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| ABSTRACT 

Automated analysis of kidney abnormalities from computed tomography (CT) has gained increasing importance as imaging 

volumes grow and radiological workloads intensify. Despite recent progress, robust multiclass classification remains challenging 

due to overlapping visual characteristics, acquisition variability, and class imbalance across renal conditions. In this work, we 

present an attention-driven framework for multiclass kidney disease classification from CT images. The proposed approach is 

based on a Vision Transformer (ViT-B/16) architecture that explicitly models global anatomical context while preserving 

discriminative local renal features. A comprehensive evaluation is conducted against established convolutional and modern 

CNN-based models, including ResNet50, DenseNet121, EfficientNetV2-S, and ConvNeXt-Tiny, using a CT kidney dataset 

containing 12,446 images spanning normal, cyst, stone, and tumor classes. The proposed model achieves the best overall 

performance, with 98.90% accuracy and a PR-AUC of 99.23%, demonstrating strong class-wise discrimination under imbalance. 

To promote transparency, gradient- and attention-based explainability techniques are employed to visualize lesion-relevant 

regions influencing predictions. The results indicate that transformer-based modeling offers an effective and interpretable 

solution for reliable CT-based kidney disease screening. 
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1. Introduction  

Kidney diseases such as cysts, stones, and renal tumors constitute a significant global health burden and remain a major cause of 

morbidity when diagnosis is delayed. CT is routinely used for renal assessment due to its high spatial resolution and ability to 

reveal subtle anatomical and density variations. However, accurate interpretation of CT scans requires expert radiological 

knowledge and is time-consuming, particularly in high-volume clinical settings. These challenges are further amplified in low- 

and middle-income regions, where shortages of trained radiologists and increasing imaging workloads can delay diagnosis and 

treatment. Automated and reliable CT-based screening tools therefore have the potential to support early detection, improve 

diagnostic efficiency, and reduce clinical burden[1]. 

Conventional diagnosis relies on manual inspection of CT slices, often followed by additional imaging or invasive procedures. 

This process is subject to inter-observer variability and can be influenced by differences in acquisition protocols, contrast 

enhancement, and patient anatomy. Moreover, renal abnormalities frequently exhibit overlapping visual characteristics, such as 

similar intensity patterns between cysts and tumors or small calculi embedded within surrounding tissue, making multiclass 
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discrimination challenging. Despite promising results reported in prior studies, many approaches emphasize overall accuracy on 

constrained datasets, with limited analysis of class-wise errors, imbalance effects, and explanation reliability. In practice, 

screening tools must not only achieve high accuracy but also behave consistently under heterogeneous acquisition conditions 

and provide transparent outputs that support clinical decision-making[2]. 

Recent advances in deep learning have enabled large-scale automated analysis of medical images, with convolutional neural 

networks (CNNs) becoming the dominant paradigm for CT-based kidney disease classification. CNNs are effective in learning 

local texture and edge-based features and have demonstrated strong performance in controlled benchmarks. However, their 

reliance on localized receptive fields limits sensitivity to global renal structure and long-range spatial relationships, which are 

often critical for distinguishing diffuse tumor growth from normal anatomy or identifying contextual cues related to bilateral 

kidney structure and lesion placement. These limitations motivate the exploration of architectures capable of integrating fine-

grained local details with broader anatomical context [3]. Alongside diagnostic AI, a complementary translational literature 

addresses broader biomedical innovation, therapeutic strategy, and technology-enabled care. Precision wound healing has been 

discussed through the integration of regenerative therapies with smart technologies, reflecting a convergence of biomaterials, 

sensing, and intelligent treatment design [19]. Therapeutic enhancement at the molecular level is further represented by hybrid 

temozolomide nanoconjugates proposed to improve drug stability and glioblastoma treatment efficacy [20]. At the immuno-

oncology frontier, protein degradation–based “molecular erasers” have been presented as a strategy for reprogramming cancer 

immunity, indicating growing interest in programmable and mechanism-driven therapeutic paradigms [21]. Collectively, these 

studies complement the diagnostic literature by showing that current biomedical research is not confined to classification 

performance alone, but is increasingly oriented toward integrated care pathways that link detection, treatment optimization, and 

biologically informed intervention. 

