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Abstract 

The genius of the heavily growing healthcare data and the growing need to make correct clinical diagnosis has 
increased the pace of introducing the use of artificial intelligence and sophisticated computational technologies in 
the contemporary healthcare systems. This work suggests a multi-technology machine learning and quantum 
computing platform to manage healthcare organizations and conduct automated diagnostics of medical images. 
The suggested system will combine convolutional neural networks, quantum-inspired optimization algorithms, and 
intelligent analytics in healthcare to improve the accuracy of the diagnosis, the efficiency of its operations, and 
clinical decision-making. Data sets of chest X-ray imaging were used and health care organization datasets were 
used as experimental data. The framework utilized feature deep extraction, probabilistic quantum-inspired feature 
optimization and hybrid classification techniques to identify diseases and analyse health resource using automated 
detection and classification techniques. Preprocessing data methods such as normalization, augmentation, and 
contrast enhancement were used to enhance the model robustness and generalization. As it was shown in the 
experiments, the proposed framework showed high performance in diagnostic and organizational performance 
indicators in comparison with the traditional machine learning techniques. The developed model achieved an 
accuracy of 96.8%, precision of 96.1%, recall of 95.7%, F1-score of 95.9%, and ROC-AUC of 97.2%. The reliability 
and stability of the proposed architecture was statistically validated with the help of 10-fold cross-validation. The 
intelligent framework developed can play a significant role in automated clinical diagnostics, optimization of 
healthcare workflow, intelligent hospital management, and scalable AI-assisted healthcare systems to modern 
healthcare settings. 

Keywords: Hybrid machine learning, quantum computing, healthcare management, medical image 
diagnostics, deep learning, intelligent healthcare systems, automated diagnosis. 

 

1. Introduction 
Healthcare organizations produce large amounts of clinical, imaging, administrative and operational data on a daily 
basis. The effective handling of these heterogeneous datasets has been one of the biggest challenges in the current 
healthcare systems as more patients are admitted, there is the growing load of diagnostic work coupled with a shortage 
of healthcare resources [1], [2]. At the same time, the need to diagnose any disease with high accuracy and quickly 
increased the pace of development of intelligent automated healthcare systems able to aid in clinical making decisions. 
Machine learning (ML), artificial intelligence (AI), and deep learning technologies have proven to have a great potential 
in healthcare use cases, including medical image analysis, disease prediction, optimization of healthcare workflows, and 
clinical decision support systems [3], [4]. Specifically, convolutional neural networks (CNNs) have shown high 
performance with regard to automated medical image diagnosis due to their advanced feature extraction and 
classification features [5], [6]. Nevertheless, the existing machine learning systems continue to be challenged by the 
high dimensional healthcare data, computational costs, inefficient optimization, as well as, constrained generalization 
accuracy [7]. Moreover, the majority of the available literature concentrates on medical image diagnostics or healthcare 
organization management individually, thus leading to a lack of integration between clinical and operational healthcare 
analytics [8]. The new computing paradigm known as quantum computing and quantum-inspired optimization 
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algorithms has recently become a promising solution to solving computational and optimization problems in healthcare 
analytics [9], [10]. These methods offer a better search performance, probabilistic optimization and a better feature-
selection performance on complex healthcare datasets. However, there is scanty literature on hybrid architectures 
incorporating machine learning, quantum-inspired optimization, automated diagnostics, and healthcare organization 
management into a single architecture. To overcome these constraints in the present study a hybrid machine 
learning/quantum computing system in the management of healthcare organizations and automated medical image 
diagnostics is proposed. The proposed system combines medical image analysis that is based on deep learning, 
quantum-inspired feature optimization and intelligent healthcare analytics in order to enhance the accuracy of 
diagnoses and efficiency of operations at the same time. This study contributes significantly as follows:  
 
1. Creating a deep learning/quantum-inspired optimization system to generate automated healthcare diagnostics.  
2. Combination of management analytics of healthcare organization with smart medical image classification.  
3. Quantum-inspired feature optimization mechanism design to improve the diagnostic performance.  
4. Only thorough statistical approval and comparison of performance.  
5. Illustration of scalable AI-assisted healthcare management systems of intelligent healthcare settings.  
 
