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Abstract 

The sheer volume and complexity of data generated across modern industry, government, and 

scientific research has started to expose the hard limits of classical computing. Many of the 

most important analytical problems — from genomics to financial modelling to climate 

simulation — involve solution spaces that grow exponentially with problem size. Simply 

adding more processors or building bigger clusters does not solve this problem; it is a 

fundamental theoretical barrier, not an engineering one. 

 

Quantum computing offers a genuinely different approach, drawing on physical principles — 

superposition, entanglement, and interference — that allow certain computations to proceed in 

ways classical hardware cannot match. The catch is that today’s quantum devices are noisy and 

limited, operating in what researchers call the NISQ era (Noisy Intermediate-Scale Quantum) 

(Preskill, 2018). This means the kind of deep, fault-tolerant quantum circuits we’d need for the 

best-known quantum algorithms simply aren’t available yet. 

 

That’s where hybrid quantum-classical architectures come in (Cerezo et al., 2021; Callison & 

Chancellor, 2022). By combining quantum processors for the sub-problems where they 

genuinely help with classical systems handling everything else, it becomes possible to extract 

real-world advantage today. This study sets out to rigorously assess exactly where and how 

much that advantage exists. 

 

We evaluated six distinct big data application domains using a five-dimension framework we 

developed for this purpose. A Paired Sample t-Test showed that hybrid architectures 

significantly outperformed classical baselines (Mean Hybrid = 3.87, Mean Classical = 2.31; t 

= 9.14, p < 0.001). A Pearson Correlation also revealed a strong link (r = 0.72) between 

theoretical speedup and data encoding compatibility, suggesting the advantage is not random 

— it’s structurally predictable. 

 

Keywords: Hybrid Quantum-Classical Computing, Big Data Analytics, NISQ Architectures, 
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Chapter 1: Introduction 

There is a class of analytical problem that has quietly become the most important kind — and 

the hardest. In genomics, financial risk modelling, logistics, climate science, and large-scale 
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network analysis, the defining characteristic of the most valuable problems is that their solution 

spaces grow combinatorially or exponentially with size (Garey & Johnson, 1979). Classical 

computers, regardless of how powerful or numerous, hit a ceiling with these problems. It is not 

a matter of throwing more hardware at them; the ceiling is theoretical. 

 

Quantum computing has long been discussed as the way around this barrier. Its physical 

foundations — superposition, entanglement, and interference — allow quantum processors to 

explore large solution spaces in ways that classical systems fundamentally cannot replicate. 

But the reality of 2024 quantum hardware is that the devices available are noisy, have limited 

qubit counts (50 to 1,000+), and suffer from gate error rates between 0.1% and 5%, with 

coherence times in the microseconds (Preskill, 2018; Gujju, Matsuo, & Raymond, 2024). This 

puts the deep, error-corrected quantum circuits that theoretically optimal algorithms require 

firmly out of reach for the foreseeable future. 

 

The practical response to this situation is the hybrid approach: design systems where a classical 

computer handles orchestration, preprocessing, and interpretation, while a quantum processor 

handles specific sub-computations where quantum mechanics genuinely helps. This is not a 

workaround or a stop-gap. It is an architectural philosophy for building systems that extract 

what is currently achievable from quantum hardware without waiting for fault-tolerant devices 

that may be a decade away (Cerezo et al., 2021; Phillipson, Neumann, & Wezeman, 2023). 

 

What the field has lacked, however, is a rigorous and honest comparative assessment of where 

this approach actually works — not in theory, not in cherry-picked demonstrations, but across 

the real spectrum of big data application domains, using a consistent framework that accounts 

for all the practical overhead involved. This study fills that gap. 

1.2 Rationale 

The conversation around quantum computing in data analytics tends to occupy two equally 

unhelpful extremes: uncritical enthusiasm on one side and reflexive scepticism on the other. 

Neither helps the practitioner who has to make a real architectural decision — to invest in 

hybrid infrastructure now, or to wait. 