The novelty of this work lies in framing multiclass kidney disease classification as a global–local attention modeling problem, 

where fine-grained renal texture cues and broader anatomical context are jointly leveraged within a unified transformer-based 

architecture. In addition to performance comparison, the study emphasizes robustness-oriented evaluation and explainability-

driven validation at dataset scale to ensure reliable, transparent, and clinically meaningful model behavior. Motivated by these 

considerations, this work evaluates representative classical and modern CNN architectures alongside a transformer-based model 

and adopts a ViT-B/16 configurations that balances representational capacity and computational efficiency for medium-scale CT 

datasets. 

Beyond predictive performance, clinical adoption of automated systems requires transparency and trust. To address this 

requirement, we integrate gradient- and attention-based explainability mechanisms, enabling qualitative assessment of whether 

predictions are driven by anatomically meaningful renal regions rather than spurious background features. Unlike many prior 

studies that prioritize headline accuracy alone, this work places particular emphasis on class-wise behavior, imbalance-aware 

evaluation, and explanation fidelity. Our key contributions are: 

1. A comprehensive comparison of classical CNNs, modern CNN variants, and a transformer-based architecture for 

multiclass CT kidney disease classification. 

2. Design of a unified end-to-end pipeline encompassing preprocessing, training, and evaluation on a large CT kidney 

dataset under realistic clinical variability. 

3. Integration of gradient- and attention-based explainability to verify lesion-driven decision-making across CNN and 

transformer models. 

4. Strong performance analysis using complementary evaluation metrics, including accuracy, F1-score, MCC, PR-AUC, and 

confusion matrix analysis to ensure reliable reporting under class imbalance. 

The remainder of this paper is organized as follows. Section II reviews related work on CT-based kidney disease analysis. Section 

III describes the dataset, preprocessing steps, and model architectures. Section IV presents the evaluation metrics and 

experimental results. Section V discusses the findings, limitations, and clinical implications, and Section VI concludes the paper. 

 

2. Related Works 

Recent advances in automated kidney disease analysis from computed tomography (CT) imaging have been largely driven by 

deep learning methods that learn discriminative renal representations from axial slices. Early studies predominantly relied on 

convolutional neural network (CNN)–based pipelines due to their stable optimization behavior and effectiveness in capturing 

local texture and intensity patterns. While CNNs have shown strong performance in identifying renal abnormalities, their 

inherently local receptive fields limit sensitivity to global anatomical context, which is often critical when disease manifestations 

such as cyst margins, tumor extent, or small calculi require multi-scale and structural reasoning. Consequently, recent research 

has increasingly explored architectural refinements, ensemble strategies, and explainability mechanisms to enhance robustness 

and clinical relevance. A comprehensive investigation of jute leaf disease detection demonstrated the effectiveness of combining 

conventional machine learning and deep learning strategies for robust plant pathology analysis [10]. In related agricultural 

settings, deep learning has also been employed for automated weed species classification in rice cultivation, supporting more 

precise and scalable field management [15]. Transformer-oriented advances further include an efficient model for cotton leaf 

disease identification [17], an explainable transformer framework extending fast cotton leaf diagnostics to both agriculture and 
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industrial fabric defect inspection [33], a vision transformer–EfficientFormer stacking ensemble for mango leaf disease 

recognition with explainable AI [27], and a MaxViT-based approach for accurate soybean leaf and seed disease identification 

[28]. In addition, translational deployment has been emphasized through web-based disease recognition systems, as evidenced 

by transfer learning–driven cucumber disease diagnosis platforms designed for accessible real-world use [38]. 

Several studies have addressed multi-class kidney abnormality recognition using end-to-end CNN or detection-based 

frameworks. Pande and Agarwal [4] proposed a YOLOv8-based system for detecting cysts, stones, and tumors from CT images, 

demonstrating the feasibility of unified detection pipelines under real-time constraints. Although their results indicate practical 

applicability, performance remains moderate, and evaluation is confined to a single dataset, leaving robustness under acquisition 

variability insufficiently examined. In a related direction, Almuayqil et al. [5] introduced KidneyNet, a lightweight CNN 

architecture augmented with Grad-CAM for visual interpretability, reporting very high classification accuracy on a CT kidney 

dataset. Despite strong quantitative results, the study relies heavily on extensive augmentation and single-source validation, 

raising concerns regarding generalization to unseen clinical distributions. 

