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Abstract: Problem – Diagnosing early-stage oral squamous cell carcinoma (OSCC) is necessary for patient
treatment and survival. The staining normalization and augmentation of histopathological images can play an
important role in improving the accuracy of early oral cancer (OC) detection, especially with imbalanced and
limited datasets, which is a difficult manual task because it is time-consuming, requires effort, and is subject to
variation among different pathologists. Applying these methods can enhance the performance of deep
learning models used for OSCC detection. Aim – This study addresses the aforementioned challenges by
showing how the random stain normalization and augmentation (RandStainNA) technique can be applied
to datasets as a preprocessing step along with transfer learning models to categorize histopathological images
of OC into three classes. Methods – The performance of three models – ResNet-50, VGG-19, and an ensemble
model – in image classification is compared. Using fivefold cross-validation for training, our framework
compares two main tasks. The best results were achieved on the task in which the models were pretrained
using patches, and the RandStainNA technique was applied to the images as a preprocessing step. We trained
the models to extract features from the relevant images and then determine the final classifications. Results –
Our proposed framework achieved the best results in the early diagnosis of OC using the NDB-UFES dataset
and the ResNet-50 model, demonstrating 73.33% balanced accuracy, 74.68% precision, and 74.35% recall, as
well as a 92.21% area under the curve. Conclusion – Our proposed framework was effective in improving the
accuracy of early OC detection, especially when working with small and imbalanced datasets. In addition, this
method may contribute to enhancing the generalizability of models and using them in diverse laboratories.

Keywords: oral cancer, cancer classification, oral leukoplakia, leukoplakia with dysplasia, deep learning,
transfer learning, histopathological images

1 Introduction

Oral cancers (OCs) are common worldwide. Oral squamous cell carcinoma (OSCC) is a branch of head and neck
squamous cell carcinoma [1]. In general, the prognosis and treatment of oral cavity cancer depend on the stage
of the disease at diagnosis, and the survival period is about 5 years on average [2]. A late OC diagnosis can lead
to a 30% decrease in the chance of survival, which increases the fatality rate. Therefore, early diagnosis is
essential to optimize the chance of survival [3,4]. Currently, biopsy is the standard method for confirming the
diagnosis of OC [5]. However, microscopy-based histopathological examination is often challenging, requires
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human expertise, and is time-consuming. The automated analysis of images of oral biopsies can help histo-
pathologists optimize their performance and diagnose the images more accurately [6].

Oral leukoplakia is a disorder with a probability of becoming malignant. It appears in the form of a white
patch in the mouth. The etiology of leukoplakia includes factors such as smoking cigarettes and consuming
alcohol; irritation of the oral mucosa is the most prominent cause [7]. In review by Aguirre-Urizar et al. [8], 24
studies were analyzed to evaluate the risk factors for and estimate the likelihood of malignant transformation
in oral leukoplakia. The study revealed that the percentage of malignant transformation ranged from 1.1 to
40.8%, and epithelial dysplasia was significantly associated with malignant transformations.

The complexity of histopathological data makes it challenging to classify oral lesions and OC. Oral leuko-
plasia also exhibits high intra-disease variability [9] within single classes, including heterogeneous histopatho-
logical patterns, such as differences in the thickness of the epithelium and keratinization; inter-class varia-
bility between dysplastic and non-dysplastic patients, and overlapping cytological features. This complexity
can greatly hinder a model’s ability to distinguish between classes. Furthermore, this issue contributes to the
problem of class imbalances in datasets, as models tend to make predictions about majority classes. Unpre-
dictable differences in staining protocols and imaging across laboratories introduce another obstacle to the
generalizability of models. To address these challenges and optimize the accuracy of diagnoses, we must be
able to extract high-resolution features from advanced computational models while simultaneously dealing
with imbalanced datasets and variability in staining.

