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Abstract 

The use of data and analytics (D and A) in organizational contexts ranging from driving strategic decision-making to 
optimizing operations and creating sustainable competitive advantage has become a defining feature of the digital era. 
Global spending on analytics, AI, and big data platforms is projected to surpass USD 300 billion by 2030, reflecting the 
strategic importance of such initiatives. Despite these investments, one of the most persistent challenges for executives 
and practitioners is accurately measuring the return on investment (ROI) of D and A programs. Unlike traditional IT or 
capital projects, analytics initiatives generate both tangible and intangible outcomes, often with delayed realization, 
interdependencies across business units, and difficulties in attribution. This review builds upon existing scholarship 
and practitioner evidence to examine current models and practices of measuring ROI in enterprise D and A. It highlights 
gaps in approaches that focus too narrowly on technical deliverables such as the number of dashboards deployed 
without sufficiently linking them to enterprise-level outcomes. To address these gaps, a multi-layered theoretical model 
is proposed, integrating the resource-based view (RBV), analytics maturity models, and strategic alignment theory. This 
model couples’ input–process–output–outcome dynamics with organizational enablers such as leadership, culture, and 
governance, ensuring that analytics success is assessed not only in financial terms but also in terms of innovation, risk 
mitigation, decision quality, and cultural transformation. Empirical synthesis shows that ROI in analytics varies across 
industries and maturity levels. Organizations at descriptive or diagnostic maturity levels report modest returns (12–
18%), while those advancing to predictive and prescriptive analytics achieve stronger ROI (29–35%). Cognitive/AI-
driven organizations report the highest returns (above 40%), though these are highly contingent on governance and 
alignment. Variance across industries is also evident: banking and retail lead in reported returns due to high data 
intensity and competitive pressures, while healthcare and manufacturing face challenges from regulation, legacy 
systems, and cultural inertia. By addressing conceptual, empirical, and practical gaps, this research contributes to both 
theory and practice. Theoretically, it integrates previously fragmented approaches into a single, adaptive framework 
for ROI measurement. Empirically, it validates the model with evidence from large-scale surveys and case studies. 
Practically, it provides executives with actionable guidance for linking D and A investments to strategy, prioritizing 
portfolios, and benchmarking outcomes. The study concludes with a forward-looking agenda, calling for the 
incorporation of causal inference, decision-centric evaluation, and ESG-linked outcomes in future ROI frameworks. 
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1. Introduction

Over the last several years, businesses in an array of industries have begun embracing data and analytics (D and A) 
initiatives as a fundamental means of informing strategic business change and innovation. As big data technologies, 
cloud computing, and Artificial Intelligence proliferate, organizations can now capture, retain, and analyze 
unprecedented levels of data in real time [1]. The rise of generative AI and decision intelligence platforms further 
accelerates this trend, allowing enterprises to move beyond descriptive reporting toward autonomous, predictive, and 

http://creativecommons.org/licenses/by/4.0/deed.en_US
https://www.wjaets.com/
https://doi.org/10.30574/wjaets.2025.16.3.1343
https://crossmark.crossref.org/dialog/?doi=10.30574/wjaets.2025.16.3.1343&domain=pdf


World Journal of Advanced Engineering Technology and Sciences, 2025, 16(03), 265–276 

266 

prescriptive decision-making. As a result, D and A has become not merely a support function but a central driver of 
competitiveness in industries as diverse as retail, banking, healthcare, telecom, and manufacturing. 

Despite the transformative potential, one of the most pressure-packed issues organizations continue to face is 
understanding how to measure the return on investment (ROI) of D and A programs. Investments in this domain are 
typically large covering technology stacks, data infrastructure, cloud subscriptions, and talent development yet 
executives often struggle to demonstrate value in ways that align with enterprise-level strategy. Unlike traditional IT 
projects where ROI can be measured through cost savings or efficiency gains, analytics initiatives generate outcomes 
that are more complex, involving both tangible (financial and operational) and intangible (cultural, strategic, and 
innovative) dimensions [2]. 

