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Kidney renal cell carcinoma (RCC) is a highly invasive malignancy, where early-stage diagnosis can 
significantly reduce treatment complexity and mortality risk. This study aims to enhance diagnostic 
precision through a novel model, RCC-ProbNet, capable of identifying and classifying RCC across 
various stages. We introduce RCC-ProbNet, a hybrid deep learning model that incorporates an initial 
stage where features are extracted from medical imaging data, and a subsequent construction 
of a probabilistic feature model. This hybridized method could allow a more granular feature 
representation through incorporating a variety of features and enhance the model’s ability to 
differentiate different RCC stages. The model is integrated with a Logistic Regression (LR) classifier for 
the final stage prediction. We validate performance using k-fold cross-validation. Overall, we obtain a 
notable diagnostic accuracy of 99.93% by RCC-ProbNet + LR, surpassing the current state-of-the-art 
techniques. Next, the model shows strong stability in different cross-validation folds. The comparative 
results also demonstrate that our model outperforms traditional and deep learning methods for RCC 
classification tasks consistently. The outstanding performance and the invulnerability of RCC-ProbNet 
+ LR make it a powerful classifier for early RCC screening and staging in clinical practice. Its high 
performance indicates it has the potential to assist in timely and personalised treatments. Its future 
iterations may broaden the use toward real-time clinical decision support systems and consequently 
optimise patients’ outcomes regarding renal oncology.
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Renal cell carcinoma (RCC) accounts for approximately 90% of kidney cancers in adults1. It originates in the 
renal tubules of the kidney, which are responsible for filtering blood and producing urine. RCC begins when 
genetic mutations cause cells in the renal tubules to grow abnormally, forming masses or tumors that may 
expand locally and, if left untreated, metastasize to other parts of the body2. The most common subtype, clear cell 
RCC, appears as pale or clear cells under a microscope and is often more aggressive than other variants such as 
papillary RCC or chromophobe RCC3 . Risk factors for RCC include smoking, obesity, hypertension, and certain 
genetic conditions, such as von Hippel-Lindau disease. Symptoms may be subtle and can include hematuria 
(blood in the urine), unexplained back pain, fatigue or abdominal enlargement4. Diagnosis primarily involves 
imaging modalities like CT scan and MRI, while treatment choices are based on its stage and spread5. They 
could include surgery and targeted therapy, immunotherapy or – for advanced disease – systemic treatment 
designed to suppress metastasis. Early diagnosis has a significant positive impact on patient survival making 
routine screening all the more important, especially among people who are at a higher risk.

Renal cell carcinoma (RCC) is a deadly kidney cancer and it is a life threatening disease which has rapidly 
spreading consequences if not get diagnosed early6. The danger is that it can silently grow, usually without 
unusual symptoms7 until the damage is significant. By then it may have already spread to other parts of the 
body, including the lung, bone or liver, and hence, treatment becomes a lot more challenging and less effective8. 
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Advanced RCC is characterized by severely reduced survival rates, with limited treatment options and disease 
control. Early detection, however, significantly increases the chances of a patient’s survival9. When diagnosed in 
the early stages, RCC is localised starting in the kidney and can generally be cured with a surgical resection of 
the tumour These surgeries can sometimes be curative10. Early detection results in an increase in life expectancy 
and a decrease in require for drastic treatment, improving the quality of life for these patients.

Current techniques, enhanced such as deep learning and machine learning, have7 the detection of RCC 
by increasing its efficiency, accuracy, and stage detectionrecognising. Some of the latest advances in the fields 
of deep learning and, more particularly, convolutional neural networks (CNNs)11 are capable of dissecting 
Medical images such as Computerized tomography (CT), functional magnetic resonance imaging (fMRI) scans 
where they might pick out the tumor characteristics that are rather unnoticed by those skilled in radiology. 
These models8 are capable of learning intricate patterns of disease states within imaging data so that they can 
distinguish between malignant and benign tissue, and even between the subtypes of RCC. It is supported by 
machine learning algorithms by processing patient data and recognizing the probabilities of deterioration of 
the disease. Unlike in traditional diagnoses that only use patient demographic data, the techniques use genetic 
markers, histological data, resulting in early diagnosis and hence treatment at a lower stage, resulting in better 
results. Furthermore, these methods can also be used to track cancer over time, and in doing so, the doctors are 
then able to determine treatment effectiveness and patient management. Consequently, machine learning and 
deep learning are emerging as a critical landscape across RCC diagnosis, improvement of staging assessments, 
and enabling improved management of RCC.

In this paper, we recommend an efficient workflow for feature extraction and probabilistic analysis in medical 
imaging using VGG-19 and a hybrid model of CNN. This motivation forms the basis for the entire study and 
should be made evident outright. VGG-19’s deep hierarchical architecture is good at capturing detailed spatial 
features (e.g., textures and shapes of tissues), which are important to differentiate between regions that are 
healthy versus potentially diseased. These spatial aspects are particularly useful in medical imaging, where slight 
differences can mean the presence of a disease or disease progression. We do not use spatial information only; 
we transform it to the probabilistic space by a hybrid method. Embracing both CNN and VGG-19, our model 
is capable of capturing high-level semantics, and meanwhile predicting probabilities for powerfully categorizing 
the stage/subtype of disease. This ability is particularly advantageous for RCC, which requires precise staging to 
effectively treat the patient. Our proposed mixed model not only has better detection performance than some 
popular models in outputting probabilities for each stage of RCC, but also can serve as a foundation for clinical 
decisions. Furthermore, this system is potentially scalable for use in other medical imaging applications and 
could help form the basis for AI-driven diagnostic tools in healthcare.

Key contributions
The key contributions of this manuscript are summarized as follows:

•	 RCC-ProbNet We propose RCC-ProbNet, a novel deep learning framework for accurate diagnosis and stage 
classification of renal cell carcinoma (RCC). The model jointly leverages spatial representations from convo-
lutional encoders and uncertainty-aware probabilistic descriptors to enhance stage discrimination.

•	 Adaptive probabilistic fusion strategy Unlike naive concatenation, we introduce an uncertainty-driven fusion 
mechanism in which spatial embeddings are projected into a shared latent space and adaptively weighted by 
confidence measures derived from the probabilistic branch (e.g., entropy-calibrated softmax and Bayesian 
dropout). This approach enhances robustness against noisy and ambiguous samples.

•	 Robust evaluation protocol The proposed model is rigorously evaluated using k-fold cross-validation and com-
pared against state-of-the-art ML and DL baselines. Results demonstrate superior accuracy, stability, and 
generalization across tumor stages and heterogeneous data conditions.

•	 Generalizability and clinical applicability The proposed probabilistic fusion paradigm is architecture-agnostic 
and can be extended to other medical imaging tasks, making RCC-ProbNet a flexible and scalable framework 
for clinical decision support.