 

The truth is that the answer depends on the specific workload. Some categories of big data 

problem are structurally well-suited to hybrid quantum-classical approaches right now. Others 

are not — and pushing quantum components into them will waste engineering effort without 

delivering meaningful benefit. Without a principled framework for telling these categories 

apart, institutions risk either over-investing in quantum infrastructure prematurely, or missing 

genuine advantages that are available today. 

1.3 Problem Statement 

The central question this study addresses is: under exactly what conditions do hybrid quantum-

classical architectures provide a measurable and predictable performance advantage over the 

best classical alternatives for big data workloads — and what does that mean for how 

practitioners should design and deploy these systems? 
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1.4 Research Objectives 

• Design an original multi-dimensional framework for evaluating hybrid quantum-

classical and classical algorithms in big data settings. 

• Empirically measure the performance gap between hybrid and classical approaches 

across six representative big data domains. 

• Identify the structural properties of problems that reliably predict hybrid quantum-

classical advantage. 

• Translate those findings into concrete design principles for practitioners. 

1.5 Hypothesis 

H₀: Hybrid quantum-classical architectures do not provide a significantly superior composite 

performance profile compared to the best classical algorithms across big data application 

domains. 

 

H₁: Hybrid quantum-classical architectures do provide a significantly superior composite 

performance profile — for a well-defined, structurally predictable subset of big data domains. 

Hypothesis Test Results 

Statistical Test Result p-

value 
Decision 

Paired Sample t-Test t = 9.14 (d̄ = 1.56; x̄H = 3.87, x̄C = 2.31, sd ≈ 1.71) < 0.001 Reject H₀ 

Pearson Correlation r = 0.72 (Asymptotic Gain vs. Data Load Feasibility) < 0.001 Reject H₀ 

1.6 Research Gaps 

A review of the existing literature identified four areas where prior work falls short: 

 

• No holistic cross-domain comparison. Existing studies look at specific algorithms on 

isolated problem types. No prior work applies a consistent evaluation framework across 

the full range of big data domains, leaving practitioners without guidance on where to 

actually deploy hybrid systems (Phillipson, Neumann, & Wezeman, 2023; Atadoga et 

al., 2024). 

• Practical overheads are underweighted. Theoretical quantum advantage analyses tend 

to report asymptotic complexity and leave it there. Shot count requirements, qubit 

initialisation latency, measurement post-processing, and encoding costs are rarely 

included (Dalzell et al., 2023) — yet these are often what determines whether a 

theoretical speedup survives contact with real hardware. 

• Structural predictability has not been analysed. The field lacks a systematic account of 

which problem properties reliably indicate quantum advantage, making it difficult to 

transfer lessons learned in one domain to another. 

• Integration costs are treated as secondary. Getting a quantum component to work inside 

a production classical data pipeline is a real engineering challenge. Prior literature does 

not address this adequately. 
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Chapter 2: Literature Review 

Quantum Computing Fundamentals and the NISQ Era 

Quantum computational advantage is built on three physical phenomena, each doing specific 

and essential work. Superposition allows a quantum register of n qubits to represent all 2ⁿ basis 

states simultaneously, giving quantum systems a representational capacity that grows 

exponentially with qubit count. Entanglement creates correlations between qubits that have no 

classical equivalent, enabling coordinated operations across the quantum register in ways that 

classical parallelism cannot replicate. Interference allows probability amplitudes to add 

constructively or cancel destructively — this is how quantum algorithms manage to amplify 

the probability of correct answers while suppressing incorrect ones. 

 

Together, these mechanisms underlie the quadratic speedup in Grover’s search algorithm 

(Grover, 1996), the exponential speedup in quantum Fourier transform (Coppersmith, 1994), 

and the polynomial speedup in quantum simulation (Lloyd, 1996). 

 

Preskill (2018) coined the term “Noisy Intermediate-Scale Quantum” to describe what we 

actually have in hardware today: devices with 50 to 1,000+ qubits that operate without quantum 

error correction. The practical consequence is that any useful quantum computation has to run 

within very shallow circuits — deep circuits accumulate too much error before they finish. This 

constraint is what drives the variational hybrid paradigm: use shallow parameterised circuits 

trained iteratively through classical optimisers, accepting some loss of optimality in exchange 

for executability on real devices (Cerezo et al., 2021; McClean et al., 2016). 

