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ABSTRACT 
Over the past decade, big data analytics (BDA) matured from promise to practice, reshaping how firms sense 

opportunities, decide, and deliver value. Synthesizing peer-reviewed work from 2012–2021, this paper explains 

how BDA capabilities (data, technology, talent, governance, and culture) convert into operational excellence, 

enhanced customer experience, and new business models. We ground the discussion in the resource-based and 

dynamic capabilities views, and a socio-technical lens, and distill evidence across healthcare, manufacturing, 

marketing/retail, and the public sector. Comparative analyses show BDA outperforming traditional business 

intelligence (BI) when environmental dynamism is high and when firms orchestrate complementary 

organizational changes. We also catalogue risks—data quality, privacy, algorithmic bias, and adoption barriers—

and outline mitigations. We conclude with a research agenda on measurable value pathways, capability micro 

foundations, responsible AI, and sector-specific playbooks. 

1. Introduction 

“Big data” shifted decision-making from periodic, sample-based reporting to continuous, fine-grained inference. 

Early surveys and position papers in the period emphasize that analytics, rather than data volume alone, creates 

impact, and that organizational change is as critical as algorithms [1–4]. Empirical studies in 2016–2020 then 

linked BDA capabilities to agility, ambidexterity, innovation, and performance, while noting heavy context-

dependence [5–9]. 

Three questions guide this review: (1) What BDA capabilities matter most for transformation? (2) Along which 

pathways do these capabilities create value? (3) Under what conditions does BDA outperform traditional BI? 

We adopt the resource-based view (RBV) to enumerate “what” resources combine into BDA capability, the 

dynamic capabilities view (DCV) to explain “how” firms sense–seize–transform with analytics, and a socio-

technical stance to capture complementarities among tools, people, and structures [5,7,9]. 
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Table 1. Key definitions and scope 

Concept Concise definition 
Representative 

sources 

Big Data 
High-volume, velocity, variety (and veracity/value) data requiring 

advanced methods 
[1–3] 

BDA 
Methods/technologies to extract insights and automate decisions 

from big data 
[1–4] 

BDA Capability 
Bundles of tangible/IT, human, and intangible resources that enable 

BDA use 
[5] 

Digital 

Transformation 

Organizational redesign through digital tech & analytics for new 

value 
[7–8] 

 

 

Fig. 1 Role of Data Analytics in Digital Transformation 

2. Theoretical Foundations 

RBV → BDA capability. Firms combine data assets, scalable infrastructures, analytical tools, and domain talent 

into a capability that rivals find hard to imitate [5]. 

DCV → From capability to outcomes. BDA enables sensing (real-time monitoring), seizing (experimentation, 

personalization), and transforming (process re-engineering, new services) [6–8]. 

Socio-technical view. Value depends on alignment between data pipelines, models, governance, incentives, and 

work practices—not just model accuracy [7,9]. 
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Table 2. Mapping theories to transformation outcomes 

Lens Unit of analysis What it explains Typical outcomes 

RBV Resources/capabilities 
Why BDA confers 

advantage 

Hard-to-imitate asset bundles; cost & quality 

gains [5] 

DCV Processes/routines 
How firms adapt with 

BDA 
Agility, ambidexterity, innovation [6–8,10] 

Socio-

technical 

Systems of people & 

tech 

Why org alignment is 

vital 
Adoption, sustained value realization [7,9] 

 

3. BDA Capabilities and Reference Architecture 

Capability stack. Empirical work converges on five capability families: 

1. Data (availability, quality, accessibility), 

2. Technology (cloud/cluster compute, streaming, ML platforms), 

3. Talent (data scientists, translators, engineers), 

4. Governance (privacy, security, lineage, stewardship), 

5. Culture & Structure (data-driven decision norms; agile teams). These components interact; deficits in 

governance or culture often neutralize tech investments [5–7,11].  

Table 3. Capability → value pathways 

Capability block Typical levers Value pathway examples 

Data Unified, governed data products Fewer breaks, faster analytics 

Tech Elastic compute; stream processing Realtime recommendations; predictive maintenance 

Talent DS/DE/ML Ops & domain translators Problem framing; reliable pipelines 

Governance Policy, lineage, access control Compliance, trust, reuse 

Culture/Structure Cross-functional squads, OKRs Experimentation → faster time-to-value 
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Fig. 2 Illustration of the Frame Work 

4. Mechanisms of Business Transformation 

Operational excellence. Predictive & prescriptive analytics reduce defects, downtime, waste; process mining 

uncovers bottlenecks; forecasting stabilizes supply chains [2,6]. 

Customer experience & growth. Segmentation and uplift modelling drive personalization and optimized 

journeys; marketing agility mediates BDA’s impact on performance [10]. 

New business models. Data-enriched services (e.g., usage-based pricing, platforms) arise when analytics enables 

multi-sided ecosystems and experimentation [7–9].  

