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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 Al is a proposed quantum-based health helper
that mixes Quantum Computing, Quantum Machine Learning and Atrtificial 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 Al 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 Al wants to make personal health management
simpler and more friendly. QuantumCare Al can help people understand their health, make health choices and follow preventive habits. In the end the
project looks at how combining tech with Al 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 VVector 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 Al 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.
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The Quantum Support Vector Machine (QSVM) is used as a quantum-based classification model in QuantumCare Al. 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.
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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 Al. 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 Al that does the optimization and tries to make the process of making
healthcare decisions better.
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Figd: QAOA Architecture
D. Healthcare Application Integration

The final stage involves integrating the machine learning components into the QuantumCare Al 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 Al 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.
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Fig 5: Existing vs Proposed Model
A. Analysis of Quantum Model Components

The proposed QuantumCare Al 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 IAccuracy Precision Recall F1-Score
IQSVM (Quantum Support Vector Machine) 94.80% 78.20% 61.30% 68.70%
QNN (Quantum Neural Network ) 85.60%0 +76.50% 72.10% 74.24%
IVQC (Variational Quantum Circuit) 82.50% 74.30% 68.50%0 71.28%
QAOA (Quantum Approximate Optimization Algorithm) (79.40% 71.80% 76.20% 73.93%

TABLE Il. 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 Al 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 Al 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 Al really is. These tests can also show where quantum components add value and where improvements are still needed.

Conclusion

QuantumCare Al is an intelligent healthcare assistant that brings quantum machine learning techniques together with digital healthcare services.
QuantumCare Al 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 Al uses VQC for feature encoding QSVM for disease classification and QNN for predicting possible health conditions and assessing health
risks. QuantumCare Al also uses QAOA to support the optimization of personalized healthcare recommendations. In addition to QuantumCare Al 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 Al must be proven through testing with suitable healthcare datasets and evaluation metrics.

Overall QuantumCare Al 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 Al into an
effective healthcare assistance platform.

Future Scope

The proposed QuantumCare Al 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 loT-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 Al into a comprehensive and reliable intelligent healthcare platform by combining quantum
computing, artificial intelligence, real-time monitoring and personalized digital healthcare services.



International Journal of Research Publication and Reviews, Vol 7, Issue 11, pp 1992-1998 November, 2026 1997

References:

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

Aksoy, G., Cattan, G., Chakraborty, S., & Karabatak, M. (2024). Quantum machine-based decision support system for the detection of
schizophrenia from EEG records. Journal of Medical Systems.

Elsedimy, E. I., AboHashish, S. M. M., & Algarni, F. (2024). A quantum particle swarm optimization-based support vector machine for
heart disease prediction. Multimedia Tools and Applications, 83, Ankalaki, S., Hukkeri, G. S., & Bhatnagar, S. (2026). Advancing
Healthcare Using Quantum Computing and Federated Learning: Challenges and Future Perspectives.

R. Singh et al., “Effective Diabetic Retinopathy Classification With Siamese Neural Network: A Strategy for Small Dataset Challenges,”
IEEE Access, 2024, doi: 10.1109/ACCESS.2024.3510556.

Sengupta, K., & Srivastava, P. R. (2021). Quantum algorithm for quicker clinical prognostic analysis: an application and experimental study
using CT scan images of COVID-19 patients. BMC Medical Informatics and Decision Making.

Kulkarni, C., Quraishi, A., Raparthi, M., et al. (2024). Hybrid disease prediction approach leveraging digital twin and metaverse technologies
for health consumer. BMC Medical Informatics and Decision Making, 24, 92.

Gupta, H., Varshney, H., Sharma, T. K., Pachauri, N., & Verma, O. P. (2022). Comparative performance analysis of quantum machine
learning with deep learning for diabetes prediction. Complex & Intelligent Systems.

Alsubai, S., Algahtani, A., Garg, H., Sha, M., & Gumaei, A. (2024). A blockchain-based hybrid encryption technique with anti-quantum
signature for securing electronic health records. Complex & Intelligent Systems, 10, 6117-6141.

Banday, M., Zafar, S., Agarwal, P., Alam, M. A, Biswas, S. S., Hussain, I., & Abubeker, K. M. (2025). Predictive analysis of heart disease
using quantum-assisted machine learning. Discover Applied Sciences, 7, 445.

Jameil, A. K., & Al-Raweshidy, H. (2025). Quantum-enhanced digital twin loT for efficient healthcare task offloading. Discover Applied
Sciences, 7, 525.

Al-Mekhlafi, Z. G., Saare, M. A., Altmemi, J. M. H., et al. (2025). A quantum-resilient lattice-based security framework for internet of
medical things in healthcare systems. Journal of King Saud University Computer and Information Sciences, 37, 126.

