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ABSTRACT 

 Background: The accelerating confluence of quantum computing, big data infrastructures, and advanced artificial 

intelligence (AI) models is reshaping the theoretical and practical contours of financial analytics, digital marketing, supply 

chain optimization, and educational infrastructures. Scholarly and practitioner literatures document significant advances 

across each domain — quantum architectures and algorithmic paradigms, expansive big data platforms and measurement 

regimes, and powerful AI systems including large language models and multimodal foundation models — yet integrated 

frameworks that articulate the combined potential and attendant challenges remain nascent (Preskill, 2023; Tosi et al., 2024; 

Hong et al., 2024). 

Objectives: This article synthesizes the extant literature to construct a conceptual and methodological scaffold for 

integrating quantum-enabled computation with big data and AI in financial and economic analysis. It clarifies problem 

spaces, articulates methodological choices conducive to responsible adoption, analyzes potential transformative outcomes 

across organizational practice and education, and identifies unresolved research gaps demanding priority attention. The 

approach emphasizes theoretical rigor, cross-disciplinary citation, and practical interpretive analysis to serve both academic 

researchers and senior practitioners. 

Methods: We employ a critical integrative review method that draws on systematic literature syntheses, cross-disciplinary 

theoretical elaboration, and analytic argumentation. The methodology combines thematic synthesis of provided references, 

translation of technical claims into descriptive analytical narratives, and normative discussion of implementation pathways 

supported by cited evidence (Tosi et al., 2024; Sardi et al., 2023). 

Findings: Quantum computing promises algorithmic speedups for classes of problems relevant to finance (optimization, 

sampling, and certain linear-algebraic subroutines), yet practical advantage depends on hybrid classical-quantum 

architectures and careful encoding of big data into quantum-accessible representations (Preskill, 2023; Rayhan & Shahana, 

2023). AI advances, particularly in foundation models and multimodal systems, provide powerful representational tools that 

reshape feature engineering, natural language understanding, and scenario simulation for economic forecasting and M&A 

diligence (Arachchige et al., 2023; Hong et al., 2024). Big data infrastructures have matured over fifteen years, yet integration 

challenges — governance, measurement, and sustainable performance — persist and condition how quantum and AI 

systems can actually be deployed (Tosi et al., 2024; Sardi et al., 2023; Rashid et al., 2024). 

Conclusions: The transformative potential at the intersection of quantum, big data, and AI is real but contingent. Realizing 

benefits in finance and related domains requires: (1) methodological advances in encoding and hybrid computation, (2) 

governance frameworks for data quality and ethical AI, (3) workforce re-skilling oriented to new analyst roles, and (4) 

empirical research focusing on scaled field deployments and measurable outcomes. We conclude with a detailed research 

agenda and policy recommendations designed to accelerate responsible innovation while managing risks 
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INTRODUCTION 

The contemporary data and algorithmic environment is 

characterized by three overlapping revolutions: the 

maturation of large-scale data infrastructures (commonly 

grouped under "big data"), the rapid advance of artificial 

intelligence (AI) including generative and foundation 

models, and the emergence of quantum computing as a 

potential disruptor to classical computational limits. Each of 

these domains has progressed along its own research 

trajectory, with substantial literatures documenting 

technical innovations, application potentials, and 

sociotechnical challenges (Tosi et al., 2024; Arachchige et al., 

2023; Preskill, 2023). Yet the integrative space — where 

quantum computing might materially accelerate or reshape 

AI-driven analytics operating on vast biophysical and 

financial data — remains underexplored in both conceptual 

depth and empirical validation. This gap is consequential: 

practitioners across finance, marketing, supply chains, and 

education increasingly face decisions about investing in AI 

platforms, restructuring data governance, or experimenting 

with quantum services. A rigorous synthesis that explains 

the theoretical foundations, methodological pathways, and 

practical constraints is therefore urgently required. 

The literature on big data chronicles fifteen years of 

technological, organizational, and methodological evolution. 

Systematic reviews reveal strengthened architectures for 

storage, processing, and measurement, yet they also 

highlight persistent challenges in quality, governance, and 

sustainability (Tosi et al., 2024; Sardi et al., 2023). 

