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Aim: This study aimed to evaluate and compare the diagnostic performance of computed tomography (CT) and magnetic resonance
imaging (MRI) in the detection of endometrial cancer, using a deep learning approach.

Methods: Two endometrial image sets were obtained from King Abdullah University Hospital: the KAUH Endometrial Cancer MRI
dataset (KAUH-ECMD) and the KAUH Endometrial Cancer CT dataset (KAUH-ECCTD), collected from 300 patients aged between
22 and 85. A hybrid deep learning model combining ResNet50 and Vision Transformer (ViT) was applied to classify the images into
three categories: benign, malignant, and normal.

Results: The proposed ViTNet model achieved an accuracy of 90.24% in detecting endometrial cancer using MRI images and 86.99%
using CT images. The MRI-based approach demonstrated superior diagnostic performance in detecting endometrial cancer compared
to CT-based classification.

Conclusion: Deep learning models utilizing MRI and CT images demonstrate high accuracy in classifying endometrial cases. MRI in
particular shows promise in supporting diagnostic workflows. Future work will focus on further validating the model’s ability to
evaluate depth of invasion and other prognostic features.
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Introduction

The endometrium is the epithelial lining of the uterus, just like any cells in the body; they can be a source of malignant
transformation. Endometrial cancer (EC) is the most common gynecologic malignancy in the US, causing more than
66,000 new cases and 13,000 deaths in 2023.! Most of these cases are endometrioid, also called type 1, which accounts
for over 80% of uterine corpus cancers. Type 2 cancers include serous and clear cell carcinomas. They act more
aggressively but fortunately make up only a smaller percentage of the total new cases.”

Molecularly, The Cancer Genome Atlas TCGA classifies endometrial cancer into four subtypes: DNA Polymerase Epsilon
(POLE) ultra-mutated, microsatellite instability hypermutated, copy number low, and copy number high. The copy number
indicates the changes that happen during cancer cell replication, which play an important role in determining the behavior of
the neoplasm, with a higher copy number indicating a worse prognosis.® Genetically, EC shares similarities with serous
ovarian cancer, the basal-like subtype of breast cancer, and colorectal cancer. Serous tumors and some endometrioid tumors
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often exhibit TP53 mutations, significant copy number alterations, and minimal methylation changes which normally cause
the silencing of genes if it happen in the promoter region.* In contrast, other endometrioid tumors tend to have fewer copy
number alterations, rare Tumor Protein p53 (TP53) mutations, and frequent Phosphatase and Tensin Homolog (PTEN) and
Kirsten Rat Sarcoma Viral Oncogene Homolog (KRAS) mutations.”

As a rule, in the endometrium, estrogen causes the proliferation of the epithelial lining, thereby increasing the chance of
cancer development. In contrast, progesterone causes endometrial shedding, thus playing a protective factor against EC.
Conditions that predominantly raise estrogen levels without raising progesterone can heighten the risk of EC, such as obesity,
diabetes, and polycystic ovary syndrome.’ Hormone therapy that includes estrogen without progestin after menopause also
raises this risk, as do rare ovarian tumors that release estrogen, such as granulosa cell tumors. A longer reproductive lifespan,
due to early menstruation or late menopause, leads to greater estrogen exposure, further increasing risk. Additionally, women
who have never been pregnant are more likely to develop EC. Aging is another factor, as the disease is most common after
menopause. Obesity contributes to disrupting hormonal balance, with adipose tissue producing estrone in premenopausal
women. Tamoxifen, a breast cancer treatment, carries a slight risk, though its benefits often outweigh the dangers.’

Due to the absence of standardized screening protocols for endometrial cancer, current recommendations emphasize
symptom-driven evaluation rather than population-based screening. Diagnosis typically starts with a pelvic exam to
check for irregularities in the reproductive organs, often alongside a Pap test, though Pap tests are not a reliable screening
method for EC since the disease originates inside the uterus, and the Pap test collects cells via a brush or a spatula from
the cervix, ideally from the transitional zone.® However, if abnormal cells are detected in a Pap test, an endometrial
biopsy may be required to confirm cancer by analyzing a tissue sample from the uterine lining. Other diagnostic
procedures include dilation and curettage, which removes uterine tissue under anesthesia, and transvaginal ultrasound
to detect abnormal endometrial thickening. If cancer is confirmed, staging tests such as hysterectomy, biopsies, chest
X-rays, MRISs, or CT scans help determine if the cancer has spread beyond the uterus.” Studies on non-coding RNAs,
primarily Y RNAs,® as well as miRNAs,’ underscore their implications in early diagnosis, prognosis, and fertility-
preserving treatment of endometrial cancer. While our study focused on the use of images, it involved bodies of evidence
comprising imaging data and liquid biopsy transcriptomic biomarkers (such as the proposed Endometrioid Endometrial
RNA Index by'® to develop hybrid diagnostic pipelines that can guide personalized treatment.

In radiology, Al has demonstrated the potential to reduce radiologists’ workload, minimize errors, and expedite diagnoses,
particularly for conditions like breast, bone, liver, lung, and cardiovascular diseases.!! Al-driven imaging, including CT, MRI,
and ultrasound, enhances accuracy and reduces human error; however, human oversight remains necessary. While Al has shown
promise in cancer detection, more research is needed to uncover its potential role in EC diagnosis and risk assessment and to
come up with generalizable conclusions about the best way to implement it and integrate Al with EC radiology in a way to ensure
patient safety and maintain confidentiality. Expanding Al applications in this area may enhance diagnostic workflows,
particularly for underserved populations, but further research is needed to determine their long-term impact on outcomes. '

Because EC has been increasing in both incidence and mortality, particularly in the developed world, early detection
and accurate diagnosis are crucial for improving patient outcomes. While artificial intelligence (Al) has been widely used
in breast cancer imaging, its application in gynecologic cancers, including EC, remains underexplored.”® Al techniques,
such as machine learning (ML) which extracts knowledge from data, and deep learning (DL) which is more complex and
uses artificial neural networks to extract knowledge from less structured data, have the potential to enhance radiologic
imaging by improving tumor classification, predicting metastasis, and aiding in staging.'* Traditional diagnostic imaging
heavily relies on radiologists’ expertise which can be variable depending on the radiologist’s training, but Al can
standardize and refine the process, making diagnosis more efficient. Machine learning algorithms analyze large datasets
to distinguish between benign and malignant tumors, while convolutional neural networks (CNNs) mimic human brain
functions to analyze vast amounts of data and can learn complex image features, improving accuracy in cancer detection.
However, Al models require extensive training data to ensure reliability and avoid overfitting, in which a model is
created that fits the training set so perfectly that it fails when applied to new sets of data. Radiomics, which is the
extraction of quantitative data from medical images, helps make Al-driven analysis more computationally feasible, thus

making the field of radiology most applicable to Al because images can be turned into lines of code.'”
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Preoperative assessment for endometrial cancer includes performing body scans, and we will be comparing both
MRI and CT scans. MRI is the most accurate modality in assessing the endometrial disease involvement due to its
preferred soft tissue contrast resolution.'® But it’s the least favorable for patients with claustrophobia, as they tend to
refuse the imaging or terminate it prematurely. CT scans are useful in the evaluation of more advanced disease with
extrauterine spread, lymphadenopathy, and metastatic disease beyond the pelvis.® Which is needed during preoperative
assessment, as its results could alter the management plan.