Akbar, M. A, Khan, A. A., & Hyrynsalmi, S. (2024). Role of quantum computing in shaping the future of 6G technology. Information and
Software Technology, 170, 107454.

Alrashed, S., & Min-Allah, N. (2025). Quantum computing research in medical sciences. Informatics in Medicine Unlocked, 52, 101606.

Verdone, A., Succetti, F., Ceschini, A., Rosato, A., Fioravanti, A., & Panella, M. (2026). A hybrid quantum-neural network for heart disease
classification. Biomedical Signal Processing and Control, 113, 109185,

Moradi, S., Spielvogel, C., Krajnc, D., Brandner, C., Hillmich, S., Wille, R., Traub-Weidinger, T., Li, X., Hacker, M., Drexler, W., & Papp,
L. (2023). Error mitigation enables PET radiomic cancer characterization on quantum computers. European Journal of Nuclear Medicine
andMolecular Imaging, 50, 3826-3837.

Qu, Z., Shi, W,, Liu, B., Gupta, D., & Tiwari, P. (2023). QCGAN-ECG: A quantum conditional generative adversarial network for abnormal
ECG signal generation. Computers in Biology and Medicine, 166, 107549.

R. S. Gupta, C. E. Wood, T. Engstrom, J. D. Pole, and S. Shrapnel, “A systematic review of quantum machine learning for digital health,”
npj Digital Medicine, vol. 8, Art. no. 237, 2025.

S. Sharma, L. Sharma, and T. K. Gandhi, “Integration of quantum artificial intelligence in disease diagnosis: A review of methods and
applications,” Computer Methods and Programs in Biomedicine, vol. 274, Art. no. 109175, 2026.

G. Aksoy, G. Cattan, S. Chakraborty, and M. Karabatak, “Quantum machine-based decision support system for the detection of
schizophrenia from EEG records,” Journal of Medical Systems, vol. 48, Art. no. 29, 2024.

K. Sengupta and P. R. Srivastava, “Quantum algorithm for quicker clinical prognostic analysis: An application and experimental study using
CT scan images of COVID-19 patients,” BMC Medical Informatics and Decision Making, vol. 21, Art. no. 227, 2021.

I. Elsedimy, S. M. M. AboHashish, and F. Algarni, “New cardiovascular disease prediction approach using support vector machine and
guantum-behaved particle swarm optimization,” Multimedia Tools and Applications, vol. 83, pp. 2390123928, 2024.

R. Bansal, N. K. Rajput, and M. Khanna, “Enhancing quantum support vector machine for healthcare applications using custom feature
maps,” Knowledge-Based Systems, vol. 320, Art. no. 113669, 2025.

V. S. Naresh and S. Reddi, “Quantum-enhanced predictive analytics in healthcare: Benchmarking QSVM and QNN on medical datasets,”
Measurement, vol. 258, Part A, Art. no. 119099, 2026, doi: 10.1016/j.measurement.2025.119099.



International Journal of Research Publication and Reviews, Vol 7, Issue 11, pp 1992-1998 November, 2026 1998

23.

24.

25.

26.

217.

28.

29.

30.

M. Rao, B. V. S. Mahesh, K. M. V. Srikumara, T. Chapati, S. K. Singh, and C. Kumar, “Predicting cardiovascular disease using a quantum
support vector machine,” Applied Artificial Intelligence, vol. 40, no. 1, 2026, doi: 10.1080/08839514.2026.2684103.

V. Havlicek, A. D. Corcoles, K. Temme, A. W. Harrow, A. Kandala, J. M. Chow, and J. M. Gambetta, “Supervised learning with quantum-
enhanced feature spaces,” Nature, vol. 567, pp. 209-212, 2019.

J. Biamonte, P. Wittek, N. Pancotti, P. Rebentrost, N. Wiebe, and S. Lloyd, “Quantum machine learning,” Nature, vol. 549, pp. 195-202,
2017.

M. Schuld and N. Killoran, “Quantum machine learning in feature Hilbert spaces,” Physical Review Letters, vol. 122, Art. no. 040504, 2019.

M. Benedetti, E. Lloyd, S. Sack, and M. Fiorentini, “Parameterized quantum circuits as machine learning models,” Quantum Science and
Technology, vol. 4, no. 4, Art. no. 043001, 2019.

M. Cerezo et al., “Variational quantum algorithms,” Nature Reviews Physics, vol. 3, pp. 625-644, 2021.
Farhi, J. Goldstone, and S. Gutmann, “A quantum approximate optimization algorithm,” arXiv preprint arXiv:1411.4028, 2014.

M. Schuld, A. Bocharov, K. M. Svore, and N. Wiebe, “Circuit-centric quantum classifiers,” Physical Review A, vol. 101, Art. no. 032308,
2020.