Beyond agriculture and medicine, recent work also demonstrates the broad transferability of AI methodologies across security, 

language, multimodal perception, scientometrics, conservation, and human-centered analytics. AI-powered threat detection 

systems have been proposed to strengthen real-time response in modern enterprise cybersecurity environments [11]. In citation 

analysis, edge-conditioned graph attention networks have been introduced for journal ranking, highlighting the value of graph-

based relational reasoning in scholarly knowledge systems [12]. Natural language processing applications include sentiment 

analysis of online drug reviews [23], comparative modeling for suicidal ideation detection [25], and multi-class sentiment 

classification on Bengali social media comments [26]. Multimodal learning has advanced through hybrid and tensor fusion 

methods for vision-audio object recognition [32], while affective computing research has leveraged ensemble transformers with 

post-hoc explanations for depression emotion and severity detection [34]. Deep learning has also been applied to classroom 

activity classification [39], and explainable ensemble approaches have extended AI to biodiversity-oriented tasks such as rare 

medicinal plant recognition and conservation [36]. Together, these studies reveal a consistent trajectory toward domain-

adaptive, explainable, and application-driven AI systems capable of addressing both high-stakes and socially relevant real-world 

problems. 

Another active line of research focuses on transfer learning and optimization-driven performance enhancement. Pimpalkar et al. 

[6] evaluated multiple pre-trained CNN backbones, including VGG16 and ResNet50, combined with classical image processing 

techniques such as thresholding and region segmentation, achieving near-perfect accuracy. While these hybrid pipelines 

highlight the benefits of transfer learning, their dependence on handcrafted preprocessing and aggressive augmentation may 

inadvertently encode dataset-specific artifacts, limiting reproducibility across independent cohorts. Ensemble-based approaches 

further extend this paradigm. Asif et al. [7] proposed stacked and PSO-weighted ensembles integrating multiple CNN backbones, 

reporting improved generalization on unseen CT data. Although ensemble strategies consistently outperform single models, 

their increased computational complexity and inference cost may hinder deployment in resource-constrained clinical settings. 

Beyond classification, segmentation-oriented studies emphasize precise anatomical delineation to support downstream 

diagnosis. Karunanayake et al. [8]  introduced a dual-stage framework combining vision transformers for kidney localization with 

CNN-based segmentation for tumor delineation, achieving strong Dice scores and external validation performance. While such 

approaches provide fine-grained spatial understanding, they are primarily tumor-centric and do not directly address balanced 

multi-class abnormality classification under class imbalance. Complementary work by Yagis et al. [3] on high-resolution kidney 

imaging further demonstrates that standard evaluation metrics may obscure structural errors, underscoring the importance of 

robustness-aware analysis beyond aggregate accuracy.  

For gastrointestinal applications, a web application–based approach has been proposed for enhanced esophageal disease 

diagnosis in low-resource settings [13]. In oncology and radiology, transformer-based ensemble learning has been explored for 

binary and multiclass oral cancer segmentation [14], while hybrid vision transformer architectures have been introduced for 

prostate cancer classification from MRI data [16]. Cervical cancer diagnosis has received particular attention through both a 

conference formulation and a subsequent journal-level study of stacking ensemble methods integrated with explainable AI 

[18,22]. Related cancer-focused diagnostic models include image processing and transfer learning for early leukemia detection 

[24], an explainable deep stacking ensemble for transparent brain tumor diagnosis [29], a hierarchical Swin transformer ensemble 

for robust and decentralized breast cancer diagnosis [30], and a hybrid attention-based vision transformer for efficient and 

explainable lung cancer diagnosis [31]. Additional transfer learning studies have addressed lung cancer detection in smart 

healthcare [35] and scalable pneumonia diagnosis from chest X-ray imaging [37]. Beyond these, ensemble deep learning has also 

been applied to retinal disease recognition [40], while deep learning–based microorganism classification further broadens the 

clinical and laboratory utility of intelligent visual diagnosis systems [41]. 