Transfer learning models have been used in several studies to address these limitations in the context of
OC diagnosis [3,6,10]. These models offer the advantage of being pretrained on large datasets by learning
various features. However, small dataset sizes, along with subtle variations in classes of histological images,
limit the performance of such models. In most studies, the augmentation technique is used to increase the size
of datasets – for instance, through horizontal and vertical flipping. While this can be effective in some datasets,
it has proven inadequate elsewhere. For this reason, augmentation of histological images has been comple-
mented by stain normalization. This offers a significant means of enhancing model training and can lead to
crucial improvements, especially when used along with transfer learning models. Recently, the random stain
normalization and augmentation (RandStainNA) [11] technique for classifying histopathological images was
developed. RandStainNA combines stain normalization and stain augmentation with the objective of enhan-
cing histopathological image analysis through the use of deep learning models, and it aims to optimize their
generalizability. However, the present methods face many issues, including the following:
(1) Variation in histological features: a single sample may exhibit heterogeneity in the form of distinct features

(such as non-dysplastic and dysplastic characteristics) – for instance, hyperplasia and keratinization for
non-dysplastic features, or koilocytosis and intercellular bridges for dysplastic features – making it diffi-
cult for the model to learn the specific features to be classified.

(2) Subtle changes between categories: some dysplastic lesions exhibit mild or moderate changes yet remain
similar to those that do not undergo dysplastic changes, leading to difficulty in determining the appro-
priate class.

(3) Ability to limited and multiclass datasets: many models have difficulty handling small datasets with
multiple classes, limiting their applicability in certain research contexts.

(4) Efficiency issues due to imbalances between classes: most models have difficulty dealing with imbalances
among classes, which leads to predictions of the bise majority class.

To address these challenges, this study develops a deep learning framework by subjecting models Visual
Geometry Group (VGG)-19 and ResNet-50 to transfer learning in order to classify histopathological images
of the oral cavity into three categories. Two categories represent the early stages of cancer, and the third
category represents the malignant OSCC. This method is designed to ensure more accurate diagnoses of OC,
which can lead to faster and more effective treatment plans. By helping to provide pathologists with efficient
and accurate early diagnoses, this method could help reduce the number of potential deaths caused by OC. In
this context, this study’s objective is to facilitate the accurate diagnosis of OC in its early stages and enhance the
generalizability of relevant models by adopting stain normalization and augmentation in tandem with the
effective extraction of features by transfer learning models. More specifically, this research aims to classify
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OSCC and oral lesions subject to potentially malignant transformations (i.e., oral leukoplakia with and without
dysplasia) accurately and reliably by applying stain normalization and augmentation to histopathological
images. The purpose of this work is to show how RandStainNA can be used to increase and feed training
datasets in order to train transfer learning models in early-stage OSCC classification. Specifically, we present a
framework that applies the RandStainNA technique as a preprocessing step to analyze the NDB-UFES dataset,
while using the ResNet-50 and VGG-19 transfer learning models to improve the classification of OSCC in the
early stages. The proposed framework’s performance is evaluated in terms of balanced accuracy (BCC),
precision, recall, and area under the curve (AUC). The primary findings indicate that the proposed framework
improves classification performance, with the AUC increasing from 77 to 92% in the task with pretrained
patches. These findings suggest that RandStainNA has the ability to improve the classification of early-stage
OSCC, which could contribute to future cancer research. The following sections provide a literature review , a
description of our methodology, and the results of the proposed framework. The study’s main contributions
are as follows:
• Improves the handling of dataset complexity: the subtle extraction of features from histopathological images
requires an effective model. Histopathological images present several challenges in terms of intra-class
variability and subtle differences between classes.

• Handling limited and imbalanced datasets: RandStainNA was applied to the NDB-UFES dataset to categorize
images into three classes and investigate their effectiveness. Our study demonstrates that this application is
effective because it improves the accuracy of classifications.

• Classification: the main objective was to accurately classify OSCC in the early stages using the proposed
framework, which involves applying RandStainNA to the NDB-UFES dataset to facilitate feature extraction
and classification using transfer learning models.