This work aims to leverage deep learning advances to create reliable models for endometrial cancer detection. The main
contributions of this study are as follows:

e This study presents two new datasets of CT and MRI scans of the endometrium obtained from King Abdullah
University Hospital in Jordan to diagnose and detect endometrial cancer.

¢ A hybrid approach combining ResNet50 and ViT Transformer is proposed, and its performance is evaluated on two
datasets collected from the hospital.

e A comparison was made between MRI and CT in the classification of endometrial cancer.

e A comprehensive analysis and evaluation of the proposed model was performed on the datasets and compared with
a set of pre-trained models, and its performance was analyzed.

The following sections of this study are organized as follows: Section 2 provides a comprehensive review of the relevant
literature in this field. Section 3 outlines the applied methodology, details the dataset, and provides a detailed explanation
of the proposed model’s structure. Section 4 presents the experimental results of the proposed model. Section 5 discusses
the limitations and conclusions of the proposed model, and Section 6 presents conclusions and outlines future research
prospects.

Related Work

MRI and CT imaging have facilitated the diagnosis and classification of endometrial tumors. In this regard, many
strategies have been examined, including deep learning model-based approaches, radionics-based approaches, and hybrid
systems that categorize imagery from multiple modalities. While the studies demonstrate the advantages of CT in
identifying endometrial cancer, they also highlight the limitations of the datasets, variations in imaging techniques, and
the need for external validation. The contributions of various strategies to enhancing tumor classification and diagnostic
accuracy will be elaborated upon below.

Recent advances in radiomics have demonstrated promising results in the early detection, molecular profiling, and staging
of endometrial cancer. These techniques extract high-dimensional quantitative features from medical images, providing non-
invasive biomarkers that complement traditional imaging and histopathology.'” Lymph node involvement remains a critical
prognostic factor in endometrial cancer. While retroperitoneal lymphadenectomy has traditionally been used for staging, its
therapeutic benefit remains controversial due to associated morbidity. Sentinel lymph node (SLN) mapping has emerged as
a less invasive alternative with promising diagnostic accuracy and prognostic value. Recent evidence supports the use of SLN
mapping for accurate nodal assessment while minimizing surgical risks.'® Incorporating SLN techniques alongside advanced
imaging may optimize staging strategies and guide treatment decisions.

Machine Learning and Deep Learning Techniques in Endometrial Cancer Diagnosis

Currently, the methods used to anticipate the recurrence of endometrial cancer rely on costly tests and thorough analyses,
making them difficult for many individuals to obtain. In'® the HECTOR model was introduced. It’s a deep learning
method that utilizes images of tissue samples and tumor stages to predict outcomes accurately. It achieved high scores on
tests, indicating that it outperforms current methods and facilitates the creation of more personalized treatment plans.
In,?° researchers examined the use of urinary fluorescence spectroscopy combined with machine learning to diagnose
endometrial cancer without invasive procedures. They got good results, with an accuracy of 79% and an Area Under the
Receiver Operating Characteristic Curve (AUC) score of 90%. This method is a cheaper and more accurate option than
regular invasive tests, which could help find problems earlier and make it easier to use in clinics. In*' presented EndoNet,
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a model combining convolutional neural networks and vision transformers to classify endometrial cancer histology slides
into high- and low-grade categories. Achieving an F1 score of 0.91 and AUC of 0.95 on internal tests and 0.86 for both
metrics on external tests, EndoNet offers a promising, annotation-free tool for supporting pathologists in tumor grading.

According to,?* researchers discovered a unique protein pattern in cervicovaginal fluid that enables precise differentiation
between those with endometrial cancer and those without. They achieved a high accuracy rate with a score of 0.95, meaning
it correctly identified 91% of those with cancer and 86% of those without. These results show that there might be a simple
and affordable way to check for endometrial cancer without surgery. More testing is needed before it can be used in hospitals.
In* a group of blood tests has been found that can help diagnose endometrial cancer. This method had a high accuracy rate of
about 82.8% to 83.1% and a measurement of 0.901 to 0.902. They used a technique called particle-enhanced laser
desorption/ionization mass spectrometry along with machine learning. Testing these biomarkers can help us understand
biology better and improve non-invasive methods for diagnosing EC. To quickly and accurately assess Microsatellite
Instability (MSI) status in endometrial cancer using H&E-stained slides, a study in** presented a deep learning model.
This model has very good results: it has an F-measure of 96%, accuracy of 94%, precision of 93%, and sensitivity of 100%
for endometrioid carcinoma G1G2. The model works much better than the standard methods and is fast, taking only
1.03 seconds to analyze each slide. This shows it could be useful in real medical settings.

In,2S

researchers created a deep-learning model to forecast how patients with Atypical Endometrial Hyperplasia
(AEH) and early-stage endometrial cancer (EC) would respond to hormone treatment. They used whole-slide images and
achieved an accuracy score of 0.80. These results show that it is possible to create personalized treatment plans for AEH
and early EC using predictions from images. In*® suggested a method was suggested that combines different machine
learning models, VGG16, DenseNet121, and MobileNetV2, to identify endometrial cancer in tissue images. This method
reached an accuracy of 97.17%, an F-score of 96.79%, a sensitivity of 97.17%, and a precision of 97.25%. The results
show that the model can help find endometrial cancer early and accurately.

In,”’ the researchers employed machine learning and explainable Al to effectively assess the age, tumor grade,
invasion depth into the myometrium, and tumor size in cases of endometrial cancer. Their accuracy rates were very high:
98.8% for age, 98.6% for tumor grade, 95.1% for myometrial invasion, and 94. 8% for tumor size. It also points out
possible markers, especially the EWRS]1 protein, related to these prediction factors. In*® a way to diagnose uterine corpus
endometrial cancer (UCEC) without surgery. This method uses small pieces of DNA found in the blood, and it showed
great results: an area under the curve (AUC) of 0.991 during testing and 0. 994 during validation, with a high accuracy of
95.5% for not mistakenly identifying healthy people and 98.5% for correctly identifying those who are sick. The model
can greatly help find uterine cancer early, identifying 99% of stage I UCEC patients. This could increase the 5-year
survival rate from 84% to 95%. To improve ultrasound images for spotting uterine tumors, in*’ used techniques to clean
up the images, highlight different parts, and extract important information. This resulted in a 97.8% accuracy rate using
a Random Forest classifier. The results show that using ultrasound with machine learning can successfully tell the
difference between benign and cancerous uterine tumors. This approach can be a cheaper option than MRI.

In** developed a vision transformer-based model was developed for identifying endometrial cancer in histopathology images,
accomplishing 99.36% precision, outflanking fine-tuning strategies like MobilenetV2, Xception, and VGG16. The study
proposes that vision transformer models can essentially upgrade early location and move forward with understanding results
in endometrial cancer. In*! investigated the utilization of Deep Learning (DL) models to foresee bungle repair Mismatch Repair
(MMR) status in endometrial cancer utilizing H&E-stained slide pictures, accomplishing an AUROC of 0.91 with ResNet50.
The proposed Al-based arrangement offers a cost-effective pre-screening device for atomic classification, lessening the
requirement for more costly genetic tests. Whereas®? illustrated the possibility of utilizing Deep Learning (DL) to evaluate the
degree of Myometrial Invasion (MI) in endometrial cancer from ultrasound pictures, with EfficientNet-B6 accomplishing an
AUC of 0.814 and outflanking 15 radiologists in demonstrative precision. The model’s predominant execution recommends its
potential as an important device for clinical decision-making in EC treatment.

