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Abstract: In the contemporary health care system, to effectively manage the patients, it is imperative to make right 

forecasts of the diseases like heart disease and diabetes, among others. This article provides a Hybrid Quantum-Classical 

System which makes use of Quantum Variational Classifier (QVC) to predict illnesses in medicine. The suggested system 

takes advantage of the capabilities of quantum computing to investigate high-dimensional spaces that are generally 

difficult to find by classical machine learning models. Combination of quantum variational circuits and classical machine 

learning methods allows the effective classification of the clinical data, including age, glucose levels, and BMI. This type 

of system is tested by using medical datasets, and the outcomes reveal that this system is more robust, especially in the 

presence of noise or in case of smaller training sets. The QVC demonstrates the improvements in prediction accuracy 

that are promising when compared to the traditional models such as Support Vector Machines (SVM), Logistic 

Regression, and Neural Networks. Such a framework preconditions the next-generation quantum-powered medical 

diagnostics, which will be more computationally efficient and future predictions, despite limited or noisy data. 

 

Index Terms: Hybrid Quantum-Classical System, Quantum Variational Classifier, Medical Disease Prediction, Heart 

Disease, Diabetes, Quantum Computing, Clinical Data Classification, Noisy Data, Quantum Variational Circuits, 

Computational Efficiency 

 

I. INTRODUCTION 

 

The modern healthcare systems are overly based on the interpretation of large populations of patient data to provide 

correct prognoses on chronic diseases like heart disease and diabetes. Although the traditional machine learning (ML) 

models have shown excellent performance in most fields, they can hardly handle high-dimensional datasets that are either 

sparse or noisy. Particularly in medical uses, incomplete or flawed information is commonplace, and these constraints 

are particularly evident. This has led to increased demand of more sophisticated strategies that can manage such issues. 

An alternative approach is the use of quantum computing based on quantum bits (qubits) rather than on classical bits to 

process information. Using the quantum effects such as superposition and entanglement, quantum computing can compute 

many data points simultaneously, and therefore it provides the opportunity to explore the complex patterns that are 

effectively inaccessible to classical algorithms. Such power brings new opportunities in many areas, and healthcare is 

one of them, as quantum computing can be used to improve the disease prediction models. 

 

Hybrid quantum-classical systems are one of the most successful methods to implement quantum computing usage in 

healthcare. Such systems unite the assets of the conventional data processing algorithms with quantum algorithms to 

enhance predictions. The hybrid models can find complex relations in the patient data with the help of quantum 

algorithms, and therefore are especially effective in the disease prediction tasks which classical models fail to handle. 

 

II. EXISTING SYSTEM VS PROPOSED SYSTEM 

 

Existing System 

The current healthcare models of disease prediction use primarily the traditional machine learning (ML) models, 

including Support Vector Machines (SVM), Logistic Regression, and Neural Networks. These models have worked well 

in handling patient data but when dealing with small data which is usually a small dataset or noisy data like in medical 

settings, they are limited. The classical models usually fail to address the issue of high dimensional data, and the state of 

the art is weak in the presence of poor quality of data. In addition, the traditional models are usually computationally 

intensive, especially at large scale, operational in real-time, and this impedes their real world use in healthcare institutions 

where timeliness and precision matters a lot. 

 

Proposed System  

The system proposed will involve a Hybrid Quantum-Classical model to overcome the classical approach limitations. By 
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introducing an algorithm known as Quantum Variational Classifier (QVC), the system has the capability of utilizing the 

strength of quantum computing to search and investigate high-dimensional spaces which are complex and cannot be 

effectively explored by classical models. It is a quantum-classical integration allowing the system to operate on noisy, 

incomplete, or smaller data, thus allowing it to be especially applicable to real-world medical setting where imperfections 

in data are a standard feature. The hybrid model also provides a higher level of computational efficiency, which is able to 

process data much faster and makes more accurate predictions of the disease even when training data is limited. 

Scalability and enhanced performance, guaranteed by the use of quantum computing, make the proposed system a 

promising solution in medical diagnostics in the future. 

 

III. RELATED WORK 

 

This section covers the existing research and developments regarding quantum machine learning (QML) application in 

healthcare with a focus on predicting and classifying diseases, as mentioned in this study. 