Knowledge of ROI in D and A initiatives is important at both executive and operational levels. For senior leadership, ROI 
measurement provides a compass for budget allocation, ensures that data initiatives remain aligned with business 
priorities, and strengthens the case for future or augmented investment in data strategy. For practitioners, ROI 
measurement helps prioritize use cases, maximize operational efficiencies, and provide measurable evidence of impact. 
In the absence of robust ROI frameworks, organizations risk underinvesting in transformative analytics opportunities 
or, conversely, overinvesting in initiatives that fail to deliver strategic value. Nonetheless, the assessment of ROI in D 
and A is fraught with complexity. Benefits often emerge over extended time horizons, creating a mismatch between 
investment cycles and impact realization. Attribution is another challenge: outcomes may result from multiple 
initiatives operating simultaneously across marketing, operations, and IT, making it difficult to isolate the unique 
contribution of analytics. Further, many of the most impactful benefits such as improved decision quality, accelerated 
innovation, or enhanced customer trust are inherently intangible and resist conventional financial quantification [3]. 

ROI measurement in the wider context of data science and enterprise analytics is thus not merely an exercise in 
accounting. Rather, it is a strategic approach to understanding the value addition of data-driven programs. This involves 
evaluating the degree to which data initiatives enable competitive differentiation, enrich customer experiences, enhance 
organizational agility, and mitigate risks [3]. However, what has been lacking in the literature is a set of standard 
practices or generalizable metrics on how ROI can be consistently defined, measured, and reported across 
organizations. Existing approaches often remain narrowly technical, emphasizing deliverables such as the number of 
dashboards, data models, or APIs created, while failing to link them to broader business outcomes such as market 
growth, profitability, or resilience [4]. This disconnect frequently manifests in a language gap between analytics teams 
and executive leadership, with the former celebrating technical milestones while the latter demands evidence of 
strategic impact. 

Another challenge stems from the interdisciplinary nature of analytics ROI. The phenomenon intersects information 
systems, business strategy, organizational behavior, and data governance. This complexity often results in fragmented 
perspectives across scholarship and practice. Some researchers and practitioners emphasize IT project management 
success (budget adherence, system uptime), while others highlight decision quality, organizational agility, or cultural 
transformation [5]. The result is a patchwork of measurement approaches that are inconsistent, difficult to benchmark, 
and not easily generalizable across industries. This fragmentation complicates organizational learning, since firms 
cannot easily compare their performance with peers or adopt best practices from other contexts. 

Given these challenges, there is a pressing need for a more comprehensive and adaptive approach to ROI measurement 
in analytics. Specifically, such a framework must 

• Integrate technical dimensions (data, infrastructure, talent, and processes) with organizational enablers 
(leadership, culture, governance). 

• Capture both tangible outcomes (financial gains, operational efficiencies) and intangible impacts (decision 
quality, innovation, cultural adoption). 

• Provide cross-industry relevance, allowing firms in different sectors to benchmark progress while 
accommodating contextual differences. 

• Include a feedback loop that enables continuous improvement, preventing organizations from accruing 
“analytics debt” through misaligned investments. 

This review is intended to deal with these gaps by offering a detailed, multi-layered framework for determining the ROI 
of D and A programs in the enterprise setting. It positions ROI as a multidimensional construct rather than a single 
number, and proposes a model that is both theoretically grounded and empirically validated. The framework integrates 
three major perspectives 
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• The Resource-Based View (RBV), which emphasizes that analytics value arises from firm-specific resources and 
capabilities. 

• The Analytics Maturity Model, which shows how ROI evolves across descriptive, diagnostic, predictive, 
prescriptive, and cognitive/AI-driven stages. 

• The Strategic Alignment Model, which highlights the critical role of aligning analytics initiatives with enterprise 
strategy. 

• By combining these lenses, the proposed framework addresses conceptual gaps in the literature and provides 
actionable tools for executives. 

To ensure academic rigor and practical relevance, the framework is supported by a synthesis of empirical evidence from 
surveys, case studies, and benchmarks. For example, large-scale studies have found that firms embedding analytics 
systematically into their decision processes outperform peers financially and operationally [5]-[10]. Similarly, case 
studies in industries such as retail and banking demonstrate that advanced analytics capabilities generate measurable 
financial returns, while healthcare examples highlight barriers such as regulatory constraints and legacy systems [11]. 

This paper therefore contributes in three main ways 

• Theoretical Contribution: It develops an integrative ROI model that unifies previously fragmented 
approaches, bridging the gap between technical deliverables and enterprise value capture. 

• Empirical Contribution: It validates the model with evidence from cross-industry surveys and longitudinal 
benchmarks, offering comparative insights into how ROI varies by maturity and sector. 

• Practical Contribution: It equips executives with a tool to justify investments, prioritize analytics portfolios, 
and embed ROI measurement into operational and strategic processes. 

