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ABSTRACT 

 
Kidney diseases like cysts, stones and tumors are renal conditions. Accurately identifying them from CT 
scans is crucial for treatment.Deep learning models have made progress in image analysis. However 
traditional methods still struggle to distinguish between kidney conditions at once.This paper suggests a 
model that combines a classical CNN for image feature extraction with quantum circuits to improve 
classification.The model was tested on a dataset of around 12,000 CT images across four categories: Normal 
Cyst, Stone and Tumor.It achieved 98% test accuracy and a ROC-AUC of 0.985.This model consistently 
outperformed models in controlled experiments.The results also show that the model produces probability 
outputs.Additionally the paper looks at how disease types vary across age groups and genders.This 
information can be useful for screening programs.The model can help doctors diagnose Kidney diseases, 
such as Kidney cysts, Kidney stones and Kidney tumors accurately.The new model is an improvement over 
existing methods, for detecting Kidney diseases. 
.Keywords – Quantum Deep Learning (QDL), Quantum Neural Networks, Computed Tomography, Multi-

Class Medical Image Classification, Demographic Analysis. 
 
1.   INTRODUCTION 
 
Kidney diseases — including cysts, stones, and 
tumors — are clinically common conditions that 
require precise differentiation from CT imaging for 
appropriate treatment planning [1], [2]. Renal cysts 
in particular span a wide spectrum, from simple 
benign formations to complex diseases such as PKD, 
MCDK, and ACKD, each with distinct clinical 
implications [14]. Getting this distinction right 
matters enormously, since each condition follows a 
very different treatment path. Conventional 
diagnostic methods depend heavily on radiologist 
expertise and are time-intensive, creating a strong 

need for automated, reliable multi-class 
classification systems (Fig. 1) [7]. Over the past 
several years, deep learning has transformed 
automated renal image analysis. CNN-based models 
have demonstrated strong results in detecting kidney 
abnormalities, classifying stones and tumors, and 
segmenting renal structures [7], [8], [10]. Vision 
transformers and explainable AI techniques have 
further pushed the boundaries of automated 
diagnosis [19]. That said, classical models still have 
limitations — particularly when distinguishing 
morphologically similar conditions across multiple 
classes simultaneously, where subtle differences in 
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CT patterns can be difficult to capture reliably.              

  

                       Cyst                     Normal  
Fig.1. Sample CT Image Illustrating a Kidney with a Renal 
Cyst (Left) and a Normal Kidney Without a Cyst (Right). 
Example binary illustration only; final model performs 
multi-class classification. 

This is where quantum machine learning offers an 
interesting direction. By encoding image features 
through quantum circuits, hybrid models can explore 
richer representational spaces than classical 
networks alone, potentially capturing patterns that 
would otherwise go undetected [29], [30]. Early 
work applying quantum-enhanced models to 
medical imaging has shown encouraging results 
[28], which motivated the approach taken in this 
paper. We present a hybrid CNN-QNN framework 
that feeds classical image features into a variational 
quantum circuit for classification across four kidney 
disease categories — Normal, Cyst, Stone, and 
Tumor. The model is evaluated through ablation 
experiments, statistical significance testing, and 
calibration checks to ensure the results are 
meaningful and reproducible. A demographic 
analysis is also carried out to explore how disease 
patterns relate to patient age and gender. 

2.   LITERATURE SURVEY 

Artificial intelligence that is combined with medical 
imaging has greatly enhanced the automated 
diagnosis, segmentation, and prognostic analysis of 
kidney disease. Initial clinical and radiological 
research determined the diagnostic applicability of 
cysts features and disease progression in the 
kidneys.[1] explained the use of imaging to 
differentiate simple kidney cysts in pediatric 
samples with a focus on diagnostic features in 
differentiating benign and complex cysts. [2]and 
[3]performed epidemiological studies to examine 
prevalence trends and clinical risks when renal cysts 
are present, and [4]used evidence to show 
correlations between large renal cysts and the 
worsening of the glomerular filtration rate. 

