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Abstract
This paper has examined the strategic role of data analytics capability in transforming financial decision-
making and enhancing firm performance in an increasingly competitive and data-driven business environment.
Data analytics capability is conceptualised as a multidimensional construct comprising advanced
technological infrastructure, analytical expertise, a structured decision-making framework, and an
organisational culture rooted in evidence-based practices. Grounded in the resource-based view and dynamic
capabilities theory, the study positions data analytics capability as a pivotal internal resource that enables
firms to adapt, innovate, and secure a competitive edge. Traditional financial management, once reliant on
historical data and fixed models, is evolving into a dynamic, real-time process supported by predictive and
prescriptive analytics. However, the uneven adoption of analytics, particularly in developing regions, has
contributed to a performance gap, often driven by inadequate infrastructure and organisational resistance to
change. In response, this study employs panel data analysis to investigate the relationship between data
analytics capability and financial performance indicators, including return on assets, firm growth, and asset
turnover. The impact of data analytics capability is also moderated by firm size and industry context,
explaining that organisational scale and sectoral dynamics influence the effectiveness of analytics deployment.
Beyond contributing empirical insights to the growing literature on analytics and performance, the research
offers actionable guidance for business leaders and policymakers. It underscores the importance of sustained
investment in analytical skills, data infrastructure, governance practices, and cross-functional collaboration.
As data analytics capability becomes increasingly strategic, especially with the rise of artificial intelligence
and cloud computing firms that embed analytics into their core financial practices are likely to improve agility,
enhance decision accuracy, and strengthen overall performance in volatile market conditions.
Keywords: Data Analytics Capability, Financial Performance, Dynamic Capabilities

1. Introduction
This transformation marks one of the most significant shifts in organisational functioning, decision-
making, and competitive positioning since the advent of the digital era, largely driven by the
unprecedented rate at which data is now generated. Nowhere is this more evident than in financial
decision-making, a domain traditionally reliant on accounting models, performance forecasts, and
historical analysis. These conventional approaches are increasingly being supplemented—and in
many cases, supplanted, by data-driven methodologies. The integration of data analytics into financial
functions represents not merely a technological upgrade but a fundamental reorientation of how firms
formulate and execute strategy. With the exponential growth of structured and unstructured data from
enterprise systems, customer interactions, market feeds, and Internet of Things devices, the ability to
extract actionable insights has become an operational necessity in today’s volatile business
environment (Wamba et al., 2017; Wang & Ahmad, 2018; Khan, 2022; Marc & Al-Masri, 2024;
Khalid et al., 2025).
Data analytics capability refers to an organisation’s proficiency in collecting, managing, and
analysing data to inform decisions and influence performance. As Gupta and George (2016) note, it
is not limited to the presence of technical infrastructure; rather, it also entails organisational readiness,
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human capital, and strategic alignment. In this regard, data analytics capability is best understood as
a multidimensional construct encompassing tangible resources, such as big data platforms and
analytics software, alongside intangible components like a data-driven culture and executive
commitment. Firms that successfully develop these capabilities are better equipped to derive value
from data, improve operational efficiency, enhance customer experience, identify new revenue
streams, and ultimately improve financial performance (Akter et al., 2016; Hussain, 2018; Siddique
et al., 2025).

The application of analytics in financial decision-making has expanded considerably. Predictive and
prescriptive analytics models are increasingly employed by financial executives to improve the
accuracy of budgeting, cash flow forecasting, capital investment planning, credit risk assessment, and
fraud detection (Davenport and Harris, 2007; Asif & Simsek, 2018; Margolis & Calerson, 2021;
Kongmanila, 2023). Unlike traditional financial models, which primarily rely on historical data and
assume market equilibrium, analytics-driven models incorporate real-time inputs, economic
indicators, behavioural signals, and social sentiment to generate continuously evolving insights.
Consequently, the finance function is shifting from a historically reactive and compliance-focused
role to a proactive and strategic contributor to enterprise agility and value creation (Brynjolfsson and
McAfee, 2014; Huseyin, 2023; Arshad et al., 2025).

The relevance of data analytics capability to firm performance is grounded in well-established
theoretical frameworks. According to the resource-based view, firms achieve sustainable competitive
advantage by developing and deploying resources that are valuable, rare, inimitable, and non-
substitutable (Barney, 1991). From this perspective, data analytics capability qualifies as a strategic
asset, particularly when it is deeply embedded within organisational processes and tightly aligned
with corporate objectives. The dynamic capabilities theory builds on this by highlighting a firm’s
capacity to sense opportunities, seize them, and reconfigure resources accordingly (Teece et al.,
1997). In the context of analytics, the ability to derive insights from data and act upon them represents
a dynamic capability that enables firms to respond effectively to evolving market conditions.
Empirical research increasingly supports these theoretical perspectives, demonstrating that firms with
stronger data analytics capability tend to outperform peers in profitability, return on assets, market
share, and innovation (Wamba et al., 2017; Salleh & Sapengin, 2023; Igbal et al., 2025).