• The classification performance of our technique is compared to that of previous studies. On all performance
metrics, our framework outperformed the other models.

This article is structured as follows: Section 2 presents the literature review, highlighting previous relevant
works and their limitations. Section 3 describes the methodology, introducing our framework, the transfer
learning models, the dataset, RandStainNA as a preprocessing approach, the data division and experiments,
and the metrics we used for evaluation. Section 4 presents the results of the main tasks and discusses them,
comparing the results with those of previous studies. Section 5 concludes the study and specifies potential
future research directions.

2 Related works

This section presents a review of previous studies that have used artificial intelligence to classify cancer and
OC. Given the rapid development in the field of cancer diagnosis and treatment, numerous studies have
developed methods for using modern medical technologies to contribute to better treatment planning [12].
Artificial intelligence has exhibited promising capabilities for analyzing and processing medical data, such as
omics and multi-omics, in order to accurately diagnose cancer [13]. In recent study, multi-omics has been used
to improve cancer subclassification, with the best results achieved by applying feature selection along with
machine learning algorithms, such as the K-means algorithm and support vector machine [14]. In the latter
context, deep learning techniques have been used to analyze medical images to make early and accurate OC
diagnoses. Most research has focused on the division of histopathological images into normal images and those
indicative of OSCC [10,15–17]. Additionally, researchers have commonly employed transfer learning models,
such as ResNet-50, VGG-16, and InceptionV3. On the other hand, some studies have used convolutional neural
networks (CNNs) to identify high-risk epithelia dysplasia and normal epithelia [18] and to facilitate multi-class
grading of dysplasia [19]. In addition, more recent research [3] has categorized histopathological images of oral
leukoplakia into classes: leukoplakia without dysplasia (LW/oD), leukoplakia with dysplasia (LW/D), and the
malignant OSCC. Some recent studies on these topics are listed in Table 1.

Classification of histopathological images for oral cancer  3
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Although they have made significant contributions to the classification of OC images using deep learning models,
these studies have some limitations. Most studies have focused on binary classification, i.e., the simple determina-
tion of whether OC exists. However, the specific identification of early-stage OC is crucial to enable timely treatment
and ensure the greatest chance of survival, especially with the deadly OSCC. In light of these gaps, the present study
aims to facilitate the classification of OSCC and oral lesions subject to potentially malignant transformations – LW/D
and LW/oD – as the early stages. Furthermore, recent studies have used histopathological images to classify OC
images into three classes: LW/oD, LW/D, and OSCC. However, the results need further refinement so that accurate
diagnoses can be ensured. Therefore, this study set out to fill these gaps by applying the RandStainNA technique to
improve the performance of deep learning models and thus yield more accurate and reliable diagnoses.

3 Materials and methods

Figure 1 presents the general framework of our oral histopathological image classification system, which was
used to improve the performance of deep learning models in classifying OC.

3.1 Data description

The dataset we used was published in 2023 by the Oral Diagnosis Project of the Federal University of Espírito
Santo (NDB-UFES) [21]. It is composed of high-resolution ×2,048 1,536-pixel histopathological images of oral
leukoplakia and OSCC from biopsies performed between 2010 and 2021 and stained with hematoxylin–eosin. A
total of 237 images were obtained: 91 for OC, 89 for oral LW/D, and 57 for LW/oD. Figure 2 provides examples of

Figure 1: Our framework for the three-class categorization of histopathological images. The figure shows Task I and Task I with
pretrained patches, which were used to distinguish three classes of images – OSCC: oral squamous cell carcinoma; LW/D: leukoplakia
with dysplasia; LW/oD: leukoplakia without dysplasia. Source: Created by the authors.

Figure 2: Examples of images from the three classes in the NDB-UFES dataset: (a) oral squamous cell carcinoma, (b) LW/D, and
(c) LW/oD.