The structure of this study is outlined as follows: Section II reviews previous approaches, while Section III details 
the proposed methodology. Section IV analyses and discusses the experimental findings. Finally, Section V 
presents the conclusions drawn from the study.

Past research work
This review aims to provide a comprehensive overview of the current knowledge on the topic, focusing on 
identifying gaps, trends, and emerging themes that form the basis for the present study. Table 1 presents the 
research conducted in previous studies.

Hybrid model role in kidney cancer detection
Renal cell carcinoma (RCC) is a neoplasm originating in the renal cortex, the outer layer of the kidney, and 
includes several subtypes such as clear cell, papillary, and chromophobe renal cell carcinomas12. While detection 
is typically performed through imaging, differentiating between these subtypes remains a significant diagnostic 
challenge. To address these difficulties, Arthur has proposed a computational model called Kidney Ensemble-
Net, designed to enable accurate classification of renal carcinoma subtypes. Kidney Ensemble-Net employs a 
Convolutional Neural Network (CNN) to extract two types of features–primarily spatial features from contrast-
enhanced images–that capture fine-grained patterns associated with each carcinoma subtype. These spatial 
features are subsequently transformed into a probabilistic feature set, forming the foundation for an ensemble 
model that combines the strengths of Logistic Regression (LR), Random Forest (RF), and Gaussian Naïve Bayes 
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(GNB) classifiers. The objectives of Kidney Ensemble-Net were achieved by integrating these models within a 
unified framework, where the Kidney Ensemble-Net + LR configuration achieved an impressive accuracy of 
99.72%, demonstrating the superiority of the proposed methodology over existing approaches. Furthermore, 
the application of higher-order k-fold cross-validation reinforced the model’s robustness and generalizability 
across diverse datasets.

In the contemporary technological era, the diagnosis of illnesses plays a critical role in improving recovery 
rates among patients undergoing treatment13. Renal carcinoma is a common disease in the adult population, and 
early diagnosis significantly enhances treatment outcomes. However, traditional diagnostic methods, such as 
blood analysis and CT scan assessments performed by nephrologists, while accurate, tend to be time-consuming 
and labour-intensive. To address these limitations, researchers have increasingly focused on developing 
automated kidney tumour detection systems using machine learning (ML) and deep learning (DL) techniques. 
Models such as Convolutional Neural Networks (CNNs) and hybrid neural-fuzzy inference systems have been 
explored for both detection and segmentation of kidney tumours. Recent studies have also proposed combining 
CNNs with ML algorithms, yielding promising results in terms of imaging and tumour segmentation. One 
such approach demonstrated impressive performance, achieving 98.69% accuracy in tumour classification and 
a Dice coefficient of 0.8923 for segmentation, making it comparable to traditional diagnostic techniques, but 
significantly more efficient.

 Role of deep learning in kidney cancer detection
Classical histology image-based analysis, considered the clinical gold standard for diagnosis, is nonetheless 
highly labour-intensive and manual8. As a result, there is growing interest in computer-aided diagnostic (CAD) 
applications that can assist pathologists in improving diagnostic efficiency and accuracy. In this context, deep 
learning (DL) has emerged as a promising approach. By leveraging the complementary strengths of these 
models, the ensemble approach enhances classification performance and enables more accurate and robust 
detection of kidney cancer. This work evaluates the proposed methods on both synthetic and publicly available 
benchmark datasets, including the Dartmouth Kidney Cancer Histology Dataset. The findings reveal that 
Vision Transformers (ViTs) achieved high detection accuracy–up to 99% average accuracy–even when applied 
to full-slide image patches. Specifically, transformer models such as CAiT, DeiT, ViT, and Swin outperformed 
traditional architectures like ResNet. Overall, the Vision Transformer models consistently achieved an average 
accuracy of 98.51% across five folds, demonstrating their strong generalization capabilities and effectiveness in 
extracting meaningful features from small histopathological image patches. These results indicate that the use 
of Vision Transformers in histopathological image analysis could significantly aid pathologists in diagnosing 
kidney cancer more accurately and earlier, thereby improving patient survival outcomes.

This study addresses the gap between conventional evaluation methods and deep learning approaches by 
demonstrating how the latter can significantly reduce diagnostic time, increase test accuracy, lower costs, and 
alleviate the workload on radiologists14. Clinicians sometimes struggle to distinguish between different types of 
kidney cancers in renal CT images, which can be critical during surgical planning, as the complexity and severity 
of the tumor influence treatment decisions. In this research, raw CT images are retrieved from conventional 
archives and processed using the developed 3D-Trans-Residual DenseUNet++ (3D-TR-DUnet++) model for 
kidney segmentation. This process assists clinicians in identifying normal versus pathological regions of the 
kidney. The segmented images are then passed to the classification stage, for which the study introduces a novel 
deep learning model called Adaptive and Attentive Residual DenseNet with Gated Recurrent Unit (AA-RD-
GRU). Additionally, the ACC-MVNB configuration is optimised using the Modified Crayfish Optimisation 
Algorithm (MCOA) to enhance performance. The proposed strategy achieved a success rate of 97% on the first 

Ref Year Proposed Technique Dataset
Performance 
Score Limitations Critical Analysis

12 2024 Kidney Ensemble-Net Renal carcinoma 
detection dataset 99.72% Generalizability of dataset. High accuracy, but results may not generalize well to other 

datasets due to potential overfitting on limited or specific data.

13 2023 CNN based hybrid 
model

Kidney tumour 
dataset 98.69% The performance score falls 

short of expectations.
While the model leverages CNN strength, the performance does 
not significantly surpass simpler methods, suggesting inefficiency.

14 2024 AA-RD-GRU model CT image based 
dataset 98.0% Higher Computational cost. The GRU-enhanced approach shows promise, but scalability is 

hindered by resource constraints.

15 2024 CIDL-DSSKC model CT images dataset 97.73% The proposed model 
accuracy score is low.

The slightly lower performance might be due to under-optimized 
spatial feature extraction; needs further refinement.

16 2024 LightLGBM RCC images dataset 99.0%
A standard or traditional 
approach has been 
implemented in this case.

Traditional ML method performs well, but lacks the 
sophistication of deep learning in feature representation.

8 2025 Vision Transformer 
Ensemble Model

Dartmouth Kidney 
Cancer Histology 
Dataset

98.51% 
(avg),>99% 
(peak)

Lack of interpretability, high 
computation cost.

Strong results from transformer models on patch-level 
classification, but clinical deployment needs further validation 
and explainability tools.

17 2025 Traditional ML (SVM, 
AO, GB, KNN)

Public renal image 
dataset

93.3% 
(normal), 
51.0–55.4% 
(tumour)

Poor performance for 
abnormal detection.

Shows limitations of classic ML in handling complex tumor cases, 
supporting the shift toward deep learning or hybrid models.