The rest of this article has the following structure. Related work is found in section 2. Section 3 explains the methodology 
proposed. Section 4 presents the results of the experiments and statistical analysis. Section 5 summarizes the study and 
provides the way forward in future research. 
 

2. Related Work 
The use of machine learning and deep learning technologies has grown to be more significant in the healthcare systems 
of today, both in medical image analysis, predicting the disease and in healthcare management applications [11], [12]. 
The deep convolutional neural networks (CNNs) proved themselves to be effective in detecting the chest diseases, 
classifying pneumonia, analyzing diabetic retinopathy, and even identifying tumors [13], [14]. The implementation of 
the transfer learning architectures like ResNet, DenseNet, EfficientNet and VGGNet has enhanced the accuracy of 
medical image classification and efficiency of feature extraction [15]. A number of studies have also explored the 
intelligent management of healthcare organization base on predictive analytics, optimizing resources allocation, 
automating workflow, and scheduling patients [7]. Healthcare management systems with machine learning have 
enhanced the efficiency of operations and the use of healthcare resources in the contemporary hospitals [8]. In recent 
years, quantum computing and quantum-inspired optimization methods have become the promising computational 
methods of healthcare analytics [9], [10]. The quantum-inspired algorithms have been used in feature selection, disease 
prediction and medical image classification to enhance advantageous optimization and convergence behavior [1]. 
Although such developments have been made, there are still various constraints in existing studies. Majority of the 
literature concentrates either on medical image diagnostics or healthcare administration separately, and thus little has 
been incorporated in terms of integrating clinical intelligence with operational healthcare analytics [2]. Traditional deep 
learning models are also characterized by the high level of computational cost, inefficiency in optimizing, and poor 
statistical generalization. Additionally, numerous current frameworks do not have centralized intelligent healthcare 
frameworks that can sever the diagnostic and healthcare management functionalities at the same time. The significant 
gaps in literature studied are:  
 
• Weak linkages between diagnostics of medical images and the management of healthcare organization.  
• Large computational complexity of healthcare data analysis.  
• There is a lack of optimization efficiency of traditional deep learning systems.  
• Very little statistical validation and generalization.  
• Absence of cohesive AI-aided healthcare intelligence. This paper seeks to overcome these shortcomings by coming up 
with a hybrid machine learning-quantum-inspired application in healthcare, with the ability to conduct medical image 
diagnostics and intelligent analytics of the management of healthcare organizations simultaneously. 
 

3. Proposed Methodology 

3.1 Overall Framework Architecture 
It was proposed to create a hybrid machine learning and quantum computing framework that could take care of 
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intelligent healthcare organization management and automated medical image diagnostics in a single framework of 
analysis, as shown in Fig. 1. The model combines medical image preprocessing, feature extraction using deep learning, 
quantum-inspired optimization, and healthcare organization analytics to enhance the quality of diagnostics and 
efficiency in operations. The general workflow comprises medical image acquisition, preprocessing, feature extraction, 
quantum-inspired optimization, disease classification, healthcare management analytics and performance evaluation. 
The first step involved health imaging and operation data gathering and pre-process that enhanced data consistency 
and image quality. The feature extraction and disease classification was then done using a hybrid convolutional neural 
network (CNN) architecture. An optimization mechanism inspired by quantum to further refine the extracted features 
was used to enhance the classification performance and convergence efficiency. 
 

 
Fig. 1. Overall Architecture of the Proposed Hybrid Machine Learning and Quantum Computing Framework 

 
3.2 Dataset Description 
There were two types of datasets used in the present research medical imaging datasets and healthcare organizational 
datasets.  
 
A. Medical Imaging Dataset.  
The publicly available repositories, such as the Chest X-ray Pneumonia Dataset, COVIDx Dataset, and NIH ChestX-ray14 
dataset, were used to gather the Chest X-ray datasets. 
 

Table 1. Medical Imaging Datasets Utilized for Automated Disease Classification and Experimental Evaluation 

Dataset Source Classes Total Images 

Chest X-ray Pneumonia Dataset Kaggle Normal/Pneumonia 5,856 

COVIDx Dataset GitHub Repository COVID/Normal/Pneumonia 13,975 

NIH ChestX-ray14 NIH Repository Multiple Thoracic Diseases 112,120 

 
B. Healthcare Organizational Dataset 
The healthcare organization dataset comprised of patient admissions data, hospital resource consumption, workload 
data on its staff, turnaround time in diagnosis, and operational cost data. 
 