Classification of histopathological images for oral cancer  5



images from these three classes. In addition, the dataset includes patches of the images with ×512 512 pixels.
There were 3,763 patches in total, of which 1,126 were of OC, 1,930 were of LW/D, and 707 were of LW/oD.

3.2 Preprocessing

Model generalization is a challenge when analyzing histological images due to differences between digital
scanners and between their responses, which can affect their performance. To address this problem, some
research on stain normalization [22] has suggested transferring color characteristics from one image to
another using statistical analysis. The technique suggested in the study by Shen et al. [11] unifies two methods
of analyzing histological images: stain normalization, in which an image is used as a template to alleviate stain
differences, and stain augmentation, which enriches stain styles by simulating variations of those stains. With
the objective of decreasing generalization errors, this method, called RandStainNA, applies these techniques to
the problem of changing stain styles in the workable range and with several color spaces selected randomly.
The colors in image Im Im are converted from RGB to LAB, and the pixel value can be written as [ ]l a b, , , where
each channel in this image is represented by the average [ ]( ) ( ) ( )=G g g g, ,m m
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The color space is then transferred again [ ]′ ′ ′l a b, , from the LAB to the RGB space. In this study, to increase
the generalizability of the model and the number of training datasets, we used the RandStainNA technique
with the color spaces in LAB. The number of datasets achieved after applying RandStainNA is shown in Table 2,
and Figure 3 presents the steps of the RandStainNA technique when applied to the dataset.

3.3 Transfer learning

In most studies, transfer learning using CNNs has been applied to extract features from medical images. The
researchers in the study by Li et al. [23] used ResNet-50 to extract features from breast cancer histopathological
images, while the study by Liu et al. [24] used ResNet-50 to predict the primary tumor areas in spinal

Table 2: Dataset used in this study

Class Leukoplakia without dysplasia LW/D Malignant OSCC Total

Original images 57 89 91 237
Training set 48 74 76 198
Test set 9 15 15 39
RandStainNA 1,152 1,147 1,140 3,439

Note: This represents the number of images in the dataset after being split into training and test sets and after applying the
RandStainNA technique to the training set.
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metastases using magnetic resonance imaging. In this study, we used the pretrained VGG-19 and ResNet-50
models.

3.3.1 VGG-19

The VGG model is a CNN pre-trained model that was suggested in 2014 [25] by Simonyan et al. at Oxford
University, UK, where the VGG was trained on ImageNet with 1.3 million images. The VGG-19 model contains 19
connected layers, which consist of fully and highly connected convolutional layers, and uses max pooling and
the Softmax activation function. In this study, we used the same architecture with a simple modification in the
classification block, which contains two linear layers and the ReLU activation function between them, followed
by a dropout with a value of 0.5 (see Figure 4 for present the VGG-19 model architecture).

3.3.2 ResNet-50

ResNet-50 is a deep CNN [26] containing 50 deep layers. It is based on the ResNet architecture, which uses a
residual block to add the output from one layer to the next, enabling skip connections and solving the
vanishing gradient problem. The ResNet-50 model was trained on one million images from ImageNet. The

Figure 3: Steps involved in performing random stain normalization and augmentation on an image from the dataset used in this study.
Source: Created by the authors.

Figure 4: Graphic representation of the VGG-19 model architecture created by Simonyan et al. [25].

Classification of histopathological images for oral cancer  7



architecture consists of many CLs followed by BatchNorm and ReLU activation to extract features. The data are
subjected to max pooling, which reduces the spatial dimensions. It also contains two types of blocks, i.e.,
identity and convolutional blocks, to process and transform these features. Both blocks pass on the input and
are processed through the CL, which adds the input to the output. In the convolutional blocks, a ×1 1 CL is
added prior to a ×3 3 CL to decrease the number of filters. In the last of the ResNet-50 networks, the final
classification is performed by the fully connected layers, which use Softmax as an activation function to
determine the probability of the final class. Figure 5 presents the ResNet-50 model architecture.