 In addition, the diagnostic imaging 
practices were standardized with international 
consensus imaging guidelines that [5]proposed, 
which promoted the creation of automated image 
analysis pipelines. [6]pursued this line of thought by 
deriving imaging-based biomarkers with automated 

cyst segmentation which revealed the clinical 
significance of quantitative imaging characteristics. 
The use of deep learning methods has become the 
paradigm in detection and classification of kidney 
diseases[7] proposed their own customized CNN 
architecture to detect kidney disease in CT which 
showed better classification accuracy due to 
optimization of features. 

 [8]improved CNN by employing improved 
preprocessing and feature fusion measures to 
identify stones, cysts and tumours at the same time. 
Equally, [9]suggested a deep learning cyst detection 
method in ultrasound renal images and reported high 
sensitivity with cross-modality use. [10]introduced a 
3D U-Net framework that supports a kidney and 
renal mass concurrent segmentation, which allows 
automated radiological examination with excellent 
segmentation achievements. Improvement of 
volumetric analysis and clinical reliability has been 
the theme of segmentation-oriented research. 
[11]introduced two new architectures, 2.5D 
ResUNet and DenseUNet, a architecture to analyze 
the malignant cysts, having great Dice scores and 
being highly efficient in terms of computation. [12] 
have created an automated deep learning kidney 
segmentation and total kidney volume quantification 
model in ADPKD, which showed clinical viability. 
Equally, [13]presented a deep learning-based 
mechanism of automated total kidney volume 
determination in autosomal dominant polycystic 
kidney disease showing the credibility of automated 
volumetric determination and underpinning the 
clinical significance of automated segmentation 
pipelines. 

 The idea of multiobserver deep neural 
networks that were proposed by [14]used expert 
feedback to generate better segmentation 
generalization, whereas [15]demonstrated that 
multi-institutional datasets are much more effective 
to make the model robust. [16]further expanded on 
the segmentation work on engineered polycystic 
kidney tubules, emphasizing the AI usability in the 
experimental nephrology. Also, [17]suggested an 
active-learning-based 3D-based instance 
segmentation model which minimized manual labels 
and provided scalability of cyst labeling.  

The most recent research has addressed 
sophisticated real-time-detection and explainability 
architectures. [18]transformed YOLOv8 to kidney 
tumor segmentation where the mean average 
precision is high, and the inference can be executed 
in real-time. Vision transformer and explainable 
transfer learning models were proposed by [19] to 
detect multi-class kidney abnormality, then show 
that these models have a high level of 
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interpretability, in contrast to traditional CNN 
methods. The radiomic analysis performed by 
[20]indicated that the CT texture features can be 
used to predict renal cell carcinoma staging, which 
means that radiomics combined with deep learning 
can be more effective in terms of diagnosis.  

Kidney disease modeling is also affected by 
methodological inputs of wider medical AI research 
methodologies. In addition, recent research has 
explored the application of machine learning models 
in biomedical domains such as disease prediction 
and diagnostic analysis, further emphasizing the 
importance of intelligent data-driven approaches in 
healthcare systems[21], [22] ,[23]have shown the 
usefulness of transfer learning when it comes to 
multi-class disease classification tasks, whereas [24] 
emphasized the need to combine preprocessing and 
deep learning pipelines. The problem of data 
imbalance, which[25]] address, is especially critical 
to medical data whose classes are disproportionate. 
Additionally, [26]and [27] both conducted 
evaluation studies that desired high-quality 
performance metrics, including ROC-AUC, Dice 
coefficient, and calibration analysis, as a guarantee 
of clinical reliability.  

Similar to the classical deep learning, 
quantum machine learning has become a potential 
path towards more advanced representation learning. 
A hybrid quantum-classical neural network 
developing and classifying chronic kidney disease 
on the basis of CT images was suggested [28], and it 
was demonstrated to be very accurate and 
computationally efficient. Early investigations of 
[29] on the training of deep quantum neural 
networks and [30] on quantum embeddings provided 
theoretical foundations to hybrid quantum-classical 
systems. These experiments suggest that quantum 
feature encoding can be used to enhance the learning 
process on complicated medical imaging tasks.  

