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Abstract 

The healthcare systems produce a tremendous volume of medical data which may be in the form of patient records, 
laboratory test results and diagnostic reports. It is quite necessary to analyze such data accurately and efficiently in 
order to detect diseases early and plan appropriate treatment . Conventional machine learning methods have a tendency 
to struggling with large-dimensional and complicated medical data. To address these shortcomings, this project 
suggests a hybrid Quantum Machine Learning (QML) scheme of analyzing medical data and diagnosing a disease. 

The suggested system combines the classical data preprocessing with the quantum-enhanced data learning algorithms 
including Variational Quantum Circuits (VQC) and Quantum Support Vector Machines (QSVM). Medical data is first 
processed by cleaning, normalizing and encoding to quantum states. Complex patterns and correlations that traditional 
algorithms can hardly be able to learn are then learned with the quantum model. The measures used to judge the 
performance are accuracy, precision, recall and F1-score. 

The results of the experimental process show that the model based on QML yields better diagnostic accuracy than the 
conventional machine learning. This is where there is great potential in real time medical decision support systems, 
with the future prediction of disease and the personalized solution of care. The suggested framework indicates the 
potential and benefits of switching to quantum computing methods in healthcare analytics. 
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1. Introduction

The rapid development of digital healthcare systems has led to the creation of massive amounts of medical information, 
such as electronic health records, laboratory reports, medical images, sensor-based patient monitoring data. It is also 
essential to be able to extract valuable insights about such complex and high-dimensional data to be able to correctly 
diagnose the disease and make appropriate clinical decisions. 

Even though traditional machine learning and statistical tools are extensively applied in medical data analysis, they 
frequently fail to scale, are computationally complex, and fail to capture subtle patterns in large datasets. The timely 
and accurate diagnosis of diseases is very crucial in enhancing survival of patients, and lowering health care expenses. 
Late or incorrect diagnosis may result in serious complications and failure to treat. 
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Quantum computing is another form of computing that proposes a new paradigm in computing that is founded on 
principles like the superposition principle and entanglement. Quantum Machine Learning is an integration of quantum 
computing and machine learning to provide better data representation and faster computation. QML models are capable 
of finding complex correlations in medical data that cannot be identified by classical algorithms, by using the properties 
of quantum. 

The project offers a Quantum Machine Learning-based architecture for analyzing medical data and diagnosing the 
disease. To enhance the accuracy of diagnosis and processes and reduce computational costs, the system combines 
classical preprocessing with quantum models of learning like VQC and QSVM. The suggested solution will help to assist 
better data representation and faster computation. 

2. Related Work 

A number of studies have focused on using Quantum Machine Learning in healthcare and medical diagnosis. It has been 
demonstrated that quantum classifiers like Quantum Neural Networks and Quantum Support Vector Machines are 
capable of being more effective than classical models on certain healthcare datasets, particularly in the treatment of 
imbalanced data. 

Further research has explored the application of quantum feature maps to classify diseases, and it shows better results 
with lung cancer and pneumonia. Medical image analysis has also been suggested to be performed using hybrid 
quantum-classical models, where quantum circuits learn non-classical features which improve classification. 

According to systematic reviews, QML has a good potential, but there is still a lack of consistent empirical evidence 
concerning the use of the technique in all healthcare settings. Nevertheless, hybrid systems that have merged classical 
preprocessing and quantum classifiers have shown positive outcomes in the area of early disease prediction and clinical 
decision support. 

3. Methodology 

The proposed system is based on a hybrid quantum-classical model of medical data analysis and diseases diagnosis. It 
is made up of several steps that work with raw medical data and provide predictive outcomes. 

3.1. Data Acquisition 

The medical data is obtained through patient health records, laboratory test results and diagnostic measurements. The 
dataset consists of both numerical and categorical attributes concerning the symptoms of the patients and their medical 
conditions. All information is kept safely to be processed further. 

3.2. Data Preprocessing 

The collected data is usually inconsistent, incomplete, and inaccurate. Data cleaning techniques are used to remove 
duplicate records and handle missing values. Normalization will be done to bring the numerical features to an 
appropriate scale. The dimensionality reduction techniques are feature selection methods that retain the most 
significant features. 

3.3. Quantum Data Encoding 

Classical medical data is then encoded in quantum states after a preprocessing step through a variety of techniques like 
angle encoding or amplitude encoding. Every sample of data is parameterized by a set of qubits such that the model can 
use the quantum behavior to represent the complex data. 
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Figure 1 Flowchart of QML-based Medical Diagnosis 

3.4. Quantum Machine Learning Model. 

Variational Quantum Circuits and Quantum Support Vector Machines are used to process the encoded data. These 
models are parameterized quantum circuits along with classical optimization algorithms. The quantum circuit extracts 
complex patterns, while classical optimizers modify the parameters to reduce classification error. 