 

Table 2. Healthcare Organizational Parameters Utilized for Intelligent Management and Operational Analytics 
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Parameter Description 

Patient admission records Daily admission statistics 

Hospital resource utilization ICU and bed occupancy 

Staff workload metrics Clinical workforce analysis 

Diagnostic turnaround time Imaging and laboratory delays 

Operational cost analysis Resource allocation efficiency 

 
A 70:15:15 ratio split the medical image datasets into training, validation and testing sets, whereas its organizational 
datasets were split into 72:14:14. Data augmentation methods such as rotation, horizontal flipping, contrast 
augmentation, random cropping and noise injection were used to enhance the ability of the models to generalize. 
 
3.3 Medical Image Preprocessing 
Training of medical images was carried out after resizing the medical images to 224 x 224 pixels and normalization. The 
image was enhanced with histogram equalization and contrast enhancement, which were used to enhance the clarity 
of the image and highlight clinically significant aspects. There was also noise cutting and region-of-interest extraction 
which were used in order to enhance the performance of feature extraction. Image normalization, contrast 
enhancement, noise filtering, data augmentation, and region-of-interest extraction were part of the preprocessing 
pipeline in order to enhance the model robustness and consistency in classification. Fig. 2 depicts the deep learning 
pipeline that was proposed to be used in the feature extraction and disease classification. 
 

 
Fig. 2. Proposed Hybrid CNN-Based Deep Learning Architecture 

 
3.4 Hybrid Deep Learning Architecture 
The framework proposed utilized a hybrid CNN based model of automated feature extraction and disease classification. 
It was based on the convolutional layers, max-pooling layers, dense layers, drop out regularization and a Softmax output 
layer. The specific architecture of the planned CNN is shown in Table 3, and the training parameters that are used to 
develop and optimize the model are summarized in Table 4. 
 

Table 3. Configuration of the Proposed Hybrid CNN-Based Deep Learning Architecture 

Layer Configuration 

Input Layer 224 × 224 × 3 
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Convolution Layer 1 32 filters, 3×3 

Max Pooling 2×2 

Convolution Layer 2 64 filters, 3×3 

Max Pooling 2×2 

Convolution Layer 3 128 filters, 3×3 

Dense Layer 256 neurons 

Dropout 0.5 

Output Layer Softmax 

Adam optimizer was used to train the network with a learning rate of 0.0001 and a batch size of 32 and 50 number of 
epochs. 

Table 4. Training Parameters of the Proposed Hybrid Deep Learning Framework 

Parameter Value 

Optimizer Adam 

Learning Rate 0.0001 

Batch Size 32 

Epochs 50 

Activation Function ReLU 

Loss Function Categorical Cross-Entropy 

To minimize the overfitting and enhance the generalization ability, batch normalization and dropout regularization were 
performed. 
 
3.5 Quantum-Inspired Optimization Module 
The proposed framework included a quantum-inspired optimization module to enhance the feature-selection 
performance and classification accuracy. The optimization process involved initializing features, probabilistic state 
representation, adaptive fitness evaluation and selecting optimal features. The strategy that is to be optimized can be 
described as: 

𝐹(𝑥) = arg 𝑚𝑎𝑥(𝛼𝐴 + 𝛽𝑃 − 𝛾𝐸)                                          (1) 
 
where 𝐴represents classification accuracy, 𝑃represents precision, 𝐸represents classification error, and 𝛼, 𝛽, and 𝛾are 
weighting coefficients. 
The optimization procedure used probabilities of the features repeatedly modified to optimize the diagnostic 
performance and reduce the error of classification. 
 
3.6 Healthcare Organization Management Module 
The healthcare organizational analytics module evaluated operational healthcare parameters such as patient flow 
analysis, predicting bed occupancy, diagnostic workload, predicting staff allocation optimization and efficiency of 
healthcare resource utilization. Predictive analytics, based on machine learning, helped the healthcare administrators 
to optimize the hospitals management and minimize operational delays. Combining analytics of healthcare organization 
with automated diagnostics allowed an integrated smart healthcare management setting. 
 