Also, the architectures of the CNN that are 
studied by Siamese CNN experts have suggested by 
[31]show more advanced feature representation 
strategies that can be adapted to medical imaging 
tasks. Nevertheless, there  are still several limitations 
such as variability of data sets, inability to provide 
standard evaluation procedures, and insufficient 
investigation of quantum-enhanced kidney disease 
multi-class classifier to distinguish between 
different types of kidney diseases as pointed out by 
[32].  

The majority of the literature is centered on 
classical pipeline in CNN-based classification or 
segmentation, and rather few papers examine hybrid 
quantum deep learning in this field. Driven by these 
research gaps, this paper puts forward a hybrid 

Quantum Deep Learning (QDL) framework that 
combines the convolutional neural networks with the 
variational quantum circuits to classify 
automatically multi-classes of kidney diseases in the 
categories of Normal, Cyst, Stone, and Tumor. The 
suggested CNN-Quantum Neural Network (CNN-
QNN) architecture is a hybrid of classical feature 
extraction and quantum representation learning with 
test accuracy of about 98 percent and great 
validation performance. Full assessment on basis of 
ROC-AUC, calibration metrics and ablation analysis 
exhibits statistically significant changes over 
classical baselines, whereas exploratory 
demographic analysis explores possible 
relationships between disease categories and patient 
characteristics. 
 
3.   METHODOLOGY 
3.1 Dataset Description And Integrity Audit 
A publicly available Kaggle repository of abdominal 
CT scan slices labeled in four clinical categories of 
Normal, Cyst, Stone, and Tumor was used as a 
dataset in the current study. The data will be 
comprised of about 12,000 CT radiography images 
taken under a number of imaging conditions 
. Before experimentation, a check on data integrity 
audit was made to make sure that the experiment is 
reproducible and no leakage of information will 
occur. File-hash comparison and visual inspection 
were done to detect duplicates to ensure that the 
same or similar slices were not found in splits. 
Partitioning was done by allowing all duplicate 
sample elimination. This process will ensure that 
reported performance is a real model generalization 
and not a coincidence between training and test sets. 
 
3.2 Data Splitting Protocol And Leakage 
Prevention 
To ensure unbiased evaluation: 

 Before splitting, duplicate elimination had 
been done. 

 A stratified division maintained subset 
proportions of classes. 

 Only the training data was augmented. 
 
 
.The dataset was divided into: 

Table 1: Dataset Split Distribution 

Split Ratio 

Training 80% 

Validation 10% 

Test 10% 

 



 Journal of Theoretical and Applied Information Technology 
31st May 2026. Vol.104. No.10 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
291 

 

A fixed random seed (42) was used to guarantee 
reproducibility across experiments. 
 
3.3 Class Imbalance Handling 
The data set is fairly unbalanced in terms of classes. 
Instead of pixel-space oversampling techniques that 
may introduce unrealistic anatomical images, 
imbalance was addressed with: 

 Class-weighted CrossEntropyLoss was 
employed to mitigate imbalance across the 
four disease classes. 

 Stratified mini-batch sampling 
This strategy preserves clinical realism while 
preventing bias toward majority classes. 
 
3.4 Data Preprocessing And Augmentation 
All CT slices were resized to 224 × 224 pixels and 
converted to grayscale format. Intensity 
normalization was applied using Eq (1): 

𝑋ᇱ =
௑ିఓ

ఙ
                 (1) 

 
where 𝜇 and  𝜎 are computed per image. 
To improve generalization, the following 
augmentations were applied exclusively to the 
training set: 

 Random horizontal flip 
 Small rotation (±7°) 
 Minor brightness variation 

No augmentation was applied to validation or test 
data. 
 
3.5 Experimental Reproducibility Settings 
Experiments were conducted using fixed seeds and 
deterministic settings wherever possible. Training 
utilized: 

 AdamW optimizer 
 Cosine annealing learning rate schedule 
 Early stopping based on validation 

performance 
All experiments were performed using PyTorch and 
PennyLane within a CUDA-enabled environment. 
 
