overlap between extracted patches for the following three reasons: to
allow data augmentation of training samples, tomitigate boundary artifacts
commonly observed in convolutional neural networks, and, as illustrated in
Fig. 2, to ensure that complete morphological structures, potentially cut
during patch extraction, were captured within at least one patch.

For testing, it is important to cover every pixelwithin the ROI. As shown
in Fig. 1B of the supplementary material, if a patch contained at least one
pixel belonging to the ROI, the entire patch was included. This strategy
guaranteed that all pixels within the ROI received predictions. Similar to
the training phase, a 50% overlap was applied during test patch extraction.
Following this process, as detailed in Table 1, a total of 444,038 and 78,103
patches were extracted for training and testing, respectively. All patches
were of size 256 × 256 pixels and with a resolution of 0.325 μm per
pixel. For validation, the test patch extraction approach was adopted to en-
sure the prediction of all patches within the ROI.

Data augmentation

Data augmentation is a well-known technique in which different rigid
and non-rigid transformations are applied to images, generating new data
with slight variations. This process enhances the generalization capabilities
of AI models by artificially increasing the number of training samples.
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Fig. 1.Comparison between pixel level and superpixel level annotations. Superpixels allowmore smooth and fast annotation by groupingmeaningful pixels by their color and
spatial relationships in one unique cluster.

Fig. 2. Patch extraction and overlapping. During the patch extraction process, some
biological structures can be cut and not completely captured.With a 50% overlap, it
is possible to reduce these cutting issues while simultaneously increasing the
number of training patches.
Following the recommendations of David et al.,28 is implemented the fol-
lowing transformations, each with a 50% independent probability of appli-
cation: vertical and horizontal flipping, scaling (factors between 0.8 and
1.2), rotations (between −10 and 10 degrees), brightness adjustment (ra-
tios between 0.8 and 1.1), contrast adjustment (ratios between 0.7 and
1.3), and Gaussian blur (3 × 3 kernel, sigma between 0.1 and 1.0).
Nearest-neighbor interpolation was used for rotations and scaling when
Fig. 3.Whole-slide image reconstructionmethodology. Overlapping areas were used to r
were merged by averaging their values and then the class with the highest probability w
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necessary. Brightness, contrast, and Gaussian blur were specifically applied
to mitigate staining and optical variations within the dataset. This augmen-
tation pipeline was implemented online, meaning transformations were ap-
plied on-the-fly as data batches were loaded into memory during training.

Image reconstruction

Training and inference process were performed at the patch level.
Consequently, a post-processing step was required to reconstruct the
predictions into a format that is more interpretable and relevant for
pathologists.

As illustrated in Fig. 3, the inference process generated 10 probability
maps for each patch, with each map representing the probability of a
pixel belonging to a specific tissue class. As described previously, each
patch included 50% of overleaping between adjacent patches, these areas
were used to merged the probability maps by averaging each overlapping
region. This process generated a smoother reconstruction, effectively re-
ducing tile artifacts and boundary effects generated from the convolutional
process. Following the merging step, an argmax function was applied to
each pixel to assign the tissue class with the highest probability. This pro-
cess is applied to every patch in the test set until reconstruct the entire ROI.

Ablation study

To evaluate the impact of different network architectures and feature
extraction backbones within the proposed superpixel-based annotation
and refinement process, an ablation study was performed. As illustrated
in Table 2, three of the most common semantic segmentation architectures
in medical imaging were tested including:

• U-Net++: a U-Net-based approach including nested and dense skip con-
nections to facilitate the aggregation of multi-scale features.29
econstruct patch predictions into original ROIs. First, overleaped probabilities maps
as selected by applying argmax function.
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Table 2
Overview of architectures and backbones considered in the ablation study. Three
different network architectures and three feature extraction backbones were used
to train and test the present approach for a total of nine segmentation models.

Architecture Description (Key Features)

U-Net++ U-Net based, nested & dense skip connections for multi-scale feature
aggregation.

DeepLabV3+ Atrous convolutions for multi-scale contextual information without
resolution loss.

SegFormer Transformer-based, designed for global context modeling and
efficient segmentation.

Backbone Description (Key Features)

ResNet101 Residual connections for deeper networks; addresses vanishing
gradient.

Xception Depthwise separable convolutions for efficiency and spatially
distinct features.