3.5. Training and Optimization of Hybrid Trainers. 

It uses a hybrid training process with quantum circuits and classical processors computing feature transformation and 
calculating losses and updating parameters respectively. This process is repeated until the model converges to an 
optimal solution. 

3.6. Prediction and Decision Support. 

After training, the model estimates the category of diseases or the level of risk of new patient data. The results are 
presented through a user interface or a dashboard, which helps healthcare providers to diagnose and plan treatment 
early. 

3.7. Performance Evaluation 

The evaluation of model performance is carried out on the basis of accuracy, precision, recall, and F1-score. It is 
compared to traditional machine learning models to prove its effectiveness. 

 

Figure 2 Proposed System Architecture of QML-based Medical Diagnosis 
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4. Experiments and Results

The proposed Quantum Machine Learning (QML) model was evaluated using the prepared medical dataset to measure 
its effectiveness in disease diagnosis. The dataset was divided into training and testing sets to ensure an unbiased 
performance evaluation. The experiments were conducted on a hybrid quantum-classical simulation environment using 
standard machine learning libraries and quantum computing frameworks. 

Performance was assessed using widely accepted evaluation metrics such as accuracy, precision, recall, and F1-score. 
The proposed QML-based model demonstrated superior classification performance compared to traditional machine 
learning methods. The results indicate that the quantum-enhanced model is capable of capturing complex patterns in 
medical data more effectively. 

Table I presents the comparison of accuracy between the existing classical model and the proposed QML model. The 
proposed system achieved higher accuracy, validating the effectiveness of quantum feature encoding and variational 
quantum circuits in improving diagnostic performance. These experimental results highlight the potential of Quantum 
Ma- chine Learning as a reliable decision-support tool for medical diagnosis systems. 

Figure 3 Medical QML Login 

Figure 4 Prediction Result of the Proposed QML Model 
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4.1. Performance Evaluation 

The performance of the proposed model is evaluated using standard classification metrics such as accuracy, precision, 
re- call, and F1-score. Accuracy measures the overall correctness of the model by calculating the ratio of correctly 
predicted instances to the total number of samples. Precision indicates the proportion of correctly predicted positive 
cases among all predicted positives, reflecting the reliability of positive predictions. Recall represents the ability of the 
model to identify all actual positive cases, showing its effectiveness in detecting diseases. The F1-score provides a 
balanced measure by combining precision and recall, making it suitable for evaluating classification performance on 
medical datasets with class imbalance. 

Table 1 Performance Results 

Model Accuracy (%) 

Existing Model 85 

Proposed Model 92 

5. Comparison with Existing Models

The classical machine learning models used for comparison with the proposed QML model include Support Vector 
Machines and Random Forest classifiers. The classical models use only traditional feature processing, whereas the QML 
model uses quantum feature encoding and quantum circuits. 

Under experimental settings, the proposed model is found to be more accurate, precise and with better recall. This is 
due to the fact that the quantum model is able to provide the complex correlations through the use of superposition and 
entanglement. 

Figure 5 Performance Metrics 

With quantum-enhanced learning models such as Variational Quantum Circuits (VQC) and Quantum Support Vector 
Machines (QSVM), the proposed system effectively analyzes complex medical datasets and improves diagnostic 
accuracy. Experimental results demonstrate that the QML based model outperforms traditional machine learning 
approaches in terms of accuracy and reliability. 

The proposed approach highlights the potential of quantum computing in healthcare analytics by enabling efficient 
pattern recognition and decision support for early disease detection. Although current quantum hardware has certain 
limitations, the results obtained using quantum simulators indicate promising future applications of QML in real-world 
medical diagnosis systems. In future work, the model can be extended to handle larger and more diverse medical 
datasets and can be implemented on real quantum devices to further validate its performance. This research contributes 
to the development of intelligent and advanced medical decision-support systems using emerging quantum 
technologies. 

6. Conclusion

This study demonstrates that Quantum Machine Learning can be useful in analyzing medical data and diagnosing 
diseases. The proposed system enhances the diagnostic accuracy and reliability by combining classical preprocessing 
and quantum learning models. Even though recent quantum devices are limited, the performance of quantum 

Performance Metrics Comparision: Existing vs Proposed systems
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simulators has brought hope to future uses. The proposed framework can support the development of intelligent and 
advanced medical decision-support systems. 
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