3.6 Implementation Details and Reproducibility 
Protocol 
To ensure full transparency, the complete hybrid 
architecture is described below. 
 
 
 
 

 
 

Fig. 2. Hybrid Quantum-Classical Deep Learning 
Architecture for Multi-Class Kidney Disease 
Classification 
Note: The diagram illustrates the general hybrid 
pipeline; final implementation performs multi-class 
classification using CrossEntropyLoss. 
 
3.6.1 Classical CNN Feature Extractor 
Input: 224×224 grayscale CT image. 
CNN architecture: 

Table 2: CNN Feature Extractor Architecture 
Layer Configuration 

Conv1 32 filters, 3×3 

BatchNorm + ReLU -- 

Maxpool 2×2 

Conv2 64 filters 

BatchNorm + ReLU -- 

MaxPool 2×2 

Conv3 128 filters 

MaxPool 2×2 

Conv4 256 filters 

BatchNorm + ReLU -- 

Global Avg Pool -- 

Dense 128 units 

Dropout 
p = 0.4 

 

The resulting 128-dimensional feature vector is 
forwarded to the quantum module. 
Each convolutional block performs feature 
extraction using Eq(2): 

𝐹௟ = 𝑅𝑒𝐿𝑈൫𝐵𝑎𝑡𝑐ℎ𝑁𝑜𝑟𝑚(𝑊௟ ∗ 𝐹௟ିଵ + 𝑏௟)൯    
(2) 
where: 

 𝑊௟is the convolution kernel, 
 𝐹௟ିଵis the previous feature map, 



 Journal of Theoretical and Applied Information Technology 
31st May 2026. Vol.104. No.10 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
292 

 

 ∗denotes convolution. 
 
 
Spatial aggregation is performed using  Eq(3): 

𝑔௞ = ൫1/(𝐻 ∗ 𝑊)൯ ∗ 𝛴௜ୀଵ
ு 𝛴௝ୀଵ

ௐ 𝐹௞(𝑖, 𝑗)     (3) 
 

3.6.2 Feature-to-Quantum Mapping 
The CNN feature vector is projected into a lower-
dimensional embedding compatible with the 
quantum circuit using Eq(4): 

𝑧 = 𝑊௣௥௢௝𝑥 + 𝑏                                      (4) 
 
For the final configuration: 

 Projection dimension: 8 
 Number of qubits: 8 

 
3.6.3 Quantum Circuit Architecture 
The variational quantum circuit was implemented 
using qml.StronglyEntanglingLayers with trainable 
RY and RZ rotations followed by ring entanglement 
via CNOT gates. 
Framework:PennyLane 
Backend: default.qubit 
Data Encoding — AngleEmbedding 
The encoded quantum state is defined using Eq(5): 

|ψ⟩ = ∏ Rଢ଼(z୧)|0⟩⊗୬୬
୧ୀଵ          (5) 

 
The variational quantum ansatz is defined using 
Eq(6): 

𝑈(𝜃) = ∏ ൫∏ 𝑅௒൫𝜃௟,௜൯𝑅௓൫𝜑௟,௜൯௡
௜ୀଵ ൯௅

௟ୀଵ · 𝐶𝑁𝑂𝑇௥௜௡௚

  (6) 
 

Each projected feature is encoded via Y-axis 
rotation: 
qml.AngleEmbedding(z, wires=range(8)) 
Variational Ansatz 

 3 strongly entangling layers 
 Ring entanglement using CNOT gates 

Each layer applies trainable rotations followed by 
entanglement. 
Measurement 
Expectation values of Pauli-Z operators are 
computed, producing an 8-dimensional quantum 
feature vector. 
The quantum measurement output is computed using 
Eq(7): 

o୧ = ⟨ψ|Z୧|ψ⟩             (7) 
These values are passed to a classical linear classifier 
with softmax activation for multi-class prediction. 
 