Overall, existing studies demonstrate substantial progress in CT-based kidney disease analysis but commonly evaluate models 

on constrained datasets, emphasize headline accuracy over calibrated reliability, and provide limited insight into class-wise errors 

and explainability fidelity. In contrast, our work focuses on a balanced multi-class classification framework that integrates robust 

feature learning with explainability-driven analysis, explicitly addressing class imbalance, generalization, and transparency. By 
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combining modern CNN and transformer-based architectures with rigorous evaluation and clinically interpretable visual 

explanations, this study aims to advance trustworthy and deployable kidney disease screening from CT imaging. 

 

3. Materials and Methods  

3.1 Datasets and study design 

Figure 1 employs a publicly available CT kidney dataset [9] containing 12,446 axial CT images acquired from multiple clinical 

centers. The images are categorized into four clinically meaningful classes: normal, cyst, stone, and tumor. The dataset captures 

variations in patient anatomy, disease size, and imaging conditions, reflecting realistic diagnostic scenarios. All scans are 

anonymized and provided in image format following conversion from original clinical data. For experimental integrity, the 

original images constitute the base dataset, while data augmentation is applied exclusively to the training split to address class 

imbalance and enhance model generalization without introducing data leakage.  

 

Fig. 1. Sample images of each class from the CT kidney dataset. 

3.2 Image Preprocessing 

All CT images were processed using a unified preprocessing pipeline to generate consistent, model-ready inputs for deep 

learning training. Each image was resized to 224×224 pixels and intensity-normalized to the range [0, 1] to reduce scanner-

dependent variability. To improve robustness and address class imbalance, data augmentation was applied only to the training 

set and included random rotations (±15°), horizontal and vertical flipping (p = 0.5), mild zoom variation (0.9–1.1), and brightness 

and contrast adjustments (0.8–1.2). Gaussian noise was optionally introduced to simulate acquisition noise and illumination 

fluctuations common in clinical CT imaging. Prior to training, samples were shuffled and labels were one-hot encoded. The 

dataset was stratified into 80% training, 10% validation, and 10% testing splits, ensuring consistent class distribution across all 

subsets. 

3.3 TL Models 

1) ResNet50: ResNet50 is employed as a classical deep CNN baseline due to its residual learning mechanism, which stabilizes 

optimization in deep networks. Instead of learning a direct mapping, residual blocks reformulate feature learning as an 

additive correction over the input. Given an input feature map ( 𝑥 ), the residual formulation is expressed in Equation (1). 

Where( 𝐹(⋅)) denotes the residual function parameterized by weights ( W ). As shown in Eq. (1), the identity shortcut enables 

efficient gradient propagation across deep layers and mitigates vanishing gradient issues. This property is particularly useful 

for CT kidney images, where subtle texture variations are critical for distinguishing cyst boundaries and small stone 

formations. 

𝑦 =  𝐹(𝑥, 𝑊) +  𝑥 (1) 

2) DenseNet121: DenseNet121 is included to exploit dense feature reuse through direct connections between layers. Each 

layer receives the concatenated outputs of all preceding layers, encouraging feature propagation and reducing redundancy. 

The dense connectivity is defined in equation (2). Where ( 𝐻𝑙(\𝑐𝑑𝑜𝑡))represents the composite transformation of batch 

normalization, activation, and convolution at layer ( l ). Equation (2) promotes reuse of low-level and mid-level 

representations, which is beneficial for CT images where lesion appearance often shares overlapping intensity patterns across 

disease categories. 

𝑥𝑙 =  𝐻𝑙([𝑥0,𝑥1,…,𝑥{𝑙−1}]) (2) 

3) EfficientNetV2-S: EfficientNetV2-S is selected as a strong efficiency-oriented CNN baseline that balances accuracy and 

computational cost. Its core efficiency arises from depthwise separable convolution, which factorizes standard convolution 

into spatial and channel-wise operations. This operation can be expressed in Eq. (3), spatial filtering and channel mixing are 

decoupled, significantly reducing parameter count. This design allows EfficientNetV2-S to capture renal texture and contrast 

patterns while maintaining stable training and fast convergence. 

𝑦 =  𝐶𝑜𝑛𝑣(1×1)(𝐶𝑜𝑛𝑣(𝑘×𝑘)(𝑥)) (3) 
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4) ConvNeXt-Tiny: ConvNeXt-Tiny represents a modern CNN architecture that integrates transformer-inspired design 

principles into convolutional networks. It adopts large kernel depthwise convolutions and simplified normalization, enabling 

wider receptive fields. The feature transformation can be abstracted in Eq. 4 where ( 𝐷𝑊𝐶𝑜𝑛𝑣 ) denotes depthwise 

convolution and ( {𝐿𝑁})is layer normalization. Equation (4) highlights how ConvNeXt retains convolutional inductive bias 

while improving global context modeling, which is important for capturing kidney shape and lesion extent in CT scans. 