Simultaneously, advances in AI have expanded 

representational capabilities: large language models and 

multimodal foundation models now process text, images, 

and remote-sensing data with unprecedented efficacy, 

enabling novel tasks such as automated due diligence, 

multimodal analysis of market signals, and enhanced natural 

language interfaces for decision-makers (Arachchige et al., 

2023; Hong et al., 2024). Meanwhile, quantum computing is 

transitioning from laboratory curiosity to an emergent 

ecosystem where certain algorithmic techniques — for 

instance quantum approximate optimization algorithms and 

quantum linear system solvers — hold theoretical promise 

for classes of optimization and sampling problems that 

underpin portfolio optimization, risk assessment, and 

scenario generation (Preskill, 2023; Rayhan & Shahana, 

2023). 

Despite this convergent promise, the literature points to a 

series of crucial constraints. First, quantum advantage for 

practically relevant, noisy, and data-intensive tasks is not yet 

established — current devices are noisy intermediate-scale 

quantum (NISQ) machines with limited qubit counts and 

coherence times (Preskill, 2023). Second, AI systems' 

empirical success often depends on massive labeled datasets 

and compute budgets; foundational models may embed 

biases or create opaque decision pathways that complicate 

regulatory compliance and model interpretation 

(Arachchige et al., 2023; Yeasir Fahim, 2024). Third, big data 

infrastructures are frequently siloed and lack standardized 

measurement practices, limiting the portability of AI 

workflows and the feasibility of converting classical data 

into quantum-friendly formats (Tosi et al., 2024; Sardi et al., 

2023). These challenges create a critical, practical question: 

how can organizations and researchers design integrated, 

hybrid systems that combine the strengths of AI and 

quantum computing while operating within the practical 

constraints of current data environments and governance 

regimes? 

This article addresses that question by offering a 

theoretically grounded, methodologically precise, and 

practically oriented synthesis. We proceed to outline a 

methodological framing that draws from integrative review 

practices, then present a detailed analysis of potential hybrid 

architectures and application pathways, with a focus on 

financial analytics and related organizational functions. 

Across the analysis we emphasize citation-backed claims, 

discuss counterarguments and limitations, and conclude 

with a prioritized research and policy agenda. 

METHODOLOGY 

This study employs an integrative, critical literature 

synthesis designed to produce a coherent conceptual and 

methodological framework for the intersection of quantum 

computing, big data, and AI in applied analytics. The 

approach combines three methodological strands: (1) 

targeted literature aggregation from the provided reference 

set, (2) thematic synthesis to identify core conceptual 

threads and tensions, and (3) analytic extrapolation to 

propose hybrid computational pathways and governance 

recommendations. The method prioritizes explicit citation 

for every major claim, systematic cross-referencing of 

evidence, and rigorous theoretical elaboration to support 

forward-looking prescriptions. 

Literature aggregation was conducted by closely reading and 

synthesizing the provided sources. Key references span 

foundational quantum texts (Preskill, 2023), syntheses of big 

data evolution (Tosi et al., 2024), works on AI foundation 

models and multimodal systems (Arachchige et al., 2023; 

Hong et al., 2024; Cui et al., 2023), sectoral applications in 

finance and marketing (Go et al., 2020; Aminul, 2024), and 

organizational and educational transformations associated 

with data and AI adoption (Sargiotis, 2024). Additionally, 

references addressing operational implications — such as 

green supply chain practices that leverage big data and AI for 

sustainable performance — were integrated to provide a 
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broad view of potential organizational benefits and trade-

offs (Rashid et al., 2024). 

Thematic synthesis proceeded by coding the literature into 

concept clusters: computational capability and limits; data 

infrastructure and measurement; representational power of 

AI models; application domains and workflows; governance 

and ethical concerns; workforce impacts and educational 

needs; and empirical evidence of realized benefits. For each 

cluster, the study produced detailed expository narratives 

and cross-referenced claims to primary sources. 

Analytic extrapolation translates thematic findings into 

actionable methodological pathways. This includes 

proposing specific hybrid architectures (classical 

preprocessing + quantum subroutines + AI-driven feature 

extraction), encoding strategies for mapping large classical 

datasets into quantum-accessible forms, and evaluative 

criteria for measuring causal impacts on operational 

performance. Throughout the methodology section and 

subsequent sections, claims are supported by citations 

drawn from the provided reference list. 

Limitations of the method must be acknowledged. The 

analysis depends exclusively on provided references and 

does not include a broader web search; therefore, while the 

review is deep and integrative relative to the supplied 

literature, it may not reflect the absolute latest empirical 

deployments beyond the provided corpus. Nevertheless, the 

synthesis deliberately emphasizes theoretical foundations 

and methodological generality to maintain relevance across 

evolving technological landscapes (Preskill, 2023; Tosi et al., 

2024). 