In** researchers recommended an Al-based approach for diagnosing uterine cancer. This method included separating tumor
cells, training a deep learning model, and improving it using a technique called Pigeon-Inspired Optimization. They achieved
a very high accuracy of 99. 85% in five different categories. The results show that Al can help in finding and identifying uterine
cancer earlier. In,* researchers created a 3D model called Prompt-nnUnet to automatically outline areas of concern and sensitive
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organs in brachytherapy for endometrial cancer. Their model worked closely with expert radiologists and made the outlining
process faster. The model showed great results with scores of 0.96 for heart region segmentation and 0.91 for rectum
segmentation, making clinical work more efficient. In,** the authors introduced the ECMS-Net framework for separating
endometrial cancer tumors in MRI images. This framework uses a classification model based on Transformers and
a segmentation model called U2-Net. The method reached a classification accuracy of 98.5% and a maximum F1 score of
97% for tumor segmentation, showing great results for use in healthcare. Table 1 demonstrates a comparison of earlier

endometrial cancer research.

Table | An Analysis of Earlier Research on Endometrial Cancer

Ref Dataset Approach Model Used Result
[19] | Tissue images, Predict the recurrence of HECTOR (Deep Learning) High accuracy and improved personalized
tumor stage data endometrial cancer treatment predictions.
[20] | Urine fluorescence Non-invasive diagnosis using Machine Learning Accuracy: 79%, AUC: 90%.
data spectroscopy
[21] | Histology slides Tumor grading (high- vs low- EndoNet (CNN + Vision Fl: 0.91, AUC: 0.95 (internal), FI & AUC:
grade) Transformers) 0.86 (external).
[22] | Cervico-vaginal fluid | Protein pattern analysis for cancer | Statistical Analysis Accuracy: 91% (cancer), 86% (non-cancer).
samples detection
[23] | Blood sample data Biomarker-based non-invasive Mass Spectrometry + Machine | Accuracy: ~82.8-83.1%, AUC: ~0.901-0.902.
diagnosis Learning
[24] | H&E-stained slide Predict MSI status quickly and Deep Learning Fl: 96%, Accuracy: 94%, Sensitivity: 100%,
images accurately Precision: 93%.
[25] | Whole-slide images | Predict hormone therapy Deep Learning AUROC: 80%.
response in AEH/early EC
[26] | Tissue images Cancer detection using ensemble | VGGI6, DenseNetl21, Accuracy: 97.17%, Fl: 96.79%, Sensitivity:
ML models MobileNetV2 97.17%, Precision: 97.25%.
[27] | Clinical and Prediction of tumor metrics and Machine Learning + Accuracy: 94.8-98.8%. Identifies EWRSI
histology data marker detection Explainable Al protein as a marker.
[28] | Circulating DNA Non-invasive UCEC diagnosis Machine Learning AUC: 0.991 (testing), 0.994 (validation),
samples Accuracy: 95.5%.
[29] | Ultrasound images Tumor classification using image Random Forest Classifier Accuracy: 97.8%.
enhancement
[30] | Histopathology Early detection using Vision Transformers Accuracy: 99.36%.
images Transformers
[31] | H&E-stained slide Predict MMR status ResNet50 AUC: 91.00%
images
[32] | Ultrasound images Assess myometrial invasion EfficientNet-B6 AUC: 0.814. Outperforms radiologists.
[33] | Tumor cell datasets | Tumor cell classification using Deep Learning + Pigeon- Accuracy: 99.85%.
optimization Inspired Optimization
[34] | MRI images Segmentation for brachytherapy Prompt-nnUnet Segmentation Scores: 0.96 (heart), 0.91
planning (rectum).
[35] | MRI images Tumor segmentation using ECMS-Net (Transformers + Classification Accuracy: 98.5%, F1: 97.0%.
a hybrid framework U2-Net)
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Other Datasets

Datasets used in endometrial cancer queries include a variety of clinical and imaging information. The Endometrial
Cancer Dataset (2013-2024) provides histopathological and CT information, focusing on tumor types and stage,*® while
the Hormonal Variables and Endometrial Cancer Probability Dataset (2013) addresses risk factors such as balance and
obesity in 173,519 women.?” The International Endometrial Tumor Analysis (IETA) Ultrasound Dataset (2017) includes
ultrasound images for tumor staging and evaluation in 1,538 cases,’® and the Endometrial Cancer Imaging Dataset (2019)
includes annual information on 61,880 cases, combining imaging procedures such as ultrasound, CT, and MRI for tumor

assessment and staging.® Table 2 provides a comparison of endometrial imaging datasets.

Methodology

This paper presents a comprehensive approach model for using advanced deep learning architecture to identify
endometrial cancer. Data were obtained from King Abdullah University Hospital (KAUH-ECMD and KAUH-
ECCTD), including CT and MRI images classified as normal, benign, and malignant. The preprocessing approach
included image compression, normalization, dataset balancing, and segmentation to ensure high-quality data preparation.
The proposed model ViTNet, which combines deep learning architecture and a hybrid model mixed with ResNet50 and
a transformer-based vision model, is then used for easy feature extraction and representation learning. Low- and mid-
level features are extracted from ResNet50, pre-trained on ImageNet, reconstructed into token sequences, and fed into
Transformer Encoder using a multi-head self-attention mechanism for spatial dependency considerations. The encoded
features are then subjected to global average pooling and fully connected layers that are passed to Softmax activation for
classification. The training is performed in two steps: first, ResNet50 is frozen for transformer-based learning; Second,
fine-tune the entire model to optimally extract and classify features as shown in Figure 1.

Data Collection from a Hospital (KAUH)

This study was approved by the Institutional Review Board (IRB) of King Abdullah University Hospital (KAUH),
affiliated with the Jordan University of Science and Technology (JUST), Irbid, Jordan. The dataset includes 1084
computed tomography (CT) images and 1084 magnetic resonance imaging (MRI) images, all obtained from a shared
cohort of 300 female patients aged between 22 and 85 years. Each patient contributed multiple image slices per modality,

generating the total number of images. Imaging data were retrospectively collected from KAUH’s radiology archive

Table 2 Summary of Endometrial Imaging Datasets

Dataset Original Number Number Views Image Type Patient Info Dataset
Year of Cases of Images File Type
Endometrial 2013-2024 | Not Not Multi-view Histopathology, | Limited Clinical and
Cancer specified specified CT research use
Hormonal Aggregated | 2013 173,519 N/A N/A Postmenopausal, Caucasian | Prospective
Factors and data from 4 women women cohort data
Endometrial studies (360 +
Cancer Risk 1378
cases)

IETA 2017 1538 Not Grayscale, Ultrasound Median age 65 years, BMI Prospective
Sonographic Specified Doppler 28.4, menopausal status, Multicenter
Data and symptoms
Endometrial 2019 Approx. Not Transvaginal Ultrasound, CT, | Median age 68 years, Retrospective/
Cancer Imaging 61,880 specified UsS, CT, MRI, MRI, PET includes both Prospective

cases/year PET/CT, PET/ premenopausal and

in the US. MRI postmenopausal women

https:

4108

International Journal of Women’s Health 2025:17




Abu-azzam et al

Input Dataset

Evaluation Results

Accuracy

F1 Score
Precision

 Sensiy
Specificity
‘Area Under the Curve. |
(AUC)

Figure | Process for methodology.

