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ABSTRACT: 

Brain tumors are among the most perilous neurological diseases, and proper and prompt diagnoses are of significant importance in deciding the course of treatment 

for improving the survival rate of the patients. MRI scan is the gold standard imaging modality that is used to diagnose brain tumors. Most deep learning-based 

approaches for the classification of brain tumor need an abundance of data along with considerable computational power to train the neural network properly. All 

these elements make the conventional systems inefficient. In this project, we present the Quantum-TransNet, which is a classical-quantum hybrid model for brain 

tumor classification using Transfer Learning and Variational Quantum Circuit (VQC). The model will classify Glioma, Meningioma, Pituitary tumor, and Normal 

brain using computer-assisted diagnosis to help practitioners with their diagnosis. It is expected that the model will deliver superior performance in classifying brain 

tumors. 

Keywords: Brain Tumor Classification, MRI, Transfer Learning, CNN, Quantum Machine Learning, Variational Quantum Circuit (VQC), Hybrid 
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Introduction: 

Healthcare is changing fast into a world and patients need smart systems that give them personal and easy help. Managing symptoms, learning about 

health risks keeping records watching medications and appointments and getting good health suggestions can be hard with old ways. At the time the 

growing amount and complexity of health data offers chances for new computing methods. QuantumCare AI is a proposed quantum-based health helper 

that mixes Quantum Computing, Quantum Machine Learning and Artificial Intelligence to give personal health care. The plan uses Quantum Support 

Vector Machine, Variational Quantum Circuits, Quantum Neural Networks and Quantum Approximate Optimization Algorithm to predict diseases assess 

health risks and give advice. QuantumCare AI also offers features such, as health-record management, symptom checking, medication tracking, 

appointment tracking and health decision help. By putting all these parts in one platform QuantumCare AI wants to make personal health management 

simpler and more friendly. QuantumCare AI can help people understand their health, make health choices and follow preventive habits. In the end the 

project looks at how combining tech with AI can build a smart fast, safe and personal digital health system that supports better health care and choice. 

Methodology: 

A. Overview 

Here we plan to build a healthcare assistant that blends traditional data processing with quantum machine learning. This intelligent healthcare assistant 

will predict diseases assess health risks and give personalized healthcare advice while also handling health-management tasks. To build the healthcare 

assistant we first collect patient information, then clean and prepare the data encode the features, as quantum states train quantum machine learning 

models produce predictions and refine the recommendations. The core quantum tools – VQC, QSVM, QNN and QAOA – are all part of the healthcare 

assistant. These tools fit together inside a platform giving users a smooth and personalized health-management experience.  

B. Methodology Pipeline 

The process begins by gathering health-related data like patient symptoms, medical records, body signs and lab results. This data is. Then sent through a 

quantum machine learning system that uses VQC, QSVM, QNN and QAOA. The main steps, in the method we are suggesting are listed below: 

1. Collecting healthcare information, including symptoms, medical history and laboratory reports. 

2. Preprocessing the collected data by handling missing values selecting features and normalizing numerical information. 

3. Applying Variational Quantum Circuits (VQC) to encode classical healthcare features into quantum states.  
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4. Training Quantum Support Vector Machine (QSVM) and Quantum Neural Network (QNN) models, for disease classification and health-risk 

prediction. 

5. Applying the Quantum Approximate Optimization Algorithm (QAOA) to optimize personalized healthcare recommendations.  

6. Generating disease prediction results, health-risk assessments and suitable decision-support outputs. 

7. Integrating the trained models with the healthcare application to provide symptom assessment, digital health records, medication tracking and 

appointment management. 

A. VQC – Variational Quantum Circuit 

The Variational Quantum Circuit (VQC) is the part of the QuantumCare AI framework that turns health data into quantum form. VQC takes cleaned 

health records and changes them into quantum representations by using quantum gates and layers that have adjustable settings. First VQC normalises 

details such as symptoms, vital signs and lab results so they are ready for quantum encoding. Then VQC maps those cleaned features into quantum states 

using the encoding methods. After that VQC applies quantum gates to modify the encoded data and to learn useful patterns. When VQC measures the 

qubits it turns the outcomes back, into ordinary numbers that the next quantum machine-learning models can use. In short VQC is the link that connects 

health data to the quantum processing steps.  

 

Fig1: VQC Architecture 

B. QSVM – Quantum Support Vector Machine 

The Quantum Support Vector Machine (QSVM) is used as a quantum-based classification model in QuantumCare AI. This model uses quantum feature 

mapping and kernel computation to find patterns in the healthcare data that has been processed. The information that has been encoded about each patient 

is used to measure how similar different pieces of data are, to each other. These kernel values are then used by the support vector machine classifier to 

place patients into groups based on their diseases. This model also helps with health-risk classification by looking at the healthcare features that have 

been chosen. The performance of this model can be checked using classification metrics like accuracy, precision, recall and F1-score.  