Big Data Computational Challenges 

The five-V model of big data — Volume, Velocity, Variety, Veracity, Value — is useful for 

describing the breadth of the data management problem, but it does not tell us much about the 

specific computational structures that create theoretical limits. Those limits arise from four 

distinct types of challenge: combinatorial optimisation over exponential configuration spaces 

(Garey & Johnson, 1979), high-dimensional geometry and kernel computation (Hastie et al., 

2009), Monte Carlo simulation of complex stochastic processes (Glasserman, 2004), and graph 

analysis at billion-edge scale (Barabási, 2016). Each of these contains sub-problems for which 

quantum algorithms provide established or well-reasoned advantage, and this is what makes 

principled hybrid integration possible. 

Hybrid Architectures: State of the Field 

The foundational hybrid paradigm was established by Peruzzo et al. (2014) with the Variational 

Quantum Eigensolver (VQE), which uses parameterised quantum circuits optimised by 

classical loops to simulate quantum chemistry. Farhi, Goldstone, and Gutmann (2014) 

extended this to combinatorial optimisation with the Quantum Approximate Optimisation 

Algorithm (QAOA). Havlíček et al. (2019) demonstrated quantum kernel methods for 

classification achieving performance gains over classical kernels on specific high-dimensional 

datasets — an early and important signal for quantum machine learning. Rebentrost, Mohseni, 

and Lloyd (2014) proposed quantum support vector machines using the HHL algorithm, though 
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Aaronson (2015) subsequently identified that data loading bottlenecks constrain practical 

speedup more than the original analysis suggested. 

Recent Advances in Hybrid Quantum-Classical Computing and Quantum 

Machine Learning (2021–2025) 

The period since 2021 has produced a much sharper account of what hybrid quantum-classical 

systems can and cannot do. Cerezo et al. (2021) formalised the variational quantum algorithm 

paradigm as a general framework rather than a collection of individual proposals, giving the 

field a shared vocabulary for describing how classical optimisers and shallow quantum circuits 

interact. Building directly on this, Callison and Chancellor (2022) catalogued the practical 

constraints — shot noise, barren plateaus, and optimiser choice — that determine whether a 

variational algorithm remains trainable as circuit width grows, while Phillipson, Neumann, and 

Wezeman (2023) proposed a taxonomy that classifies hybrid quantum-classical systems by 

where, architecturally, the classical and quantum components exchange information. De Luca 

(2021) surveyed early NISQ-era hybrid machine learning research and found that most reported 

“advantage” claims at the time relied on small, favourably chosen benchmark problems, a 

methodological weakness that later work has tried to correct. 

On the machine learning side, Cerezo, Verdon, Huang, Cincio, and Coles (2022) provided the 

most widely cited account of the barriers facing quantum machine learning, distinguishing 

genuine trainability problems (such as barren plateaus) from encoding and data-loading 

problems that are often conflated with them. Qi, Wang, Pan, Yang, and Fei (2023) extended 

this with a systematic taxonomy of barren-plateau mitigation strategies, which is directly 

relevant to the Constant-Factor Overhead and Hardware Fidelity Sensitivity dimensions used 

later in this study. Liu, Arunachalam, and Temme (2021) supplied one of the few fully rigorous 

proofs of quantum speed-up in a supervised learning setting, and Huang et al. (2022) 

subsequently demonstrated, experimentally, that quantum-enhanced learning from physical 

experiments can outperform any classical learning strategy for certain measurement tasks — 

evidence that the theoretical separations discussed by Abbas et al. (2021) for quantum neural 

networks can survive contact with real hardware. Most recently, Gujju, Matsuo, and Raymond 

(2024) reviewed the state of supervised and unsupervised quantum machine learning on near-

term devices and concluded that quantum kernel methods, of the kind introduced by Havlíček 

et al. (2019), remain the most consistently reproducible source of near-term advantage — a 

conclusion this study’s own domain-level results independently support. Finally, Osaba, Villar-

Rodriguez, Oregi, and Moreno-Fernandez-de-Leceta (2021) demonstrated that hybridising 

quantum annealing with classical tabu search improves solution quality on partitioning 

problems beyond what either approach achieves alone, reinforcing the broader argument that 

hybrid architectures are best understood as a genuine design space rather than a stopgap. 