3.3.3 Ensemble model

We also combined the pretrained VGG-19 and ResNet-50 models, which had been trained independently on
patches of three classes from the dataset. We used fivefold cross-validation and stochastic gradient descent
(SGD) optimization for each model, with 10 training epochs for VGG-19 and 15 for ResNet-50. We then saved the
models to reuse as pretrained models. The resulting ensemble model used a bagging approach to train the two
models together and then classify the images.

3.4 Data splitting and experiments

To evaluate the models, we divided the dataset into training and validation (5/6) and testing (1/6) portions and
used standard forms of augmentation, including flipping, rotation, and range shifting. We experimented with
various hyperparameters and settled on a 0.001 learning rate and fivefold cross-validation for all models.
There were some differences in the settings for each model. With the VGG-19 model, we used an SGD optimizer
with ten epochs. For the ResNet-50 model, we employed two SGD optimizers for the pretraining phase and
Adam in the training on images using 15 epochs. For the ensemble model in the training phase, we used Adam
optimization with five epochs. Table 3 displays the parameters of each model.

We performed the experiments for Task I using two methods to categorize images into three classes: LW/
oD, LW/D, and OSCC. The steps for this task are explained in this section.

Figure 5: Graphic representation of the ResNet-50 model architecture created by He et al. [26].

Table 3: Parameters of the transfer learning models

Parameter VGG-19 model ResNet-50 model Ensemble model

Learning rate 0.001 0.001 0.001
Batch size 64 64 64
Epochs 10 15 5
Optimizer SGD SGD/Adam Adam
Loss function CrossEntropyLoss CrossEntropyLoss CrossEntropyLoss
Dropout rate 0.5 Not used Not used
Number of layers 19 50 Combined (VGG-19 and ResNet-50 structure)
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Task I: Preprocessing: we applied RandStainNA to the original images from all classes. Training: the
transfer learning models were trained using the images after preprocessing, and fivefold cross-validation
was applied during the training. Testing: the transfer learning models were tested using images unseen by the
models, and the model’s performance was evaluated using the metrics of BCC, precision, recall, and AUC.

Task I with pretrained patches: Pretraining: the transfer learning models were trained using the patches
of training images from the NDB-UFES dataset. We applied fivefold cross-validation during the training and
then saved the models. Training: the models we saved after pretraining using patches were used to train
the model on images, and RandStainNA was applied. We again applied fivefold cross-validation during the
training. Testing: the transfer learning models were tested using images unseen by the models, and the
performance was again evaluated based on BCC, precision, recall, and AUC.

3.5 Evaluation metrics

To evaluate the models’ performance on the training set, we used fivefold cross-validation to generate five
trained models, and the average for the results of these five was computed after evaluation on the testing set.
To assess the models’ performance, we used the four metrics: BCC, precision, recall, and AUC. BCC is used to
deal with imbalanced datasets. As shown in equation (2), it is defined as the mean of both the recall true-
positive rate and the specificity true-negative rate, as shown in equations (4) and (5), respectively. Precision
reflects the percentage of images diagnosed, as shown in equation (3). Recall indicates the proportion of images
that the model correctly diagnosed. Finally, we used the macro average of the AUC values:

=
+

BCC

Recall Specificity

2

,
(2)

( )

( ) ( )
=

+
Precision

True Positive TR

True Positive TR False Positive FP

, (3)

( )

( ) ( )
=

+
Recall

True Positive TR

True Positive TR False Negative FN

, (4)

( )

( ) ( )
=

+
Specificity

True Negative TN

True Negative TN False Positive FP

. (5)

4 Results and discussion

In this section, we present and discuss the results of Task I and Task I with pretrained patches.
In Task I, we investigated the effectiveness of using the RandStainNA technique on the NDB-UFES dataset.