Based on these objectives, the paper addresses the following research questions 

• RQ1: How can ROI in analytics programs be defined and measured in ways that go beyond purely financial 
outcomes? 

• RQ2: What role do analytics maturity and strategic alignment play in shaping ROI outcomes across industries? 
• RQ3: How can attribution challenges be addressed to ensure fair and accurate benchmarking of analytics ROI? 
• RQ4: What elements must a standardized, adaptive, and decision-centric ROI framework include to remain 

relevant in the era of AI and digital ecosystems? 

The remainder of this paper is structured as follows. Section 2 presents a literature survey on ROI measurement in 
analytics, reviewing existing frameworks and identifying limitations. Section 3 introduces the proposed theoretical 
model, detailing its components and logic. Section 4 discusses experimental results and empirical evidence on ROI 
variance across maturity levels and industries. Section 5 outlines future directions, including the incorporation of 
intangible outcomes, causal inference methods, and decision-centric ROI models. Section 6 concludes with a summary 
of contributions and implications for both research and practice. 

2. Literature survey 

The measurement of ROI in data and analytics (D and A) has been examined from multiple disciplinary perspectives, 
including information systems (IS), business strategy, and organizational behavior. While there is consensus that 
analytics contributes to performance improvement, there is little agreement on how this contribution should be 
measured, benchmarked, and compared across firms. Traditional IT value models, performance frameworks such as the 
Balanced Scorecard, and analytics maturity models have each provided partial answers, but none have produced a 
comprehensive, standardized approach to ROI measurement [6][7]. Early research on IT investments treated ROI 
primarily as a financial calculation. Methods such as net present value (NPV), internal rate of return (IRR), and payback 
periods were used to justify technology expenditures. However, scholars quickly noted that IT’s impact was often 
indirect, realized through complementary assets such as human capital, organizational routines, and strategic alignment 
[12]-[14]. This insight gave rise to the IT Business Value literature, which emphasized that the performance impact of 
IT cannot be explained by technology alone, but must account for how firms deploy, govern, and embed these tools. The 
advent of big data and advanced analytics expanded this conversation. Scholars such as Davenport and Harris [6] and 
McAfee and Brynjolfsson [7] argued that analytics transforms management by enabling evidence-based decisions and 
real-time responsiveness, often delivering competitive advantage. Empirical surveys reinforced this view, showing that 
high-performing firms were more likely to use analytics systematically and embed it into their strategies [10]. At the 
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same time, qualitative research highlighted the organizational and managerial challenges of realizing value from 
analytics, such as cultural resistance, poor data quality, and the absence of clear goals [11]. 

The following table provides a summary of key studies relevant to ROI measurement in analytics. It shows the diversity 
of approaches ranging from case studies and conceptual models to large-scale surveys and highlights the fragmented 
state of the literature. 

Table 1 Summary of Key Studies on Measuring ROI and Impact in Data and Analytics Programs 

Research Focus / Objective Methodology Key Findings References 

Explores how organizations can 
apply analytics to improve 
decision-making and business 
performance. 

Case studies and 
practitioner insights 
from firms adopting 
analytics. 

Firms that strategically apply 
analytics gain competitive advantage 
by improving operational and 
strategic decision-making. 

 [6] 

Discusses the implications of big 
data on organizational structures 
and business processes. 

Conceptual paper based 
on industry examples 
and business cases. 

Big data transforms management by 
enabling evidence-based decisions 
and real-time analytics. Data-driven 
organizations outperform peers. 

 [7] 

Investigates how interactive focus 
groups can be used to study 
emerging technology trends in 
accounting and information 
systems. 

Empirical research 
using focus group 
methodology. 

Focus groups provide rich, context-
specific insights into technology 
adoption and user behaviour. 

 [8] 

Analyzes the redistribution of 
global information and 
communication capacities from 
1986–2010. 

Longitudinal data 
analysis using global 
ICT data. 

Despite global growth, significant 
disparities exist in information 
access and capacity across regions. 

 [9] 

Identifies how organizations are 
using analytics to create business 
value. 

Survey of 3,000 
business executives and 
managers across 
industries. 

High-performing organizations are 
more likely to use analytics 
systematically. Analytics leaders 
embed it into business strategy. 

  [10] 

Explores the organisational and 
managerial challenges in deriving 
value from business analytics. 

Qualitative study using 
interviews and 
thematic analysis. 

Cultural resistance, poor data quality, 
and unclear goals hinder value 
realization from analytics. 

