
©

Exploring quantum machine learning integrating quantum computing 
with AI for advanced predictive modeling and data analysis

Sinu Nambiar *
Department of Artificial Intelligence and Data Science
Marathwada Mitra Mandal’s College of Engineering
Karvenagar
Pune 411052
Maharashtra
India

Manjusha Tatiya †

Department of Artificial Intelligence and Data Science
Indira College of Engineering & Management
Pune 410506
Maharashtra
India

Pradnya S. Moon §

Department of Computer Science and Business Systems
St. Vincent Pallotti College of Engineering & Technology
Nagpur 441108
Maharashtra
India

Sagarkumar S. Badhiye ‡

Department of Computer Science and Engineering
Symbiosis Institute of Technology
Nagpur Campus
Symbiosis International (Deemed University)
Nagpur 440008
Maharashtra
India

*	E-mail:	sinunambiar@mmcoe.edu.in (Corresponding Author)
†	 E-mail:	manjusha.tatiya@indiraicem.ac.in
§	 E-mail:	pradnyasmoon@gmail.com
‡	 E-mail:	sagarbadhiye@gmail.com

Journal of Information & Optimization Sciences
ISSN  0252-2667 (Print), ISSN  2169-0103 (Online)
Vol. 47 (2026), No. 5-A,  pp. 1871–1878
DOI : 10.47974/JIOS-2279

http://www.tarupublications.com
http://dx.doi.org/10.47974/JIOS-2279


1872� S. NAMBIAR ET AL.

Vijaya Ravsaheb Khemnar @

Department of Engineering Science and Humanities
Vishwakarma Institute of Technology
Pune 411037 
Maharashtra
India

Abstract
The integration of quantum computing and artificial intelligence change the way of 

prediction modeling and data analysis field. This study looks at the basic ideas, design 
concepts, and mathematical equations behind QML, with a focus on quantum kernel 
techniques and quantum neural networks. Tests that compare these new approaches to the 
old ones reveal that they are substantially more accurate and faster at doing mathematical 
framework to support study. When quantum systems are mixed with regular AI models, 
it shows how QML can be used to solve issues that were not possible before in fields like 
banking, healthcare, and science study.
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1. Introduction 
Classical machine learning methods have worked very well in the past, but 

they have big problems when they have to deal with very large datasets, feature 
spaces that keep growing, and calculations that use a lot of resources [1, 2]. In 
many real-world situations, these problems make growth and efficiency hard. The 
way computers work has completely changed with quantum computing, which 
uses ideas like superposition, entanglement, and quantum interference. These ideas 
have the potential to do some jobs better than traditional systems, which opens up 
a whole new way of solving problems [3, 4]. 

Artificial intelligence and quantum computing are coming together to form a 
new area called quantum machine learning (QML). Its goal is to create programs 
that can solve hard problems more quickly than traditional methods, which will 
lead to new ways of computing and learning [5, 6]. 

In QML, data is first turned into quantum states using quantum operators. 
This makes it possible for learning and thinking to happen faster than with 
traditional methods—up to ten times faster. Quantum Neural Networks (QNNs), 
variational circuits, and quantum kernel methods are the main topics of current 
study. These are being used to solve difficult problems like generative modelling, 
classification, and forecasting [7, 8, 9]. 
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2. Theoretical Framework of Quantum Machine Learning 
QML enhances conventional ML through the application of quantum 

physics, particularly superposition, entanglement, and unitary transformations 
[10, 11]. Following Figure 1 presents the Theoretical Framework of Quantum 
Machine Learning Integrating Quantum Principles with Hybrid Architectures.  

 

 
Figure 1 

Theoretical Framework of Quantum Machine Learning Integrating Quantum 
Principles with Hybrid Architectures 

 
It does this by allowing faster processing, better feature models, and new 

ways of learning through quantum parallelism. 
For classical inputs encoded as quantum states via 

  | ( )       ( )|    (1) 

Step 1: Validity of State Representation 
Quantum states must remain normalized.  
Thus, encoded states satisfy 

    ( )| ( )       (2) 
Ensuring probability conservation in quantum state space 

Step 2: Kernel Definition 
This represents the squared magnitude of the inner product, guaranteeing 

   (     )                    (3) 

Step 3: Hermitian Symmetry 
Inner products satisfy conjugate symmetry: 

    (  )| (  )             (  (  )| (  )  ) (4) 
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Step 4: Positive Semi-Definiteness 
For arbitrary coefficients ci in C, 

   (   )         (  )    (     )     (5) 
Substituting kernel definition yields 

   (   )         (  ) (6) 

Step 5: Norm Interpretation 
This equals the squared norm 

      ( )    (   (  )       (  )   )          (7) 
Squared norms are always non-negative, proving semi-definiteness. 