Quantum Computing for Scalable Big Data Analytics 

A separate but overlapping literature has examined quantum computing specifically as an 

answer to big data scalability problems rather than as a general computational paradigm. 

Atadoga, Obi, Osasona, Onwusinkwue, Daraojimba, and Dawodu (2024) conducted a 

comprehensive review of quantum approaches to large-scale data analytics and concluded that, 

while individual algorithmic components show clear promise, the field lacks standardised 

comparative benchmarks that would let practitioners judge where quantum integration is 

actually worthwhile — precisely the research gap this study’s five-dimension framework is 

designed to close. Their review also emphasised that scalability claims in the quantum big data 
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literature are frequently asserted rather than measured, a criticism consistent with the 

methodological concerns Dalzell et al. (2023) raise about end-to-end complexity accounting. 

Taken together, this recent literature converges on three points that motivate the present study: 

hybrid quantum-classical architectures are best evaluated per-domain rather than as a single 

undifferentiated technology; the overhead of getting data into and out of a quantum device is 

often the deciding factor in whether an asymptotic advantage survives; and the field still lacks 

a consistent, cross-domain empirical comparison against which these claims can be tested. 

Evaluating Quantum Advantage: Methodological Care 

Rigorous evaluation of quantum advantage is harder than it looks. Dalzell et al. (2023) argue 

that end-to-end complexity analyses — which account for state preparation, circuit execution, 

and measurement extraction together — frequently reduce claimed speedups substantially 

compared to analyses that look at circuit execution alone. Bravyi, Gosset, and König (2018) 

proved that shallow quantum circuits can solve certain problems that no classical circuit of any 

polynomial depth can handle, establishing a genuine separability result. Schuld and Petruccione 

(2021) offer the most rigorous treatment of quantum machine learning available, carefully 

distinguishing between proven exponential advantage, conjectured polynomial advantage, and 

cases where quantum methods simply reformulate the classical problem without improving it. 

Technology Adoption Considerations 

Established frameworks for technology adoption — the Technology Acceptance Model 

(Venkatesh et al., 2003), Diffusion of Innovations Theory (Rogers, 2003), and the Unified 

Theory of Acceptance and Use of Technology — suggest that practitioners evaluating hybrid 

quantum systems will be asking three questions: Does this help me with my specific workload? 

Can I integrate it without prohibitive engineering cost? Are leading organisations in my sector 

actually doing this? This study directly addresses the first and most fundamental of these 

questions. 

Chapter 3: Research Methodology 

3.1 Research Design 

This study uses a quantitative, cross-sectional comparative design. The goal is to measure the 

composite performance advantage of hybrid quantum-classical architectures relative to 

classical baselines across six big data domains, all evaluated through the same five-dimension 

framework at the same point in time. This approach allows direct comparison without the 

temporal confounds that would come from benchmarking across different hardware 

generations, following the cross-sectional benchmarking logic recommended by Phillipson, 

Neumann, and Wezeman (2023). 

3.2 Domain Selection 

Six domains were chosen using three criteria: first, the domain must represent a genuine high-

volume analytical workload with documented classical bottlenecks; second, at least one hybrid 

quantum-classical algorithm must have been proposed for it with a theoretically grounded 

complexity argument in peer-reviewed literature; and third, a well-optimised classical baseline 

must exist for meaningful comparison. The six domains that met these criteria are: Distributed 
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Combinatorial Optimisation, High-Dimensional Classification, Graph-Structured Network 

Analytics, Time-Series Spectral Analysis, Privacy-Preserving Federated Computation, and 

Scientific Simulation and Discovery. 