Despite this growing consensus on the value of analytics, many organisations continue to face
challenges in building and implementing data analytics capability effectively. Obstacles include
outdated legacy systems, data silos, shortages of skilled personnel, weak data governance structures,
and cultural resistance to change (Sharma et al., 2014; Khan & Ullah, 2020; Bilal & Tanveer, 2023;
Bukhari et al., 2025). These barriers are particularly pronounced in developing and transitional
economies, where disparities in digital infrastructure and data literacy are more prevalent.
Consequently, the impact of analytics on financial decision-making and performance varies widely
depending on contextual factors such as industry type, firm size, regulatory environment, and level
of technological advancement. Given these differences, there is a clear need for context-specific
research that explores the pathways through which data analytics capability influences financial
outcomes. Such studies should also examine the enablers and barriers that shape the adoption and
effectiveness of analytics initiatives. Only through this nuanced approach can the full potential of
data analytics be realised in both theory and practice.

The expectations placed upon financial leaders have evolved significantly in light of the widespread
digitisation of business processes across all sectors. The role of the Chief Financial Officer and
financial teams has expanded beyond traditional capital stewardship to encompass strategic advisory
functions, requiring the ability to interpret complex datasets and provide forward-looking insights.
This transformation has brought with it a demand for new competencies in areas such as data science,
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machine learning, and the application of business intelligence tools—skills that are now essential for
reshaping the finance function. According to the Association of International Certified Professional
Accountants (AICPA, 2020), finance teams that are prepared for the future will be defined by their
capacity to harness data analytics for agile decision-making, scenario planning, and strategic
forecasting. These capabilities enhance organisational responsiveness, enable faster opportunity
recognition than competitors, and ultimately contribute to long-term shareholder value creation. At
the same time, emerging technologies such as artificial intelligence, cloud computing, and real-time
analytics platforms are expanding the frontiers of financial analytics. Artificial intelligence, in
particular, is enabling high-frequency trading, automated anomaly detection in transaction data, and
partial automation of audit processes (Zhang et al., 2020; Fadzil, 2021; Wadud, 2022; Ngo, 2023;
Rafique et al., 2025). The falling cost of analytics and broader access to its applications have made
data-driven decision-making increasingly attainable for firms of various sizes (Marc et al., 2021; Ali
& Audi, 2023; Igbal et al., 2025). However, the effective deployment of such technologies demands
more than investment in tools; it requires parallel investment in human capital and organisational
processes. The integration of advanced analytics into financial decision-making must be accompanied
by change management efforts, targeted training programmes, and a robust ethical framework to
ensure responsible data use.
From a research standpoint, the relationship between data analytics capability and firm performance
continues to offer a rich field for investigation. While the existing literature broadly supports a
positive correlation between analytics capability and performance outcomes, several critical
questions remain unresolved. For instance, the extent to which this relationship varies between
capital-intensive and knowledge-intensive industries is still underexplored. Similarly, the influence
of organisational culture and leadership style on the effectiveness of analytics initiatives, as well as
the role of regulatory compliance and data privacy considerations, merit closer examination.
Addressing these issues calls for rigorous empirical work employing panel data and econometric
methodologies capable of accounting for firm-level heterogeneity and endogeneity.
This study contributes to the ongoing discourse by empirically examining the relationship between
data analytics capability and firm performance, with particular emphasis on financial decision-
making. Relying on firm-level data, the research investigates how different levels of analytics
investment correlate with key financial indicators such as growth rate, return on assets, and asset
turnover. It also considers whether these relationships display nonlinear characteristics, such as
increasing or diminishing returns, as analytics capabilities scale. Furthermore, the study assesses the
moderating effects of firm size and industry context on these outcomes, thereby offering a more
refined understanding of the contingencies influencing the analytics-performance linkage.

2. Literature Review
Traditionally, financial decision-making was heavily grounded in historical financial reports, basic
forecasting techniques, and managerial intuition. Core methodologies such as discounted cash flow
analysis, capital asset pricing models, and standard ratio analysis formed the foundation of financial
planning. However, these models were often rigid and lacked contextual responsiveness. With the
exponential growth of data driven by digitisation, the Internet of Things, and the proliferation of
transactional systems, traditional financial models have become increasingly insufficient. In this
evolving landscape, a transition toward advanced analytics models has become necessary. Data
analytics now integrates real-time data processing, machine learning, and sophisticated visualisation
tools, enhancing both the depth and speed of financial analysis. A foundational perspective on the
integration of data science into organisational decision-making was provided by Provost and Fawcett
(2013), whose work in the big data journal established a guiding framework that distinguished data
science from traditional database management. Their model focuses on three core elements: the
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systematic extraction of actionable insights from complex data, the application of predictive
modelling to anticipate future outcomes, and the incorporation of analytical findings into operational
and strategic decision-making. Their research, particularly through case studies involving financial
institutions, demonstrated that organisations embracing this data science approach responded to
market changes approximately 28 percent faster than those relying on conventional business
intelligence. A central insight from their work was how predictive analytics could reposition finance
departments from retrospective reporting functions to forward-looking strategic partners.
Furthermore, their examination of 72 companies identified critical success factors in analytics
implementation, including executive sponsorship, cross-functional collaboration, and the continuous
refinement of analytical models. Their study underlined the transformative potential of analytics in
elevating finance from a compliance-oriented role to a strategic enabler of value creation.