𝑦 =  𝑥 + {𝐷𝑊𝐶𝑜𝑛𝑣}{𝑘 ×𝑘}({𝐿𝑁}(𝑥)) (4) 

5) ViT-B/16: The proposed model is based on the Vision Transformer with a base configuration and 16×16 patch size (ViT-

B/16), designed to model long-range dependencies across CT images. Unlike CNNs, ViT operates on a sequence of image 

patches. Given an input image ( 𝐼 ∈ {𝑅}{𝐻 ×𝑊 ×𝐶}),  it is partitioned into ( N ) non-overlapping patches, which are flattened and 

linearly projected where ( E ) is the patch embedding matrix, ( 𝐸{{𝑝𝑜𝑠}}) denotes positional embeddings, and ( 𝑥{{𝑐𝑙𝑠}}) is the 

class token. Equation (5) enables the model to preserve spatial ordering while transforming the image into a token sequence. 

Each transformer layer updates the representation through multi-head self-attention followed by a feed-forward network, 

given as shown in Eqs. (6) and (7). These residual connections ensure stable optimization while allowing global interaction 

between distant anatomical regions, which is critical for distinguishing diffuse tumor structures from normal renal tissue. 

where ( 𝑄 ), ( 𝐾 ), and ( 𝑉 ) denote query, key, and value projections, respectively. Equation (8) allows the model to focus on 

diagnostically relevant regions across the entire kidney, rather than relying solely on local texture cues. Where ( 𝑧𝐿

{{𝑐𝑙𝑠}}
) is the 

class token output from the final transformer layer. The proposed ViT-B/16 is optimized using cross-entropy loss, enabling 

effective learning under multi-class kidney disease settings. This architecture is particularly suited for CT analysis, as it jointly 

captures fine-grained lesion details and global renal context, providing a strong foundation for subsequent explainability 

analysis using Grad-CAM and attention-based visualization. 

𝑧0 =  [𝑥{{𝑐𝑙𝑠}};  𝑥1𝐸; 𝑥2𝐸; … ; 𝑥𝑁𝐸] + 𝐸{{𝑝𝑜𝑠}} (5) 

𝑧𝑙
′ =  {𝑀𝑆𝐴} ({𝐿𝑁}(𝑧{𝑙−1})) + 𝑧{𝑙−1} (6) 

𝑧𝑙 =  {𝑀𝐿𝑃}({𝐿𝑁}(𝑧𝑙
′)) + 𝑧𝑙

′ (7) 

{𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛}(𝑄, 𝐾, 𝑉) =  {𝑠𝑜𝑓𝑡𝑚𝑎𝑥} ({𝑄𝐾𝑇} {√{𝑑}}) 𝑉 (8) 

{𝑦} = {𝑆𝑜𝑓𝑡𝑚𝑎𝑥} (𝑊𝑐𝑧𝐿

{{𝑐𝑙𝑠}}
) (9) 

 

Fig. 2. Proposed ViT-B/16 model architecture. 

 

3.4 Evaluation Metrics 

To comprehensively evaluate multiclass CT kidney disease classification, we report five complementary performance metrics that 

capture both overall accuracy and class-wise reliability. Accuracy measures the proportion of correctly classified images over the 

full test set and is defined in eq 10. Precision and recall quantify different aspects of classification error and are particularly 

relevant when false alarms and missed detections carry different clinical consequences. They are computed in eq 11-12. Precision 

reflects the reliability of positive predictions, while recall measures the ability to correctly identify diseased cases such as tumors 

or stones. The f1-score combines precision and recall into a single measure that penalizes extreme imbalance between them and 

is defined in eq 13. This metric is especially informative for imbalanced class distributions commonly observed in medical 

datasets. To further assess prediction quality under class imbalance, we report the Matthews correlation coefficient (MCC), which 

considers all entries of the confusion matrix and is given in eq 14. MCC provides a balanced evaluation even when class 

frequencies differ substantially. Finally, we report the area under the precision–recall curve (PR-AUC), which summarizes 

precision–recall behavior across decision thresholds. PR-AUC is particularly sensitive to minority-class performance, such as 

tumor or stone cases, where accuracy alone may be overly optimistic. 
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{𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦} =
{𝑇𝑃 +  𝑇𝑁}