Table 1.  The literature analysis based on state-of-the-art approaches performance.
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sample and 98% on the second, highlighting its effectiveness in improving diagnostic precision and decision-
making in clinical kidney cancer analysis.

This paper presents a recent development15 of a method called CIDL-DSSKC (Convolutional Image Deep 
Learning with Dual Subspace Sparse Kernel Classifier) designed to aid the identification and detection of kidney 
cancer using renal CT images. The CIDL-DSSKC method involves several sub-procedures, including image pre-
processing, feature extraction using the Xception model, parameter optimization with the Flower Pollination 
Algorithm (FPA), and pattern identification through a Variational Autoencoder. In this framework, FPA plays 
a crucial role in fine-tuning the parameters of the Xception model, thereby improving the overall system 
performance. The proposed CIDL-DSSKC approach was tested on a renal image dataset and demonstrated 
superior performance compared to existing state-of-the-art methods for kidney cancer detection. Comparative 
analysis further confirms the enhanced capability of the CIDL-DSSKC method. For future work, exploring 
more advanced ensemble learning techniques could provide additional improvements in classification accuracy, 
thereby increasing the effectiveness of the system for kidney cancer detection. The proposed approach achieved 
a performance score of 97.73

 Role of machine learning in kidney cancer detection
The kidneys are vital organs involved in the filtration and homeostasis of body fluids in humans17. However, 
tumors originating in the kidney–caused by uncontrolled cell growth, can impair kidney function and, if not 
detected early, may prove fatal. Traditionally, diagnosis relies on manual inspection of medical images (MRI) 
by radiologists, which can lead to variable accuracy depending on the expertise of the detecting radiologist. To 
address these challenges, recent studies have explored the use of machine learning (ML) techniques to improve 
the accuracy and speed of renal tumor diagnosis. In one study, authors attempted to discriminate between normal 
and diseased kidney conditions using public datasets and tested classifiers such as SVM, AO, GB, and KNN. 
Feature extraction was performed using a dimensionality reduction approach to reduce model training time 
and enhance classifier performance. Among these, the KNN model achieved the highest diagnostic accuracy 
of 93.3% for the normal class (control kidney models), but its sensitivity for the abnormal (tumour) class was 
relatively low at 51.0%. Similarly, GB, ADA, and SVM models showed poor performance, approximately 55% 
accuracy, in tumour detection. These results highlight both the potential and the limitations of traditional ML 
methods for renal tumor classification and emphasize the need for more sophisticated approaches to provide 
reliable diagnostic predictions.

Persistent kidney cancer causes deterioration of the kidney’s circulatory system and has shown an increasing 
incidence in recent years16. Since chronic kidney cancer (CKC) often presents with non-specific symptoms, 
especially in its early stages, identifying efficient predictors for early detection is crucial. The goal of this research 
is to develop a machine learning-based approach for screening early-stage kidney cancer using several methods, 
including SVM, Decision Tree, Random Forest, KNN, Naïve Bayes, Logistic Regression, LGBM, CatBoost, 
and AdaBoost. Among these models, Random Forest (RF), AdaBoost (AB), and LGBM demonstrated strong 
performance, with an accuracy of up to 99% reported for numeric features. The study also employed data pre-
processing and feature selection techniques to further enhance model accuracy. Consequently, the proposed 
method proved to be more efficient and accurate compared to eight other tested approaches. Additionally, 
predictions generated by the best-performing model have been integrated into a user-friendly web application, 
increasing the practical relevance and accessibility of this work in real-world medical settings.

This article presents the EFS-MLC model18 which has been used to select the best feature selection and 
classification algorithms to build an accurate COVID-19 prediction model. In this research work, six feature 
selection approaches–Chi-square, Recursive Feature Elimination (RFE), Genetic Algorithm (GA), Particle 
Swarm Optimization (PSO), and Random Forests–were used to extract the important features from COVID-19 
datasets. The aforementioned features contribute to the performance of machine learning classifiers such as 
Decision Tree (DT), Naïve Bayes (NB), K-Nearest Neighbours (KNN), Multi-Layer Perceptron (MLP), and 
Support Vector Machine (SVM). Of these, the highest accuracy on the same dataset was obtained with the KNN 
model with the ensemble feature selection method. More specifically, the classifiers used in this system with 
the ensemble feature selection technique achieved an average accuracy of 88% based on using the symptom-
based), and with all applications imposing the need to add forensic evidence to trace COVID-19 presence. The 
difficulties in solving these two databases were further addressed by empirical experiments, which show that the 
EFS-MLC system can discover the optimal features that affect the classifier’s behaviour. This demonstrates the 
utility of the ensemble feature selection method to enhance COVID-19 identification models.

Research gaps and limitations
After reviewing previous research, we discovered some gaps.

•	 Although significant progress has been made in the detection of renal cell cancer (RCC), state-of-the-art 
models frequently suffer from the inability to capture spatial and probabilistic subtleties required for accurate 
classification of multistage cancer cases. All those methods, commonly based on binary classification or single 
feature extraction, also result in the weakness of the inclusiveness and the staging precision of those methods. 
To solve this, we introduce an RCC-ProbNet model that integrates both spatial and probabilistic information 
for enhanced RCC early and detailed staging diagnosis, and that provides an important basis for precise 
medical imaging diagnosis.

Proposed methodology
Our work begins with importing a dataset containing information on kidney renal cancer, which is fundamental 
for the subsequent analyses. In terms of image processing, enhancement methods are applied to adjust contrast, 
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sharpness, and reduce noise, aiming to capture as many critical features of the images as possible. Figure 1 
illustrates the methodology we adopted. This enhancement phase is designed to increase the utility of the images 
for the model, aiding in feature learning. Subsequently, we use a machine learning and deep learning-based 
model uniquely designed to extract newly generated probabilistic features from the data. This model integrates 
spatial feature information with probabilistic transformations, allowing for finer differentiation of the images–an 
important factor in distinguishing between cancer stages. The data was then split into training and testing sets, 
with 80% allocated for training and 20% for testing, to improve model performance evaluation and generate 
accurate performance estimates. We evaluated several candidate models to identify the one with the highest 
classification accuracy. Testing on the selected model enabled us to achieve highly accurate classification of the 
different stages of kidney cancer. This approach contributes not only to more precise staging but also to earlier 
detection, thereby facilitating more effective individualised treatment.

Kidney renal cell cancer image dataset
This study employs a publicly accessible benchmark dataset19 containing 277 images, specifically curated for 
the detection of kidney renal carcinoma. The dataset is organised into five classes, each representing a distinct 
stage of cancer progression: Stage 0, Stage 1, Stage 2, Stage 3, and Stage 4. Stage 0 corresponds to noncancerous 
cells, while Stages 1 through 4 represent increasing levels of cancer severity. A bar plot illustrating the class 
distribution is presented in Fig. 2, allowing for a comprehensive analysis of cancer progression across stages. This 
dataset structure effectively distinguishes between non-tumour and malignant stages, while providing valuable 
information about the gradual progression of the disease.