)

Data Augmentation

P
Image Preprocessing

Vision Transformer

i

W |

-

i

[

{ e )

[l il

Dataset Split

Training :80%

Testing:10%

Validation:10%

with ResNet50

Feature Extraction

(PACS) between early 2019 and June 2024, while the data preparation process occurred between October 2024 and

January 2025.

The final diagnostic classification for each case—normal, benign, or malignant—was based on the histopathological

reports following biopsy or surgical intervention, which served as the reference standard for ground truth labeling. The

categories were defined as follows:

e Normal: included images with physiological endometrial appearance, such as proliferative or secretory endome-

trium without pathology.

¢ Benign: included confirmed non-malignant abnormalities such as endometrial polyps or simple hyperplasia without

atypia.

e Malignant: included only histologically confirmed endometrial cancer (EC) cases.
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Inclusion criteria: Patients were included if they underwent either MRI or CT imaging of the pelvis at KAUH between
2019 and 2024 and had corresponding histopathological confirmation from biopsy or surgery.

Exclusion criteria: Patients with incomplete imaging studies, poor image quality (eg, due to motion artifacts), or
missing histopathological confirmation were excluded from the dataset.

CT data included three standard anatomical views per patient: sagittal (lateral), coronal, and axial. For MRI, primarily
T2-weighted sequences in axial, sagittal, and coronal planes were utilized for optimal soft-tissue contrast. All imaging
data were anonymized before analysis. No personal identifiers were retained. Data were stored securely, in accordance
with institutional protocols and the Declaration of Helsinki.

King Abdullah University Hospital Endometrial Cancer MRI Dataset (KAUH-ECMD)

The collection includes 1084 images taken by 300 women aged 22—85 years. Many scans were performed on these
subjects, resulting in multiple image slices each time. The KAUH-ECMD dataset includes three MRI scans (sagittal,
coronal, and axial) that were classified by hospital physicians as normal, benign, or malignant. Images are stored using
MRI scans taken with an Ingenia Ambition 1.5T Sand machine and exported in JPG format with an average pixel
resolution of 720x720. The distribution of the KAUH-ECMD dataset is presented in Table 3, with a sample from each
group shown in Figure 2.

The King Abdullah University Hospital Endometrial Cancer CT Dataset (KAUH-ECCTD)

The collection includes 1084 photos taken by 300 women ranging in age from 22 to 85 years. Many of these people had
repeated scans, each yielding many slices of images. The KAUH-ECCTD dataset comprises three segments of CT
images (sagittal, coronal, and axial) that hospital clinicians evaluated as normal, benign, or malignant. Images are
downloaded in JPG format with an average pixel resolution of 720x720 and saved using a Philips Brilliance 64-channel
CT scanner. Table 4 illustrates the distribution of the KAUH-ECCTD dataset, whereas Figure 3 shows a sample from
each group.

Data Augmentation and Preprocessing

Augmented data creates a more diverse training dataset by including variations of original images, thus improving the
generalization of the models. This study uses augmentation techniques for endometrial MRI and CT images using the
Image Data Generator.>” The augmentations include random rotations, width, and height shifts, shearing, zooming in, and
horizontal flipping. Such augmentations allow the model to learn how to recognize tumors while considering different
angles, positions and sizes, thus reducing overfitting whilst improving robustness with unseen data. The dataset was
divided into 80%, 10%, and 10% training, validation, and testing sets, respectively, using stratified sampling. This
technique makes sure that the proportions of all classes appear in all subsets, which prevents imbalances in the classes.
Stratified sampling ensures consistent distribution across dataset splits and augments the robustness of model training and
evaluation due to representations of classes in the splits. Preprocessing input images for their standardization and
compatibility with ResNet50.*C The preprocessing function follows normalizing the pixel values by subtracting the
mean and scaling based on ImageNet’s distribution,' as indicated in the equation below:

Table 3 The Quantity and
Distribution of Photos in Each
KAUH-ECMD Category

Case Number of Images
Normal 292

Benign 385
Malignant 407

Total 1084
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Malignant

Figure 2 For example, images from the KAUH-ECMD dataset. The red circles indicate the location of the endometrium in normal cases (top row), benign lesions (middle

row), and malignant lesions (bottom row).

Xnorm =

X—p
o

(1

The variables x are the pixel values and u is the mean and o is the corresponding standard deviation. Normalizing with

such measures compensates for all variations due to light, contrast, or intensity for each image, ensuring that uniform

Table 4 The Quantity and
Distribution of Photos in Each
KAUH-ECCTD Category

Case Number of Images
Normal 292

Benign 385
Malignant 407

Total 1084
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Malignant

Figure 3 For example, images from the KAUH-ECCTD dataset. The red circles indicate the location of the endometrium in normal cases (top row), benign lesions (middle
row), and malignant lesions (bottom row).

Red-Green-Blue (RGB) formatting is applied to all medical images.*” Accordingly, all images have been resized to
224x224 pixels to fit with the convolutional layers of ResNet50. By preprocessing the input data with ResNet50, we
ensure that it becomes compatible with the feature space already learned by the model, subsequently improving transfer
learning, extraction of relevant features, and enhancement of classification accuracy for endometrial tumor detection.

ResNet50 Model

ResNet50 is a deep convolutional neural network applied to overcome the vanishing gradient problem in extremely deep
networks.*® It was introduced together with the residual connections (or skip connections) idea, where the network can
skip one or more layers and learn deeper networks with ease. This mechanism is used against the degradation problem,
where deeper networks have lower performance as layers are piled on top of each other due to problems in gradient
propagation. Residual block is the principal idea in ResNet50, and it contains a shortcut connection. This connection is
mathematically represented by:

Output = F(x,{W_i}) +x )
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With F(x,{W_i}) representative of the convolutional layers, which in general, will include convolution, batch
normalization,44 and activation functions like ReLU, x will be the input to the residual block. The addition of the
input x to the output of the convolutional layers creates a pathway for gradients to flow relatively easily through the
residual connections during training, enhancing learning in deeper models. The other pivotal component in the ResNet50
is the activation function, generally the ReLU function:

ReLU (x) = max (0,x) 3)
There are non-linearities throughout convolutions due to ReLU thereby allowing the model to learn more complex
patterns. Then, batch normalization is used to stabilize the learning by normalizing the output for each layer:
X—H

Vol + e @

Where u and 6? are the mean and variance of the activations respectively, and € is a tiny constant to prevent division

f(:

by zero. In this way, convergence speed and generalization can be improved. Figure 4 shows the structure of the
ResNet50 architecture.