{𝑇𝑃 +  𝑇𝑁 +  𝐹𝑃 +  𝐹𝑁}
 

(10) 

{𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛} =
{𝑇𝑃}

{𝑇𝑃 +  𝐹𝑃}
 

(11) 

{𝑅𝑒𝑐𝑎𝑙𝑙} =
{𝑇𝑃}

{𝑇𝑃 +  𝐹𝑁}
 

(12) 

{𝐹1 − 𝑠𝑐𝑜𝑟𝑒} =
{2 ⋅ {𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛} ⋅ {𝑅𝑒𝑐𝑎𝑙𝑙}}

{{𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛} + {𝑅𝑒𝑐𝑎𝑙𝑙}}
 

(13) 

{𝑀𝐶𝐶} = 

{
{𝑇𝑃 ⋅ 𝑇𝑁 −  𝐹𝑃 ⋅ 𝐹𝑁}

√{(𝑇𝑃 + 𝐹𝑃)(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑁)}
} 

 

(14) 

4. Result Analysis 

4.1 Performance Comparison of Experimental Models 

Table I summarizes the comparative performance of all evaluated models on the CT kidney dataset using multiple 

complementary metrics. Among the CNN baselines, ResNet50 and DenseNet121 achieve strong accuracy and F1-scores, 

indicating effective learning of renal texture features, though their MCC values suggest reduced robustness under class 

imbalance. EfficientNetV2-S improves overall performance, delivering higher accuracy, F1, and MCC, reflecting a better balance 

between sensitivity and specificity. ConvNeXt-Tiny performs competitively but shows slightly lower MCC, indicating less stable 

class-wise behavior. The proposed ViT-B/16 achieves the best overall results, with the highest accuracy and PR-AUC, 

demonstrating superior discrimination across decision thresholds. Its strong PR-AUC highlights improved minority-class 

handling, confirming the benefit of global context modeling for reliable multiclass kidney disease classification. 

Table 1 Performance of Experimental Models. 

Dataset Model Accu F1 MCC PR-AUC 

CT kidney 

dataset 

ResNet50 97.01 98.49 96.12 98.19 

DenseNet121 97.90 96.21 95.76 98.49 

EfficientNetV2-S 98.52 98.47 97.80 99.03 

ConvNeXt-Tiny 98.14 97.21 95.76 98.39 

ViT-B/16 98.90 97.55 97.50 99.23 

4.2 Performance Validation 

Figure 3 shows the confusion matrix in class-wise prediction behavior of the proposed model on the CT kidney dataset. Strong 

diagonal dominance is observed across all four classes, indicating reliable and well-balanced classification performance. Normal 

cases are almost perfectly identified, with only a single misclassification, reflecting clear separation from abnormal patterns. Cyst 

samples show high recognition accuracy, with minimal confusion primarily with stone cases, which is expected due to 

overlapping intensity characteristics in CT images. Stone classification achieves robust performance despite its smaller sample 

size, with only a few errors distributed across neighboring classes. Tumor cases are also accurately recognized, with very limited 

confusion. Overall, the sparse off-diagonal errors suggest that misclassifications are isolated rather than systematic, confirming 

stable generalization and effective discrimination under class imbalance. 

 

Fig. 3. Confusion matrix of the proposed model. 

Figure 4 presents the learning curves of the proposed model in terms of loss, accuracy, and PR-AUC across training epochs. The 

loss curves show smooth and consistent convergence for both training and validation sets, indicating stable optimization without 
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overfitting. Accuracy steadily increases and saturates near 98%, with a small and consistent gap between training and validation 

curves, reflecting good generalization. The PR-AUC curve rises rapidly and stabilizes around 99%, demonstrating strong 

discrimination across decision thresholds, particularly for minority classes. Overall, the learning dynamics confirm effective 

training, robust convergence, and reliable multiclass performance on the CT kidney dataset. 

 

Fig. 4. Learning curve of ViT-B/16 model. 