3.6.4 Hybrid Training Procedure 
The hybrid model is trained end-to-end using 
backpropagation through the quantum circuit. 
Training configuration: 

Table 3: Training Configuration Parameters 
Parameter Value 

Loss Function Cross Entropy loss 

Optimizer AdamW 

Learning Rate 3e-4 

Batch Size 16 

Epochs 20 

 
The final class probabilities are obtained using 
Eq(8): 
 y = Softmax(Wୡo + bୡ)     (8) 
Model optimization minimizes the cross-entropy 
loss using Eq(9): 
 𝐿 = −𝛴௖ୀଵ

஼ 𝑦௖𝑙𝑜𝑔(ŷ௖) (9) 
 
3.6.5 Training Pseudocode 
The hybrid CNN–QNN model is trained end-to-end 
using gradient-based optimization. Classical and 
quantum parameters are updated simultaneously 
through backpropagation. 
 
Algorithm 1: Hybrid CNN–QNN Training 
Procedure 
Initialize CNN feature extractor parameters 
Initialize quantum circuit parameters 
Initialize classical classifier weights 
 
for epoch in range(EPOCHS): 
 
    set model to training mode 
 
    for images, labels in training_loader: 
 
        # Move data to GPU 
        
        images ← device 
        labels ← device 
 
        # Forward pass 
        features ← CNN(images) 
        projected_features ←     
LinearProjection(features) 
 
        quantum_outputs ← QNN(projected_features) 
 
        logits ← Classifier(quantum_outputs) 
 
        # Loss computation 
        loss ← CrossEntropyLoss(logits, labels) 
 
        # Backpropagation 
        optimizer.zero_grad() 
        compute gradients via parameter-shift rule 
        optimizer.step() 
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    evaluate model on validation set 
    update learning rate scheduler 
 
select best model based on validation performance 
evaluate final model on independent test set 
 
3.6.6 Software and Hardware Environment 

 Python 3.10 
 PyTorch 2.x 
 PennyLane 
 CUDA-enabled NVIDIA GPU 
 Linux environment 

Quantum circuits were simulated using statevector 
simulation. 
 
3.6.7 Computational Complexity 

Table 4: Computational Complexity Comparison 
Between CNN and Hybrid CNN–QNN Models 

Model 
Train time/ 

Epoch 
Inference Time 

CNN Only ~45 s ~8 ms
 

CNN + QNN ~90 s ~14 ms 

Despite additional quantum computation, inference 
remains feasible for clinical decision-support 
workflows. 
 
 
4.    RESULTS 
The training progression of the proposed hybrid 
CNN–QNN model is shown in (Fig. 3), illustrating 
stable convergence through decreasing training loss 
and increasingvalidation accuracy across epochs.  

 
Fig. 3. Training progression of the hybrid CNN–QNN 
model showing decreasing training loss and increasing 
validation accuracy across epochs, indicating stable 
optimization and convergence. 
 
 

4.1 Controlled Ablation Study And Isolation Of 
Quantum Contribution 

A primary concern in hybrid quantum–classical 
models is whether performance improvements arise 
from the quantum component or from classical 
architectural changes. To isolate the contribution of 
the Quantum Neural Network (QNN), we conducted 
a controlled ablation study using the implemented 
hybrid CNN–QNN pipeline under strictly matched 
experimental settings. 

 

4.1.1 Experimental Design for Fair Comparison 

All the models have been trained under the same 
experimental conditions: 

 Same train/validation/test splits 

 Identical preprocessing and augmentation 
pipeline 

 AdamW Cosine annealing schedule 
optimizer. 

 Batch size = 16 

 Maximum training epochs = 20 

 Validation loss based early termination. 

 Fixed random seed in case of 
reproducibility. 

Performance values represent mean behavior across 
training runs under the same configuration. 
 

4.1.2 Compared Models 

The following configurations were evaluated: 

M1: CNN-Only (Classical Baseline) 
Extractor CNN feature and linear softmax 
classifier.. 

M2: CNN + MLP Head (Classical Comparator) 
US CNN images are then followed by a small 
multilayer perceptron of similar size. 

M3: CNN + QNN (4 Qubits, 2 Layers) 
Shallow-circuit quantum circuit hybrid model. 

M4: CNN + QNN (6 Qubits, 3 Layers) 
Intermediate quantum configuration. 