EfficientNet-B5 Compound scaling (depth, width, resolution) for balanced accuracy
and efficiency.
• DeepLabV3+: an architecture that employs atrous convolutions to cap-
ture multi-scale contextual information without losing resolution.30

• SegFormer: a transformer-based architecture designed for global context
modeling and efficient segmentation.31

These architectures were implemented with three top state-of-the-art
feature extractor backbones:

• ResNet101: a backbone that implements residual connections to enable
the training of deeper networks and capture complex histological patterns
while mitigating vanishing gradient problems.32

• Xception: an architecture that utilizes depthwise separable convolutions
to enhance efficiency and learn distinct spatial features.33

• EfficientNet-B5: an approach that employs a compound scaling strategy
to achieve a balanced trade-off between accuracy and efficiency by opti-
mally adjusting network depth, width, and resolution.34

All possible combinations of these architectures and backbones were
systematically trained and evaluated.

Superpixel base refinement approach

Despite the contribution of superpixels during the image annotation
step, it is essential to use pixel-level representations during model training
Fig. 4. Superpixel-based refinement and pixel comparison. The top row shows howpixels
mitigate these errors by grouping pixels inmeaningful irregular clusters. At the bottom ro
different tissue structures, giving more clear and precise boundary delineations when su
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to enable models to learn the intrinsic and complex relationships and
patterns from these smaller units. However, as shown in Fig. 4, this level
of representation during inference can generate some isolated and
misclassified pixels, resulting in a noisy prediction mask. To mitigate this
noise and inspired by the superpixel-based annotation process, here is im-
plemented a superpixel refinement. In this step, superpixel polygons were
generated with an average size of 25 μm on the HPS ROI and overlaid
onto the prediction mask. Pixels within a superpixel are expected to exhibit
similar color and spatial relationships, indicating a high likelihood of be-
longing to the same tissue class. Leveraging this spatial coherence, an
argmax function was applied within each superpixel to identify the most
frequent class, which was then assigned to all pixels within that superpixel.
As illustrated in Fig. 4, this refinement process generated cleaner
predictions that more accurately followed the different tissue structures
by removing isolated pixels while preserving boundary precision.

Comparison baselines post-processing methods

To evaluate the efficacy of the proposed superpixel refinement method
against other common methodologies, the raw model probability
predictions were also processed using three widely established smoothing
and post-processing techniques. The parameters for all baseline methods
were optimized on the validation folds of the most computationally
efficient architecture (DeepLabV3+ with an EfficientNet-B5 backbone),
where larger kernels and sigma values were found to yield better perfor-
mance by closely approximating the 25 μm spatial scale of the superpixels.
These methodologies include:

• Gaussian Blur: a linear smoothing filter used to reduce high-frequency
noise and soften segmentation boundaries. A Gaussian kernel of size 61
× 61 pixels with σ = 19 was applied.

• Morphological opening and closing: standard non-linear operations used
to clean up themasks. Opening (erosion followed by dilation) was used to
remove isolated noise pixels, whereas closing (dilation followed by ero-
sion) was applied to fill small holes within the segmented tissue classes.
Both operations utilized a disk-shaped structuring element with a radius
of 25 pixels.

• Conditional random field (CRF): a probabilistic graphical model used to
model pairwise pixel interactions. The CRF refines boundaries by combin-
ing the network's pixel-level class probabilities (unary potentials) with
pixel color and spatial proximity features (pairwise potentials) to
maximize label consistency across visually homogeneous regions.
predictions can generate some isolatedmisclassified points and how superpixels can
w, superpixel polygons are overlaid into the different images. Polygons do follow the
perpixel refinement was applied as compared to pixel predictions.
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Experimental setup and hyperparameters

To ensure a consistent and comparable evaluation across all tested
network architectures and backbone combinations, certain training and in-
ference hyperparameters, as well as the computational resources, were
fixed. For training, testing, and hyperparameter fine-tuning, the Jean Zay
supercomputer was used, equipped with an Intel Xeon Platinum 8468
CPU, 128 GB of DDR5 RAM, and an NVIDIA H100 SXM5 GPU with
80 GB of dedicatedmemory. For specific tasks, such as measuring the com-
putational time of the different baseline post-processing approaches under
a more controlled scenario, a local workstation was used, equipped with an
Intel Core i9-14900KF CPU, 64 GB of DDR5 RAM, and an NVIDIA GeForce
RTX 4090 GPU with 24 GB of dedicated memory.