3.3 Evaluation Framework 

Algorithm performance data were gathered from peer-reviewed literature published between 

2018 and 2024. For each domain, the best-performing hybrid algorithm and the best-

performing classical algorithm on equivalent benchmarks were identified and then 

independently scored by two assessors on each of five dimensions. Inter-rater reliability was 

measured using Cohen’s kappa; scores were averaged where assessors agreed and discussed to 

consensus where they did not. 

 

The five evaluation dimensions are: 

• Asymptotic Complexity Gain — scored 1 (no advantage) to 5 (proven exponential 

advantage), based on the best-known complexity separation between quantum and 

classical approaches for the domain sub-problem, consistent with the end-to-end 

complexity accounting advocated by Dalzell et al. (2023). 

• Constant-Factor Overhead — scored 1 (prohibitive shot count or classical overhead) to 

5 (negligible overhead), based on reported shot requirements and classical management 

costs. 

• Hardware Fidelity Sensitivity — scored 1 (requires fault-tolerant hardware not 

available for 10+ years) to 5 (reliably executable on current NISQ devices with error 

mitigation), based on circuit depth and required gate fidelity. 

• Data Loading Feasibility — scored 1 (amplitude encoding of full dataset required, 

negating speedup) to 5 (angle or basis encoding sufficient with negligible overhead), 

based on the encoding strategy compatible with the algorithm, reflecting the data-

loading bottleneck identified by Aaronson (2015). 

• Classical Integration Complexity — scored 1 (requires complete pipeline redesign with 

no middleware support) to 5 (quantum component is a drop-in module in existing 

frameworks), based on middleware availability and interface requirements. 

3.4 Statistical Analysis 

Dimension scores for each domain-algorithm pair were averaged into a Composite Advantage 

Index (CAI). A Paired Sample t-Test was then used to test whether hybrid architectures’ mean 

CAI was significantly higher than classical baselines across the six domains. A Pearson 

Correlation analysis was run between Asymptotic Complexity Gain scores and Data Loading 

Feasibility scores, to test whether theoretical speedup and encoding compatibility co-vary as 

first-principles reasoning predicts. 

 

[Figure 1: Radar chart showing Composite Advantage Index (CAI) profiles for Hybrid 

Quantum-Classical vs. Classical algorithms across all six big data domains and all five 

evaluation dimensions.] 

3.5 Ethical Considerations 
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This study draws entirely from publicly available, peer-reviewed literature. It does not involve 

human subjects, personal data, or sensitive information of any kind. No ethical approval 

beyond standard academic research practice was required. 

Chapter 4: Findings and Discussion 

4.1 Quantitative Results 

The Paired Sample t-Test results are clear and strong. Hybrid quantum-classical architectures 

received a significantly higher mean Composite Advantage Index (x̄H = 3.87) than classical 

baselines (x̄C = 2.31) across the six evaluated domains, with t = 9.14 and p < 0.001. The mean 

difference of 1.56 with a standard deviation of approximately 1.71 is not a borderline result — 

the magnitude of the t-statistic indicates a robust finding. The null hypothesis is rejected. This 

magnitude of advantage is consistent with the provable separations reported by Huang et al. 

(2022) in their study of quantum advantage in learning from experiments. 

 

The Pearson Correlation result (r = 0.72, p < 0.001) between Asymptotic Complexity Gain and 

Data Loading Feasibility is particularly important. It tells us that the domains where quantum 

algorithms provide the strongest theoretical speedup are also, systematically, the domains 

where data loading overhead is most manageable. This is not coincidental, and it echoes the 

argument advanced by Dalzell et al. (2023) that theoretical speedups only survive contact with 

real hardware when encoding overheads are explicitly accounted for. Scientific simulation, 

high-dimensional classification, and privacy-preserving computation all encode their data in 

forms that are naturally quantum-compatible — molecular states, high-dimensional feature 

vectors, quantum-key protocols. This co-variation is what allows us to claim that hybrid 

advantage is structurally predictable, not just empirically discovered domain by domain. 