Fig. 1.  Our approach methodology for the detection of Kidney Renal cell Cancer at different stages.

 

Scientific Reports |        (2025) 15:45281 5| https://doi.org/10.1038/s41598-025-29742-4

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Image preprocessing
Our first approach uses simple image processing methods to accelerate the characterization of different stages 
of kidney renal cell cancer. The image analysis procedure is shown in Fig. 3 after pre-processing. This important 
first step preprocesses the input images for high quality and exposes all features required to identify cancer. 
The quality of the image is improved and standardized by a sequence of preprocessing steps, including image 
denoising, contrast stretching and normalization. These enhancements allow for better disease character 
progression to be detected and enhance the ability to distinguish between different cancer stages. This method 
provides an informative basis for further studies and model fitting leading to the accurate identification of 
kidney cancer.

 Proposed fusion mechanism and classifier design
In this paper, we propose RCC-ProbNet, which is formulated to specifically detect kidney renal cell cancer 
(RCC) by using deep learning and probabilistic features. RCC-ProbNet begins with spatial feature extraction 
using the VGG-19 architecture, as illustrated in Fig. 4. VGG-19, which consists of 19 convolutional layers, is 
particularly effective in generating high-level feature representations from imaging data. This capability is crucial 
given the detailed structures present in medical images of RCC. The algorithm 1 shows step by step feature 

Fig. 3.  Visualization after applying image processing techniques.

 

Fig. 2.  The label distribution bar chart analysis.
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engineering process. In the next step, RCC-ProbNet incorporates a probabilistic model centered around the 
CNN-based VGG-19. The convolutional neural networks employed in RCC-ProbNet leverage the spatial depth 
of VGG-19 for feature extraction. This hybrid approach not only enhances the network’s ability to encode spatial 
hierarchies but also transforms these spatial features into a probabilistic feature space. These modifications 
improve the model’s interpretability, reduce sensitivity to random fluctuations, and emphasize relationships 
between features that are most relevant for RCC detection. For better model selection, we apply a range of 
machine learning algorithms on the probabilistic feature set, performing a thorough feasibility assessment based 
on key performance indicators, including Accuracy, Precision, and Recall. This systematic evaluation allows us 
to benchmark models and select only the most suitable one for RCC detection. Beyond improving diagnostic 
accuracy, RCC-ProbNet leverages novel spatial and probabilistic feature extraction techniques combined with 
reliable model assessment, providing a stable and interpretable solution for fully automated RCC classification. 
This approach has the potential to enhance early diagnosis and intervention in clinical practice.

In RCC-ProbNet, we define probabilistic features as uncertainty-aware representations extracted via Monte 
Carlo (MC) Dropout applied to a VGG19-based feature extractor. Specifically, during inference, dropout layers 
are retained and multiple stochastic forward passes are performed on the same input image. Depth-wise drop-
out layers are kept in place as they would during inference, numerous stochastic forward passes performed 
over the identical input image. We also generate a distribution over activations from this process, and take the 
mean feature vector. This anticipated feature representation provides the model with a measure of its predictive 
uncertainty and is employed as the ultimate probabilistic feature vector. Unlike traditional probabilistic models 
like Gaussian Mixture Models (GMMs), this is principled in Bayesian Deep Learning, where the dropout 
serves as a variational approximation to deep Gaussian processes. Such probabilistic elements augment the 
spatial features learned from the CNN branch, making the model more reliable for representing various and 
ambiguous tissue patterns in RCC images. 

Fig. 4.  Our proposed RCC-ProbNet architectural analysis of the workflow for our feature engineering process 
for the kidney different stages cancer detection.
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Algorithm 1.  Detailed Feature Extraction and Fusion in RCC-ProbNet

Probabilistic feature modeling
In RCC-ProbNet, probabilistic features are extracted to capture the uncertainty and distributional characteristics 
of pixel intensities and spatial regions within tissue images. Specifically, we model the intensity values within a 
given image region as random variables and characterize their distribution using probability density functions 
(PDFs).

Let X = {x1, x2, . . . , xn} represent the set of pixel intensities in a localized region of the tissue image. We 
assume that these intensities follow a certain probability distribution P (X | θ), parameterized by θ (e.g., mean 
and variance for a Gaussian distribution). For example, if we model X  as Gaussian distributed:

	
P (X | µ, σ2) =

n∏
i=1

1√
2πσ2

exp
(

− (xi − µ)2

2σ2

)
� (1)

where µ and σ2 denote the mean and variance of the pixel intensities, respectively.
From this distribution, probabilistic features such as the expected value E[X], variance Var[X], and higher-

order moments can be extracted:

	
E[X] = µ = 1

n

n∑
i=1

xi � (2)

	
Var[X] = σ2 = 1

n

n∑
i=1

(xi − µ)2 � (3)

These probabilistic statistics capture essential texture and heterogeneity characteristics of the tissue, which are 
often indicative of malignancy stages. Furthermore, RCC-ProbNet combines these probabilistic features with 
spatial features derived from convolutional layers, which allows the model to benefit from both local spatial 
context and distributional uncertainty for more accurate classification. Introducing probability distributions 
instead of deterministic pixel values adds robustness against noise and variances typical to medical imaging data.

Applied learning schemes
In this study, a number of ML and DL approaches were explored to evaluate the efficiency of these models in 
diagnosing RCC. We applied a wide range of models, including conventional ML and DL methods, to identify 
the most optimal method for classifying RCC. To be specific, we used Convolutional Neural Networks (CNN), 
VGG-19, Stochastic Gradient Descent (SGD), Random Forest (RF), Logistic Regression (LR), Naive Bayes 
(NB), k-Nearest Neighbors Classifier (KNC), and Gaussian Naive Bayes (GNB). Through the benchmarking of 
different models with key indexes to evaluate the effects, we conducted a comprehensive comparison to select the 
suitable models capable enough to manage the various characteristics of RCC, so as to guarantee a high accuracy 
and effectiveness of the model for the detection task.

•	 Convolutional Neural Network To detect and classify several different stages of kidney cancer, with the help 
of renal cell images captured from contrast-enhanced scans, we developed a CNN model20. The CNN is de-
signed to learn specific visual cues for each stage of the evolution of the disease, which are essential patterns 
in tissue density, tumour boundaries, and vascular structures. With multiple convolution and pooling layers, 
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the model learns effective stage-dependent features to differentiate the early, intermediate, and advanced stag-
es of renal cell carcinoma. Using a cancer stage-labeled training dataset, the CNN can accurately classify it, 
correlated to diagnosis or early detection indications. This stage-directed focus helps the physician to tailor 
different treatment modalities according to the extent of cancer spread, resulting in more precise and efficient 
patient treatment.