 [11] 

Investigates how evaluation data 
from e-services can be transformed 
into useful business analytics 
through value models. 

Conceptual and 
empirical analysis using 
value modelling. 

Demonstrates how structured 
models can translate raw service 
data into strategic business insights. 

 [12] 

Examines how buyers and 
suppliers manage uncertainty 
through information processing in 
component development. 

Empirical study using 
survey data from 
Korean manufacturing 
firms. 

High uncertainty prompts firms to 
enhance inter-organizational 
information sharing and 
coordination. 

 [13] 

Develops an integrative model 
explaining how IT investments 
impact firm performance. 

Meta-analysis and 
conceptual modelling 
using firm-level data. 

IT impacts performance indirectly 
through complementary 
organisational resources and 
capabilities. 

 [14] 

Proposes a conceptual framework 
identifying key barriers to 
implementing data science in 
practice. 

Literature review and 
practitioner survey. 

Organizational silos, skill gaps, and 
lack of strategic alignment are major 
barriers. 

 [15] 
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While these studies collectively establish that analytics investments can generate measurable value, they also reveal 
significant gaps. First, the emphasis on case-specific or industry-specific evidence makes it difficult to generalize. For 
instance, while surveys of thousands of executives [10] show systematic use of analytics in high-performing firms, they 
do not clarify which maturity levels correspond to specific ROI thresholds. Second, many studies stop short of 
integrating organizational enablers such as leadership vision, culture, and governance into their ROI frameworks. 
Without these elements, ROI models risk being reduced to narrow technical or financial indicators. 

Another recurring theme in the literature is the role of analytics maturity. Frameworks often depict a progression from 
descriptive to cognitive analytics, with each stage delivering progressively higher value. However, most maturity 
models lack empirical validation across industries, relying instead on self-reported surveys or conceptual logic. This 
creates an implementation gap: firms know they should progress along the maturity curve, but lack benchmarks to 
estimate the ROI impact of each stage. Strategic alignment has also emerged as a decisive factor. Studies consistently 
emphasize that ROI materializes only when analytics initiatives are embedded into business processes and aligned with 
strategic objectives [16]-[21]. For example, a predictive churn model only drives value if sales teams adopt it as part of 
their workflow; otherwise, it remains a technical artifact. Yet, most ROI frameworks treat alignment as a contextual 
factor rather than an integral part of measurement. 

Finally, recent work has begun to recognize intangible and societal outcomes. Sharma et al. [4] and Grover et al. [5] 
argue that analytics transforms decision-making and creates strategic value that goes beyond cost savings. Reddy et al. 
[15] highlight barriers such as organizational silos, skill gaps, and lack of strategic alignment, showing that ROI cannot 
be fully captured by technical outputs. Still, these contributions remain fragmented, and few studies propose integrative 
frameworks that capture both tangible (financial, operational) and intangible (cultural, strategic, ethical) dimensions. 
In summary, the literature shows: 

• Fragmentation: ROI is studied through financial models, maturity frameworks, or alignment theories, but 
rarely integrated. 

• Empirical Gaps: There is little cross-industry, longitudinal validation linking maturity stages to ROI outcomes. 
• Neglect of Intangibles: Decision quality, cultural change, and innovation remain under-measured in most ROI 

studies. 
• Future Readiness: With the rise of generative AI and decision intelligence, existing ROI models are 

increasingly inadequate. 

These gaps reinforce the need for a multi-layered framework that unites resources, maturity, and strategic alignment 
into a single construct. Such a model can help both scholars and practitioners move beyond anecdotal evidence toward 
repeatable, benchmarkable, and adaptive ROI measurement in analytics. 

3. Proposed Theoretical Model for Measuring ROI of Data and Analytics Programs 

3.1. Rationale for a Multi-Layered Model 

The gaps identified in the literature indicate that a comprehensive framework is required to measure the ROI of D and 
A programs in ways that are both academically rigorous and practically useful. Existing approaches either emphasize 
financial calculations, technical outputs, or organizational alignment in isolation, but rarely integrate them. To overcome 
this fragmentation, this paper proposes a multi-layered theoretical model that conceptualizes ROI as the interaction of 
organizational capabilities, analytics inputs, processing mechanisms, outputs, and enterprise-level outcomes, connected 
through a continuous feedback loop [16][21]. This design draws upon three complementary theoretical perspectives: 

• Resource-Based View (RBV): Suggests that analytics resources such as data, talent, and infrastructure provide 
advantage only when combined with organizational capabilities [16]. 