3.7 Evaluation Metrics 
The evaluation of the proposed framework was performed based on common classification measures such as accuracy, 
precision, recall and F1-score. 
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
                                       (2) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
                                        (3) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                                                        (4) 

𝐹1 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
                                            (5) 

where TP represents True Positive, TN represents True Negative, FP represents False Positive, and FN represents False 
Negative. 
 
Further statistical validation was done through the cross-validation analysis, estimation of confidence interval and the 
standard deviation analysis to ensure the strength and consistency of the suggested framework. 
 

4. Results and Discussion 

4.1 Medical Diagnostic Performance 
The hybrid machine learning and quantum computing framework suggested outperformed other machine learning-
based methods in terms of diagnoses. Table 5 shows the results of the classification 
. 

Table 5. Classification Performance Comparison 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

SVM 87.4 86.8 85.9 86.1 

Random Forest 89.2 88.7 88.1 88.3 

CNN 93.8 93.2 92.7 92.9 

Proposed Hybrid Model 96.8 96.1 95.7 95.9 

 
The highest classification accuracy was 96.8% in the proposed framework compared with the traditional SVM, Random 
Forest and regular CNN models. It is mainly attributed to the new deep feature extraction and quantum-inspired 
optimization mechanisms that improved stability of classification and low error rates of the diagnostic. 
 
4.2 ROC-AUC Analysis 
The ROC-AUC comparison results are summarized in Table 6. 
 

Table 6. ROC-AUC Comparison 

Model ROC-AUC 

SVM 0.89 

Random Forest 0.91 

CNN 0.95 

Proposed Model 0.972 

 
The proposed model had the best ROC-AUC (0.972) indicating a high level of discriminative ability and better disease 
classification. The analysis of the ROC curve and confusion-matrix are presented in Fig. 4 and Fig. 5 respectively. 
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Fig. 4. ROC Curve Analysis of the Proposed Hybrid Framework. 

 

 
Fig. 5. Confusion Matrix for Automated Disease Classification. 

 
4.3 Healthcare Organization Management Analysis 
The healthcare management module greatly enhanced the efficiency of operations by providing predictive analytics and 
smart optimization of resources. A comparative analysis is drawn up in Table 7. 
 

Table 7. Healthcare Operational Improvements 

Parameter Conventional System Proposed Framework 

Diagnostic Delay 28 min 12 min 

Resource Utilization Efficiency 78.4% 92.1% 

Bed Occupancy Prediction Accuracy 81.6% 94.5% 

Staff Allocation Efficiency 75.3% 90.2% 

 
The suggested framework decreased the delays in the diagnostic process and enhanced the efficiency of using 
healthcare resources, predicting operations, and distinguishing the staff allocation. These results prove the feasibility 
and practicality of the framework in intelligent healthcare management settings. 
 
4.4 Statistical Validation 
This was done by use of cross-validation strategy that was applied 10 times to ensure that model robustness and 
generalization capability was in effect. Table 8 shows the statistical results. 

Table 8. Statistical Validation Results 

Metric Mean ± SD 95% Confidence Interval p-value 
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Accuracy 96.8 ± 0.5 96.2–97.4 0.003 

Precision 96.1 ± 0.4 95.6–96.6 0.005 

Recall 95.7 ± 0.5 95.1–96.3 0.004 

F1-Score 95.9 ± 0.4 95.4–96.4 0.006 

 
It can be seen by the small values of standard deviation and small confidence intervals that the model is stable and can 
be relied upon to perform well in many folds of validation. The p-values verify statistically significant gains, compared 
with traditional machine learning methods. The stability of cross-validation is shown in Fig. 6. 
 

 
Fig. 6. Cross-Validation Performance Stability Analysis. 

 
4.5 Discussion 
The outcomes of the experiments prove the success of the cross-purpose between hybrid machine learning and 
quantum-inspired optimization work in healthcare. The framework suggested was found to have better diagnostic 
accuracy, feature-selection efficiency and better healthcare operational management as compared to the conventional 
methods. The quantum-based optimization process enhanced the convergence and the accuracy of the classifications, 
whereas the healthcare organizational analytics allowed effective operational predicting and resource distribution. The 
framework created has the capacity to facilitate automated disease diagnosis, smart healthcare management, 
telemedicine, and AI-assisted hospital management. Regardless of the high performance, the proposed framework has 
relatively high computational needs when training and optimizing the model. Future studies ought to concentrate on 
lightweight architectures, explainable AI adoption, and real-time deployment to resource-constrained healthcare 
settings. 
 