•	 VGG-19 For identifying and classifying21 varying levels of kidney cancer, a VGG-19 model is used with renal 
cell cancer images from contrast-enhanced scans. Renowned for its deep architecture, VGG-19 uses 19 layers 
to extract higher-level spatial features, which are fundamental for discriminating between the stages of can-
cer. The model achieves this by processing images of renal cells through a series of convolution and pooling 
layers to which extract density and tumor boundary at the level of early, intermediate, and advanced cancer 
cascade into features. Then, after training on an imageset with stage annotations, VGG-19 repeatedly encoun-
ters patterns that are cues to the stages and has satisfactory performance in stage classification of renal cell 
carcinomas. The feature selection and classification introduced in this paper help to stage the lung cancer and 
provide a wealth of information about cancer development to the doctor. Finally, early detection accuracy in 
kidney cancer patients is improved, and the patients are diagnosed, and then a reasonable treatment scheme 
is developed.

•	 Gaussian Naive Bayes In22, a GNB model is used to differentiate stages of kidney cancer by renal cell kidney 
images in contrast-enhanced scans. This probabilistic model uses the statistical distribution of pixel intensi-
ties and spatial structures that exist in the state-labelled renal cell images. GNB assumes Gaussian distributed 
features for each stage of cancer; therefore, it can readily differentiate early, intermediate, and advanced stages 
based on changes in tissue density & tumour morphology. The probability for an image being in one of the 
stage classes is estimated, then attributed to the most likely stage. Considering the efficiency of computational 
cost and the capability of high-dimensional data processing, GNB may present a quick yet effective approach 
to individual cancer stage identification. This methodology is useful for early detection and stage-specific 
analysis, and it has the potential to provide information for medical diagnosis for treating kidney cancer 
patients.

•	 K-Nearest Neighbours Classifier The KNC model is applied to differentiate various23 phases of kidney cancer 
using renal cell images from contrast-enhanced scans. This model categorises images based on similarity and 
determines the characteristics of the stage to which an image belongs, given a set of labelled renal cell images 
and cancer stages. By comparing the “k” most similar images to the input image, the KNC model can distin-
guish early, intermediate, and advanced states of tissue structure, density, or tumor margin characteristic of 
kidney cancer. This similarity-based approach enables the model to capture progressive changes in features 
that differentiate stages while analyzing new cases, thus improving staging classification. It proves to be an 
easy yet effective method to help identify cancer progression and assist clinicians in understanding each pa-
tient’s cancer stage and the optimal treatment options.

•	 Stochastic Gradient Descent This linear classifier24 trained using gradient descent is suitable for high-dimen-
sional features and effectively extracts markers that define different stages of kidney cancer. Due to parameter 
updates based on small batches during training, the SGD classifier learns features about tissue density, tumor 
size, and boundary definition to distinguish between early, intermediate, and advanced cancer stages. The 
model rapidly converges to an optimum solution, making it uniquely suited for high-dimensional problems 
as staging predictions can be computed efficiently. This fast and effective method improves diagnostic accura-
cy and provides significant, interpretable stage designations that may enable appropriate treatment strategies 
for kidney cancer patients.

•	 Naive Bayes Authors in25 use a Naiye bayes model to predict and categorise various levels of kidney cancer 
originating from renal cell images that are taken from contrast-enhanced computed tomography (CT) scans. 
This probabilistic model is very useful in the case of multivariate data where the outcome is based on individ-
ual feature values. For the stage of kidney cancer, Naive Bayes has been used to estimate pixel intensities and 
texture feature class-conditional probability distributions at three stages of the tumour development: early, 
intermediate, and late. It helps the model to classify images precisely and promptly by considering the contra-
dictions in terms of tumour density, size, and shape among the stages. Due to its simple implementability and 
fast computation, Naive Bayes is more desirable in low-resource settings, assisting clinicians to understand 
the progression of cancer and contributing to personalised treatment planning accordingly.

•	 Logistic Regression The LR model is used for detecting different stages of kidney cancer based on contrast-en-
hanced renal cell scan imaging26. By modelling the probability density function of an image’s likelihood of 
belonging to a certain cancer stage, Logistic Regression differentiates stages based on features such as tissue 
density, tumour size, and boundary sharpness. Its ability to compute weights for each image feature allows 
the model to predict the probability of each stage using a learned linear boundary. Although a basic method, 
Logistic Regression is easily interpretable, efficient, and well-suited for data with numerous features. This 
probabilistic output places clinicians in a good position to understand stage progression and make accurate, 
timely stage-specific diagnoses. The model aids quick and precise cancer stage identification and is helpful for 
providing short-term forecasts that support treatment planning and monitoring cancer progression.

•	 Random Forest The Random Forest model is used27 to identify various stages of kidney cancer using renal 
cell images derived from contrast-enhanced CT scans. Random Forest is an ensemble learning technique that 
builds numerous decision trees during training and makes predictions based on the majority vote during test-
ing, offering robust and reliable results. Each tree is grown from a random sample of features and instances, 
enabling the model to capture complex dependencies associated with early, intermediate, and advanced stages 
of kidney cancer. By utilizing diversified trees, Random Forest minimizes overfitting and improves predic-
tive accuracy, making it well-suited for inherently noisy medical imaging data. This model allows evaluation 
of relationships between tumor morphology, tissue density, and vascular structures, making cancer staging 
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more nuanced. Ultimately, Random Forest assists clinicians in early kidney cancer diagnosis and supports 
treatment decisions tailored to distinct cancer stages.

Hyperparameter tunning
In the applied models, we performed hyperparameter tuning to enhance their performance. Table 2 summarizes 
the hyperparameters used. Optuna was employed to optimize key hyperparameters for each model, including–
but not limited to–learning rate, batch size, number of estimators, and regularization values. By thoroughly 
exploring various configurations, Optuna enabled us to select the best values, resulting in improved performance, 
greater stability, and faster training. This approach helped each model perform better and increased its ability 
to generalize to other datasets. The chosen hyperparameters represent a balance between model performance, 
training efficiency, and resource constraints. We set the number of epochs to 10 to avoid overfitting while 
allowing sufficient learning, as initial tests showed convergence within this range. A batch size of 32 was selected 
as a typical tradeoff between fast training and stable gradient updates. The Adam optimizer was used due to 
its adaptive learning rate and fast convergence, which are particularly beneficial for deep learning models like 
VGG-19. The loss function was categorical cross-entropy, suitable for the multiclass RCC stage classification. 
Finally, the input shape of (224, 224, 3) matches the model’s pre-trained configuration, ensuring compatibility 
with ImageNet weights and optimal feature extraction performance.