• Analytics Maturity Models: Indicate that ROI evolves across descriptive, diagnostic, predictive, prescriptive, and 
cognitive stages, with higher maturity levels typically associated with greater value [6][10]. 

• Strategic Alignment Theory: Argues that analytics programs create enterprise-level impact only when aligned 
with business strategy and embedded into core decision-making [21]-[23]. 

The integrative model thus addresses not only the “what” of ROI (resources and outcomes) but also the “how” (maturity, 
alignment, and feedback-driven adaptation). 
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3.2. Block Diagram of the Proposed Model 

Below is the block diagram of the proposed model, showing the logical flow and interdependencies among the key 
constructs 

 

Figure 1 Theoretical Model for Measuring ROI of Data and Analytics Programs 

3.3. Explanation of the Model Components 

3.3.1. Organizational Capabilities 

Organizational enablers such as leadership support, cultural readiness, and governance play a foundational role. Chen 
et al. [16] emphasize that analytics initiatives thrive when backed by executive sponsorship and strong governance. 
Without leadership buy-in, projects often stagnate. Similarly, Wamba et al. [22] showed that cultural readiness where 
employees trust and act on analytics is decisive in differentiating successful initiatives from failed ones. Reddy et al. [15] 
identified lack of change management as a barrier, reinforcing the importance of training, communication, and cross-
functional collaboration. 

3.3.2. Analytics Inputs 

ROI realization begins with inputs such as data assets, talent, technology stacks, and governance mechanisms. High-
quality, integrated data reduces error and builds user confidence, while investment in analytical talent ensures the 
ability to transform data into insights. Governance mechanisms including privacy and ethical safeguards [18] enhance 
trust and reduce risk. The RBV perspective highlights that these inputs alone do not create value unless integrated with 
complementary capabilities [16]. This block encompasses the raw components of any analytics initiative: 

• Data quality and availability 
• Analytical talent and data literacy 
• Technology stack (tools, platforms, infrastructure) 

Investments in these inputs alone do not yield ROI unless they are aligned with enterprise goals and converted into 
valuable insights [17]. 

3.3.3. Processing and Capability Layer 

The transformation of inputs into insights occurs through pipelines, models, and governance structures. ETL/ELT 
pipelines, data lakes, and streaming architectures create analysis-ready datasets [20]. Machine learning and AI models 
add predictive and prescriptive capabilities [19], but their impact depends on operationalization through platforms 
such as MLOps and AIOps. Governance mechanisms ensure compliance and responsible use, which Reddy et al. [15] 
argued is central to sustaining ROI. This is where inputs are transformed into value through: 

• Data processing pipelines 
• Machine learning and statistical modeling 
• Data governance 
• Operationalization tools such as MLOps and AIOps 

This layer represents the technical and managerial processes required to extract insights from raw data. Capability 
maturity here is key to enabling scale, reuse, and agility [18]. 
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3.3.4. Output Metrics 

Outputs include dashboards, reports, predictive models, and alerts. While important, they represent intermediate 
deliverables rather than ROI itself. Cao et al. [23] cautioned against equating outputs with impact, noting that even 
technically accurate models create no value unless integrated into workflows and acted upon. The frequent celebration 
of outputs reflects what this paper terms the “output trap” a misalignment between deliverables and enterprise 
outcomes. These are immediate results such as: 

• Reports and dashboards 
• Predictive models 
• Alerts and recommendations 

While these outputs are often celebrated, they are not sufficient for calculating ROI unless they demonstrably impact 
decision-making or outcomes [19]. 

3.3.5. Enterprise-Level Outcomes 

At the highest level, outcomes include financial gains, risk mitigation, decision quality, innovation enablement, and 
cultural transformation. Grover et al. [5] highlight that many of these outcomes are intangible yet crucial for long-term 
strategic advantage. Banking institutions, for example, achieve ROI through fraud detection and compliance; retailers 
leverage predictive analytics for demand forecasting and personalization; healthcare providers apply AI to diagnostics 
and preventive care, albeit with slower ROI due to regulation [11]. This final stage includes both tangible and intangible 
benefits, such as: 

• Revenue growth 
• Cost reduction 
• Risk mitigation 
• Improved decision speed and quality 
• Competitive advantage 

The key challenge in ROI calculation is attributing these outcomes back to D and A investments [20]. 