5. Conclusion 
In this work, a hybrid architecture of machine learning and quantum computing in healthcare organizations 
management and auto-diagnostic medical imaging was introduced. It was proposed as a combination of the deep-
learning-based analysis of medical images, quantum-inspired optimization and intelligent healthcare analytics into one 
healthcare intelligence framework. Experimental testing showed better diagnostic and organizational performance than 
traditional methods of machine learning. Convolutional neural networks and quantum-inspired optimization have been 
combined, leading to the enhancement of the efficiency of feature-selection, classification accuracy, convergence 
performance, and the overall ability of the model to generalize. The validity and reliability of the proposed framework 
was also statistically proved. The smart healthcare system developed can be helpful in automated diagnosis of diseases, 
smart hospital management, telemedicine systems, and AI-supported clinical decision support. The combination of 
healthcare organizational analytics with automated diagnostics is also an extension into scalable framework of the 
future intelligent healthcare infrastructures. Although the proposed framework has weak performance, it consumes 
relatively much computation when training and optimizing it. Further studies will be around lightweight deep learning 
designs, federated healthcare learning, explainable AI integration, real-time edge deployment, and enhanced quantum-
inspired optimization methods to large-scale healthcare settings. 



563 
 

   563 
 

Adolescencia e Saude, vol. 21, No. 1s, p. 555-563 

 

References  
1. M. D. Arquam, V. Pathak, V. Tripathi, R. Panday, and S. K. Singh, “Hybrid quantum-classical algorithms for neural 

network-based binary disease classification,” in Asian Conference on Intelligent Information and Database Systems. 
Singapore: Springer Nature Singapore, 2025, pp. 337–348. doi: https://doi.org/10.1007/978-981-96-5887-9_25. 

2. Batool and Y.-C. Byun, “Brain tumor detection with integrating traditional and computational intelligence 
approaches across diverse imaging modalities-challenges and future directions,” Comput. Biol. Med., vol. 175, p. 
108412, 2024. doi: https://doi.org/10.1016/j.compbiomed.2024.108412. 

3. J. C. L. Chow, “Quantum computing and machine learning in medical decision-making: a comprehensive review,” 
Algorithms, vol. 18, no. 3, p. 156, 2025. doi: https://doi.org/10.3390/a18030156. 

4. J. C. L. Chow, “Quantum computing in medicine,” Med. Sci., vol. 12, no. 4, p. 67, 2024. doi: 
https://doi.org/10.3390/medsci12040067. 

5. L. Wei, H. Liu, J. Xu, L. Shi, Z. Shan, B. Zhao, and Y. Gao, “Quantum machine learning in medical image analysis: a 
survey,” Neurocomputing, vol. 525, pp. 42–53, 2023. doi: https://doi.org/10.1016/j.neucom.2023.01.04 

6. R. R. Kumar and R. Priyadarshi, “Denoising and segmentation in medical image analysis: a comprehensive review 
on machine learning and deep learning approaches,” Multimed. Tools Appl., vol. 84, no. 12, pp. 1–59, 2024. doi: 
https://doi.org/10.1007/s11042-024-19313-6. 

7. X. Li, L. Peng, Y. P. Wang, and W. Zhang, “Open challenges and opportunities in federated foundation models 
towards biomedical healthcare,” BioData Min., vol. 18, no. 1, p. 2, 2025. doi: https://doi.org/10.1186/s13040-024-
00414-9. 

8. D. Maheshwari, B. Garcia-Zapirain, and D. Sierra-Sosa, “Quantum machine learning applications in the biomedical 
domain: a systematic review,” IEEE Access, vol. 10, pp. 80463–80484, 2022. doi: 
https://doi.org/10.1109/ACCESS.2022.3195044. 