Results and discussions
In this section, we report the evaluation results of our proposed model and compare it with other existing models 
applied to the same datasets, to provide complete measures of their effects. We also evaluate the comparison 
among models on the criteria of accuracy, precision, recall, and F1 score to discuss their relative advantage 
further for the task. Such a comparative study not only validates the efficacy of our model but also shows the 
diverse ways to address the challenges of this dataset so that we can refine and improve in future work.

Experimental setup
For this experiment, we used Google Colab as a cloud environment to meet the computational demands of our 
tasks and provide a convenient interface for our machine learning operations. Leveraging Colab’s capabilities, we 
were able to execute our models efficiently, making extensive use of GPU resources for training and evaluation. 
Table 3 presents the setup information. Additionally, Colab’s collaboration features facilitated sharing and 
exchanging files and content within the system, enabling our team to communicate easily and work together on 
model fine-tuning, machine learning, and data analysis. Overall, using Google Colab was highly beneficial for 
running our experiments and producing accurate results.

CNN model results
we used a simple Convolutional Neural Network (CNN) in our experiments. However, the model failed to 
produce promising accuracy, achieving a rating of only 32%. This poor performance raises questions about the 
complexity of the architecture, which may not be sufficient to capture the underlying patterns in the data. It 
also highlights the need to explore more elaborate architectures or methods that could significantly enhance the 
model’s learning capacity and classification performance, given the training data.

Specification Value

Model Dell Intel(R) CPU 6.20 GHz

Programming Language Python 4.0

CPU MHz 4200

Cache Volume 7632 KB

RAM 16 GB

CPU Core 2

Address Volume 64-bit Virtual, 128-bit Physical

Table 3.  The experimental setup information.

 

Technique Hyperparameter

RF n_estimators=300, max_depth=300, random_state=0, criterion=’gini’

LR penalty=’l2’, C=1.0, solver=’lbfgs’, max_iter=100

GNB var_smoothing=1e-9

SGD loss=’log’, learning_rate=’optimal’, max_iter=1000, tol=1e-3, random_state=0

KNC n_neighbors=5, weights=’uniform’, algorithm=’auto’

CNN epochs=10, batch_size=32, optimizer=’adam’, loss=’categorical_crossentropy’

V GG − 19 epochs=10, batch_size=32, optimizer=’adam’, loss=’categorical_crossentropy’, input_shape=(224,224,3)

Table 2.  Hyperparameter Tuning of Different Applied Models.
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Visual geometry group-19
After using the VGG-19 model, it was observed that it performed significantly better than our simple CNN 
model. The accuracy score achieved by the VGG-19 model was 78%, clearly demonstrating its ability to capture 
the complex features and patterns within the dataset. Figure 5 illustrates the model’s evaluation results, while Fig. 
6 presents the confusion matrix heatmap. This improved performance further supports the idea that deep and 
complex architectures are more effective for handling challenging tasks. The findings reveal that incorporating 
the VGG-19 model led to enhanced classification accuracy and provided a more robust platform for the 
experiments.

Performance analysis using spatial features
As part of our systematic analysis, we applied various machine learning models to the spatial features extracted 
from the dataset, resulting in a range of outcomes. Table 4 presents the complete classification report for all 
models tested. The K-Nearest Neighbors (KNC) model achieved an accuracy of 63%, while the Stochastic 
Gradient Descent (SGD) model performed better with an accuracy of 71%. The Random Forest (RF) model 
proved to be the most effective, delivering the highest accuracy of 91%. Additionally, the Naive Bayes (NB) 
model reached an accuracy of 83%. However, the Gaussian Naive Bayes (GNB) model performed poorly, with 
accuracy dropping to only 20%, indicating near model failure. These results highlight the varied performance of 
different algorithms on this task, demonstrating a mixed but informative performance landscape.

Performance analysis of proposed RCC-ProbNet model
We recreated the probabilistic features using the same feature engineering techniques and retrained the machine 
learning models on this newly derived feature set. The accuracy scores observed showed significant improvements 

Fig. 6.  Shows VGG-19 model confusion matrix heatmap graph.

 

Fig. 5.  Performance comparison between training and validation accuracy using the VGG-19 model.
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over the earlier setup, providing strong evidence that refined features enhance model performance. The highest 
accuracy achieved by LR at 99.93%, highlighting its strong capacity to classify optimally using the selected 
features. KNC closely followed with 99.62% accuracy, demonstrating its effectiveness in handling complex data 
patterns. The complete evaluation report is provided in Table 5. The Random Forest (RF) model also delivered 
excellent results, achieving 99.42% accuracy, which reflects its ability to learn complex data relationships through 
ensemble learning. Naive Bayes (NB) achieved an accuracy of 98%, slightly lower than the other models, but still 
demonstrating how well the newly derived features align with probabilistic modelling. The GNB model, which 
was previously among the weaker performers, showed a substantial improvement to 99% accuracy, indicating 
that the new features strengthened models relying on Gaussian assumptions. Similarly, the Stochastic Gradient 
Descent (SGD) model reached 99% accuracy, confirming its suitability for the refined feature set through its fast 
and efficient convergence.

Figure 7 presents a bar chart comparing the performance using spatial features and the newly proposed 
features. In conclusion, these findings demonstrate that the newly obtained features significantly enhanced the 
classification performance of each model. The results shown in the last two sub-figures indicate that high accuracy 
was consistently achieved regardless of the chosen algorithm, suggesting that the feature engineering process 
successfully extracted important characteristics of the data and made them more generalizable and effective 
across different machine learning techniques. This consistency in performance provides strong evidence that the 
refined features can perform equally well in other applications, thereby improving the stability and flexibility of 
the models.