4.2 Model Transparency 

Figure 5 presents representative Grad-CAM visualizations illustrating the spatial evidence used by the model to discriminate 

between normal and abnormal kidney conditions. The top row shows the original CT images, while the bottom row displays the 

corresponding grayscale Grad-CAM overlays, enabling interpretation under both color and black-and-white print settings. For 

the normal class, Grad-CAM produces weak and diffuse activation distributed across the renal region, indicating the absence of 

localized pathological cues and suggesting that predictions are not driven by spurious focal patterns. In contrast, abnormal 

classes exhibit more concentrated and class-specific attention. Cyst cases show smooth, localized activation consistent with low-

density fluid-filled regions, while stone cases demonstrate compact, high-intensity focal responses that align with the small and 

hyperdense nature of renal calculi. Tumor samples present broader and less regular activation patterns, reflecting heterogeneous 

tissue structure and spatial extent. Overall, the variation in activation strength and spatial distribution across classes indicates 

that the model relies on image-specific and pathology-relevant features rather than fixed anatomical priors. These results 

support the interpretability and clinical plausibility of the proposed framework and demonstrate that classification decisions are 

guided by meaningful renal evidence. 

 

Fig. 5. Grayscale Grad-CAM visualizations class-specific. 

4.3 State-of-The-Art Comparison 

TABLE 2 compares the proposed approach with representative prior studies on CT-based kidney disease analysis. YOLOv8-based 

detection reports relatively lower performance, reflecting the difficulty of unified detection under limited training data. CNN 

models augmented with Grad-CAM and ensemble-based strategies achieve strong accuracy but are typically evaluated on 

smaller or dataset-specific cohorts, which may limit generalization. The dual-stage CNN–ViT framework demonstrates 

competitive performance while focusing primarily on segmentation-oriented pipelines. In contrast, the proposed ViT-B/16 model 

achieves the highest reported performance while being evaluated on a substantially larger dataset. The combined accuracy and 

PR-AUC results indicate improved robustness and reliable discrimination across classes, highlighting the advantage of global 

context modeling and comprehensive evaluation under realistic data scale. 

Table 2 Performance Comparison with Previous Studies. 

Model Data sample size Result (%) 

YOLOv8 [4] 2513 82.5 

CNN + Grad-CAM) [5] 5270 98.7 

Stacked ensemble[7]  1799 98.8 

Dual-stage CNN–ViT[8] 1081 97.0 
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ViT-B/16 (Our Proposed) 12446 98.90/99.23 

5. Discussion 

This study demonstrates that a transformer-based architecture can achieve highly accurate multiclass kidney disease 

classification from CT images under realistic acquisition variability. This dataset includes scans from multiple sources and 

acquisition conditions, partially mitigating single-dataset bias. The superior performance of the proposed ViT-B/16 indicates that 

attention-based global context modeling effectively complements local renal texture cues, enabling reliable separation of 

normal, cyst, stone, and tumor cases. The confusion matrix and learning curves confirm stable optimization, strong class-wise 

discrimination, and limited overfitting despite class imbalance. The high PR-AUC further highlights robust minority-class 

recognition, which is critical for clinically significant abnormalities. Nevertheless, the evaluation is limited to a single public 

dataset and two-dimensional slices, which may not fully capture institutional and protocol diversity. Future work will focus on 

external multi-center validation, volumetric modeling, and deeper explainability analysis to further support clinical trust and 

deployment readiness. 

6. Conclusion 
This study establishes a transformer-based approach as an effective and reliable solution for multiclass kidney disease 

classification from CT images. By systematically benchmarking classical CNNs, modern convolutional architectures, and a vision 

transformer, the proposed ViT-B/16 model demonstrates superior and well-balanced performance across multiple evaluation 

criteria, including PR-AUC and MCC, underscoring its robustness under class imbalance. Beyond quantitative gains, the 

incorporation of explainability provides transparent insight into model behavior, reinforcing its suitability for clinical decision 

support. Importantly, this work moves beyond accuracy-centric evaluation by emphasizing reliability, interpretability, and 

generalization. The presented framework lays a strong foundation for scalable, trustworthy CT-based kidney screening systems 

and offers a practical pathway toward integrating attention-driven models into real-world radiological workflows. 
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