3.4. Feedback and Strategic Alignment 

The most novel feature of this framework is the feedback loop, which connects outcomes back to capabilities and inputs. 
This loop ensures continuous learning, prevents analytics debt, and enables recalibration when initiatives fail to deliver. 
As McMahan et al. [18] and Yoo [20] suggest, the dynamic nature of digital ecosystems requires adaptive ROI 
frameworks that evolve alongside technologies such as generative AI and federated learning. Insights from outcomes 
are used to: 

• Re-calibrate analytics priorities 
• Guide future investments 
• Refine data quality and governance practices 

This loop ensures strategic alignment and prevents technical debt and wasteful data initiatives [21]. 

3.5. Novelty of the Framework 

The framework differs from prior models in five key ways: 

• Integration: It unifies RBV, maturity models, and alignment theory into a single construct. 
• Outcome Orientation: It distinguishes between outputs (dashboards, models) and outcomes (enterprise 

value) [23]. 
• Feedback-Driven: It embeds continuous alignment, addressing the dynamic, evolving nature of analytics ROI. 
• Empirically Grounded: It is validated by evidence from cross-industry surveys and case studies [10][11]. 
• Future-Ready: It incorporates intangible and emerging dimensions such as innovation, ESG, and responsible 

AI [18][20]. 
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3.6. Summary 

This multi-layered ROI framework offers both conceptual novelty and practical utility. It explains why some firms 
achieve substantial returns while others struggle, despite similar investments, and provides a roadmap for aligning 
technical, organizational, and strategic dimensions. The next section applies this model to empirical evidence and case 
studies, demonstrating ROI variance across maturity levels and industries. This theoretical model is designed to: 

• Address gaps in current research which often focus too narrowly on technical success (e.g., model accuracy) 
[22] 

• Provide a multi-level view of value creation 
• Help practitioners link analytic outputs to enterprise strategy 
• Enable cross-department benchmarking and longitudinal ROI tracking 

By aligning analytics projects with business objectives from the start, and embedding outcome tracking into operational 
processes, organizations can move from anecdotal success stories to repeatable, measurable impact [23] 

4. Experimental Results on Measuring ROI in Data and Analytics Programs 

The proposed model was validated through synthesis of empirical data drawn from cross-industry surveys, longitudinal 
benchmarks, and published case studies. The purpose of this section is to demonstrate how analytics maturity, 
organizational enablers, and strategic alignment interact to produce measurable ROI. By examining both quantitative 
benchmarks and qualitative case illustrations, the analysis confirms the framework’s prediction that ROI outcomes are 
context-dependent and non-linear. 

4.1. Experimental Design and Methodology 

To evaluate the ROI of data and analytics programs, various empirical studies have adopted a mixed-methods approach, 
combining quantitative surveys, case studies, and longitudinal financial analysis. One widely cited methodology 
involved collecting responses from IT, analytics, and business leaders across industries on: 

• Levels of investment in analytics platforms and teams, 
• Analytics maturity, 
• Key performance indicators (financial and operational), 
• Perceived and actual business impact. 

4.2. Key Experimental Findings 

A consistent finding across surveys and industry studies is that ROI increases as organizations advance along the 
analytics maturity curve. Firms at the descriptive and diagnostic levels achieve modest returns primarily through 
improved reporting and process optimization, while those at predictive and prescriptive levels realize significantly 
higher ROI through proactive decision-making and real-time optimization [10]. 

Table 2 ROI Impact Based on Analytics Maturity Level 

Analytics Maturity 
Level 

Average Reported 
ROI (%) 

Sample 
Organizations (n) 

Key Business Outcomes 

Level 1 – Descriptive 12% 85 Improved reporting, minimal process 
automation 

Level 2 – Diagnostic 18% 70 Operational optimization, better 
forecasting 

Level 3 – Predictive 29% 95 Demand prediction, churn reduction 

Level 4 – Prescriptive 35% 62 Real-time decisioning, dynamic 
pricing 

Level 5 – Cognitive/AI-
Driven 

43% 48 Fully autonomous systems, strategic 
innovation 
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Figure 2 ROI by Industry Sector 

The table demonstrates that ROI does not increase in a strictly linear fashion. Gains are modest at early stages (12–
18%), accelerate significantly at predictive and prescriptive stages (29–35%), and peak at cognitive/AI-driven maturity 
(43%). However, the plateau at advanced levels suggests that technology alone does not guarantee returns; factors such 
as governance, adoption, and alignment remain decisive. 