Vision Transformer (ViT) Model

This is transforming the vision transformer (ViT), which trains a transformer architecture layout for natural language
processing to create its workings for image recognition tasks.*’ Affix a fixed-size patch upon an image with each
flattened patch treated within as a token by the transformer. The power of self-attention makes it possible to capture
distant patch relations with relevance focused directly into the area. Herein, the patch embedding process transforms each
image patch into higher-dimensional space using linear projection:

z; = Flatten(P;)W Q)

That P; is the i image patch, flattening converts it into a 1D vector, while ¥ is the learned projection matrix that
projects the patch into a higher-dimensional space.*® Positional encodings are appended to patch embeddings to provide
spatial information regarding the positions of the patches since transformers do not capture spatial relationships by
themselves:

" =z; + ¢ (6)

where ¢; is the positional encoding for the i patch, which allows for the retention of spatial information during the
processing.*” Its central mechanism is self-attention, which determines attention scores between every pair of patches.
The attention function is defined by:
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Figure 4 ResNet50 Methodology Architecture.
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Attention(Q,K, V) = softmax (%) Vv (7

0, K, and V impulse represents the query key, and value matrices, respectively, while dj is the dimension of the key
vectors.*® This mechanism allows the model to concentrate on different parts of the image via different contexts. The

interaction can allow simultaneous capturing of multiple relationships and is called multi-head attention.
head; = Attention (QWiQ, Kkw/X, VW[V) (8)

WO denotes the output projection that is learned. With this, the model is enabled to capture its diversity in all different
kinds of relationships concerning the input. Finally, the transformed tokens are fed through a feedforward network,* as
follows:

FFN = max(0,zWy + b))W, + b, 9

are weight matrices and b, b, are biases. The operation is applied independently at each location in the sequence,
allowing for further processing of information. Figure 5 shows the structure of Vision Transformer (ViT).

Proposed Model (VitNet)

ViTNet gets its name from a combination of ViT (Vision Transformer) and Net (Neural Network). It is hybrid. In contrast
to classical deep learning models, which build on pure convolutional architectures, this one exploits the self-attention
mechanisms of Transformers to be able to model global contextual information effectively. The name further reflects the
modern trend in naming for deep-learning engineering practitioners, namely efficiencies, scalability, and novelty in
medical imaging classification. ViTNet combines CNN-based feature extraction (ResNet50) with Transformer-based
sequence modeling into a novel framework for endometrial MRI classification, balancing performance with interpret-
ability and computational tractability. Figure 6 shows the structure of ViTNet.
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Figure 5 Flow chart for ViT Transformers.
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Figure 6 Structure of the proposed model ViTNet.

Feature Extraction Using ResNet50
The ResNet50 model, which has been pre-trained on the ImageNet dataset, is used as a feature extractor without the top
layers.”® ResNet50 is a deep convolutional neural network that is very helpful in overcoming the vanishing gradient
problem by using residual connections. While the convolutional layers extract spatial features from MRI and CT images,
they also maintain important structural information. In the present study, the fully connected (FC) layers are dropped, and
only the convolutional base is used to extract meaningful feature representations. The images are then passed through the
deep network for extracting spatial feature maps of size (7x7%2048). Thus, mathematically, a convolution layer is defined
as follows:

Y(l}j):§§X(i—m,j—n).[((m,n) (10)
Here, Y(i,j) is the output feature map at position (i,j), X is the input image, K is the convolution kernel (filter), (m, n)
denote kernel size. The residual connections support gradient flow in ResNet50:

Y=FX)+X (11)

Where F(X) refers to the operation carried out by the convolution layers and Y is the output after the residual
connection. Building upon these residual blocks, ResNet50 seeks to enhance feature learning without compromising
deep networks.*’ The features that are eventually extracted (7 x 7x2048) are then fed to the subsequent transformer-
based ViTNet Module, thus enhancing the classification of endometrial tumors into benign and malignant or normal

cases. Figure 7 shows ResNet50 Feature Extraction Architecture.
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Figure 7 ResNet50 Feature Extraction Architecture.

Feature Transformation with Vision Transformer (ViT)

The feature map is flattened after extracting the spatial features out of ResNet50 and passed through a transformer
encoder.’’ This is an important step as it will enhance long-range dependencies and global relations among the features,
something ResNet50 is not strong in handling. Patch embedding and positional encoding provide a different twist
between the hybrid model working with feature map patches from the ResNet50 backbone compared to conventional
Vision Transformers that directly use image patches.

ResNet50 gives a feature map of 7x7 x 2048, which is reshaped into a sequence of 49 patches (each with 2048
features).”> Each patch is then embedded into a high-dimensional space. This embedding step is crucial for capturing
richer representations of each feature. Apart from this, learned positional encoding is attached to each patch for spatial
information, which is lost when flattening the input. This positional encoding gives the model a relative understanding of
where those features reside in the input image. Formally, this can be expressed mathematically:

Zo =X+ PE (12)

Where X is the flattened sequence of ResNet50 features (ie, the reshaped 49 patches). PE is the positional embedding that
is learned during training. Zj is therefore the resultant input to the transformer encoder endowed with contextual
information.

Self-attention is applied multiple times in parallel (with different learned projections for each head) into a multi-head
attention.>® These attention heads are concatenated and projected to the final output. Thus, the final output for the

attention mechanism is:

MHSA(X) = Concat(head, , head,, . . ., heady) (13)

Where head; is the output of the i — th attention head. So, the model can focus on different parts of the feature map at
once and be able to learn different aspects of the global relationships.

In one training episode, different parts of the feature map are sampled at once so that different aspects of the learning
of the global relationships can take place. The self-attention output is followed by two operations: Layer Normalization
and Feedforward Network (FFN).>* Layer Normalization normalizes the output of the self-attention process, allowing the
system to stabilize training. The key purpose of the operation is to normalize the input-to-next layer in terms of centering
and scaling. Feedforward Network (FFN): After the output passes through the FFN, the straight-line functioning is
broken, adding non-linearity to the model. An FFN usually consists of two linear transformation layers with a ReLU
activation in between. Residual Connection During the backpropagation step, a residual connection is introduced to
bypass the problem of gradient vanishing or exploding:
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Y = FFN(LayerNorm(Z)) + Z (14)

This ensures that models can store earlier representations while enhancing the gradient path during training. This has
a rigorous process utilizing the ViT module, can easily capture global dependencies and long-range interactions among
different feature patches. These abilities are fundamental to the enhancement of a hybrid model’s performance during the
classification of difficult medical images, such as endometrial MRIs and CT scans, for example. Figure 8 shows Feature
Transformation with Vision Transformer (ViT).

Training Strategy VitNet

This training strategy consists of two stages for the proper extraction of features and deep integration of ResNet50 and
ViT components.> These derivation stages aim to enable the learning of robust features at the initial phase before fine-
tuning the model properly. Through this phase, exclusively training Transformer layers, the model can learn to
concentrate on how to learn high-level representations by using ResNet50 frozen feature maps. All this time serves
for stabilization actions with minimum and not drastic changes on the weights of the pretrained ResNet50 model.

This phase is where the Transformer structures were trained after which the model entered fine-tuning during which
the weights of both the ResNet50 backbone and Vision Transformer were optimized together. Unlocking the last 10
layers of ResNet50 allows the model to update weights during training for performance improvement of the feature
extraction mechanism to be tailored to the actual task-fused actualization of the overall classification accuracy.

Joint Optimization: Parameters of ResNet50 and Transformer are updated in parallel.’® The fine-tuning phase enables
simultaneous adjustment of both components so that the features from ResNet50 harmonize well with the long-range attention
mechanism of the Transformer. This phase becomes very critical because it allows the model to adjust the ResNet50 features
to the peculiarities of the dataset while tuning the Transformer attention mechanism for the best performance.