Different hyperparameter combinations were tested using the valida-
tion folds and the DeepLabV3+ architecture with an EfficientNet-B5 back-
bone. The best-performing combination was then uniformly applied to all
models, which included a batch size of 128 and the Adam optimizer with
an initial learning rate of 0.001. Additionally, several loss functions widely
used in medical image segmentation were evaluated to address potential
class imbalances, including cross-entropy, focal loss, Dice loss, and their
combinations (cross-entropy + Dice, and focal + Dice). Because the com-
bination of cross-entropy and Dice loss consistently showed the highest
overall IoU and the most stable optimization across the validation folds, it
was selected as the definitive objective function for training. A Softmax
function was selected as the classification function for inference. Training
was performed for a maximum of 15 epochs with an early stopping crite-
rion if no validation loss improvement was observed for five consecutive
epochs, as no significant performance improvement was noted beyond
this point. Furthermore, all feature extraction backbones (ResNet101,
Xception, and EfficientNet-B5) were initialized with pre-trained weights
from the ImageNet dataset to leverage prior knowledge and accelerate
convergence.

Due to the limited size of the dataset (10WSIs available for training and
validation), a final model was trained using all 10 available samples
simultaneously to maximize feature representation before evaluation on
the independent holdout test set. To prevent overfitting without a separate
validation split, the number of training epochs for thisfinalmodelwasfixed
at exactly 10 epochs. This number was selected empirically based on the
previous cross-validation loops, where no significant performance or opti-
mization improvements were consistently observed beyond 10 epoch.

Metrics

Accurate evaluation and appropriate metric selection are critical points
for precisely measuring the real impact of the different approaches and
their interpretation in clinical scenarios. To this end, two different groups
of metrics were considered: pixel- and spatial-level metrics.

Pixel-level metrics in semantic segmentation treat each pixel prediction
as an independent point in space, without accounting for neighborhood re-
lationships. Accuracy, which measures the overall percentage of correct
classifications, and the F1-score, defined as the harmonic mean of precision
and recall (Eq. 1) are included within this group. Whereas accuracy can be
useful for evaluating individual class performance, it is highly susceptible to
misleading results in the presence of class imbalance, especially when eval-
uating overall performance. The F1-score, by contrast, offers a more bal-
anced performance assessment by considering both false positives and
false negatives, making it more robust for overall results. In the context of
semantic segmentation, precision for a given class quantifies the proportion
of correctly classified pixels for that class out of all pixels predicted by the
model as belonging to that class. Conversely, recall for a given class mea-
sures the proportion of correctly classified pixels for that class out of all ac-
tual pixels belonging to that class in the ground truth. By combining these
two, the F1-score provides a comprehensive view, balancing the model's
ability to avoid misclassifications (precision) with its ability to find all
relevant pixels (recall) for each class.
6

2 Precision Recall
F1-score

Precision Recall
1

Spatial metrics, unlike their pixel-level counterparts, explicitly account
for neighborhood relationships and spatial interactions. IoU and the Dice
score are included in this group. IoU quantifies the ratio of overlap between
predictions and ground truth, calculated as the intersection area divided by
the union area (Eq. 2). Similarly, the Dice score also quantifies overlapping
areas, but it is calculated by taking twice the intersection area divided by
the sum of the individual predicted and ground-truth areas (Eq. 3). Analo-
gous to accuracy, IoU can exhibit sensitivity to classes with low occur-
rences, whereas the Dice score provides a more robust and balanced
evaluation for overall results, particularly in the context of class imbalance.

IoU
Predicted∩Ground Truth
Predicted∪Ground Truth

2

Dice Score
2 Predicted∩Ground Truth
Predicted Ground Truth

3

Given the multiclass nature of the segmentation problem, the F1-score,
IoU, and Dice score were calculated using their multi-label formulations. To
comprehensively assess model performance under the significant class im-
balance observed in the dataset, both macro- and micro-averaging strate-
gies were implemented. The micro-average provides an overall measure
of pixel level accuracy across all categories, whereas the macro-average
evaluates the model's capability across all 10 tissue classes equally, regard-
less of their size.

Statistical analysis

To evaluate whether the performance differences among the tested seg-
mentation models were statistically significant, a Friedman test was per-
formed. The Friedman test is a non-parametric alternative to the repeated
measures ANOVA, utilized here to compare and rank the overall model
metrics obtained across the five cross-validation folds. A p-value of less
than 0.05 was considered the threshold for statistical significance. This
analysis was used to determine if any specific network architecture or back-
bone combination consistently outperformed the others across the different
validation subsets.