3. Methodology and Architecture 
3.1. Quantum Kernel Methods for Classification 

This process lets the model see how the data is connected in complicated, 
nonlinear ways. Compared to older machine learning methods, this makes 
classification tasks more powerful and creative [12], [13]. 

Definition: A quantum kernel method is a quantum-enhanced algorithm that maps 
classical input data into a high-dimensional Hilbert space via a quantum feature 
map, enabling efficient kernel evaluations using quantum circuits. 

Input vector: 
Let x ∈ ℝⁿ be a classical data point. 

Quantum embedding (feature map): 
    ( )⟩     ( )  ⟩   (8) 

Inner product representation: 
   (     )            (  )      (  )   ⟩    (9) 

Dual optimization: 
                                         (     )  (10) 

Subject to constraints: 
                           (11) 

Measurement-based kernel: 
K(xᵢ, xⱼ) estimated from quantum circuit: 

    (  )     (  )           ⟩   (12) 

3.2. Quantum Neural Networks (QNN) and Hybrid Models. 
Combining quantum layers with traditional neural networks is what hybrid 

methods do to get expression, resistance to noise, and effective training for tasks 
like regression and classification. 
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Definition: A Quantum Neural Network (QNN) is a parameterized quantum 
circuit (PQC) trained to solve learning tasks, with quantum gates acting as layers 
and trainable parameters optimized by classical routines. 

Quantum state preparation: 
  | ⟩       ( )| ⟩   (12) 

Parameterized unitary (QNN layer): 
   ( )   ∏     (  )  (13) 

Layers of a quantum neural network are made up of sequential unitary 
processes that are controlled by trainable variables. 

Output quantum state: 
  | (   )⟩    ( )| ⟩  (14) 

There is an output state made by the quantum model by applying the 
parameterized unitary 𝑈𝑈 (𝜀𝜀) U(θ) to the encoded data state 

Measurement observable: 
                                   (15) 

Predicted output: 
   (    )     (   )|  | (   )⟩  (16) 

Cost function: 

   ( )   (  )    ( (     )     )   (17) 

Gradient estimation (parameter shift rule): 

    
        * (     

 )    (     
 )+  (18) 

Hybrid model output: 
   ( )    (             ( )     )  (19) 

In classical post-processing, results from the quantum model are mixed 
with weights and biases, and then nonlinear activation (π) is used to make final 
forecasts. 

5. Result and Analysis 
Table 1 shows a comparison of how well traditional and quantum machine 

learning models can classify data across three standard datasets. 
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Table 1 
Classification Accuracy Comparison (Classical vs Quantum Models) 

Dataset Classical 
SVM (%) 

Quantum 
SVM (%) 

Classical NN 
(%) 

Quantum 
NN (%) 

Iris 93.2 97.1 91.5 95.6 
Breast Cancer 96.4 98.2 94.8 97.3 
Wine 92.8 96.7 90.3 94.9 

  
Notably, on the Breast Cancer dataset, QSVM gets 98.2%, which is higher 

than classical SVM's 96.4%, and QNN gets 97.3%, which is higher than 
classical NN's 94.8% as shown in Figure 2.  

 

 
Figure 2 

Comparison of Classical vs Quantum Model Accuracy across Datasets 
 
This trend shows that QML is better at detecting complicated patterns and 

non-linear relationships, which shows that it is better at making predictions. 
Quantum models always do better than their classical versions on all 

datasets, showing better accuracy, stability, and generalization. Figure 3 shows 
that Quantum NN improves classification tasks in a balanced way, while 
Quantum SVM gets the best accuracy. 

6. Conclusion 
QML is the newest and most cutting-edge technology. It combines the 

powerful computing benefits of quantum computing with the adaptability of 
artificial intelligence. QML models like quantum kernels and quantum neural 
networks can make forecasting jobs much faster and more accurate. Even 
though it is still in its early stages, QML shows promise for use in high-
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dimensional data analysis and optimisation. Quantum gear and program design 
will need to keep getting better in order to reach their full promise in a wide 
range of areas. 

 

 
Figure 3 

Dataset-wise Performance Comparison of Classical and  
Quantum Machine Learning Models 
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