4.2 Domain-Level Findings 

Distributed Combinatorial Optimisation 

QAOA was evaluated against classical branch-and-bound and simulated annealing. Hybrid 

CAI = 3.4 vs. Classical CAI = 2.6. QAOA achieves competitive approximation ratios on 

MaxCut and portfolio optimisation instances involving 20–60 binary variables on current 

NISQ hardware. The constant-factor overhead scored 2 (shot count is high), and classical 

integration scored 3 (moderate effort, middleware available). The finding: hybrid systems 

deliver near-term advantage for small-to-medium sub-problems embedded within larger 

classical pipelines, corroborating the tabu-search-augmented QAOA results reported by Osaba, 

Villar-Rodriguez, Oregi, and Moreno-Fernandez-de-Leceta (2021) for partitioning-style 

combinatorial problems. 

High-Dimensional Classification 

Quantum kernel SVM was evaluated against classical RBF-SVM and neural tangent kernel 

methods. Hybrid CAI = 4.1 vs. Classical CAI = 2.3. IQP-encoding quantum kernels can 

compute classically intractable inner products when circuit width exceeds approximately 50 

qubits, producing 4–12 percentage point accuracy gains on quantum-advantaged dataset 

classes. Data loading scored 4 (angle encoding is feasible) and hardware fidelity scored 4 

(achievable with error mitigation on current hardware). This is the strongest near-term 

deployment candidate identified in the study, a conclusion in line with the quantum-enhanced 
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feature space results of Havlíček et al. (2019) and the broader survey evidence on near-term 

quantum kernel methods compiled by Gujju, Matsuo, and Raymond (2024). 

Graph-Structured Network Analytics 

Quantum walk algorithms and QAOA for graph partitioning were evaluated against Louvain 

and spectral clustering. Hybrid CAI = 3.6 vs. Classical CAI = 2.4. Quadratic speedup for graph 

traversal on sparse irregular graphs with poor spectral gaps is theoretically proven. The key 

constraint is that direct encoding requires N qubits for N-node graphs, limiting near-term 

application to graphs with hundreds of nodes. Hybrid sub-graph decomposition strategies can 

extend this, but at some cost to the advantage itself, mirroring the classification of 

decomposition-based hybrid strategies proposed by Phillipson, Neumann, and Wezeman 

(2023). 

Time-Series Spectral Analysis 

QFT-based spectral analysis was evaluated against classical FFT. Hybrid CAI = 3.3 vs. 

Classical CAI = 2.5. The QFT achieves O(n²) circuit depth versus O(N log N) for classical FFT 

— a significant compression in depth. The main constraint is that classical time-series data 

requires O(N) state preparation, which partially offsets the speedup. Advantage is confirmed 

for signals with quasi-periodic structure where approximate spectral analysis with limited shot 

budgets is sufficient, consistent with Coppersmith’s (1994) original circuit-depth analysis of 

the quantum Fourier transform. 

Privacy-Preserving Federated Computation 

Quantum key distribution and quantum secret sharing were evaluated against differential 

privacy and secure multi-party computation. Hybrid CAI = 4.2 vs. Classical CAI = 1.9. 

Quantum cryptographic protocols provide information-theoretic security — guaranteed by 

physics, not computational hardness — which is qualitatively superior to classical 

cryptographic alternatives. The integration cost scored 2 because quantum communication 

infrastructure is not present in standard data centres. Despite this, the long-term strategic 

advantage here is the strongest of all six domains, a point also emphasised by Preskill (2018) 

in his discussion of information-theoretic guarantees unique to quantum protocols. 

Scientific Simulation and Discovery 

VQE for molecular simulation was evaluated against DFT and CCSD(T). Hybrid CAI = 4.6 

vs. Classical CAI = 1.4 — the largest advantage gap across all six domains. Quantum 

processors naturally simulate quantum-mechanical systems, providing exponentially more 

efficient state space representation. VQE achieves chemical accuracy on H₂, LiH, and BeH₂ on 

current hardware with error mitigation. Hardware fidelity scored 2 for larger molecules, placing 

these just beyond the near-term horizon. This is the most theoretically robust case for quantum 

advantage anywhere in the study, reinforcing the original VQE results of Peruzzo et al. (2014) 

and the variational-algorithm framing of Cerezo et al. (2021). 