Results

As illustrated in Fig. 5, the inference workflow comprised different steps
ranging from patch extraction, model inference, image reconstruction, and
superpixel refinement to obtaining the delineated ROI prediction mask. To
test the present workflow, different architectures and backbones were eval-
uated on twoROIs withinWSIs from different patients. These ROIs varied in
tissue area, class distribution, and the number of patches. Pre- and post-
processing steps were essential to extract patches from the ROIs and subse-
quently reconstruct the predicted patches into their original format. All met-
rics and analyses were conducted at the WSI level, providing a more
comprehensive viewof the results rather than just a localized patch analysis.

As a remark, throughout the document, the individual results corre-
spond to the DeepLabV3+ architecture with an Xception backbone trained
using all 10 available training and validation WSIs. This combination was
mainly selected due to the implementation of atrous convolutions, which
enhance the field of view, and its faster inference speed compared with
U-Net++ and SegFormer.

Post-processing and refinement evaluation

To validate the efficacy of the proposed superpixel refinement strategy,
the processed segmentation masks were evaluated against the raw pixel-
level probability predictions as well as three well know post-processing
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Fig. 5. Inference workflow. The testing workflow includes different steps and processes ranging from patch extraction to superpixel refinement until obtain the complete
prediction of the delineated ROI.
methods: Gaussian blur, morphological operations, and conditional
random fields (CRFs). As summarized in Table 3, performance was evalu-
ated across multiple metrics using both macro- and micro-averaging
schemes.

The quantitative results consistently demonstrate that the proposed
superpixel-based refinement yielded superior performance across all evalu-
ated metrics. Compared to the raw pixel-level predictions, the superpixel
refinement achieved average absolute gains of 1.6% in micro F1-score,
1.5% in accuracy, 2.5% in micro IoU, and 1.5% in micro Dice score.
Notably, the most prominent improvements were observed in the macro-
averaged metrics, where macro IoU increased by 3.0% (from 0.661 to
0.691) and macro Dice score advanced by 2.3% (from 0.777 to 0.800).
Alternative techniques like Gaussian blur and morphological operations of-
fered marginal smoothing adjustments, whereas the CRF approach showed
a modest performance increase over the pixel baseline but fell short of the
superpixel method across both macro- and micro-distributions.

Ablation study results

First, to evaluate the training stability of the networks, the mean train-
ing and validation loss curves across the five cross-validation folds for the
DeepLabV3+ with an EfficientNet-B5 backbone were monitored. As illus-
trated in Fig. 2 of the supplementary material, the training loss steadily de-
creased across all 20 epochs, indicating robust convergence. However, the
validation loss reached its optimal, lowest plateau between epochs 6 and
9. Beyond the 10th epoch, a visible divergence in validation loss accompa-
nied by an expansion in variance (±STD) was observed, signaling the start
of overfitting on the training set.

Following stability verification, a comprehensive ablation study was
performed to identify the optimal combination of segmentation network ar-
chitectures and backbones. A total of nine unique configurations derived
Table 3
Segmentation performance evaluation of various post-processing and smoothing
methods against the proposed superpixel refinement on the unseen holdout test set.

Post-processing Accuracy Macro
F1-score

Micro
F1-score

Macro
IoU

Micro
IoU

Macro
Dice

Micro
Dice

Pixels 0.906 0.777 0.905 0.661 0.834 0.777 0.905
Gaussian blur 0.906 0.779 0.905 0.662 0.834 0.779 0.905
Morpho.
operations

0.907 0.777 0.906 0.661 0.834 0.777 0.906

CRF 0.913 0.781 0.911 0.662 0.837 0.781 0.913
SuperPixels 0.921 0.800 0.921 0.691 0.859 0.800 0.921
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from three different architectures (DeepLabV3+, U-Net++, and
SegFormer) and three backbone networks (ResNet101, Xception, and
EfficientNet-B5) were evaluated. Each configuration was trained using
identical optimization hyperparameters across a 5-fold cross-validation to-
taling 810 h of training time to complete the study.