Table 4. Traditional BI vs. BDA (comparative analysis) 

Dimension Traditional BI Big Data Analytics 

Data scope Structured, internal, batch Multi-modal (text, sensors, logs), internal+external, streaming [1–3] 

Latency Periodic reporting Near-real-time decisioning 

Methods Descriptive dashboards Predictive/prescriptive ML, causal inference, experimentation [2,3] 

Governance Warehouse-centric Data products + lineage + policy-as-code [11] 

Value logic Cost control & compliance Growth, agility, new models [6–9] 

 

5. Sectoral Evidence 

5.1 Healthcare 

Reviews document outcomes such as reduced readmissions, earlier detection, and operational improvements—

but caution about interoperability and privacy challenges [12–14].  
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Table 5. Healthcare BDA highlights 

Use case Mechanism Reported benefits / notes 

Risk stratification Predictive modeling on EHR + claims Targeted care management; potential cost savings [12] 

Hospital ops Forecasting, queueing analytics Shorter LOS; resource utilization 

Population health Geospatial + epidemiological data Outbreak detection, resource planning [14] 

5.2 Manufacturing / Industry 4.0 

BDA supports predictive maintenance, process optimization, and quality 4.0 programs; success hinges on 

integrating shop-floor sensors with MES/ERP and disciplined ML Ops [15–17]. 

Table 6. Manufacturing BDA highlights 

Use case Data & methods Outcomes 

Predictive maintenance Vibration/SCADA + anomaly detection Lower downtime; spares optimization 

Process optimization SPC + multivariate ML Yield & throughput gains 

Quality 4.0 Vision + deep learning Defect detection; closed-loop control [16] 

 

5.3 Marketing & Retail 

BDA capabilities correlate with higher agility/ambidexterity, enabling real-time personalization, promo 

optimization, and omni-channel orchestration; organizational alignment is decisive [7,8,10]. 

Table 7. Marketing/retail BDA highlights 

Lever Example analytics Transformation outcome 

Personalization Uplift/bandits Higher CLV, lower churn 

Assortment/pricing Demand forecasting; elasticity Margin & inventory turns 

Journey ops Path analytics; propensity Conversion and CX uplift 

 

5.4 Public Sector 

Adoption emphasizes open data, civic analytics, and policy evaluation, while raising issues of fairness, 

accountability, and transparency [18–19]. 

Table 8. Public sector BDA highlights 

Domain Use case Notes 

Urban services Mobility & incident analytics Resource deployment; equity concerns 

Tax/compliance Anomaly detection Risk-based audits; due-process safeguards 
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Domain Use case Notes 

Open data Ecosystem enablement Third-party innovation; interoperability challenges 

 

6. Implementation Challenges, Risks, and Mitigations 

Data quality & integration. Heterogeneity and lineage gaps impair model trust; robust pipelines and stewardship 

matter [3,4]. 

Skills & organization. Talent scarcity and weak “translator” roles hinder adoption; agile, cross-functional 

structures help [7]. 

Governance & ethics. Privacy norms, bias, and “algorithm aversion” can undermine value unless firms design 

for transparency, accountability, and consent [4,20–22]. 

Table 9. Challenges and mitigations (comparative) 

Challenge Risk manifestation Mitigation patterns 

Data quality/lineage 
Spurious correlations; brittle 

models 

Data contracts; automated lineage; validation gates 

[3,11] 

Skills gap Misframed problems; shelfware Translator roles; upskilling; embedded squads [7] 

Privacy & fairness 
Erosion of trust; regulatory 

exposure 

Privacy-by-design; DPIAs; bias audits; model cards 

[20–22] 

Change 

management 
Low adoption; “pilot purgatory” 

Incentives aligned to experimentation; exec sponsorship 

[7,9] 

 

7. Comparative Synthesis: When Does BDA Outperform? 

Evidence suggests BDA creates outsized value when: 

• Dynamism is high (demand volatility, rapid product cycles): BDA-enabled agility/ambidexterity 

mediates performance [10]. 

• Data network effects exist (platforms, ecosystems): analytics powers personalization and matching at 

scale [7–9]. 

• Complementarities are orchestrated (technology + governance + culture): isolated investments 

underperform [5,7]. 

Table 10. Contingency comparison 

Context 
Traditional BI likely 

outcome 
BDA likely outcome 

Stable demand; low data variety Adequate reporting Marginal uplift unless tied to process redesign 

Volatile demand; high variety Decision lags 
Real-time sensing & response; 

experimentation 
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Context 
Traditional BI likely 

outcome 
BDA likely outcome 

Platform/ecosystem plays Limited insight Personalized matching; new revenue streams 

 

8. Conclusion 

From 2012–2021, the literature moved from conceptual positioning to evidence of performance links, with a 

common refrain: analytics pays when embedded in organizational change. The most consistent findings are 

that (i) BDA capabilities—spanning data, technology, talent, governance, and culture—are complementary; (ii) 

their value is contingent on environmental dynamism and ecosystem logic; and (iii) responsible governance 

sustains trust and unlocks scale. Practitioners should invest not only in platforms and models but also in translators, 

data products, and policy-as-code. Scholars should deepen causal evaluation and responsible BDA methods. When 

these pieces align, BDA becomes a transformation engine rather than a dashboard factory. 
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