RESULTS 

The integrative analysis yields a set of interlocking findings 

organized under five principal themes: (1) computational 

affordances and constraints of quantum systems; (2) AI 

representational advances and deployment patterns; (3) big 

data infrastructure maturity and bottlenecks; (4) practical 

hybrid architectures and translational pathways for finance 

and allied domains; and (5) organizational, governance, and 

workforce implications. 

1. Computational affordances and constraints of 

quantum systems 

Quantum computing offers algorithmic primitives that can, 

in theory, provide asymptotic and polynomial speedups for 

specific problem classes relevant to finance and analytics, 

including optimization, sampling, and certain linear algebra 

tasks (Preskill, 2023; Rayhan & Shahana, 2023). For 

example, quantum algorithms for solving linear systems 

(Harrow, Hassidim, Lloyd-type solvers) have been proposed 

as potential accelerants for operations such as portfolio risk 

computation and Monte Carlo variance reduction — tasks 

that hinge on fast linear algebraic operations (Preskill, 

2023). Similarly, quantum approximate optimization 

algorithms (QAOA) and variational quantum algorithms 

(VQAs) have been posited as candidates for combinatorial 

optimization problems like asset allocation, risk parity 

optimization, and some scheduling tasks (Preskill, 2023; 

Rayhan & Shahana, 2023). 

However, current quantum devices are NISQ-era machines 

with significant noise, limited qubit counts, and short 

coherence times; thus, practical advantage for large-scale, 

real-world financial problems has yet to be demonstrated 

robustly (Preskill, 2023). The literature emphasizes the 

necessity of hybrid quantum-classical workflows where 

classical pre- and post-processing handle data-intensive 

tasks while quantum subroutines tackle narrowly defined 

computational kernels where quantum properties may 

confer advantage (Preskill, 2023; Rayhan & Shahana, 2023). 

This technical finding underlines a central result: quantum 

computing's transformative potential is contingent upon 

designing algorithms that exploit quantum strengths while 

mitigating noise and data encoding overheads. 

2. AI representational advances and deployment 

patterns 

Advances in large language models (LLMs) and multimodal 

foundation models have dramatically extended AI's ability to 

encode, reason over, and generate complex structured 

outputs from heterogeneous inputs (Arachchige et al., 2023; 

Hong et al., 2024). The literature documents the practical 

ascendancy of LLMs in tasks including automated reporting, 

financial document analysis, M&A due diligence, 

conversational interfaces for analytics, and advanced 

prompting techniques that enhance model performance 

(Arachchige et al., 2023; Yeasir Fahim, 2024). Multimodal 

models that incorporate remote sensing, image data, and 

tabular sources are especially relevant for domain areas 

such as supply chain monitoring and geospatially informed 

market analysis (Hong et al., 2024; Cui et al., 2023). 

These representational advances produce two key 

implications. First, AI reduces the need for manual feature 

engineering by enabling learned representations that 

capture latent structure across modalities (Arachchige et al., 

2023). Second, reliance on large models demands 

substantial compute and careful dataset curation; moreover, 

the opacity of some large models raises issues for 

interpretability and regulatory transparency in financial 

contexts (Arachchige et al., 2023; Yeasir Fahim, 2024). 

Consequently, integration with quantum subroutines must 

consider the representational compatibility between 

classical-trained models and quantum-accelerated modules. 

3. Big data infrastructure maturity and bottlenecks 
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Systematic reviews of the last fifteen years highlight that big 

data architectures have evolved considerably in storage, 

distributed processing, and orchestration, enabling 

organizations to collect and analyze vast datasets reliably 

(Tosi et al., 2024). However, recurring bottlenecks persist: 

inconsistent data quality, fragmented governance, resource-

intensive ETL pipelines, and measurement challenges when 

assessing performance impacts (Tosi et al., 2024; Sardi et al., 

2023). The literature also draws attention to sustainable 

performance concerns — environmental impacts of large-

scale compute and data centers and the need for green 

supply chain practices (Rashid et al., 2024). 

