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 Quantum Machine Learning (QML) integrates quantum 

computing with machine learning to address high-dimensional 

and complex data that often exceed classical computational 

limits. By leveraging superposition and entanglement, QML 

enables enhanced computational parallelism that supports 

more efficient pattern recognition and optimization tasks. This 

study evaluates Quantum Support Vector Machines (QSVM), 

Quantum Neural Networks (QNN), and hybrid variational 

algorithms using cloud-based IBM Quantum hardware. The 

results demonstrate an 8–12% improvement in accuracy and 

approximately 30% faster execution time compared with 

classical models. Furthermore, the hybrid approach exhibits 

strong resilience to hardware noise and decoherence. These 

findings confirm the feasibility of QML as a practical solution 

for big data analytics in healthcare, finance, and materials 

science. Continuous advancements in hardware scalability and 

noise mitigation are expected to strengthen QML’s role in 

industrial innovation and intelligent computing. 

 

Keywords: Quantum Machine Learning; Quantum Computing; 
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1. Introduction 

Quantum Machine Learning (QML) represents a convergence of quantum 

computation and modern machine learning designed to overcome limitations in 
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processing large and complex datasets [1]. Quantum computing principles such as 

superposition and entanglement allow computations to be executed in parallel, 

enabling superior scalability compared with classical architectures [2]. 

As industries increasingly adopt Big Data and advanced analytics, the demand for 

more powerful computational models continues to grow. Classical machine learning, 

although effective, faces challenges in handling optimization on high-dimensional 

and nonlinear spaces [3]. QML offers promising advantages through quantum-

enhanced feature mapping and accelerated convergence in model training [4]. 

However, real-world implementation remains constrained by qubit instability, 

noise-induced errors, and limited hardware scalability in current NISQ (Noisy 

Intermediate-Scale Quantum) devices [5]. To address these limitations, hybrid 

quantum–classical models are being widely developed, integrating quantum 

computation for specific sub-tasks with classical processors for optimization [6]. 

This research explores QML’s algorithmic mechanisms, performance benefits, and 

real-world applicability across strategic domains such as healthcare, finance, and 

materials science. Emphasis is placed on evaluating QML under realistic quantum 

hardware execution. 

  

2. Materials and Method 

Quantum Computing Hardware and Software 

This research utilized cloud-based quantum computing resources provided by 

IBM Quantum Experience and Rigetti Computing. The Quantum Processing Units 

(QPUs) offered by these platforms enabled the precise execution of Variational 

Quantum Circuits (VQC). The implementation and simulation of QML algorithms 

were performed using open-source Python libraries, specifically Qiskit and 

PennyLane, which provide robust support for variational quantum circuit 

programming and hybrid optimization strategies [1]. 

 

Data and Dataset Selection 

Benchmarking datasets were carefully selected from the UCI Machine Learning 

Repository and Kaggle. Selection criteria emphasized feature complexity, high 

dimensionality, and non-linear characteristics relevant to the healthcare, financial, 

and material science domains. All chosen datasets are accompanied by 
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comprehensive metadata and public access numbers, ensuring transparency and 

facilitating external verification [5, 6]. 

 

QML Algorithm Implementation 

The algorithms employed in this study included QSVM, QNN, and hybrid 

quantum-classical models. These hybrid models combine quantum parameterization 

within VQCs with classical algorithmic optimization routines. Experiments were 

meticulously controlled across critical variables such as the number of qubits, noise 

levels, quantum data encoding schemes, and the complexity of circuit layers [7, 2]. 

 

Hybrid Quantum-Classical Workflow 

The algorithm testing was conducted through an iterative cycle, alternating 

between quantum circuit execution and the application of classical optimization 

algorithms to refine model parameters. The process is visually represented in the 

following diagram:  

 
Figure 1. Hybrid Quantum Machine Learning workflow on  

IBM Quantum 44 qubit 
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Interactive training cycle between quantum circuit execution and classical 

optimization for robust, noise-resilient QML models [1, 7]. 

 

Data Analysis and Statistical Methods 

Performance evaluation was conducted using a comprehensive set of metrics, 

including accuracy, precision, recall, F1-score, and execution time. Statistical 

validation relied on t-tests and ANOVA to assess significant performance differences 

between QML and conventional methods, as well as the impact of various quantum 

parameters. All code and resulting data are stored in an open-source repository to 

ensure transparency and reproducibility [8, 9]. 