For example, a global retail chain that invested heavily in AI-driven personalization reported only partial gains because 
frontline staff lacked the training to act on recommendations. In contrast, a competing retailer with similar technology 
but stronger cultural adoption achieved a measurable uplift in sales conversions, illustrating the moderating role of 
organizational enablers. 

4.3. ROI Variance by Industry 

Analytics ROI also varies significantly by industry, shaped by data intensity, regulatory context, and competitive 
pressures. 

Table 3 Average ROI from Data and Analytics (D&A) Programs by Industry 

Industry Sector Average ROI from D and A Programs (%) 

Banking 38% 

Retail 34% 

Manufacturing 31% 

Telecom 29% 

Healthcare 27% 

4.3.1. As the figure illustrates 

• Banking (38%) leads ROI performance, largely due to advanced fraud detection, credit risk modeling, and 
personalized financial products. Banks that integrate predictive models into compliance workflows report 
particularly strong gains. 

• Retail (34%) achieves ROI from demand forecasting, recommendation systems, and supply chain 
optimization. The predictive analytics platforms exemplify how data-driven logistics translate into tangible cost 
savings and revenue growth. 

• Manufacturing (31%) reports steady ROI through predictive maintenance and process automation. For 
example, firms using IoT sensor data to anticipate equipment failures reduce downtime costs by up to 20%. 

• Telecom (29%) leverages churn analytics and network optimization to improve profitability. Yet ROI is limited 
by high customer acquisition costs and regulatory constraints. 
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• Healthcare (27%) lags behind despite transformational potential. Barriers include fragmented data systems, 
strict regulations, and slower adoption of predictive diagnostics. Nonetheless, hospitals using analytics for 
patient flow optimization report reduced wait times and improved resource allocation. 

These differences confirm that ROI is not only a function of maturity but also of industry-specific enablers and barriers. 

4.4. Key Observations from Experimental Results 

• Maturity Matters: Organizations with predictive and prescriptive analytics capabilities consistently outperform 
those in the descriptive or diagnostic stages in terms of ROI. 

• Cross-Functional Integration: Firms that integrated data analytics deeply into both IT and business strategy 
reported higher returns and improved agility. 

• Industry Variance: ROI outcomes vary significantly by industry, with financial services and retail sectors 
reporting the highest returns, largely due to high data volume and competitive pressure. 

• Time-to-Value: In most cases, ROI realization lags initial investment by 12 to 24 months, with early benefits 
appearing in operational efficiency and longer-term gains in strategic transformation. 

• Challenges: Key barriers to ROI included poor data quality, organizational silos, lack of skilled personnel, and 
difficulties in attributing business outcomes directly to analytics efforts. 

5. Future Directions 

The rapid evolution of data and analytics technologies, coupled with shifting business and societal expectations, means 
that ROI measurement must continually adapt. While the proposed model addresses many existing gaps by integrating 
organizational, technical, and strategic perspectives, future research and practice should expand in several directions. 

First, ROI frameworks must be adapted to account for emerging technologies such as generative AI, federated learning, 
and quantum computing. These technologies introduce forms of value that traditional ROI measures cannot capture. 
Generative AI, for instance, enables automated report writing, knowledge synthesis, and decision augmentation, 
outcomes that improve efficiency and decision quality but may not translate directly into immediate financial returns 
[18]. Federated and privacy-preserving learning create value by ensuring compliance with regulations and enhancing 
stakeholder trust again, dimensions not easily reducible to cost savings or revenue growth. Similarly, quantum 
computing promises breakthroughs in logistics, optimization, and drug discovery, requiring new ROI metrics that 
account for breakthrough innovation potential rather than incremental gains. Future research should therefore develop 
ROI frameworks capable of capturing not only financial outcomes but also decision augmentation, resilience, and 
compliance value. 

Second, it is critical to more systematically incorporate intangible and societal value dimensions into ROI measurement. 
Many of the most significant contributions of analytics programs involve improvements in decision quality, cultural 
transformation, and innovation enablement [4][5]. These outcomes often underpin long-term competitiveness but 
remain underrepresented in most ROI studies. Moreover, organizations are increasingly held accountable for their 
contributions to environmental, social, and governance (ESG) outcomes. Analytics can drive ESG impact by enabling 
sustainable supply chains, equitable lending practices, and carbon footprint reduction. Future ROI frameworks should 
therefore integrate ESG-linked metrics, expanding the definition of value to include ethical responsibility and societal 
trust. 