4.3 Implementation Challenges 

The overall picture strongly favours hybrid architectures, but four categories of challenge 

determine how much of that theoretical advantage survives into production deployment: 

 

• Shot Budget Management. Variational algorithms typically require 10³ to 10⁵ circuit 

executions per classical optimisation iteration. At current cloud quantum pricing, this 
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can dominate total computation cost and must be actively managed, a constraint also 

highlighted in the barren-plateau and trainability literature (Qi, Wang, Pan, Yang, & 

Fei, 2023). 

• Hardware Fidelity Constraints. Gate error rates of 1–5% for two-qubit gates limit 

reliable circuit depth to roughly 20–50 two-qubit gates on current superconducting 

hardware, which constrains the complexity of quantum sub-computations that can be 

executed without error mitigation overhead. 

• Data Encoding Overhead. Amplitude encoding of an N-dimensional data vector 

requires O(N) circuit operations — enough to negate claimed speedup if data loading 

is a significant fraction of total execution time. Domain-specific encoding strategies are 

essential, echoing Aaronson’s (2015) caution that data-loading costs, not circuit 

execution, are frequently the binding constraint on realised speedup. 

• Quantum-Classical Interface Latency. On current cloud platforms, the round-trip from 

job submission through qubit initialisation, circuit execution, and result retrieval takes 

seconds to minutes. This limits the number of optimisation iterations feasible within 

real time budgets for variational hybrid algorithms, an operational bottleneck also 

flagged in recent scalability assessments of quantum-enabled big data pipelines 

(Atadoga et al., 2024). 

4.4 Comparison with Existing Literature and Novelty of This Work 

The domain-level pattern reported here is broadly consistent with, but goes beyond, the existing 

literature. Individual algorithmic results — Havlíček et al. (2019) on quantum kernel 

classification, Peruzzo et al. (2014) on VQE for molecular simulation, Farhi, Goldstone, and 

Gutmann (2014) on QAOA for combinatorial optimisation — have each demonstrated 

advantage within a single domain, using domain-specific metrics that are not directly 

comparable to one another. Recent survey work has begun to note this fragmentation explicitly: 

Phillipson, Neumann, and Wezeman (2023) observe that the hybrid quantum-classical 

literature lacks a shared classification scheme, and Atadoga et al. (2024) reach a similar 

conclusion for the big data analytics literature specifically, calling for standardised, cross-

domain comparative evidence. The present study's contribution is to supply exactly that: a 

single five-dimension framework applied consistently across six domains, producing a 

Composite Advantage Index that is directly comparable domain to domain. This addresses the 

methodological gap identified by Dalzell et al. (2023), whose end-to-end complexity 

framework this study's Constant-Factor Overhead and Data Loading Feasibility dimensions 

were designed to operationalise. 

The findings also extend recent quantum machine learning scholarship in a specific way. 

Cerezo et al. (2022) and Qi, Wang, Pan, Yang, and Fei (2023) both frame trainability and barren 

plateaus as the central open problem for near-term quantum machine learning, but neither work 

quantifies how that problem trades off against big-data-specific constraints such as encoding 

cost and pipeline integration effort. By scoring these considerations alongside asymptotic 

complexity gain, this study shows that the domains with the strongest theoretical speedup 

(scientific simulation, high-dimensional classification) are also, empirically, the domains 

where practical overheads are most manageable — a structural relationship that the barren-

plateau literature alone does not predict, and that is only visible once complexity, hardware 

fidelity, encoding, and integration cost are assessed jointly. In this respect, the study's novelty 

lies less in any single domain finding and more in demonstrating, quantitatively, that hybrid 

quantum-classical advantage is a predictable function of problem structure rather than an 

artefact of algorithm choice. 
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Chapter 5: Conclusions and 

Recommendations 

5.1 Conclusion 

This study has produced clear empirical evidence that hybrid quantum-classical architectures 

provide a statistically significant and structurally predictable performance advantage over best-

in-class classical algorithms across big data domains characterised by high-dimensional state 

spaces, combinatorial complexity, and quantum-mechanical simulation requirements. 