The Adam Optimizer is used for this setup because of the adaptive learning rate and dealing with sparse gradients.
Further, the learning rate is set to (a =1x 10’5), a small enough value to prevent heavy weight updates during this
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Figure 8 Feature Transformation Architecture Using Vision Transformer (ViT).
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phase, enforcing a rather smooth convergence of the model during training. Categorical cross-entropy is used as the loss
function to be optimized since the model is performing a classification task (ie, endometrial MRI classification).
Categorical cross-entropy is suitable for multi-class classification problems, guiding the model to minimize the distance
between its predicted probability distribution and the true label. The categorical cross-entropy loss can be defined as:

N
Loss = — Y y;log(y;) (15)
i=1
Where N is the number of classes, y; is the true label for the class i,j; is the predicted probability for the class i. Table 5
shows the hyperparameter configurations used to simulate the proposed model using the Python implementation.

Classification with VitNet

All dimensions are pooled at the final output of the transformer encoder; this is an important step that reduces the whole
dimension of the data while preserving the critical properties needed to perform classification. In endometrial tumor
classification, particularly in this case, MRI and CT. GAP generally applies to the output of the Transformer encoder,
which collects spatial features based on encoded representations by averaging their values across their spatial
dimensions.*? Tt is useful for most such tasks, most specifically, medical imaging tasks such as the classification of
tumors occurring in the endometrial, as it reduces the dimensionality of this feature map while retaining information
along key spatial axes. The dimensionality-reduced version better generalizes across the different types of MRI and CT
images that contain complex tumor growth patterns with surrounding tissue structures. Mathematically, GAP computes
the average value for each feature map across the spatial dimensions:

1 H W

GAP(X) :m[;jgl)(u (16)
Converting high-dimensional outputs of the Transformer encoder into a more concise way of presenting it to the next layers is
one more technique. After the application of GAP, the reduced data features go through a fully connected (FC) layer.>” Acting
as a classifier, this layer maps the output from GAP into the desired target number of classes, Benign, Malignant, and Normal
endometrial tumor, the final output. The output pooled features from the fully connected layer undergo a linear transformation
to enable the model to differentiate between different tumor classification types. When it comes to endometrial tumor
classification, this layer captures and converts meaningful information from complex MRI and CT data of different types

Table 5 Values of the Hyperparameters for
Training the Suggested and Other Models

Hyperparameters Value
Image size 224 x 224
Batch size 16
Learning rate le-5
Optimizer Adam
Activation function RelLU
Units for Attention Module 256
Activation Function RelLU
Units in Dense Layer 512
L2 Regularization Strength 0.01
Dropout Rate 0.5
Initial Learning Rate le-5
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of tumors into categories by producing intelligible constructs through the feature pooling process in this layer. Ultimately, the
output from the FC layer comes down to logits, which is the raw predictions of the model.

The logits are then passed through a Softmax activation function after the FC layer.’® The logits are normalized
through the Softmax function and rendered into a probability distribution over these classes such that all the probabilities
add up to 1. This step is very critical for classification since the final layer output gives the probability of each class and
enables the model to make an informed selection regarding the classification of the input data. The function is defined as:

e
j €

Py =clx) = 7)
Where P(y = c|x) indicates the probability of the input belonging to the class ¢, z. is the logit value meant for class c, z;
for each class j, and the denominator is the summation of the exponentials over all classes.

Endometrial tumors can be classified as benign, malignant, or normal by means of Softmax output within, which gives the
model a probabilistic perspective on whether a tumor falls under any of those classifications. This proves useful in medical
imaging, a domain where classification can make all the difference in terms of accuracy and reliability to diagnose patients
correctly.

Techniques for Transfer Learning

These are neural network-based models pre-trained on large databases and have the capacity of capturing great feature
diversity from input data.’® These serve as the basis for a wide variety of applications, from image classification to the
translation of languages and the detection of objects. Tuning through optimization, or the fine-tuning of these models, is
an excellent method of modeling a retraining process to attain efficiency and accuracy for a specific application.
Therefore, these pre-trained models can be efficiently and correctly applied in practice. In addition to the good
performance with small datasets, this transfer learning setup also accelerates computation time and saves computer
resources. In this study, we evaluate the proposed model VitNet for the classification of endometrial tumor MRI and CT
images against the established ones including MobileNetV2, VGG16, VGG19, ResNet50, and ViT Transformer.
Selection of the models was made in terms of their varied architectures and established success across a wide range
of image classification tasks. Thus, by studying these models’ performance concerning medical imaging, we hope to find
a fit model for endometrial tumor classification. As shown in Figure 9.
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Figure 9 Working Methods of Transfer Learning.
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Performance Evaluation Model
Through the investigation of these metrics, we will examine the ability of the model to diagnose endometrial tumors from
MRI and CT images. Sensitivity checks for missed cases while specificity ensures that normal cases do not get
misclassified, and precision minimizes unnecessary interventions. These three indicators must be balanced to develop
a credible Al-based tool for endometrial diagnosis. This would be a very important assessment to carry out to determine
the effectiveness of the model in diagnosing normal and benign as well as malignant endometrial tumors.

The accuracy of the model is defined as the overall correctness of its classifications across all tumor categories. TP (True
Positive): Correctly classified malignant or benign tumor cases. TN (True Negative): Correctly classified normal cases. FP
(False Positive): Normal cases misclassified as tumors. FN (False Negative): Tumor cases misclassified as normal.

TP+ TN

A pr—
CUraY = Tp L IN + FP+ FN

(18)

Precision or Positive Predictive Value (PPV) tells the overall proportion of labeled benign or malignant cases from the
predicted tumor cases. Thus, high precision ensures that very few healthy patients would be classified as tumor patients
and benefit from unnecessary medical procedures.

P

P .. _
recision —TP T FP

19)
Sensitivity (Recall) or True Positive Rate (TPR) indicates the ability of the model to detect as many tumor cases as
possible without leaving out any. Therefore, high sensitivity is more of a requirement in medicine because missing out on
the presence of a tumor (false negative) can postpone the treatment.

P

Sensitivity = m

(20)
Specificity or True Negative Rate (TNR) indicates how well the model identifies normal cases. In this way, a high
specificity reduces the false positives so that normal cases are flagged as tumors unnecessarily.

TN

TN + FP @

Specificity =

F1 score balances precision and sensitivity; thus, it is well suited to the cases of imbalanced datasets when one out of two
classes is less frequent (for example, malignant tumors). The high F1 score indicates that the model correctly classifies
both tumor and normal cases without favoring one over the other.

Precision x Sensitivity

Fy — Score = (22)

Precision + Sensitivity
Area Under the Curve (AUC - ROC) was used to evaluate the model’s ability to discriminate between the three classes:
normal, benign, and malignant. The ROC (Receiver Operating Characteristic) curve plots the True Positive Rate (TPR)
against the False Positive Rate (FPR) at various classification thresholds. The AUC represents the probability that the
model ranks a randomly chosen positive instance higher than a randomly chosen negative one. A higher AUC indicates
better overall classification performance. The AUC is calculated as the integral of the TPR over the FPR:

1
AUC = [ TPR d(FPR) (23)
0

The False Positive Rate (FPR) is defined as the proportion of normal cases incorrectly classified as benign or malignant.
In ROC plots, the diagonal line represents random classification, while curves closer to the upper-left corner indicate
stronger discriminative performance.