M5: CNN + QNN (8 Qubits, 3 Layers) 
Last architecture followed in the proposed system. 

All QNN variants used: 

 AngleEmbedding for feature encoding 

 Ring entanglement using adjacent CNOT 
operations 

 Pauli-Z expectation measurements 

 Gradient-based training through parameter-
shift differentiation 
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4.1.3 Ablation Results 
Table 5: Ablation Study Performance Comparison of 

CNN and Hybrid CNN–QNN Models 

Mode
l 

Accurac
y 

ROC
-

AUC 

Recal
l 

Specificit
y 

F1-
Scor

e 

CNN 
Only 

0.952 ± 
0.006 

0.964 
± 

0.003 

0.948 
± 

0.005 

0.936 ± 
0.006 

0.951 
± 

0.004 

CNN 
+ 

MLP 

0.964 ± 
0.004 

0.971 
± 

0.002 

0.958 
± 

0.004 

0.948 ± 
0.005 

0.963 
± 

0.003 

CNN 
+ 

QNN 
(4q) 

0.972 ± 
0.003 

0.978 
± 

0.002 

0.968 
± 

0.003 

0.957 ± 
0.004 

0.971 
± 

0.003 

CNN 
+ 

QNN 
(6q) 

0.979 ± 
0.002 

0.983 
± 

0.001 

0.975 
± 

0.003 

0.966 ± 
0.003 

0.978 
± 

0.002 

CNN 
+ 

QNN 
(8q) 

0.980 ± 
0.002 

0.985 
± 

0.001 

0.977 
± 

0.002 

0.968 ± 
0.003 

0.979 
± 

0.002 

The average quantitative performance results of 
numerous training runs are summarized as below: 

 
Fig. 4.  Ablation study comparing classical CNN baselines 
and hybrid quantum-enhanced configurations. 

Performance increases steadily from CNN-only to 
QNN-based models, reflecting the effectiveness of 
quantum feature refinement in multi-class kidney 
disease classification. 

The performance is also steadily growing with the 
hybrid configurations and it indicates the optimality 
of quantum feature refinement. 

 

4.1.4 Statistical Significance Analysis 

Paired t-test was applied in repeated training runs of 
CNN+MLP and CNN+QNN (8 qubits).  

The difference in ROC-AUC was also significantly 
significant (p = 0.018, α = 0.05), which proves that 
performance improvement is the result of the 
quantum module and not the classical parameter 
scale 
 

4.1.5 Interpretation of Results 

Key observations include: 

 CNN backbone offers robust basis 
captioning. 

 Heads In classical MLP heads have an 
incremental improvement. 

 Under quantum circuits, feature space 
correlations are made to be more separable. 

 At large circuit depth, performance levels 
off at a moderate level. 

 Model convergence in hybrid models is 
better. 

The observed performance improvements over 
classical CNN and CNN+MLP models indicate that 
the incorporation of quantum circuits contributes to 
enhanced feature representation. Compared to 
existing studies [7], [8], and [19], which primarily 
rely on classical architectures, the proposed hybrid 
model demonstrates superior ROC-AUC and 
improved classification stability. This suggests that 
quantum-enhanced learning is capable of capturing 
complex feature interactions more effectively than 
traditional deep learning approaches, particularly in 
multi-class medical imaging tasks. 

4.1.6 Computational Considerations 
Table 6: Computational Complexity Comparison 

Between CNN and CNN–QNN Models 

Model Inference Time 

CNN only ~8 ms 

CNN + QNN ~14 ms 

Even though the use of hybrid models might add 
more computation, inference can still be used to 
support decisions.  

workflows. 

4.1.7 Key Finding 

Experimental evidence shows that the hybrid CNN-
QNN system is currently more accurate in improving 
the performance of classical comparators using the 
same experimental design configuration and verifies 
the benefit of quantum-enhanced classification. 
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4.2 Comprehensive Medical-Grade Performance 
Evaluation 

With medical imaging applications, a mere level of 
accuracy is not enough. Clinically relevant metrics, 
uncertainty estimation and calibration analytics were 
thus used to evaluate the proposed hybrid model in 
order to guarantee reliability. Every outcome will be 
in line with the most performing configuration (CNN 
+ QNN) tested on the independent test set.. 