 

The advent of quantum computing has generated great interest and discussion about its ability to overcome the 

shortcomings of machine learning using a classical computer, particularly in large dimensional and noisy datasets, which 

are prevalent in medical diagnostic applications. Nayak writes about the effectiveness that quantum machine learning can 

bring to healthcare analytics by harnessing the advantages of the quantum world to extract complex patterns in data that 

are not efficiently captured in classical models due to advantages like superposition and entanglement [1]. This is the 

foundational work that sets the motivation for the integration of the quantum methods into predictive healthcare systems. 

Based on its direction, Sharma introduces QuCardio, a quantum machine learning application for detecting cardiovascular 

diseases. The underlying research brings to light that the predictive performance of models based on quantum enhanced 

technology such as variational quantum algorithms results to be higher compared to traditional models when detecting 

heart condition, proving the feasibility of systems that are hybrid models of quantum systems and classical ones in order 

to work in clinical predictive tasks [2]. Similarly, Usman discusses the performance of an optimized Variational 

 

Quantum Classifier (VQC) for diabetes prediction and mentions that the VQC framework is more robust in dealing with 

noisy datasets of clinical data than the classical counterparts, thus proving the adaptability of quantum models to various 

medical conditions [3]. 

 

The technical basis for hybrid quantum models such as VQCs is based on frameworks such as PennyLane, which provide 

automatic differentiation between quantum and classical parts of the hybrid model [4]. Bergholm's work is important to 

demonstrate that such frameworks enable end-to-end training of quantum circuits contained in classical learning pipelines 

to build more practical and scalable hybrid quantum systems in order to perform real-world tasks. 

 

Further breakthroughs lead into specific quantum implementations for disease foretell which. Kumar proposes a hybrid 

framework that centers on the prediction of heart disease using a combination of quantum features and classical 

preprocessing techniques to improve its classification capability [5]. Thompson proposes quantum variational transformer 

model applied to the task of cancer classification where they demonstrate that uniting quantum representation learning 

with classical deep learning can result in better performance for complex biomedical data [6]. Zhang has taken this hybrid 

approach in medical image classification and has shown how quantum neural networks and classical neural networks can 

be used together to enhance image-based diagnostics [7]. 

 

Recent investigations have also reviewed more general trends and technological advances in quantum-based healthcare 

systems. Chen looks at hybrid quantum and classical approaches for diagnosing chronic diseases as a model that has 

great potential in personalized medicine and constant monitoring of the patient, particularly in areas where conventional 

methods fail [8]. Complementing this, Patel et al. present a comprehensive panorama on quantum predictive models in 

the healthcare space focusing on the most important aspects, including model performance, computational efficiency, and 

adaptability in medical settings [9]. In addition to these features, Das and Joshi analyze the application of quantum 

algorithms in the prediction of medical diseases taking a look at all emerging paradigms beyond the use of VQCs such as 

quantum kernel methods or quantum annealing representative of future trends [10]. Overall, these studies make a 

collective statement for quantum machine learning being a promising field for improving medical diagnosis systems. 

Hybrid models, especially those that use variational circuits, have ever proved to have an advantage in the noisy and 

complex datasets where the classic models are limited. This literature supports the development of quantum enhanced 

systems such as the one proposed in this research for the prediction and classification of diseases in real time. 

 

IV. METHODOLOGY 

 

This part describes the process of the creation of a Hybrid Quantum-Classical System that is aimed at improving disease 

prediction of heart disease and diabetes. The system incorporates the Quantum Variational Classifier (QVC) and classical 
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data preprocessing to warrant efficient and appropriate classification of diseases. 

 

4.1 Data Collection and Preprocessing. 

• Data Acquisition: The system takes clinical data touching on heart disease and diabetes that involves the 

demographics of the patients, vital statistics (age, BMI, glucose levels), and medical histories. 

• Preprocessing: The data obtained is pre-processed, and any missing data and useless information is eliminated. 

The methods of normalization and standardization are used to encode the data to be used in both classical and 

quantum systems. 

 

4.2 Quantum Variational Classifier (QVC) Construction. 

• Designing a quantum circuit Quantum variational circuit: A quantum variational circuit is trained to handle 

clinical data, using Angle Embedding to encode the data as a quantum state, to explore the high-dimensional 

space. 

• Variational Quantum Circuits (VQCs): It is a circuit that is optimized through classical optimizers, including 

the Adam Optimizer, and operates the data to predict a heart disease or diabetes based on the input features. 

• Hybrid Quantum-Classical Training: The model is updated (iteratively) on the feedback of classical optimization 

algorithms to optimize the parameters of the quantum circuit towards a better performance. 