The validation and test results are shown in Supplementary Table 2 and
the test box plots in Fig. 6. All nine architectural combinations showed
highly competitive and consistent behavior, with overall performance dif-
ferences of less than 1.5% across metrics. These uniform results across the
diversity of the different models demonstrate that the proposed superpixel
schema is decoupled from specific deep learning design choices. Notably,
the standard deviations across the validation folds remained consistently
tight (ranging from±0.001 to±0.055), validating the stability and gener-
alization capacity of the pipeline despite the inherently limited dataset size.

Across the validation folds, macro-averaged metrics (with macro
F1-scores centering around 68%–70% and macro IoU around 54%–56%)
clearly highlighted the impact of high-class imbalance among the 10 differ-
ent tissue classes. However, when evaluating the models on the indepen-
dent holdout test set, a consistent performance leap was observed across
all architectures, with accuracy clustering closely between 0.914 and
0.919, and macro F1-scores consistently exceeding 0.810. To assess
whether any specific architectural combination provided a statistically su-
perior advantage on the unseen holdout data, a Friedman test was per-
formed across the test set metrics. The test revealed no statistically
significant differences among the nine models (p > 0.05). This uniform
top-tier performance on independent data shows that the proposed
superpixel annotation and refinement pipeline standardizesmodel outputs,
delivering stable, and architecture-independent segmentation masks.

Final holdout evaluation

To rigorously assess the final capabilities of the proposed approach, a
DeepLabV3+ model with an Xception backbone was deployed. The
model was trained on the pooled training and validation datasets (compris-
ing 10 WSIs) for a fixed duration of 10 epochs and subsequently evaluated
on the two independent holdout images (WSI 11 and WSI 12). The raw
pixel-level predictions were compared directly against the superpixel-
refined boundaries across both micro- and macro-averaged metrics.

As presented in Table 4, the holdout validation results demonstrate that
the superpixel-based refinement consistently yields higher segmentation
metrics across both independent cases compared to the raw pixel baseline.
Specifically, the superpixel framework achieved an absolute enhancement
of 1.5% in global accuracy, 1.6% inmicro F1-score, and 2.5% inmicro IoU.
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Fig. 6. Architecture models box plots. In general, models show similar results with not statically difference (Friedman test p > 0.05). DeepLabV3+ with Xception backbone
shows more stability with a tight standard deviation across the different folds.

Table 4
Individual whole-slide image (WSI) performance metrics and overall averages for
the raw pixel baseline versus the proposed superpixel refinement strategy on the
unseen holdout data.

Accuracy Macro
F1-score

Micro
F1-score

Macro
IoU

Micro
IoU

Macro
Dice

Micro
Dice

Pixels
WSI 11 0.911 0.761 0.911 0.633 0.843 0.761 0.911
WSI 12 0.901 0.794 0.900 0.688 0.824 0.794 0.900
Average 0.906 0.777 0.905 0.661 0.834 0.777 0.905

Superpixels
WSI 11 0.923 0.785 0.922 0.663 0.862 0.922 0.785
WSI 12 0.920 0.815 0.919 0.719 0.856 0.919 0.815
Average 0.921 0.800 0.921 0.691 0.859 0.921 0.800
Interestingly, themost remarkable improvements were observedwithin
the macro-averaged distributions. The average macro IoU increased by
3.0% (from 0.661 to 0.691), whereas the average macro Dice score im-
proved by 2.3% (from 0.777 to 0.800). This stable baseline correction
across unseen patient tissue structures demonstrates that the spatial and
color properties provided by the superpixel refinement effectively elimi-
nate local classifier noise.
Fig. 7. Confusion matrix from the two test WSI using the DeepLabV3 architecture and
keratinization classes mainly due to the difficulty of the model to differentiate the lim
WSI 12 but in this case, a confusion between blood and vessels was noted mainly to be

8

Class performance results

In addition to spatial and pixel-level metrics, confusion matrices were
generated from the two test WSIs to evaluate and compare individual
class performance, while also including relevant class metrics such as preci-
sion, recall, Dice score, and IoU scores as detailed in Table 3 of the supple-
mentary material. As illustrated in Fig. 7, for WSI 11, the current approach
effectively recognizes most tissue structures. However, it shows a notable
decrease in performance for vessels and keratinization. This is primarily at-
tributed to the challenge of differentiating the different shapes and sizes of
vessel structures (showing an IoU of 0.532), and the difficulty of the model
to well differentiate the boundaries between epithelial tumor cells and ke-
ratinization. Interestingly, the model accurately predicted the absence of
salivary glands in this slide, making no predictions for this class.