 

4.2.1 ROC-AUC and PR-AUC Analysis 

The hybrid CNNQNN model had a ROC-AUC of 
0.985 ± 0.001 and PR-AUC of 0.987 ± 0.002 on the 
independent test set, which shows that the model is 
highly separable in the four disease classes. 

 

4.2.2 Sensitivity, Specificity, and Confidence 
Intervals 

Bootstrap resampling (1000 iterations) produced the 
following confidence intervals: 

 Accuracy: 0.98 [0.973, 0.987] 

              Sensitivity: 0.977 [0.969, 0.984] 

              Specificity: 0.968 [0.957, 0.978] 

              F1-score: 0.979 [0.972, 0.986] 

 
Fig. 5. Evaluation metrics of the hybrid CNN–QNN model 
on the test set, including accuracy,sensitivity, specificity, 
and F1-score. 

 The results demonstrate balanced performance 
across 

clinically relevant diagnostic measures. 

 

 
Fig. 6. Confusion matrix of the proposed hybrid CNN-
QNN model on the independent test set. 

The model shows robust classification performance 
for Normal, Cyst, Stone, and Tumor classes, with 
most errors being observed in the stone class due to 
the similarity in images of renal conditions. 
 

4.2.3 Threshold Optimization and Clinical 
Trade-Off 

A threshold analysis demonstrates that screening 
scenarios can be made more sensitive by reducing 
decision thresholds, whereas confirmatory diagnosis 
is made more specific by making the decision 
threshold higher. 
 

4.2.4 Calibration Analysis 

The calibration analysis produced Expected 
Calibration Error (ECE) of 0.018 and Brier of 0.031 
which represents an acceptable, well-calibrated 
probability output that can be interpreted in a clinical 
manner. 

 

4.2.5 Stability Across Training Runs 

Variance of performance between training runs was 
low, which means consistency and robust 
optimization behavior. 

 

4.2.6 Comparison to Classical Baselines 

Improved ROC-AUC was always observed in hybrid 
models than CNN-only and CNN+MLP, thus 
establishing better discrimination ability. 
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4.2.7 Clinical Interpretation 

From a clinical perspective: 

 False negatives are minimized 

 Model predictions remain stable across 
runs 

 Probability outputs remain interpretable 

These properties support potential integration into 
clinical decision-support systems. 

 

4.3 Demographic Correlation Analysis 

The metadata included in dataset annotations was 
used in the demographic analysis and was 
complemented by already published 
epidemiological reports. The use of age and gender 
data was performed to examine the relationships 
between the types of renal disease and patient-
specifics. These are not to be taken as clinical 
estimates of prevalence but as an exploratory trend 
as the data is not population-balanced. 
 
1.   Age-Wise Distribution 
(Fig. 10) indicates that patients older than 40 years 
are at more risk of developing renal cysts. The 
dataset interprets a gradual rise in the number of 
cases starting from the age group 30-40, peaking in 
the 50–60 age group which indicates that aging or 
the issue of metabolism could be contributing to the 
development of such renal conditions [19]. In 
children (0–12 years) comprises 5% of all cases and 
were mostly simple cysts. 8% with few complex 
cysts were observed and no malignancies were 
reported in adolescents (13–18 years). Similarly, 
60% of total cases, with mixed types were observed 
in adults (19–60 years) and malignant cysts were 
most frequent in this group. Seniors (60+ years) with 
27% of total cases indicates higher percentage of 
complex cysts. The combined age and gender 
distribution boxplot (Fig. 10) gives further 
information, indicating males over 50 years [19] 
being at most risk. Female patient distribution, 
however, is more heterogenous by age [19]. 
 
Seniors and adults have been more prone to get renal 
cysts particularly malignant ones in men [19]. The 
occurrence rate was very low in children, and very 
few of the cysts identified which were simple. This 
analysis could be important in planning of screening 
programs to certain populations. 
 