This effectively improved the model’s classification performance based on our framework, as the results in
Table 4 suggest. This led to improvement on all metrics, with an average improvement in BCC of 8.6%,

Table 4: Results for Task I: classifying images into three classes

Model BCC Precision Recall AUC

Original images
VGG-19 0.6296 0.7041 0.6410 0.8416
ResNet-50 0.5259 0.5942 0.5897 0.7732
Ensemble 0.5111 0.5319 0.5897 0.7854
Images with RandStainNA technique
VGG-19 0.6666 0.7271 0.7179 0.8919
ResNet-50 0.6370 0.6802 0.6666 0.8143
Ensemble 0.6296 0.6804 0.6410 0.7977
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precision of 8.7%, recall of 7%, and AUC of 3.3%. The greatest improvement was observed in precision, followed
by BCC, indicating that the models became more reliable in correctly determining positive predictions while
effectively decreasing the false-positive rate. This indicates that the models became more effective in dealing
with complex, imbalanced datasets. The best results were achieved on Task I using the VGG-19 model, where
the BCC was 66.66%, the precision was 72.71%, the recall was 71.79%, and the AUC was 89.19%.

In Task I with pretrained patches, we aimed to improve the performance of the models by using patches of
the images to pretrain the models; we also measured the effectiveness of this method along with that of our
framework, including the RandStainNA technique. This methodology was highly effective with some models,
such as ResNet-50, which achieved the best performance, followed by the ensemble model. As we can see in
Table 5, the best results were achieved using the ResNet-50 model: the BCC was 73.33%, precision was 74.68%,
recall was 74.35%, and AUC was 92.21%. The improvements in BCC and AUC indicate that the model’s capacities
to deal with imbalance in the dataset and ability to discriminate between classes were effectively improved,
leading to more accurate diagnoses of images into the LW/oD class. In contrast, the VGG-19 model performed
less well due to the structure of the model and its ability to effectively extract important features.

The AUC values on the tasks are compared in Figure 6. The best result achieved in Task I was for OSCC,
followed by the LW/D class. In Task I with pretrained patches, the best result was for OSCC, followed by the
LW/oD class. It seems that the OSCC class had the same value and the best results in both, and the pretrained
patches improved the distinction between the LW/oD and LW/D classes, most significantly for the LW/oD class.

4.1 Comparison with previous works

The performance of our framework can be compared with that of the methods used in the latest studies. The
differences in performance between Task I and Task I with pretrained patches are shown in Table 6. Our

Table 5: Results for Task I with pretrained patches: classifying images into three classes

Model BCC Precision Recall AUC

VGG-19 0.6666 0.7021 0.6153 0.7640
ResNet-50 0.7333 0.7468 0.7435 0.9221
Ensemble 0.6740 0.7094 0.6923 0.8549

Figure 6: AUC results for both tasks: (a) Task I using the VGG-19 model and (b) Task I with pretrained patches using the ResNet-50 model.
Source: Created by the authors.
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framework achieved better results on Task I using both methods. To the best of our knowledge, only one study
has used patches of images from the NDB-UFES dataset because it is new. Moreover, de Lima et al. [3]
completed Task I using images and patches of images to classify the three classes. Their study achieved the
best results using the PiT model for both procedures from Task I: the BCC was 63.70%, precision was 67.60%,
recall was 65.60%, and AUC was 84.06% for Task I, while the BCC was 67.45%, precision was 69.20%, recall was
67.60%, and AUC was 81.88% for Task I with pretrained patches. The results using our framework demon-
strated improved performance: the BCC was 66.66%, precision was 72.71%, recall was 71.79%, and AUC was
89.19% on Task I using the VGG-19 model, and the BCC was 73.33%, precision was 74.68%, recall was 74.35%, and
AUC was 92.21% in Task I with pretrained patches using the ResNet-50 model.