Confusion matrix: A confusion matrix was constructed to evaluate the classification performance of the model by
comparing predicted labels with actual ground truth labels. It provides a detailed breakdown of true positives, false
positives, true negatives, and false negatives for each class. In our multiclass setting (normal, benign, and malignant), the
confusion matrix shows how many cases from each actual category were correctly classified or misclassified into another.
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This tool enables a more nuanced understanding of model behavior beyond overall accuracy, and it serves as the
foundation for calculating performance metrics such as precision, recall (sensitivity), F1-score, and accuracy. Percentage
values were included alongside raw counts in each matrix cell to provide normalized comparisons, and a color gradient
was applied to visually represent classification strength and error distribution.

Computing Environment

All trials used Visual Studio Code (VS Code) on Windows 11 Pro. The training and evaluation support used an Intel Core
17-12700K processor with 16 GB of RAM and an NVIDIA RTX 4060 Ti-X GPU with 8 GB of memory. Model training
took an average of approximately 5.8 minutes for 50 training sessions. However, each training session took approxi-
mately 7 seconds. GPU utilization was consistently above 90% during training. These facts show that the model is quite
efficient when it comes to computing and can be used for technical purposes.

Result Analysis

This work compares MRI and CT in classifying endometrial cancer by developing a hybrid model, ViTNet, which
integrates ResNet50 and Vision Transformer (ViT) architectures to categorize endometrial MRI and CT images into three
classes: benign, malignant, and normal. The KAUH-ECMD and KAUH-ECCTD datasets were acquired from King
Abdullah University Hospital in Jordan. The two datasets were partitioned into training (80%), validation (10%), and test
(10%) subsets.

Model Performance Evaluation and Analysis on KAUH-ECMD

This section calculates each model’s accuracy, precision, sensitivity, specificity, F1 score, and AUC. The KAUH-ECMD
dataset is used to assess the ViTNet model’s performance, which is then compared to five other models: MobileNetV2,
VGG16, VGG19, ResNet50, and VIT Transformer. Table 6 shows how the models classified endometrial MRI scans as
normal, benign, or malignant. With an accuracy of 90.24%, the suggested ViTNet model exceeds all previous models.
The results reveal an F1 score of 90.21%, 90.63% precision, 90.63% sensitivity, and 95.09% specificity. The accuracy of
the ViT Transformer and ResNet50 models is 70.73% and 53.36%, respectively. This demonstrates successfully the
suggested methodology that detects endometrial cancer in MRI scans. With an accuracy of 87.80% and a specificity of
93.74%, the MobileNetV2 model finished second in the picture classification test, outperforming other models and
demonstrating its ability to quickly extract and categorize complicated information from photos. Figure 10 shows
a graphical illustration of the model’s effectiveness.

Figure 11 displays the confusion matrices for various deep learning models employed to classify MRI data about
endometrial cancer. Confusion matrices evaluate expected and actual classifications across three categories (normal,
malignant, and benign) to measure model efficacy. The ViTNet model operates effectively because of its high accuracy
and minimal misclassification. ViTNet maintains an equitable distribution across all classes, whereas VGG19 and
ResNet50 encounter difficulties with the Normal class. MobileNetV2 exhibits comparable performance to earlier models;
however, it demonstrates a slightly higher rate of misclassification. The Normal class adversely affects VGG19, resulting

Table 6 Model Performance with the KAUH-ECMD

Model Accuracy | Precision | Sensitivity | Specificity | FI Score
MobileNetV2 87.80 87.86 87.80 93.74 87.80
VGGl6 81.30 83.21 81.30 90.25 81.35
VGGI9 67.48 7451 67.48 80.96 65.90
ResNet50 53.36 56.02 53.65 75.42 53.11
ViT Transformer 70.73 71.74 70.73 84.23 70.35
ViTNet 90.24 90.63 90.24 95.09 90.21
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Comparison of Model Performance Metrics
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Figure 10 Performance comparison of models on the KAUH-ECMD dataset.

in increased misclassification. ResNet50 generates a greater number of misclassifications, particularly within the Normal
and Malignant categories. Despite its excellent performance, the ViT Transformer exhibits a higher misclassification rate
than ViTNet.

Model Performance Evaluation and Analysis on KAUH-ECCTD

In this section, we analyze the performance of the proposed ViTNet model on the KAUH-ECCTD dataset and compare it
to five other models: ResNet50, InceptionV3, NASNetMobile, MobileNetV2, and VGG19. Table 7 demonstrates the
models’ ability to classify CT images as normal, benign, or malignant. The suggested ViTNet model has an accuracy of
86.99%, exceeding all previous models. It also has a precision of 87.51%, sensitivity of 86.99%, and specificity of
93.42%. This indicates the efficacy of the proposed technique for detecting endometrial cancer in CT images. The
VGG16 model ranks second in the image classification test, with an accuracy of 85.36% and a specificity of 92.51%,
surpassing other models and demonstrating its ability to efficiently extract and categorize complex information from
images. MobileNetV2 and VGG19 were highly accurate in picture categorization, with 82.11% and 82.92%, respectively.
In classifying endometrial cancer CT scans, ViT Transformer and ResNet50 performed the least effectively among all
models; ViT Transformer achieved an accuracy of 75.60%, while ResNet50 achieved the lowest accuracy of 72.35%,
demonstrating the effectiveness of combining ViT Transformer and ResNet50 into a single model. Figure 12 shows
a graphical illustration of the model’s effectiveness.

Figure 13 shows the confusion matrices of six different deep learning models - MobileNetV2, VGG16, VGG19,
ResNet50, ViT Transformer, and ViTNet - used to classify endometrial CT scans into three classes: benign, malignant,
and normal. The results show that ViTNet and VGG19 show superior performance, as evidenced by the high diagonal
values. ResNet50 and ViT Transformer show a higher frequency of misclassifications, especially within the malignant
and normal classes. MobileNetV2 and VGG16 show similar performance, albeit with some inaccuracies, especially in
distinguishing between benign and typical cases.

Comparison of MRI and CT in Endometrial Cancer Classification Using ViTNet

In this study, a single hybrid deep learning model (ResNet50 combined with ViT) was employed for both the MRI
KAUH-ECMD and the CT KAUH-ECCTD datasets. The purpose was to compare the diagnostic performance of the two
imaging modalities using the same Al framework, rather than comparing different Al architectures. Based on an analysis
of the KAUH-ECMD and KAUH-ECCTD datasets, the ViTNet model achieves better diagnostic performance using MRI
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Figure 11 KAUH-ECMD Confusion Matrices.
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than CT, with an accuracy of 90.24% and an area under the curve of 97.49%. The better the model performs, the closer
the curves are to the upper left corner. The ROC curves that plot each class’s true positive rate (TPR) against false
positive rate (FPR) are displayed in Figure 14. Strong classification performance is indicated by the AUC (area under the

Table 7 Model Performance with the KAUH-ECCTD

Model Accuracy | Precision | Sensitivity | Specificity | FI Score
MobileNetV2 8211 8251 82.11 90.85 82.00
VGGl6 85.36 86.49 85.36 9251 85.39
VGGI9 82.92 84.68 82.92 91.41 82.84
ResNet50 72.35 74.27 7235 85.87 72.13
ViT Transformer 75.60 7877 75.60 87.57 75.45
ViTNet 86.99 87.51 86.99 93.42 87.06
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Updated Comparison of Model Performance Metrics
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Figure 12 Performance comparison of models on the KAUH-ECCTD dataset.

curve) values, which show that both benign and malignant conditions achieve 0.97 and 0.98, respectively. A random
classifier is represented by the dotted diagonal line; the better the model does, the closer the curves are to the upper left
corner.