Practically, these infrastructural realities shape the 

feasibility of quantum-AI integration. High-dimensional, raw 

data require substantial preprocessing to create condensed, 

information-rich representations suitable for hybrid 

computation. Data access patterns matter: streaming, real-

time analytics may be ill-suited to current quantum 

workflows that favor batched, kernel-specific computation 

(Tosi et al., 2024). Thus, the result is a clear finding: effective 

hybrid deployments will typically require reorganizing data 

pipelines to extract and distill features amenable to quantum 

subroutines and to route heavier workloads through 

classical distributed systems. 

4. Practical hybrid architectures and translational 

pathways 

Synthesizing algorithmic and infrastructural evidence leads 

to a pragmatic architecture for hybrid quantum-AI-big data 

systems that can be piloted in finance and allied sectors. The 

architecture comprises layered components: (a) classical 

data ingestion and governance layer (quality control, 

anonymization, normalization), (b) AI representation layer 

(feature extraction via LLMs or multimodal encoders), (c) 

hybrid computation layer (classical orchestration that 

invokes quantum subroutines for specific kernels), and (d) 

interpretability and governance layer (post-hoc auditing, 

explainability). Such layered design respects the strengths 

and limitations identified in the literature: heavy data 

processing remains classical and scalable; representational 

learning leverages modern AI models; quantum resources 

are reserved for computational kernels where theoretical 

advantage may be realized; and governance governs the 

whole stack (Preskill, 2023; Arachchige et al., 2023; Tosi et 

al., 2024). 

Empirically-oriented pathways include: quantum-assisted 

Monte Carlo for derivative pricing (where quantum 

sampling may reduce variance), quantum-enhanced 

optimization for portfolio construction (subject to NISQ 

constraints), and quantum-accelerated subroutines for 

kernel methods within AI pipelines (Preskill, 2023; Rayhan 

& Shahana, 2023). The literature also suggests near-term 

translational use-cases in M&A due diligence and entry-level 

analyst workflows: AI can automate document review and 

generate candidate features, while quantum subroutines can 

be studied for speedups in particular combinatorial 

assessments or scenario searches (Shounik, 2025; 

Arachchige et al., 2023). The key result is a portfolio of "low 

friction" experiments that combine classical-scale data with 

small, well-defined quantum tasks tightly integrated into AI 

workflows. 

5. Organizational, governance, and workforce 

implications 

Integration of quantum, AI, and big data reshapes 

organizational structures, skill demands, and governance 

needs. The literature emphasizes reskilling and redefinition 

of analyst roles to manage AI-powered diligence and hybrid 

computational pipelines (Shounik, 2025). Governance 

frameworks must address data quality, privacy, 

explainability, and sustainable performance, and these 

frameworks need to be adapted to hybrid computational 

contexts where model behavior and outcomes may be 

influenced by both classical and quantum elements (Sardi et 

al., 2023; Rashid et al., 2024). Finally, educational 

infrastructures must evolve to equip practitioners with 

cross-disciplinary fluency spanning data engineering, AI 

prompting and model understanding, and quantum-aware 

computational thinking (Sargiotis, 2024). 

Collectively, these results provide a practical and 

theoretically grounded map for researchers and 

organizations seeking to explore the integrated potential of 

quantum computing, AI, and big data. The subsequent 

discussion elaborates these findings, considers 

counterarguments and limitations, and proposes a forward-

looking research and policy agenda. 

DISCUSSION 

The integrated analysis yields several deep interpretations 

and implies a sequence of strategic choices for researchers, 

practitioners, and policymakers. We examine these across 

technical, methodological, organizational, and normative 

dimensions. 

Technical Interpretation: Where quantum computing 

adds value 

Quantum computing's theoretical strengths lie in leveraging 

superposition and entanglement to explore high-

dimensional solution spaces and to implement certain 

transforms more efficiently than classical computers 

(Preskill, 2023). In financial analytics, the most promising 

classes of problems are those that are (a) computationally 

intensive in the linear algebra domain (e.g., large covariance 

manipulations), (b) combinatorial optimization tasks with 

complex constraints (e.g., certain portfolio optimization 

variants), and (c) sampling problems where quantum 
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amplitude estimation could reduce sample complexity for 

risk and derivative pricing (Preskill, 2023; Rayhan & 

Shahana, 2023). 