4.2 Limitations

The proposed framework has proven effective in improving the results of classifications of OC in the early
stages. However, our study has a few limitations that limit the learning ability of the models, including
imbalanced and limited datasets and limited resources available to train the models. Regarding the issue of
imbalanced and limited datasets, we used NDB-UFES, which contains histopathological images categorizable
into three classes, namely, OSCC, LW/D, and LW/oD, of which LW/oD is a minority class by a difference of 32
samples. Additionally, the complexity of histopathology increases the difficulty of the learning process, parti-
cularly with respect to intra-disease heterogeneities in oral leukoplakia and the subtle differences between no
dysplasia (LW/oD) and mild-to-moderate dysplasia (LW/D). This may have led to uncomprehensive data for
each class in training and classification, which may have affected the accuracy of the outcomes. In addition,
the process of training the models requires high-performance resources, particularly when dealing with the
high resolution of histopathological images, which, in the NDB-UFES dataset, had a size of ×2,048 1,536 pixels.
This problem emerged when we applied the RandStainNA technique, wherein the number of images was
increased by stain augmentation. This study used Colab Pro resources and an A100 processor with 83.5 giga-
bytes of random access memory. Therefore, limited resources were available to train the models.

5 Conclusions

This study demonstrates the efficacy of using stain normalization and augmentation to improve the perfor-
mance of transfer learning models in classifying histopathological images, comparing these methods with
existing research. This approach facilitated more accurate diagnosis of OC, which could improve the survival
rate and treatment of the disease. Applying stain normalization and augmentation provides a promising
method for processing limited and complex datasets, which makes it valuable in the histopathological field.
These enhancements help improve the performance of models used to classify OC in its early stages, which
further contributes to diagnosis and treatment. The theoretical outcome of this study was to prove the
efficiency of the RandStainNA technique in handling limited datasets with subtle differences between classes;

Table 6: Comparison of our results with state-of-the-art research

Model BCC Precision Recall AUC

Task I
PiT [3] 0.6370 0.6760 0.6560 0.8406
VGG-19 (Ours) 0.6666 0.7271 0.7179 0.8919
Task I with pretrained patches
PiT [3] 0.6745 0.6920 0.6760 0.8188
ResNet-50 (Ours) 0.7333 0.7468 0.7435 0.9221
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the practical outcome is to highlight the improvement in the accuracy of diagnoses of OC in the early stages.
The main contribution of this study was to propose a framework based on the use of the RandStainNA
technique, along with transfer learning models, to enhance the accuracy of OC diagnosis in the early stages,
as we have demonstrated how such classifications can be effectively improved. This framework is appropriate
for dealing with the challenges of histopathological images, such as subtle differences between classes and
heterogeneous intra-class features. This proposed method allows for the efficient preprocessing of this type of
data. In this respect, we found that the use of RandStainNA is justified by certain practical advantages.
Specifically, the accuracy of OC classification models is enhanced by the possibility of preprocessing complex
and limited histopathological images. This improvement in accuracy can lead to more accurate diagnoses and
treatment of OC in the early stages. However, this approach has limitations, such as application to an imbal-
anced and limited dataset, and the intra-class heterogeneity of the histopathological images, wherein there are
subtle differences between categories, especially in terms of the differences between mild dysplasia and no
dysplasia. In addition, limited resources were available to train the models, as the high resolution of histo-
pathological images requires high-performance resources, particularly when augmenting and thus increasing
the dataset. For future research, we recommend exploring the fusion of new transfer learning models, such as
CaiT, InceptionNeXt, and BeiT, with morphological texture-extracting methods to extract features. Combined
with the use of algorithms designed to select important features, this may help address the complexity of
histopathological images by teaching models to understand the patterns in data and select important features,
which can further improve classifications. Integrating clinical and demographic data, such as those provided
in the NDB-UFES dataset of histopathological images, and using multimodal fusion, such as late plus inter-
mediate fusion, may provide a better understanding of these models, so that they can efficiently handle the
limitations of dataset sizes.
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