 

3. Result 

AI Ecosystem in Indonesia 

According to joint reports by BPS and Kominfo [10, 11], the Artificial Intelligence 

(AI) market in Indonesia reached an estimated USD 2.4 billion in 2024, demonstrating 

an impressive average annual growth rate of 28.69%. Projections indicate a market 

valuation of USD 10.88 billion by 2030, which would constitute approximately 12% 

of the national GDP. The most significant adoption of AI is observed across the 

healthcare, finance, agriculture, and manufacturing sectors, with QML emerging as 

a pivotal technology for complex big data analytics within these domains. 

 

Benchmark Performance of QML Algorithms 

Experimental evaluations of QSVM and QNN on benchmark datasets from the 

healthcare, financial, and material science domains revealed an improvement in 

accuracy ranging from 8% to 12% when compared to classical methods such as 

traditional Support Vector Machines (SVM) and neural networks. Specifically, QSVM 

achieved an accuracy of 92.5% in the healthcare domain, significantly outperforming 

the 84.3% attained by conventional SVM. Furthermore, QML demonstrated an 

average time efficiency improvement of 30%. Detailed data pertaining to these 

findings are presented in Table 1 [12]. 
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Table 1. Performance Comparison Between Quantum Machine Learning and 

Classical Algorithms Across Various Datasets. 

 

Algorithm Dataset 

Domain 

QML 

Accuracy 

(%) 

Classical 

Accuracy 

(%) 

QML 

Execution 

Time 

(seconds) 

Classical 

Execution 

Time 

(seconds) 

QSVM Healthcare 92.5 84.3 15.3 22.5 

QNN Finance 89.7 78.9 18.5 24.1 

Hybrid Materials 

Science 

91.2 82.1 20.0 28.7 

 

Hybrid Quantum Classical Testing in IBM Quantum 44 Qubit 

Testing of the hybrid methodology on an IBM Quantum 44 qubit system 

successfully demonstrated accurate quantum phase classification. These results 

indicate that the hybrid algorithms possess robustness against real-world hardware 

noise and errors, largely attributed to the interactive training cycle that alternates 

between quantum computation and classical optimization [1, 7]. 

 

Noise Sensitivity and Decoherence Robustness 

An analysis of sensitivity to noise and decoherence revealed that QML 

performance exhibits greater robustness compared to classical methods, particularly 

under realistic hardware noise conditions. This finding opens promising avenues for 

the real-world implementation of this technology, even given the current limitations 

of quantum hardware [12, 4]. 

 

4. Discussion 

Quantum Machine Learning's Advantages over Classical Methods 

A review of the existing literature indicates that QML represents a significant 

innovation by addressing the computational limitations of classical approaches, 

particularly when processing large and complex datasets. By utilizing quantum 

phenomena like superposition and entanglement, QML facilitates parallel 

computation within massive feature spaces that are inaccessible to conventional 

machine learning techniques [13]. 
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Compared with prior classical studies such as deep neural network-based models, 

which often struggle with overfitting and the curse of dimensionality, QML 

demonstrates improved generalization on nonlinear and high-dimensional datasets 

[14]. The proficiency of algorithms such as Quantum Support Vector Machines and 

Quantum Neural Networks in classifying and clustering non-linear data provides a 

substantial advantage in domains such as genomics and financial analysis [14]. The 

resulting computational efficiency also supports integration into real-time systems 

like autonomous vehicles and cyber-physical protection frameworks [15].  

 

Hybrid Quantum-Classical Approaches as a Practical Solution for the NISQ Era 

The current Noisy Intermediate-Scale Quantum (NISQ) era, characterized by a 

limited number of qubits and high error rates, has necessitated a shift toward hybrid 

methodologies. These approaches combine quantum calculations with classical 

optimization to effectively mitigate the effects of noise and enhance stability of 

quantum models [16]. 

Experiments conducted on an IBM Quantum 44-qubit device have validated the 

robustness of these hybrid models, enabling consistent learning and validation under 

real hardware error conditions [17]. Similar findings have been reported in previous 

studies, showing that hybrid approaches outperform fully quantum algorithms 

under the same noise constraints [18]. Therefore, hybrid quantum-classical 

frameworks currently represent the most practical bridging solution toward scalable 

and industrial-grade quantum computing. 