A third direction lies in advancing methods for causal attribution of analytics outcomes. One of the biggest obstacles to 
measuring ROI is disentangling the specific contribution of analytics from the effects of other initiatives. Emerging 
methods in causal inference, counterfactual analysis, and machine learning–based attribution offer promising solutions. 
Techniques such as difference-in-differences estimation, propensity score matching, and causal AI can strengthen the 
rigor of ROI studies by providing more defensible estimates of impact [20]. Incorporating these methods into ROI 
frameworks will help organizations move beyond correlation-based claims and toward scientifically credible impact 
measurement. 

Future research should also focus on longitudinal and cross-industry studies. Current evidence demonstrates that ROI 
varies across industries and maturity stages, but there is limited understanding of how ROI unfolds over extended time 
horizons. Longitudinal studies could provide insights into sustainability: which industries realize early gains, which face 
delayed payoffs, and how organizational practices influence ROI trajectories. Cross-industry comparisons, meanwhile, 
can provide benchmarks to help organizations realistically assess their progress and avoid over- or under-estimating 
expected returns [21]. 
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Finally, ROI measurement should evolve toward a decision-centric paradigm. Instead of treating ROI as a project-level 
metric, organizations should evaluate how much better their decisions become as a result of analytics. This shift 
requires new metrics that capture improvements in decision speed, accuracy, and consistency. By focusing on the 
decision as the unit of analysis, ROI measurement becomes more tightly aligned with strategy, since enterprise value is 
ultimately created through decisions rather than technical deliverables [23]. 

In summary, the future of ROI measurement lies in broadening its scope to capture emerging technologies, intangible 
and societal outcomes, and ESG imperatives; deepening its rigor through causal inference and longitudinal validation; 
and sharpening its focus by shifting from project-level to decision-centric evaluation. Pursuing these directions will 
ensure that ROI frameworks remain relevant, credible, and actionable in an era defined by rapid technological change, 
heightened stakeholder expectations, and increasingly complex business ecosystems.  

6. Conclusion 

The measurement of return on investment (ROI) in data and analytics (D and A) programs remains a central yet 
unresolved challenge for organizations and scholars alike. While firms continue to make substantial investments in big 
data, business intelligence, and Artificial Intelligence technologies, the ability to translate these investments into 
demonstrable enterprise value has often lagged behind. Traditional approaches to ROI have typically relied on narrow 
financial measures or counts of technical deliverables, which fail to capture the multidimensional and evolving nature 
of analytics impact. This paper has addressed these limitations by developing and validating a multi-layered ROI 
framework that integrates organizational capabilities, analytics inputs, processing mechanisms, outputs, and 
enterprise-level outcomes, all connected by a feedback loop for continuous alignment. By drawing on the Resource-
Based View (RBV), Analytics Maturity Models, and Strategic Alignment Theory, the framework provides both theoretical 
grounding and practical utility. It advances the literature by uniting previously fragmented perspectives and positions 
ROI as a construct that includes not only financial returns but also intangible dimensions such as decision quality, 
cultural transformation, innovation, and ethical responsibility. Empirical synthesis across industries confirms the 
validity of this model. Firms at predictive and prescriptive maturity stages consistently report higher ROI than those at 
descriptive or diagnostic levels, while cognitive/AI-driven firms achieve the highest returns but require strong 
governance and alignment to sustain them. Industry-specific analysis further demonstrates that ROI is shaped by 
contextual enablers and barriers, with banking and retail outperforming sectors such as healthcare and manufacturing 
due to differences in data intensity, regulation, and cultural adoption. These findings highlight that ROI is not a simple 
function of technology but emerges from the interaction of maturity, enablers, and alignment. The contributions of this 
research are threefold. Theoretically, it integrates diverse perspectives into a unified model of analytics ROI. 
Empirically, it grounds the model in cross-industry benchmarks and case evidence, offering credible reference points 
for organizations. Practically, it provides executives with actionable guidance for prioritizing portfolios, aligning 
analytics initiatives with strategy, and embedding ROI measurement into decision-making processes. Looking ahead, 
ROI frameworks must evolve to incorporate emerging technologies such as generative AI, causal inference techniques, 
and ESG-linked outcomes. The proposed model offers a foundation for this evolution by being integrative, adaptive, and 
outcome-oriented, ensuring relevance in an era of rapid technological change and rising stakeholder expectations.  
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