The model achieved an accuracy of 86.99% and an AUC of 95.89% in CT imaging diagnosis. The model achieved
AUC values of 0.95 for benign and malignant cases and 0.98 for normal cases, as depicted in Figure 15. The model’s
discriminatory capability enhances as these curves approach the upper left corner; a random estimate is depicted by the
dashed diagonal line.

Although MRI demonstrated superior diagnostic performance compared to CT, its higher cost and limited availability,
especially in resource-constrained settings, may restrict its routine use. CT, being more widely available and cost-
effective, may therefore remain a practical imaging modality in many healthcare systems, with MRI serving as
a complementary tool where resources allow.

Discussion

In the study, a novel hybrid deep learning method has been developed mixing ResNet50 and Vision Transformer (ViT)
architectures to classify endometrial lesions through MRI and CT imaging. The emphasis was laid on intending to
evaluate and compare the diagnostic potential of two imaging modalities through a strong hybrid model which
encapsulates ResNet’s capability of spatial feature extraction and ViT’s global contextual attention. The importance of
this domain lies in its potential to enhance the early detection of endometrial cancer, which is crucial for effective
treatment strategies and prognosis. The proposed model shows advanced capability in discriminating MRI data with an
accuracy of 90.24%, thus highlighting how important it is to integrate transformer architectures into clinical diagnostic
workflows. A hybrid architecture enhanced diagnostic accuracy and provided a more scalable and reproducible frame-
work for medical image analysis in oncology, with significant implications for both clinical practice and future research
in Al-driven cancer diagnostics.

The ViTNet framework for the classification of endometrial lesions is technically correct and is considered to have the
potential for converging with evolving clinical paradigms in precision oncology. The latest publications of*® emphasize the
role of Al in gynecologic oncology for accurate risk stratification, treatment response prediction, and tailored patient care.
More precisely, our model would help improve diagnostic accuracy, thereby preventing undue delays, invasive procedures in
cases where these are not necessary, and the resulting occurrences of reduced clinical efficiency, affecting patient safety.
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Figure 13 KAUH-ECCTD Confusion Matrices.

Preoperative risk stratification is demonstrated with strong potential through MRI-based radiomics and Al-integrated imaging,
a demonstration carried out by.®" Yue et al°® developed a clinical-radiomics DL model based on MRI to classify endometrial
cancer molecular subtypes, reporting macro-AUCs of 0.79 (internal) and 0.74 (external). Also, Qi et al®* developed an Al-
assisted MRI-based model (with attention mechanisms) for risk stratification and recurrence prediction, with AUCs >0.91 in
several settings. In a more comparable CT-based work, Coada et al®* showed that CT radiomic features can predict risk of
recurrence with test AUCs between 0.86 and 0.90. These studies support our results, especially regarding the strong
performance of MRI, and highlight that CT has potential too, though often slightly inferior in diagnostic accuracy. The
research proposes® a hybrid model based on MobileNetV2 with dual attention and particle swarm optimization (PSO)
mechanisms to accurately and efficiently classify endometrial cancer CT images. The model demonstrated superiority over
traditional models, achieving an accuracy of 86.07%, and has the potential to be adopted as a supportive tool for early
diagnosis and treatment planning.

The superior performance of MRI over CT in our study is consistent with prior literature and may be attributed to
MRI’s superior soft-tissue contrast, which allows clearer visualization of endometrial morphology and tumor boundaries.
T2-weighted MRI sequences in particular provide enhanced delineation of the endometrium, myometrium, and potential
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Figure 14 ROC curves for the classification of endometrial cancer using KAUH-ECMD.
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Figure 15 ROC curves for the classification of endometrial cancer using KAUH-ECCTD.
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tumor invasion, features that are less well characterized on CT due to its lower tissue contrast resolution. These
qualitative advantages of MRI likely enabled the deep learning model to extract more informative features, resulting
in higher classification accuracy. Future work may further incorporate radiologist-guided qualitative analyses to better
understand and interpret modality-specific differences.” Although MRI demonstrated superior diagnostic performance
compared to CT, its higher cost and limited availability, especially in resource-constrained settings, may restrict its
routine use. CT, being more widely available and cost-effective, may therefore remain a practical imaging modality in
many healthcare systems, with MRI serving as a complementary tool where resources allow.

Our model uses deep learning and, in its present form, could be used in the extraction of radiomic features related to
histopathological or molecular subtypes in the construction of multiparametric diagnostic models. Due to recent
advancements in precision oncology, treatment tailoring is increasingly being considered with a side wash of image-
based phenotyping in parallel with genomic and transcriptomic profiling. Our hybrid ViTNet framework paves the way
for considering multimodal approaches, where radiological imaging signatures from MRI and CT are combined with
molecular subtypes, either defined by TCGA or by the expression profiles of specific ncRNAs. Emerging IncRNAs,
miRNAs, and circRNAs in tumor initiation, progression, and resistance to therapy provide a very compelling opportunity
to non-invasively predict molecular alterations via informatics-aided advanced imaging analytics. Similar deep learning
frameworks have been applied in breast, ovarian, and colorectal cancer stratification and thus could serve as an extension
or adaptation for other neoplastic conditions. Such an integration is a game changer for diagnostic workflows, paving the
way for the optimization of individual.

Limitations of the Study

This study has several limitations that should be acknowledged. First, the dataset was collected from a single center,
which may limit the generalizability of the model to other institutions with different imaging protocols or equipment.
This single-center dependency raises concerns about external validity, as the model’s performance might not be
directly transferable to broader clinical practice without additional validation. Second, although the dataset size was
reasonable, class imbalance, particularly between normal, benign, and malignant cases, may have affected the model’s
learning dynamics. Third, the retrospective nature of data collection could introduce selection bias, as imaging was
performed based on clinical suspicion rather than standardized screening. In addition, while deep learning models
showed promising performance, their interpretability remains a challenge. Although we incorporated some model
explainability techniques, the decision-making process of complex architectures such as transformers is still not fully
transparent. Future work should explore more interpretable Al methods and validate the model across multi-center,
prospective datasets with heterogeneous scanners and imaging protocols to enhance generalizability. In addition, the
retrospective collection of data based on clinical suspicion may introduce selection bias, as patients without symptoms
or those undergoing routine screening were not represented. As a result, the dataset may be enriched for more
clinically apparent cases, potentially inflating the observed model performance compared to what might be expected
in a general screening population.

Conclusion and Future Works

This study evaluated the performance of deep learning techniques in classifying endometrial MRI and CT images into
normal, benign, and malignant categories. Using two novel datasets (KAUH-ECMD for MRI and KAUH-ECCTD for
CT), we developed a hybrid model combining ResNet50 and Vision Transformer (ViT). The model achieved an accuracy
of 90.24% on MRI data and 86.99% on CT data, demonstrating its potential to support radiological assessment of
endometrial tumors.

While this study did not directly evaluate myometrial invasion or other staging features, our future work aims to
expand the model’s capabilities to include such assessments. Additionally, we plan to develop a Computer-Aided
Diagnosis (CAD) system that integrates multimodal imaging to assist clinicians in the early detection and classification
of endometrial abnormalities. To improve representativeness and clinical reliability, we intend to conduct collaborative
prospective studies across at least three tertiary hospitals, with larger and more diverse datasets, to further validate the
model’s performance and applicability.
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