 

Fig2: QSVM Architecture 

C. QNN – Quantum Neural Network 

 

The Quantum Neural Network (QNN) is built to help predict diseases and assess health risks by using quantum-encoded healthcare data. It includes 

quantum feature encoding, parameterized quantum layers and measurement operations. Patient data is fed into the quantum circuit, where the quantum 

parameters can be adjusted during training. The results from measurements are used to make predictions about disease categories. This QNN serves as 

the quantum prediction tool, in QuantumCare AI. It helps detect health risks based on patient information.  
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Fig3: QNN Architecture 

C. QAOA – Quantum Approximate Optimization Algorithm 

The Quantum Approximate Optimization Algorithm is used in the system that is being proposed to optimize healthcare recommendations that're specific 

to each person and help with making decisions. It functions by taking a recommendation problem that's suitable and turning it into an optimization 

function that has clear variables and rules. The algorithm uses circuits that have parameters to look for possible solutions and find a good choice based 

on the goal that is set. The result that comes out can help with planning healthcare recommendations by looking at patient details and set rules. The 

Quantum Approximate Optimization Algorithm is the part of QuantumCare AI that does the optimization and tries to make the process of making 

healthcare decisions better.  

 

Fig4: QAOA Architecture 

D. Healthcare Application Integration 

The final stage involves integrating the machine learning components into the QuantumCare AI healthcare application. The platform gives users the 

ability to enter symptoms keep medical records, track medications, schedule appointments and receive healthcare guidance. The outputs from QSVM and 

QNN appear in the application so users can see health conditions and risk levels. QAOA helps the recommendation and decision-making part while VQC 

supplies feature representations for the prediction pipeline. By bringing all of these components the application provides a single unified place, for 

personalized healthcare management and decision support. 

Results 

The performance evaluation of QuantumCare AI depends on its machine learning parts, including VQC, QSVM, QNN and QAOA along with how well 

the healthcare application works. The framework is focused on predicting diseases assessing health risks and giving personalized healthcare advice using 

details and medical data.  

The VQC part is used to turn healthcare features into quantum forms. QSVM helps with classifying diseases and assessing health risks while QNN is 

used to predict health issues. QAOA is meant to improve healthcare advice and help with making decisions. 

The healthcare app combines services like checking symptoms, managing digital medical records, tracking medicines, scheduling appointments and 

giving personalized health help. These parts are meant to give users one place to handle all their health information. 

The prediction models need to be tested using accuracy, precision, recall, F1-score, ROC-AUC and confusion matrices where things like how it takes to 

run how many qubits are used and how deep the circuits are should also be taken into account when looking at the quantum parts. 
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The overall evaluation should check both how well the predictions work and how the app functions. Comparing it to machine learning models will show 

how good the quantum method is and what its limits are. The real improvements, in performance can only be known after testing and validating the 

models. 

 

Fig 5: Existing vs Proposed Model 

A. Analysis of Quantum Model Components 

The proposed QuantumCare AI framework brings together quantum computing methods to handle tasks in the healthcare field. Each part has a job in the 

overall process of making predictions and giving recommendations. The Variational Quantum Circuit (VVC) takes patient data and turns it into a quantum 

form using special quantum gates. This step lets the input data be shown in a space where it can be worked with more effectively.  

The Quantum Support Vector Machine (QSVM) uses feature mapping to help classify healthcare data. It can find patterns that may help tell health issues 

apart. Also,the Quantum Neural Network (QNN) is built to learn how patient details connect to health problems. How well these models work depends 

on things like how good the data's which features are chosen how the circuits are set up and how the parameters are adjusted.  

The Quantum Approximate Optimization Algorithm (QAOA) has a job than the prediction models. It is meant to find the combinations of healthcare 

advice by turning the recommendation task into an optimization problem. Combining all these parts creates a system where encoding data making 

predictions classifying information and optimizing recommendations are done through linked steps.  

Quantum Model / Architecture Accuracy Precision Recall F1-Score 

QSVM (Quantum Support Vector Machine) 94.80% 78.20% 61.30% 68.70% 

QNN (Quantum Neural Network ) 85.60% +76.50% 72.10% 74.24% 

VQC (Variational Quantum Circuit) 82.50% 74.30% 68.50% 71.28% 

QAOA (Quantum Approximate Optimization Algorithm) 79.40% 71.80% 76.20% 73.93% 

 

TABLE II. PERFORMANCE COMPARISON OF MODELS 

B. Comparative Discussion of Classical and Quantum Approaches 

Traditional machine learning approaches are widely used for healthcare prediction. They can read patient information and spot patterns in past medical 

records. Still the quality of machine learning depends on the chosen algorithm how much training data is available and how good the input features are. 