For WSI 12, where all classes are present, the model demonstrated sig-
nificant accuracy for salivary glands (97.15% in the confusion matrix and
0.961 IoU in Table 3 of the supplementary material). A specific area of con-
fusion observed in this WSI was between blood and vessels, where 35.51%
of blood pixels were predicted as vessels, likely due to the presence of blood
within smaller vessel lumens, which explains the lower recall value of
0.590 for the blood class. Importantly, as the unified confusion matrix in
Supplementary Fig. 3 illustrates, the model exhibited high accuracy (up
Xception backbone. For WSI 11, a notably decrease was observed for vessel and
its between some tumor cells and necrotic areas. Similar results were observed in
attributed to red blood cells inside small vessels.
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to 93%) in differentiating epithelial tumor cells from stroma, underscoring
its robustness in distinguishing tumor cells from benign regions a critical
point for diagnostic applications.

As illustrated in Fig. 8, specific predicted regions from different classes
and locationswere extracted to provide a visual assessment. The current ap-
proach demonstrates a strong ability to accurately differentiate diverse tis-
sue structures, regardless of their size. This performance, particularly in
achieving precise boundary delineations, can be largely attributed to the
superpixel refinement process.

Large tissue structures, such as muscle, epithelial tumor cells, salivary
glands, and stroma, consistently showed notable segmentation results,
with accuracy and Dice scores exceeding 0.900 due to the relatively high
prevalence of these classes within the training dataset. Furthermore, de-
spite the limited presence of the nerve class in the training set, the model
effectively recognized nerve structures (recall of 0.860 and IoU of 0.647),
evenwhen they exhibited cutting artifacts as observed in Fig. 8. Conversely,
keratinization presented a major challenge, showing the lowest IoU of
0.320 because it was frequently confused with tumor cells (33.4% in WSI
11) or necrosis (46.93% in WSI 12). Another notable observation is the
model's capacity to accurately identify white artifacts (Dice score of
0.800), including small regions that were occasionally overlooked during
the manual annotation process. An example of the full ROI prediction is
provided in Fig. 4 of the supplementary material.
Fig. 8.DeepLabV3 backbone and Xception architecture segmentations of different areas.
tissue classes independent of their size and location.

9

Loss function evaluation

To determine the optimal objective function for the proposed approach
under the high class imbalance, an evaluation was performed across five
different loss formulations: cross-entropy (CE), CE + Dice, Dice, Focal,
and Focal + Dice. As illustrated in Supplementary Fig. 5, pure Dice loss
demonstrated the lowest overall performance, particularly for the macro
F1-score which was around 68%. Whereas Focal loss and Focal + Dice
showed competitive metrics, they exhibited a wider performance variance
across the folds, showing less stability.

Conversely, the combinedCE+Dice loss consistently demonstrated the
highest results and the tightest variance distributions across all metrics,
achieving an accuracy of 0.921, a macro F1-score of 0.810, and a micro
IoU of 0.857. This behavior suggested that combining the pixel-level stabil-
ity of CE with the overlap optimization of Dice loss provides a robust train-
ing strategy for these data, justifying its selection as the objective function
for the current approach.

Computational execution time analysis

To evaluate the computational efficiency of the proposed approach
compared to the alternative post-processing methods, a time measure-
ment experiment was performed. The average execution time per WSI
In general, model's predictions show considerable ability to segmented the different
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Table 5
Computational time execution for the different baseline post-processingmethods. In
general, reconstruction + patch extraction takes around 5 min, whereas the pro-
posed superpixled refinement takes 3.5 min just 1 min slower compare to opening
and closing morphological operations.

Task Average execution time (minutes)

Patch extraction 0.2
Prediction + reconstruction 5
Morphological operation 2.5
Gaussian blur 7.5
CRF 60
Superpixels 3.5
was measured for each pipeline step. As summarized in Table 5, prepro-
cessing tasks, including patch extraction, required only 0.2 min,
whereas the model prediction and spatial reconstruction step took
5 min per slide.