 
 
Fig. 7. Visualization Showing the Interaction Between Age 
and Gender in the Occurrence of Renal Cysts.   
 
4.4 APPLICATIONS OF THE PROPOSED 
SYSTEM  

The proposed hybrid CNN -  QNN framework holds 
considerable promise for real-world medical 
applications. It can be integrated into clinical 
decision-support systems to help radiologists 
accurately identify various types of kidney diseases 
from CT scans. The system can also assist with 
early-stage disease detection. This enables timely 
medical intervention and improves patient 
outcomes. Automated classification can lighten the 
workload for radiologists and reduce human error in 
large-scale screening programs. Moreover, 
including demographic analysis offers insights into 
disease distribution by age and gender, which can aid 
in targeted healthcare planning and policy-making. 

 

5. DIFFERENCE FROM PRIOR WORK 
 
The vast majority of existing research efforts on 
classification in kidney diseases employ classical 
neural network techniques, such as CNN, U-Net, 
and transformers. However, these studies are 
limited to performing binary classification or 
segmentation problems and do not account for 
integration with any new emerging computational 
techniques. 
 
On the contrary, the current research proposes a 
novel QDL approach that employs classical neural 
networks to extract features from kidney images 
while employing quantum variational circuit as a 
classifier. This study is unique compared to other 
works as it utilizes multi-class classification in four 
different groups: Normal, Cyst, Stone, and Tumor. 
 
Moreover, this study shows improvements 
compared to classical baseline algorithms in terms 
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of ROC-AUC metrics and calibration score 
achieved during experiments. Quantum feature 
representation enables better separability of the 
feature space compared to classical approaches. 
 
Lastly, the proposed algorithm includes 
demographic correlation analysis which is not 
covered by previous studies. 
          
6.  CONCLUSION 
 
This study presents a hybrid quantum deep learning 
framework for automated multi-class kidney 
disease classification from CT images. The 
suggested CNN-QNN architecture also obtained a 
test-accuracy of 98% on the independent test-set, 
which indicates that the approach can learn 
discriminative representations on various renal 
conditions. The strength and stability of the 
proposed hybrid approach were validated through 
comprehensive assessment based on ROC-AUC 
and calibration measures and by ablation 
experiments. 
 
According to the experimental findings, when a 
quantum neural network is coupled with a classical 
convolutional backbone, the latter improves feature 
representation and makes the classification more 
stable. As shown by feature visualization, the 
disease categories were distinctly separated, which 
is a testimony to the usefulness of the hybrid 
architecture in the process of extracting clinically 
significant patterns under the influence of CT 
images. The Recall-Precision analysis showed also 
balanced performance where both the false 
positives and false negatives are minimized which 
is very essential in clinical screening situations. 
 
Despite the high performance of the proposed 
system, some misclassifications were still present, 
which implies that any addition of such methods as 
broadening datasets, increased hyperparameter 
optimization, and investigation of more complex 
quantum circuits can increase the generalization. 
Another research that can be conducted in the future 
is to study explainability techniques with the aim of 
enhancing interpretability in the 
Clinical decision-making process. 
 
Finally, the suggested hybrid quantum deep 
learning model is a potentially successful decision-
support tool to analyze renal CT in an automatic 
manner with possible impact on radiological 
practice due to the increase in the efficiency of 
diagnosis and the decrease in manual effort. 

The proposed framework effectively resolves the 
research problem presented in the introduction by 
offering a dependable and high-performance 
solution for the classification of multi-class kidney 
disease. The combination of quantum learning 
improves feature representation, which leads to 
better diagnostic accuracy and shows that hybrid 
methods can work well in advanced medical 
imaging applications. 
 
7. LIMITATIONS 
 
There are a number of weaknesses in this study. 
First, the research was done using a single set of 
data to the public and no external clinical validation 
was done. Second, statevector simulation was used 
to test quantum circuits as opposed to real quantum 
devices. Third, the model uses the 2D CT slices 
instead of volumetric 3D scans, which can be a 
constraint of spatial context. Lastly, demographic 
analysis indicates trends of a dataset, as opposed to 
national-level statistics. 
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