 

4.3 Evaluation and Bench-marking of the Model. 

• Comparison with Classical Models: The performance of the QVC is compared with the classical machine learning 

models such as SVM, Logistic Regression and Neural Networks with the objective being the capability of the 

models to deal with noisy, smaller data sets. 

• Performance Metrics: The relevant evaluation metrics include accuracy, precision, recall and F1-score which 

are used to evaluate the performance of quantum model and classical methods. 

 

4.4 Interface of Real-Time Prediction. 

• Web Interface: It has a web-based interface that enables healthcare professionals to provide patient data (age, 

BMI, glucose levels) and obtain instant heart disease and diabetes predictions, as well as a confidence score. 

• Visualization: The findings are also provided through interactive charts hence it is easier for medical 

practitioners to interpret and compare the predictions of both quantum model and classical model. 

 

4.5 System Implementation and Integration. 

• Cloud Deployment: The system is deployed on cloud platforms, which comes with a scaling capability and 

allows handling of large medical data. It can be used together with quantum simulators or NISQ devices to make 

computations. 

• Continuous Learning: The system is conducive to continuous learning whereby it can be retrained using new 

information to adjust and refine its predictions as time goes by. 

 

4.6 System Architecture 

The Hybrid Quantum-Classical System architecture is an architecture used to combine quantum and classical 

components and achieve efficient data processing and real-time disease prediction. 

 

• Data Collection Layer: Gathers uncoded medical information, such as the vital information of the patient, like 

age, BMI, and glucose levels. 

• Data Handling Layer: Data is cleaned, normalized and standardized to prepare data of quantity and classical 

systems. 

• Classical Machine learning Layer: Just like the quantum model layer, but it uses classical machine learning 

models (e.g., SVM, Logistic Regression) to benchmark and fall back on in case the quantum model does not do 

well. 

• Quantum Computing Layer: Angle Embedding Clinical data is encoded and Variational Quantum Circuits 

(VQC) run to process the clinical data, which is optimized with Adam Optimizer. 

• Prediction and Decision Layer: The QVC gives predictions of the disease with the confidence score, which is 

compared to the quantum and classical prediction. 

• Real-Time User Interface Layer: This layer will have a dashboard through which healthcare professionals will 

feed patient information and receive real-time predictions on the disease. 
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• Cloud Deployment and Scaling Layer: Deploys the system to cloud infrastructure to ensure that it can scale and 

handle massive datasets with frequent model retraining with new patient information added. 

 

 
Fig 4.1 System Architecture 

 

V. RESULTS AND DISCUSSION 

 

A. Presentation of Results 

Experiments on the Hybrid Quantum-Classical System (QVC) were performed with the data of heart disease and diabetes 

prediction. QVC and the traditional machine learning models (Support Vector Machines (SVM), Logistic Regression), 

and Neural Networks computed the accuracy, precision, recall and F1-score. 

 

Accuracy of every model is presented in Table 1: 

 

Model Accuracy (%) Precision Recall F1-Score 

Quantum Variational Classifier (QVC) 92% 0.94 0.91 0.92 

Support Vector Machine (SVM) 85% 0.83 0.80 0.81 

Logistic Regression 87% 0.85 0.83 0.84 

Neural Networks 88% 0.86 0.85 0.85 

 

Based on Table 1, it is evident that QVC does much better than all old-fashioned models. The QVC gained the best 

accuracy of 92 that is better than that of the classical models (SVM: 85, Logistic Regression: 87, and Neural Networks: 

88). 

 

B. Interpretation of Results 

Quantum Variational Classifier (QVC) was found to be better than classical models especially when dealing with noisy 

or incomplete data. QVC, as Figure 2 indicates, was more accurate with all of its models. The efficiency of the quantum 

system to process high-dimensional data enables the system to be more efficient at capturing complex patterns because 

traditional models are limited by their nature to handle noise. 
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Figure 2: Accuracy Comparison of QVC and Classical Models 

 

Figure 3 provides the comparison of Precision, Recall, and F1-Score of all models. Clearly, QVC is also more accurate 

and recallable compared to classical models. This demonstrates that QVC can better detect any positive cases (e.g. heart 

disease or diabetes) and still demonstrate a high precision which is essential in medical settings. 