However, the theoretical promise does not immediately 

equate to practical applicability. Two major constraints 

stand out. First, data encoding overhead: quantum 

algorithms often require data to be encoded into quantum 

states via procedures that can be classically expensive or 

impractical at large scale (Preskill, 2023). Second, noise 

sensitivity: NISQ devices are highly error-prone, and error 

mitigation techniques add costs and complexity (Preskill, 

2023). The implication is that researchers should prioritize 

algorithmic innovations that reduce encoding overhead (for 

example, designing classical-to-quantum embeddings that 

preserve signal in low-dimensional subspaces) and that 

tailor quantum subroutines to be resilient to noise through 

variational or hybrid methods. 

An additional technical pathway involves "quantum-

inspired" classical algorithms. Work in the literature 

suggests that ideas motivated by quantum algorithms can 

sometimes yield classical algorithms with improved 

performance or novel heuristics that are easier to deploy at 

scale (Preskill, 2023). Thus, the research agenda should treat 

quantum development and quantum-inspired algorithmic 

research as complementary rather than mutually exclusive 

tracks. 

Methodological Interpretation: Designing hybrid 

workflows 

Methodologically, the necessary hybrid approach requires 

careful pipeline design. The classical data ingestion layer 

must implement robust ETL processes that unify 

heterogeneous sources and produce curated 

representations suitable for AI encoders (Tosi et al., 2024). 

AI models — both LLMs and multimodal encoders — should 

then be applied to extract semantically rich features and to 

compress data into information-dense representations. 

These representations can then be evaluated to identify 

candidate kernels that are likely to benefit from quantum 

acceleration (e.g., small but computationally expensive 

matrix operations). The hybrid orchestration layer must 

provide interfaces that seamlessly route tasks between 

classical clusters and quantum backends, with 

instrumentation for latency, cost, and accuracy profiling 

(Preskill, 2023; Arachchige et al., 2023). 

Crucially, evaluation frameworks must be established to 

meaningfully assess quantum contributions. Simple wall-

clock time comparisons are insufficient; evaluations should 

measure end-to-end performance improvements in key 

business metrics (risk-adjusted return, forecasting accuracy, 

time-to-insight) and account for overheads introduced by 

data encoding and error mitigation (Sardi et al., 2023). For 

instance, a quantum-assisted Monte Carlo method may 

reduce variance per sample, but if its encoding overhead 

doubles preprocessing time, the net benefit may be marginal. 

Researchers must therefore develop benchmark suites that 

mirror production workloads and include metrics for 

economic value, model robustness, and environmental 

footprint (Tosi et al., 2024; Rashid et al., 2024). 

Organizational Interpretation: Workforce and 

educational transformations 

From an organizational standpoint, the integration of 

quantum and AI implies shifting competencies. Entry-level 

analyst roles are evolving: routine data collection and basic 

analysis tasks are increasingly automated; human analysts 

must focus on interpreting model outputs, validating data 

pipelines, and designing experiments that test hybrid 

computational hypotheses (Shounik, 2025). This change 

demands education programs that blend data engineering 

fundamentals, prompt-engineering best practices for AI 

models, and an introductory understanding of quantum 

computational concepts sufficient to reason about hybrid 

systems (Sargiotis, 2024; Yeasir Fahim, 2024). 

Leadership must also design governance and operational 

policies that ensure responsible deployment. This includes 

implementing audit trails for AI model decisions, 

establishing protocols for when to rely on quantum 

subroutines, and instituting sustainability targets for 

compute resource consumption (Sardi et al., 2023; Rashid et 

al., 2024). The literature emphasizes that these governance 

measures are not merely compliance exercises; they 

materially influence performance and reputational risk 

management, especially in regulated sectors like finance (Go 

et al., 2020; Kumar, 2024). 

Normative Interpretation: Ethical, regulatory, and 

sustainability considerations 

The confluence of quantum, AI, and big data introduces 

normative questions concerning fairness, transparency, and 

environmental impact. AI systems are known to inherit 

biases present in training data, and foundation models can 

amplify asymmetric representations unless actively 

mitigated (Arachchige et al., 2023). Quantum-enhanced 

analytics, if they alter model outputs in subtle ways, may 

complicate responsibility attribution unless the entire 

pipeline is auditable and interpretable. As such, 

policymakers and organizations should require 

transparency documentation and maintain human-in-the-

loop governance for high-stakes decisions (Yeasir Fahim, 

2024; Sardi et al., 2023). 

Sustainability adds another dimension: large-scale compute, 

whether classical AI training or quantum control 

infrastructure, consumes energy. The literature underscores 
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the need for "green" practices in supply chains and 

computational resource planning to ensure sustainable 

performance gains (Rashid et al., 2024). Practically, 

organizations should assess not only the performance gains 

of hybrid systems but also their carbon and resource 

footprints, adopting optimizations that trade marginal 

accuracy improvements for meaningful energy reductions 

where appropriate. 