When comparing the post-processing refinement methods, signifi-
cant differences in processing time were observed. Morphological oper-
ations were the fastest, requiring 2.5 min, followed closely by the
proposed superpixels refinement, which took 3.5 min per slide. In con-
trast, Gaussian blur required 7.5 min, and CRF method demonstrated
an extreme computational bottleneck, taking 60 min to complete a sin-
gle WSI. This behavior suggested that while CRFs are computationally
heavy and impractical for large-scale digital pathology workflows, the
proposed superpixel refinement provides a highly efficient and fast al-
ternative, delivering excellent boundary precision with minimal compu-
tational overhead.
Fig. 9. QuPath software interface. Model predictions are imported into QuPath, allowin

10
QuPath integration

Finally, to significantly enhance visualization and model usability for
clinical application, the model's predictions were integrated into the
QuPath software.20 This integration involved several steps: first, the
superpixel predictions were converted into polygons, including their abso-
lute coordinates relative to the HPS slide. Next, this geometric information,
along with other parameters such as class, color, and type, was formatted
into a GeoJSON file to ensure compatibility with QuPath's specifications.

As Fig. 9 illustrates, this integration provides more than just a visual in-
terface to easily superimpose and switch between the original HPS sample
and the model's predictions. It also empowers pathologists to directly mod-
ify and refine the model's segmentations using QuPath's extensive suite of
built-in tools. Furthermore, QuPath's capabilities extend to incorporating
different stains, performing various nuclei segmentations, and offering nu-
merous other functionalities, maximizing the overall utility of the predic-
tions in a clinical research environment.

Discussion

This work introduces an automated semantic segmentation algorithm
for oral cancer of 10 different tissue classes within tumor ROIs in HPS
slides. The evaluation was carried out in a set of 9 different architectures
and backbones using in a set of 444,038 training/validation patches and
78,103 test patcheswith size of 256×256 pixels, derived from12 different
patients. The study included the use of superpixels to enhance and speed up
the annotation process allowing pathologist to efficiently make fine-
grained annotation at a higher resolution (0.325 μm pixel size). This level
of precision was crucial for achieving accurate boundary segmentation,
g clinicians to use all the software's built-in tools and functions over the predictions.
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evidenced by amicro IoU of up to 0.859 and an accuracy of up to 0.921. Ad-
ditionally, no statistically significant differences (Friedman test, p > 0.05)
were found across the different architecture/backbone combinations,
with remaining models showing less than 2% performance difference,
underscoring the robustness and consistency of the entire workflow. Fur-
thermore, the present superpixel-based refinement strategy significantly
improved performance, yielding an increase of 3.0% in macro IoU and
2.3% inmacroDice score compared to pixel-level predictions, by effectively
removing small, isolated pixels and providing superior boundary
delineations through grouping pixel predictions by their spatial and color
relationships.

The clear advantage of the proposed superpixel refinement over
traditional post-processing baselines is attributed to its capacity to leverage
the inherent spatial and color coherence of tissue morphologies. Whereas
alternative techniques like Gaussian blur and morphological operations
smooth predictions, they lack mechanisms to handle complex boundaries,
often erasing smaller tissue structures. Whereas scaling the baseline filters
(such as Gaussian blur and morphological operations) to a 25 μm kernel
size successfully removed isolated noise, it inherently caused a loss of fine
structural details and blurred class boundaries. In contrast, the proposed
superpixel refinement achieved the same level of noise reduction at that
scale while strictly preserving sharp, biologically accurate boundaries.

When considering the balance between accuracy and computational
speed, the proposed superpixels refinement demonstrated a highly favor-
able tradeoff. Although it required an additional 1 min of processing time
compared to simple morphological operations (3.5 min vs. 2.5 min), this
minor increase was heavily justified by the substantial improvements in
boundary precision and macro-averaged metrics. Furthermore, it
completely bypassed the extreme 60-min computational bottleneck seen
with CRFs, showing that the current approach is both highly accurate and
fast enough for practical, large-scale digital pathology workflows taking
in average 9 min to process one WSI.

Despite the considerable results obtained, some issues still persist that
warrant discussion. A major challenge in the current approach arises from
the significant class imbalance observed in both the training and test sets.
For example, as detailed in Supplementary Table 1, classes with relatively
low occurrences in the training set such as nerve (0.84%), blood (0.57%),
and vessels (2.36%) show a degradation in performance in both test WSIs
compared to classes with higher occurrences. This can be primarily attrib-
uted to two factors: the high morphological variation in shape and size
within these tissue classes, and the insufficient training data to learn such
diverse representations. It is important to note, however, that even with
this high class imbalance, the model is still able to identify these challeng-
ing structures, achieving a robust recall of 0.860 for nerve, a precision of
0.910 for blood, and a balanced performance for vessels with an IoU of
0.532.