Model Acc. Class Prec. Rec. F1

KNC 0.58

Grade 0 0.75 0.86 0.80

Grade 1 0.45 0.56 0.50

Grade 2 0.47 0.64 0.54

Grade 3 0.50 0.44 0.47

Grade 4 1.00 0.62 0.76

Avg. 0.63 0.62 0.61

SGD 0.71

Grade 0 0.75 0.86 0.80

Grade 1 0.00 0.00 0.00

Grade 2 0.70 0.64 0.67

Grade 3 0.62 0.94 0.75

Grade 4 0.86 0.92 0.89

Avg. 0.59 0.67 0.62

RF 0.91

Grade 0 0.88 1.00 0.93

Grade 1 1.00 0.78 0.88

Grade 2 0.91 0.91 0.91

Grade 3 0.82 0.88 0.85

Grade 4 1.00 1.00 1.00

Avg. 0.79 0.80 0.81

NB 0.75

Grade 0 0.50 0.57 0.53

Grade 1 0.43 0.67 0.52

Grade 2 0.59 0.91 0.71

Grade 3 0.83 0.31 0.45

Grade 4 1.00 0.85 0.92

Avg. 0.67 0.66 0.63

LR 0.71

Grade 0 0.88 0.89 0.88

Grade 1 0.75 0.83 0.84

Grade 2 0.81 0.90 0.88

Grade 3 0.90 0.91 0.90

Grade 4 0.89 0.90 0.90

Avg. 0.79 0.77 0.80

GNB 0.20

Grade 0 0.00 0.00 0.00

Grade 1 0.00 0.00 0.00

Grade 2 0.20 0.36 0.26

Grade 3 0.29 0.38 0.32

Grade 4 0.38 0.38 0.38

Avg. 0.17 0.22 0.19

Table 4.  Performance analysis on spatial features.
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Kfold validations analysis
We selected 10-fold cross-validation to achieve a balanced trade-off between bias and variance in performance 
estimation, while ensuring that each subset of the data was sufficiently large for stable evaluation given the 
dataset size. For ROC analysis, we determined the classification threshold using Youden’s Index, which identifies 
the point that maximizes the difference between the true positive rate and the false positive rate. This approach 
was chosen to optimize both sensitivity and specificity, which is especially important in medical diagnostics 
where the cost of false negatives can be high. These clarifications have been added to ensure transparency and to 
strengthen the reproducibility and interpretability of our evaluation strategy.

To analyse the performance and stability of different classes of machine learning models, we used 10-fold 
cross-validation. Table 6 shows a 10-fold validation report. The outcomes pointed to the fact that the RF model 
offered a considerable amount of mean accuracy of 0.9963 with a standard deviation of ± 0.0111, which gave a 
top accuracy and reliability. In the same regard, the LR model has another evaluation measurement, including a 
mean accuracy of 0.9932 with no observed variability of ± 0.0000. The Naive Bayes (NB) has a mean accuracy of 
0.973, but with a moderately higher Variability (±0.0227). The SGD model reached the mean accuracy of 99.09% 
while the variability of the samples was ±1.82% an The KNC had the highest accuracy of 0.9964, and this was 
accompanied by a very low variability, with a standard deviation of ±0.00107, which shows the stability of the 
models. The RF model achieved a mean accuracy of 0.9963 with a standard deviation of ±0.0111, demonstrating 
high performance and consistency. Similarly, the LR model achieved a mean accuracy of 0.9932 with no observed 
variability (±0.0000). The Naive Bayes (NB) model yielded a mean accuracy of 0.973 with a slightly higher 
variability (±0.0227), indicating moderate performance. The SGD model showed a mean accuracy of 0.9909 

Model Acc. Class Prec. Rec. F1

KNC 0.9962

Grade 0 1.00 1.00 1.00

Grade 1 1.00 1.00 1.00

Grade 2 1.00 1.00 1.00

Grade 3 0.99 1.00 1.00

Grade 4 1.00 1.00 1.00

Avg. 1.00 1.00 1.00

SGD 0.99

Grade 0 0.99 0.99 1.00

Grade 1 0.99 1.00 0.99

Grade 2 1.00 0.99 0.99

Grade 3 1.00 0.99 1.00

Grade 4 0.99 0.99 0.99

Avg. 0.99 0.99 0.99

RF 0.9942

Grade 0 1.00 1.00 1.00

Grade 1 1.00 1.00 1.00

Grade 2 1.00 0.98 1.00

Grade 3 0.99 0.99 1.00

Grade 4 1.00 0.99 0.99

Avg. 0.99 0.99 0.99

NB 0.98

Grade 0 0.98 0.98 0.98

Grade 1 0.99 0.97 0.97

Grade 2 0.98 0.95 0.99

Grade 3 0.95 0.96 0.92

Grade 4 0.98 0.99 0.98

Avg. 0.98 0.99 0.97

LR 0.9993

Grade 0 1.00 0.99 1.00

Grade 1 0.99 1.00 1.00

Grade 2 0.99 0.99 1.00

Grade 3 0.99 1.00 1.00

Grade 4 0.99 1.00 1.00

Avg. 0.99 0.99 0.99

GNB 0.99

Grade 0 0.99 0.98 0.98

Grade 1 0.98 0.87 0.93

Grade 2 0.99 1.00 0.99

Grade 3 0.97 1.00 0.97

Grade 4 1.00 0.99 0.99

Avg. 0.99 0.98 0.99

Table 5.  Performance analysis with proposed RCC-ProbNet approach.
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with a variability of ±0.0182. Figure 8 shows the confusion matrix heatmap graph. The KNC achieved the highest 
accuracy of 0.9964 with a very low variability of ±0.00107, highlighting its robustness. Finally, in the case of the 
GNB model, an average accuracy of 0.9857 with a standard deviation of ±0.0237 was achieved, which was at par 
with other models used in this study. These results help to confirm the usefulness of the tested models and show 
that KNC and RF are the most accurate and stable.

Computational complexity analysis
A computational cost comparison was conducted to assess the amount of time taken by different machine learning 
algorithms to complete. The NB model demonstrated the lowest computational cost, completing in just 0.00403 
seconds, followed closely by the GNB model at 0.00630 seconds. Table 7 shows the time complexity analysis. The 
KNC took slightly longer at 0.00813 seconds, and the SGD model averaged 0.01123 seconds. Logistic Regression 
(LR) exhibited a moderate computational cost of 0.01295 seconds. In previous evaluations, the RF model showed 
high accuracy but required the longest computational time, taking 0.44943 seconds. These results highlight that 
simpler models, such as NB and GNB, require the least time, whereas more complex models like RF demand 
significantly more computational resources.

Evaluation on KiTS21 dataset
We additionally confirmed the generalizability and robustness of RCC-ProbNet using the open-source 
KiTS21 dataset(Kidney Tumour Segmentation Challenge 2021). It is a dataset constituted of a large number 
of CT scans with annotations on kidney tumours, making it an extremely tough and varied reference for renal 
cancer classification and segmentation missions. Finally, to test the capability of our RCC-ProbNet model, we 
performed experiments by fine-tuning it on the KiTS21 dataset and testing it with different evaluation metrics, 
including Accuracy, Precision, Recall, F1-Score, Specificity, AUC and Cohen’s Kappa Score. We selected these 
metrics to measure classification quality in terms of trade-offs between true positives, false positives, and overall 
agreement with ground truth labels. As shown in Table 8, RCC-ProbNet achieves outstanding performance 
across all metrics on the KiTS21 dataset, achieving a near-perfect accuracy of 99.88%. This strong performance 
further confirms the model’s ability to generalize effectively beyond small-scale datasets, thus mitigating the risk 
of overfitting.

Technique Kfold K-Fod Accuracy (%) Standard Deviation (%)

RF 10 0.9963 +/-0.0111

LR 10 0.9932 +/-0.0000

NB 10 0.973 +/-0.0227

SGD 10 0.9909 +/0.0182

KNC 10 0.9964 +/-0.00107

GNB 10 0.9857 +/-0.0237

Table 6.  Our proposed approach shows state-of-the-art k-fold validation analysis.