Counterarguments and Limitations 

A rigorous analysis must engage counterarguments. Some 

skeptics argue that near-term quantum advantage is unlikely 

to materialize for the complex, noisy, and data-intensive 

problems typical of finance, and that the hype may distract 

from more pragmatic investments in classical AI and data 

engineering (Preskill, 2023). This position is supported by 

the current state of NISQ hardware and by the substantial 

overhead required for data encoding. Our synthesis 

acknowledges this risk and emphasizes pragmatic piloting of 

small, well-defined quantum tasks rather than wholesale 

bets on unproven quantum solutions. 

Another limitation is the opacity of foundation models: while 

they enhance representational flexibility, their black-box 

nature complicates model validation in regulated contexts. 

The literature recommends coupling foundation models 

with interpretable modules, rigorous stress testing, and 

documentation to mitigate regulatory friction (Arachchige et 

al., 2023; Yeasir Fahim, 2024). 

Finally, the body of empirical evidence for real-world 

quantum benefit remains sparse. Therefore, conclusions 

about practical advantage are necessarily conditional and 

probabilistic rather than definitive. Research should 

prioritize reproducible field experiments with transparent 

sharing of results to improve collective knowledge (Preskill, 

2023; Tosi et al., 2024). 

Future Research Agenda 

Based on the analysis, we propose a prioritized research 

agenda: 

1. Encoding Methods and Compression: Develop classical-to-

quantum encoding strategies that minimize overhead for 

representative financial datasets and evaluate their 

information-preserving properties empirically (Preskill, 

2023). 

2. Benchmark Suites for Hybrid Workflows: Create 

standardized benchmark workloads reflecting typical 

financial analytics tasks that include metrics for economic 

value, latency, resource consumption, and explainability 

(Tosi et al., 2024; Sardi et al., 2023). 

 

3. Quantum-Resilient Model Architectures: Investigate AI 

architectures that are explicitly designed to interoperate 

with quantum subroutines, including modular designs 

where quantum outputs can be rigorously interpreted 

within classical decision frameworks (Arachchige et al., 

2023). 

4. Governance and Auditing Frameworks: Design and test 

governance protocols for hybrid systems that provide end-

to-end auditability and meet regulatory standards for 

transparency and fairness (Sardi et al., 2023; Yeasir Fahim, 

2024). 

5. Empirical Field Studies: Encourage industry-academia 

partnerships to conduct reproducible pilots that measure 

real operational impacts in domains like derivatives pricing, 

portfolio optimization, and M&A due diligence (Shounik, 

2025; Go et al., 2020). 

6. Sustainability Assessment: Quantify the environmental 

footprint of hybrid systems and develop optimizations that 

balance accuracy with energy efficiency (Rashid et al., 2024). 

7. Educational Programs: Create interdisciplinary curricula 

that combine data engineering, AI model stewardship, and 

introductory quantum computing to prepare analysts for 

hybrid workflows (Sargiotis, 2024). 

CONCLUSION 

The convergence of quantum computing, big data, and 

artificial intelligence represents a frontier with substantial 

theoretical promise and substantive practical hurdles. 

Quantum algorithms offer mathematically grounded routes 

to improved performance for particular problem classes, 

while AI foundation models provide powerful 

representation and automation capabilities. Big data 

infrastructures underpin both possibilities, yet they 

simultaneously condition feasibility through data quality, 

governance, and engineering realities. 

Our integrative analysis suggests a pragmatic path forward: 

adopt hybrid architectures that retain classical scalability for 

data-intensive tasks, leverage AI for rich representation and 

feature extraction, and reserve quantum resources for 

narrowly defined computational kernels where advantage is 

plausible. This approach must be accompanied by rigorous 

benchmarking, governance frameworks that ensure 

transparency and fairness, workforce reskilling, and 

sustainability-focused decision-making. 

Ultimately, the promise of quantum-enabled AI over big data 

will be realized incrementally through disciplined research, 

reproducible field experiments, and careful attention to 

governance and societal impacts. The research agenda 

presented here aims to guide scholars and practitioners 

toward high-value investigations that can validate, refine, 
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and responsibly scale the integrated potential of these 

technologies. 
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