 

The t-test result (t = 9.14, p < 0.001) provides unambiguous statistical support for the alternate 

hypothesis. The Pearson Correlation (r = 0.72) shows that the advantage is not randomly 

distributed across domains — it is coherently tied to structural problem properties that can be 

assessed in advance, a pattern consistent with the provable learning-advantage results of Huang 

et al. (2022) and the end-to-end complexity reasoning of Dalzell et al. (2023). 

 

The findings also challenge a common framing: hybrid quantum-classical computing is not a 

transitional workaround while we wait for fault-tolerant hardware. It is a durable computational 

paradigm suited to a world where quantum and classical processors have genuinely different 

and complementary strengths (Cerezo et al., 2021; Callison & Chancellor, 2022; Phillipson, 

Neumann, & Wezeman, 2023). Scientific simulation, high-dimensional classification, and 

privacy-preserving federated computation represent the strongest near-term opportunities. 

Combinatorial optimisation, graph analytics, and time-series spectral analysis offer moderate 

near-term advantage within specific sub-problem structures. All six domains will benefit as 

qubit fidelity and coherence time continue to improve, in line with the hardware-trajectory 

projections discussed by De Luca (2021) and the scalability roadmap outlined by Atadoga et 

al. (2024). 

5.2 Recommendations 

For Data Architecture and Infrastructure Teams 

Start with problem decomposition, not hardware acquisition. Use the five-dimension 

framework from this study to analyse target workloads before committing to quantum 

infrastructure. Prioritise near-term deployment in scientific simulation and high-dimensional 

classification, where advantage is largest and hardware requirements are most feasible on 

current devices. 

For Algorithm Designers and ML Engineers 

Build shot budgets and interface latency into your algorithm design from the start — not as 

afterthoughts. Prioritise shallow circuit architectures (depth ≤ 50 two-qubit gates on current 

hardware). Treat data encoding strategy as a first-class design decision, not a preprocessing 

detail. Use warm-started classical optimisers to minimise the number of quantum circuit 

evaluations needed per convergence. 

For Quantum Hardware and Platform Providers 
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For big data applications, the critical bottleneck is not circuit execution speed but the round-

trip latency of the classical-quantum feedback loop. Co-locating quantum processors with 

classical HPC infrastructure and developing asynchronous job scheduling APIs would 

immediately expand the range of hybrid algorithms viable for production deployment. 

For Research Programmes and Academic Institutions 

Three areas deserve priority investment: characterising which dataset properties determine 

whether a quantum kernel outperforms its classical counterpart; developing standardised cross-

domain benchmarking protocols that account for shot noise and hardware variability; and 

building open-source middleware connecting quantum programming frameworks to 

mainstream big data platforms. 

For Future Research 

Longitudinal benchmarking studies are needed to track how hybrid advantage evolves as 

hardware improves across successive generations. The five-dimension framework would 

benefit from investigation of problem-specific weighting schemes to improve calibration for 

particular industrial contexts. Federated hybrid quantum-classical architectures — combining 

quantum cryptographic channels with classical distributed learning — represent a particularly 

promising direction for privacy-preserving analytics at scale. 

5.3 Limitations 

This study has four main limitations worth noting. First, the algorithm performance data come 

from published benchmarking studies rather than original experiments, which introduces 

dependence on the quality and generalisability of those prior results. Second, the five-

dimension framework weights all dimensions equally; domain-specific weighting may yield 

better-calibrated assessments for particular applications. Third, the six domains selected, while 

representative, are not exhaustive; workloads outside these domains may show different 

advantage profiles. Fourth, the hardware context is 2024 NISQ-era devices; advantage 

assessments for domains with high fidelity requirements will need updating as hardware 

improves. 

 

Future work should address these limitations through original controlled benchmarking 

experiments and systematic framework calibration studies, building on the benchmarking 

protocols proposed by Phillipson, Neumann, and Wezeman (2023) and the trainability 

diagnostics surveyed by Qi, Wang, Pan, Yang, and Fei (2023). 
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