 

Hardware Challenges and Error Mitigation 

Persistent challenges include qubit instability caused by decoherence, high 

operational gate errors, and the limited number of qubits available for quantum 

circuits [19]. Recent research emphasizes the development of efficient error-

mitigation strategies and circuit optimization tailored to NISQ conditions, along with 

noise-tolerant cost functions [20]. 

Simulating QML algorithms has become a crucial step in understanding noise 

behavior while optimizing hyperparameters using classical computation [16]. 

However, reliance on simulation represents a limitation, as simulated performance 

does not fully reflect real quantum hardware behavior. Moreover, efficient quantum 
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data encoding remains a challenge, affecting scalability and end-to-end real-world 

deployment [21]. 

 

Strategic Implications in the Healthcare and Finance Sectors 

The technological priorities of Indonesian industries align with the rapidly 

expanding national AI ecosystem and the need for precise big data analytics solutions 

[22, 23]. QML demonstrates advantages in early disease detection using genomics 

and complex medical data patterns, supporting personalized diagnostic approaches 

[15]. 

In the financial sector, QML provides enhanced capability for risk analysis and 

portfolio optimization through improved modeling of nonlinear and stochastic 

variables compared with classical techniques [5]. Nevertheless, the implementation 

is limited by regulatory readiness, hardware accessibility, and the scarcity of 

quantum-skilled workforce. 

 

Future Trends and Research Prospects 

Future QML research should focus on advancing hardware scalability and qubit 

stability to reduce noise-induced performance degradation [19]. Algorithmically, 

adaptive hybrid models and Bayesian quantum learning represent key opportunities 

for further exploration [16]. 

However, this study acknowledges limitations regarding the number of qubits 

used during experiments, the restricted dataset variety, and reliance on cloud-based 

hardware shared with multiple users, which may influence execution time and 

stability. 

Creating more diverse real-world datasets and developing open-source software 

frameworks that support QML are essential to sustainable ecosystem growth. 

Interdisciplinary collaboration across quantum physics, computer science, statistics, 

and domain-specific expertise will accelerate industrial adoption and technological 

maturity toward full-scale commercialization [18]. 

 

5. Conclusions 

Article Summary 

This study reinforces that Quantum Machine Learning (QML) represents a 

transformative step in computational intelligence, with the capacity to process high-
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dimensional and complex data by exploiting quantum principles such as 

superposition and entanglement. Its demonstrated improvements in efficiency and 

accuracy over classical approaches highlight major opportunities for advancing big-

data analytics in fields such as healthcare, finance, and materials science. 

The adoption of hybrid quantum–classical architectures provides a practical and 

effective pathway to overcoming the current limitations of quantum hardware within 

the Noisy Intermediate-Scale Quantum (NISQ) era. This integration enhances model 

robustness, scalability, and noise tolerance, positioning QML closer to operational 

and industrial deployment. 

However, challenges remain regarding qubit decoherence, error-correction 

mechanisms, and hardware scalability, which are crucial factors determining QML’s 

feasibility for broader real-world adoption. This study confirms that strategic 

modeling design, optimized programming techniques, and noise-handling 

mechanisms are key enablers toward accelerating QML advancements. 

Moreover, the findings offer strong insights into QML’s strategic contribution to 

supporting Indonesia’s growing artificial intelligence ecosystem—encouraging 

improved efficiency in the medical, financial, and manufacturing industries while 

strengthening national capacity for technological innovation. 

 

Recommendations for Future Research 

For more significant progress in QML, future research should focus on: 

1. Qubit Development: Advancing and stabilizing new qubit technologies to 

enhance the capacity and reliability of quantum hardware. 

2. Noise Mitigation: Optimizing adaptive and efficient noise mitigation and error 

correction techniques for larger qubit scales. 

3. Algorithmic Enhancement: Creating smarter and more flexible hybrid algorithms 

that synergistically utilize classical and quantum machine learning in NISQ 

environments. 

4. Ecosystem Development: Building open-source datasets and toolboxes based on 

real-world data to accelerate global QML research and application. 

5. Interdisciplinary Collaboration: Fostering cross-disciplinary collaboration that 

integrates physics, mathematics, computer science, and various application 

domains to enrich innovation and practical validation of QML. 
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6. National Adaptation: Developing QML adaptation and implementation 

strategies that consider the national context of Indonesia, including resource 

availability and the needs of strategic sectors. 

By implementing these recommendations, QML will be able to deliver 

revolutionary computational solutions, expand the scope of artificial intelligence, 

and advance quantum technology development both globally and nationally. 
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