 

Figure 3: Precision, Recall, and F1-Score Comparison 

 

 

C. Performance on Noisy Data 

QVC performance also was considered in noisy data. Figure 4 shows the reduction in accuracy with introduction of noise. 

QVC is superior to classical models as revealed in situations where there is a lot of noise in the data. This underscores 

the strength of quantum models, that are better at noisy, sparse and incomplete data as compared to the traditional ones. 

 

Figure 4: Performance of Models on Noisy Data 
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D. Statistical Analysis 

In order to prove the excellence of the QVC model when compared to the classical models, we used t-test to determine 

the level of statistical significance. The p-value of comparing the QVC with classical models was observed to be less 

than 0.05 and hence it is stated that the difference in the prediction accuracy is significant. 

 

E. Significance of Results 

These findings indicate that Quantum Variational Classifier (QVC) can be hugely utilized in enhancing the prediction of 

diseases particularly in cases of noisy and incomplete data. The high-dimensional data is able to acquire patterns of high 

complexity that the traditional models would fail to pick. This is especially important to medical diagnostics, in which 

data imperfections are typical. 

 

The QVC model is also a promising tool in real-time medical predictions in the hybrid quantum-classical approach due 

to the increased computational performance provided. The capability to come up with correct forecasts almost instantly 

even using sparse data presents new prospects to healthcare givers to effect interventions in time. 

 

F. Limitations and Challenges. 

Despite the better performance of the QVC model, it is limited in the following ways: 

 

Computational Cost: Quantum circuits are also memory-consuming and the current quantum hardware is capable of only 

processing rather small datasets. It is difficult to scale up the model to large datasets. 

 

Generalization: The model has demonstrated excellent results with the datasets that were used, however, additional reviews 

on more diverse datasets are required to prove the generalizability. 

 

VI. COMPARISON WITH EXISTING SYSTEMS 

 

Feature Traditional ML Models (e.g.,

 SVM, Logistic Regression) 

Quantum Variational Classifier (QVC) 

Handling Noisy Data Limited to no adaptation with noisy 

data 

High  robustness, 

 maintains accuracy even

 with noisy or 

incomplete data 

Data Size Sensitivity Performs poorly with smaller 

datasets 

Shows superior performance with 

reduced datasets 

Prediction Accuracy Variable, lower accuracy 

especially with complex data 

Higher accuracy, particularly with 

medical datasets 

Feature Extraction Relies on manual feature 

selection and domain knowledge 

Automatically encodes complex 

features using quantum circuits 

Real-Time 

Performance 

Slower response times, 

especially with large data 

Efficient real-time predictions with 

scalability 

Handling Multi-Class 

Problems 

Limited performance in multi- 

class categorization 

Efficient multi-class attack 

detection and classification 

Generalization to New Data Tends to overfit to training 

data 

Better generalization to unseen data 

with adaptive learning 

Risk Scoring Mechanism Limited, binary outcome 

(attack/no attack) 

Dynamicrisk scores based on 

probability and severity of attack 

Interpretability Limited, mainly focused on 

accuracy 

Enhanced interpretability with 

hybrid quantum-classical analysis 

 

VII. FUTURE SCOPE 

 

The future research will involve the increase in the size of the Hybrid Quantum-Classical System to process bigger 

datasets and guarantee its practical usability in the medical context. To test how useful the model is, it will be necessary 

to test it on real quantum hardware. Additional studies will also discuss advanced quantum feature extraction procedure 

including quantum kernel techniques to enhance accuracy. Moreover, the implementation of the system into cloud 

platforms to predict diseases in real-time will also make the system more useful to the healthcare professionals. Further 

improvement of quantum hardware is essential to streamline the efficiency of the model and increase the range of its 

functionality. 
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VIII. CONCLUSION 

 

This study proposes a Hybrid Quantum-Classical System based on the Quantum Variational Classifier (QVC) to predict 

diseases like heart diseases and diabetes. We have found that QVC is far better than other conventional machine learning 

methods, such as SVM, Logistics Regression and Neural Networks, particularly where noisy or incomplete data are used. 

The high strength and efficiency of the hybrid model indicate that the model could be an important resource in practical 

health care. Although the quantum model had shown significant strengths, the research in the future should aim at 

expanding the system to operate with more data set and using it in real-world quantum hardware to scale up its 

implementation. The research is a big step toward the implementation of quantum computing into medical diagnostics 

that can bring positive changes in the predictive capabilities and quality of predictions that can be made by medical 

professionals. 
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