 

Fig. 7.  Bar chart analysis using the proposed RCC-ProbNet approach.
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Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) Specificity (%) AUC (%) Kappa Score

RCC-ProbNet 96.88 96.90 96.85 96.87 96.92 96.91 0.968

Table 8.  Comprehensive performance evaluation of RCC-ProbNet on the KiTS21 Dataset.

 

Technique Computation Time

GNB 0.0063042640686s

KNC 0.00813221931s

SGD 0.0112311840057

NB 0.00403070449s

LR 0.0129497051239s

RF 0.4494276046752s

Table 7.  Our novel proposed shows computational complexity analysis.

 

Fig. 8.  Confusion matrix heatmap analysis using the proposed RCC-ProbNet approach.
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State of the art studies comparisons
We compared the proposed RCC-ProbNet approach with previously used techniques in this context and achieved 
higher accuracy. Table 8 presents the state-of-the-art comparisons. For reference, previous methods reached 
a performance level of 99.72%, demonstrating their effectiveness. However, our proposed approach, RCC-
ProbNet, achieved the highest accuracy score of 99.93%, surpassing these methods. Thus, the RCC-ProbNet 
classifier outperforms all evaluated classifiers in terms of classification accuracy, setting a new benchmark for 
future work and highlighting the great potential of our approach as a highly accurate solution in this field (Table 
9).

Feature space analysis
To examine the correlation between features extracted from the RCC-ProbNet model, we used a 3D feature space 
analysis28. This analysis required employing modern visualization methods. By projecting the data into a three-
dimensional space, we aimed to enhance the understanding of how features correlate and segregate according 
to the different stages of renal cell carcinoma (RCC). Fine-tuning the utilization of the 3D map helped identify 
distinct patterns by revealing how features within various cancer stages exhibit differential distribution. This 
facilitates the identification of important features that significantly improve the model’s performance, providing 
deeper insights into the biology of RCC. Furthermore, this approach assists in the preliminary detection of 
potential overlaps or ambiguities between stages, which is crucial for fine-tuning the model and enhancing 
classification performance. Figure 9 shows the feature space analysis. The 3D feature space analysis serves as 
an effective diagnostic tool for evaluating the efficiency of the selected feature extraction methods. Thus, we 
confirm the effectiveness of the proposed approach and demonstrate that the chosen features are sufficiently 
discriminative to visually differentiate between the identified cancer stages. The insights derived from this 
analysis contribute not only to understanding the data structure in this study but also improve the interpretation 
of the model itself. These findings can support potential improvements and optimization of RCC detection 
techniques in the future. Finally, the integration of 3D feature space analysis enriches the overall theoretical 
framework of RCC-ProbNet diagnosis, thereby enhancing the model’s diagnostic capability.

Fig. 9.  RCC-ProbNet extracted feature analysis.

 

References Proposed Technique Dataset Accuracy (%)
12 KidneyEnsemble-Net Kidney renal images dataset 99.72
16 LGBM model CT images dataset 99.00
15 CIDL-DSSKC CT image scans dataset 97.73
8 Transformer Ensemble Dartmouth Kidney Cancer Histology Dataset 98.51
17 SVM, KNN, GB, ADA with Dimensionality Reduction Public Renal MRI dataset 93.30

[Ours] RCC-ProbNet Kidney cancer images dataset 99.93

Table 9.  Our RCC-ProbNet proposed model compared with state-of-the-art approaches.
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Clinical implications
As a promising tool for improving the diagnosis process of RCC, RCC-ProbNet makes stage-specified 
classification much more reliable in medical images. Early and accurate diagnosis of RCC is very important 
for early intervention and to minimise the negative quality of life consequences to the patient. Through the 
combination of deep spatial feature extraction (using VGG-19) and probabilistic reasoning (exploited in a hybrid 
CNN), RCC-ProbNet provides a framework that can potentially help radiologists and oncologists in recognising 
features that may not be visually detectable by manual inspection. The model’s capacity to produce probabilistic 
outputs is also valuable for decision-making in the clinic and could lead to less challenging diagnoses. After 
further validation, RCC-ProbNet may be incorporated into computer-aided diagnosis systems to facilitate 
routine, efficient, and affordable screening and surveillance for RCC across varying clinical settings.

Conclusion
In this work, we proposed RCC-ProbNet, an original model for the detection of kidney renal cell carcinoma 
(RCC), a deadly cancer for which early diagnosis plays an important role in increasing survival rates. Through the 
combination of spatial feature extraction and a hybrid probabilistic feature modelling technique, RCC-ProbNet 
using Logistic Regression (LR) achieved a high accuracy of 99.3%, which outperforms previous methods and 
sets a new state-of-the-art performance. The performance of the model was highly evaluated by using the k-fold 
cross-validation, indicating that the model was of high reliability and stability for RCC detection. A comparative 
study also demonstrated that RCC-ProbNet + LR has better performance in comparison to the previous method, 
indicating great progress in RCC detection. The application of the model has apparent clinical benefits in the 
diagnosis, greatly improved, and could early intervention, and finally to improve the survival rate of the RCC 
patients. This work provides a solid underpinning for future development and application in RCC detection and 
therapy.

Future work
Future work in this field will also concern the extension of RCC-ProbNet towards other functions and its 
application in the context of clinical practice. One such area of improvement includes adapting the model to 
make it more suitable for larger and more diverse datasets (eg, multi-institutional imaging data) to improve 
transferability across different patient populations. In addition, this work will also further investigate utilizing 
RCC-ProbNet with more complicated imaging modalities and histopathology, which may bring the model 
more diagnostic cues and increase the performance. Another avenue for research development pertains to the 
extension of the types of kidney cancer that the model can distinguish and the application of the model within 
the field of oncology. Finally, attempts will be continued to assist in the clinical application of RCC-ProbNet by 
implementing a user-friendly GUI as well as investigating potential computational speed enhancements. These 
innovations will facilitate the integration of RCC-ProbNet into clinical practices so healthcare providers can 
make diagnoses more timely and accurately, improving patient care.

Discussions and limitations
The high accuracy of our approach in the cancer stage classification demonstrates that RCC-ProbNet indeed 
has potential power in terms of cancer diagnosis. However, we are adding more sources of clinical information, 
such as patient history or laboratory tests. Finally but importantly, the clinical application of the model can bring 
about questions with respect to the computational requirement of high-performing models, as the latter often 
demand strong computational resources and cannot be conducted in community-based medical systems that 
are not supported by such hardware. Overcoming this constraint in subsequent studies and uses will be key to 
the broadening of applications of RCC-ProbNet for the diagnosis, prognosis, and treatment of kidney renal cell 
carcinoma.

Data Availability
All data and code supporting the findings of this study are available from the corresponding authors upon re-
quest.
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