9. S. Rawas and A. D. Samala, “EAFL: edge-assisted federated learning for real-time disease prediction using privacy-
preserving AI,” Iran J. Comput. Sci., vol. 8, no. 3, pp. 1–11, 2025. doi: https://doi.org/10.1007/s42044-025-00251-
x. 

10. S. Rawas and A. D. Samala, “Revolutionizing brain tumor analysis: a fusion of ChatGPT and multi-modal CNN for 
unprecedented precision,” Int. J. Online Biomed. Eng., vol. 20, no. 8, pp. 8–48, 2024. doi: 
https://doi.org/10.3991/ijoe.v20i08.47347. 

11. S. Rawas and C. Tafran, “Next-gen breast cancer diagnosis: iembc as an iomt-enabled cloud computing solution,” 
Multimed. Tools Appl., vol. 84, no. 25, pp. 1–28, 2024. doi: https://doi.org/10.1007/s11042-024-20358-w. 

12. S. Rawas, C. Tafran, D. AlSaeed, and N. Al-Ghreimil, “Transforming healthcare: AI-NLP fusion framework for 
precision decision-making and personalized care optimization in the era of IoMT,” Comput. Mater. Continua, vol. 
81, pp. 4601–4620, 2024. doi: https://doi.org/10.32604/cmc.2024.055307. 

13. D. Ranga, A. Rana, S. Prajapat, P. Kumar, K. Kumar, and A. V. Vasilakos, “Quantum machine learning: exploring the 
role of data encoding techniques, challenges, and future directions,” Mathematics, vol. 12, no. 21, p. 3318, 2024. 
doi: https://doi.org/10.3390/math12213318. 

14. Sonavane, S. Jaiswar, M. Mistry, A. Aylani, and D. Hajoary, “Quantum machine learning models in healthcare: future 
trends and challenges in healthcare,” in Quantum Computing for Healthcare Data. Elsevier, 2025, pp. 167–187. doi: 
https://doi.org/10.1016/B978-0-443-29297-2.00003-4. 

15. U. Ullah and B. Garcia-Zapirain, “Quantum machine learning revolution in healthcare: a systematic review of 
emerging perspectives and applications,” IEEE Access, vol. 12, pp. 11423–11450, 2024. doi: 
https://doi.org/10.1109/ACCESS.2024.3353461. 

16. Sanjay P Dhangar, “Multi-Agent Reinforcement Learning for Distributed Optimization of Large-Scale 
Systems”, Frontiers in Computational Science and Engineering , pp. 9–16, May 2026, Accessed: Jul. 06, 2026. 

17. Krishnapriya K S, “A Mathematical and Numerical Study of Chaotic Dynamics in Coupled Nonlinear 
Models”, Frontiers in Mathematical and Computational Research, pp. 17–23, May 2026, Accessed: Jul. 06, 2026. 

18. K. Bethini, R. S. Srija, and K. H. Kishore, "Adaptive Trust-Aware Energy-Efficient Routing Architecture for Resilient 
Mobile Ad Hoc Networks in Next-Generation IoT Systems," Journal of Wireless Networks and Communication 
Systems, 2025. 

19. H. Taraba and G. E. Akusu, "Quantum Computing–Based Optimization of Urban Air Pollution Control Strategies," 
Journal of Computer Applications and Information Technology, 2026. 

https://doi.org/10.1007/978-981-96-5887-9_25
https://doi.org/10.1016/j.compbiomed.2024.108412
https://doi.org/10.3390/a18030156
https://doi.org/10.3390/medsci12040067
https://doi.org/10.1016/j.neucom.2023.01.049
https://doi.org/10.1007/s11042-024-19313-6
https://doi.org/10.1186/s13040-024-00414-9
https://doi.org/10.1186/s13040-024-00414-9
https://doi.org/10.1109/ACCESS.2022.3195044
https://doi.org/10.1007/s42044-025-00251-x
https://doi.org/10.1007/s42044-025-00251-x
https://doi.org/10.3991/ijoe.v20i08.47347
https://doi.org/10.1007/s11042-024-20358-w
https://doi.org/10.32604/cmc.2024.055307
https://doi.org/10.3390/math12213318
https://doi.org/10.1016/B978-0-443-29297-2.00003-4
https://doi.org/10.1109/ACCESS.2024.3353461