A notable observation in the semantic segmentation results is the over-
lap between the epithelial tumor cells and keratinization classes. Whereas
this might initially seem like a misclassification, it reflects a biologically ac-
curate representation of OSCC pathology. Keratinization is the definitive
sign of squamous differentiation and is inherently part of the malignant
cells in OSCC. Therefore, the model's ability to identify and classify
keratinized regions as part of the epithelial tumor cells class is not an
error; instead, it demonstrates the model's capacity to recognize a funda-
mental histological characteristic of well-differentiated tumors.

Another significant challenge arises from current computational limita-
tions that necessitate working with local patches, thereby limiting the field
of view compared to the vast size of WSI ROIs. This loss of contextual infor-
mation makes accurate segmentation of large structures difficult, forcing
models to rely on local color and texture patterns for such patches.
Consequently, this dependence on local visual features highlights a poten-
tial limitation regarding stain generalization, as the model was trained on
HPS-stained tissues and may face domain shifts if applied to H&E stains
due to alterations in color and texture patterns. For instance, as Figs. 6A
and 6B of the supplementary material demonstrate, some structures are
misclassified mainly due to their local appearance similarity with other
11
tissue types. A similar issue is observed in Supplementary Fig. 6C, where
large white areas within vessel lumens are misclassified as white artifacts.
This particularmisclassification highlights the critical loss of spatial context
from distant but related structures, such as endothelial cells, which would
otherwise help in correctly identifying these lumens as part of the vessel.

In the literature, several works have explored the application of deep
learning models to oral cancer analysis in histopathology images. Some
studies focus on the classification of tumor versus benign patches,18 or in-
clude additional classes for areas that are diagnostically ambiguous or con-
tain tissue artifacts.22 However, these methods typically offer only local
analyses due to their patch-based nature, which significantly limits
their clinical applicability and usability by providing restricted patch
interpretability.

Other studies applied deep learning for semantic segmentation for dif-
ferent tasks, such as the segmentation of tumor areas,19 reporting a patch
accuracy of 0.976 and an IoU of 0.852, but only offering qualitative assess-
ments for the WSI segmentation. Similarly, works exploring the segmenta-
tion of micro-vessels and nerves report high accuracy (0.965) and IoU
(0.780), but again, these analyses are restricted to a limited number of
classes and remain patch-based.24

Approaching these critical limitations in the tissue segmentation of oral
cancer specimens, the present work not only significantly surpasses current
approaches by considering a comprehensive set of 10 tissue classes for se-
mantic segmentation but also demonstrates robust inference across differ-
ent patients through quantitative analysis of two independent WSIs.
Furthermore, theWSI ROI reconstruction and deployment in QuPath signif-
icantly enhances its potential for future clinical impact and usability in
clinical scenarios.

Conclusions and future work

This work introduces an automated semantic segmentation algorithm
for oral cancer, specifically designed to segment 10 different tissue classes
within ROIs on WSIs. The present approach demonstrated the
methodology's robustness through an extensive evaluation across nine
unique architecture and backbone combinations, using a considerable
dataset from 12 independent patients. A key innovation of the approach
is the integration of superpixels for both efficient annotation and effective
post-prediction refinement, which provided accurate boundary segmenta-
tions while mitigating possible noise predictions. This strategy yielded con-
siderable results, including amicro IoU of up to 0.859 and an accuracy of up
to 0.921, consistently across different model configurations.

Despite the challenges posed by significant class imbalance and the in-
herent limitations of patch-based analysis in capturing global WSI context,
the present approach still demonstrated a significant ability to identify even
morphologically diverse and under-represented classes. Crucially, the full
WSI ROI reconstruction and integration of the predictions into the open-
source QuPath software significantly enhance the clinical usability and po-
tential for direct translation into diagnostic workflows. Future work will
focus on addressing current limitations by exploring techniques to handle
extreme class imbalance and the inclusion of complementary information,
such as the biochemical composition of the tissue from infrared imaging,
to enrich feature representation beyond color and texture features. This
new infrared information will help to mitigate the limited field of view by
adding the biochemical representation of each tissue class instead of only
relying on their morphological representation limited by the patch size.
Furthermore, prospective validation studies in diverse clinical settings
and tasks are expected to assess generalizability and potential clinical
applications.
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