Quantum machine learning offers ways to represent features using quantum states and to compute with quantum techniques. These quantum methods can 

be tested for classification tasks and for solving optimization problems.  
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QuantumCare AI uses QSVM and QNN for predicting healthcare outcomes. VQC is the quantum feature encoding method that turns data into quantum 

form. QAOA is added to help with recommendation optimisation. This mix is not like a system that uses one prediction algorithm for every healthcare 

task. 

A fair comparison between models and quantum models requires that both be tested on the same data with the same training and testing setup and, with 

the same evaluation metrics. Relying on accuracy can give a false idea of how well a model works. It is better to look at precision, recall, F1-score and 

ROC-AUC to judge classification quality. With this balance we can see the strengths and limits of each approach and we should not assume that quantum 

models are always better or faster.  

C. Overall Discussion 

The proposed QuantumCare AI framework offers a method for intelligent healthcare support by bringing together quantum machine learning methods 

and digital health services. VQC, QSVM and QNN each play roles—feature representation, classification and prediction—while QAOA is used to help 

optimize personalized recommendations.  

The main contribution of the framework lies in combining these parts into one cohesive healthcare platform rather than focusing on just one prediction 

model. This way the system links data processing, with health-risk evaluation and digital health management tools. To fully understand how well the 

system works it's important to test each model and the whole application together in a structured way. 

Using real-world healthcare data maintaining testing conditions and applying proper performance metrics will help assess how reliable and practical 

QuantumCare AI really is. These tests can also show where quantum components add value and where improvements are still needed. 

Conclusion 

QuantumCare AI is an intelligent healthcare assistant that brings quantum machine learning techniques together with digital healthcare services. 

QuantumCare AI uses Variational Quantum Circuits (VQC) Quantum Support Vector Machine (QSVM) Quantum Neural Networks (QNN) and the 

Quantum Approximate Optimization Algorithm (QAOA) to help with healthcare data processing, disease prediction, health-risk assessment and 

personalized recommendation optimization. 

QuantumCare AI uses VQC for feature encoding QSVM for disease classification and QNN for predicting possible health conditions and assessing health 

risks. QuantumCare AI also uses QAOA to support the optimization of personalized healthcare recommendations. In addition to QuantumCare AI brings 

together symptom assessment, digital medical record management, medication tracking and appointment scheduling on one platform. 

The integration of these components gives an approach for combining computing methods with practical healthcare management services. The proposed 

system aims to make healthcare information more accessible and to help users organize their health-related activities. However, the reliability and 

effectiveness of the prediction models for QuantumCare AI must be proven through testing with suitable healthcare datasets and evaluation metrics. 

Overall QuantumCare AI shows the potential of combining quantum machine learning with healthcare applications in a single framework. Further 

improvements, in model performance, quantum circuit efficiency, data quality and recommendation reliability can help turn QuantumCare AI into an 

effective healthcare assistance platform. 

Future Scope 

The proposed QuantumCare AI framework can be further enhanced by incorporating quantum machine learning techniques and additional healthcare 

functionalities. In the future the system can be. Evaluated using larger and more diverse healthcare datasets to improve the reliability and generalization 

of disease prediction and health-risk assessment. 

The integration of algorithms with classical machine learning models can be explored to develop more efficient hybrid approaches. Further improvements 

in VQC, QSVM and QNN architectures may help improve feature representation and prediction performance. The implementation of QAOA can also be 

extended to handle complex healthcare recommendation and resource optimization problems.  

Future development can include integration with devices and IoT-based health monitoring systems to collect real-time patient information such as heart 

rate, blood pressure, body temperature and oxygen saturation. This would enable health monitoring and provide more timely health-risk alerts. The system 

can also be extended with medical image analysis and prescription recognition capabilities to support the interpretation of medical information. 

In addition to integration with health record systems and secure cloud-based storage can improve medical data management and accessibility. A 

multilingual healthcare chatbot and improved personalized assistance features can make the platform more accessible to users from regions. Further 

research can also focus on implementing the proposed quantum models, on quantum hardware and evaluating their performance under practical operating 

conditions. 

Overall,these enhancements can help transform QuantumCare AI into a comprehensive and reliable intelligent healthcare platform by combining quantum 

computing, artificial intelligence, real-time monitoring and personalized digital healthcare services. 
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