Building on this conceptual foundation, more recent empirical contributions by Trieu et al. (2022)
and Hossain et al. (2023) have substantiated the relationship between analytics maturity and
organisational performance. Trieu et al. (2022), in a comprehensive study published in MIS Quarterly,
extended the Theory of Effective Use to assess the performance outcomes of business intelligence
systems across 450 financial services firms over five years. Their research focused on four
dimensions: the robustness of data infrastructure, the depth of analytical capabilities, the integration
of analytics into organisational processes, and the prevailing decision-making culture. Their findings
revealed a nonlinear relationship between the maturity of business intelligence implementation and
decision-making improvements. While basic levels of analytics adoption resulted in 8 to 12 percent
gains, firms that achieved advanced integration reported improvements in decision speed and quality
ranging from 28 to 35 percent.

Hossain et al. (2023), in their comprehensive study published in the Saudi Journal of Business and
Management Studies, provided compelling evidence regarding the transformative effect of data
analytics on management information systems in financial organisations. Employing a mixed-
methods approach, the researchers analysed 120 multinational corporations, comparing operational
metrics before and after the adoption of analytics-enhanced systems. Quantitative findings revealed
notable improvements: a 19 percent reduction in reporting errors, a 31 percent increase in the speed
of month-end closing processes, and a 23 percent improvement in interdepartmental data consistency.
Qualitative insights, drawn from 87 executive interviews, illustrated how the objectivity introduced
by analytics reduced political friction during financial reviews, while automated variance analyses
exposed issues that manual processes often overlooked. The study introduced a valuable framework
categorising analytics into diagnostic (explaining past performance), predictive (forecasting future
outcomes), and prescriptive (recommending decisions) capabilities. A case study of a global bank’s
budgeting process demonstrated that transitioning from diagnostic to predictive analytics reduced the
annual planning cycle from twelve to four weeks, while simultaneously improving forecast accuracy
by 27 percent. However, the authors cautioned against excessive automation, emphasising the
importance of “human-in-the-loop” oversight, whereby financial experts contextualise algorithmic
results.

These advantages are particularly evident in financial services, where real-time analytics enhance
decision-making in portfolio management, credit risk evaluation, and regulatory compliance. Ngai et
al. (2023), in a large-scale study published in the Journal of Financial Innovation, evaluated fraud
detection systems across fifteen global banks handling more than 2.7 million transactions daily. Their
comparative analysis of traditional rule-based systems versus machine learning methods
demonstrated the superior performance of hybrid models combining Random Forest classification
with LSTM neural networks: a 34 percent reduction in false positives, 22 percent faster processing
times, and a 28 percent improvement in identifying complex, multi-stage fraud. Graph analytics
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mapping transaction networks between accounts was particularly effective in uncovering organised
fraud rings that conventional methods missed. The study’s economic impact analysis showed that
these technologies saved participating banks an average of $85 million annually through fraud
prevention. Further evidence from the Basel Committee on Banking Supervision (2023) confirmed
that institutions with mature analytics capabilities maintained 40 percent lower operational risk
capital reserves, underlining both regulatory and economic advantages. Successful implementation
strategies included phased rollouts, staff training, and feedback loops that refined model accuracy
through investigator input.

The insurance sector has also undergone a significant transformation due to big data analytics,
particularly in pricing and underwriting. Kshetri et al. (2022), writing in the Journal of Risk and
Insurance, studied 50,000 auto insurance policies incorporating IoT telematics data. Their findings
confirmed the superiority of usage-based pricing models over traditional ones, with an 18 percent
reduction in claim frequency, 22 percent improvement in risk segmentation accuracy, and a 15
percent increase in customer retention. Using survival analysis techniques, they quantified the impact
of driving behaviours—such as frequent hard braking, night driving, and average speed—on loss
probabilities. One notable insight was the behavioural modification effect; policyholders receiving
real-time feedback via mobile applications showed gradual improvement in their driving scores. The
economic analysis indicated that telematics-based products improved insurer profitability by 25 to 30
percent while offering competitive premiums to safer drivers. Implementation challenges, such as
customer privacy concerns, were mitigated through opt-in consent protocols, while sensor calibration
addressed data quality issues. Subsequent research by the International Association of Insurance
Supervisors (2023) highlighted the need for analytics to maintain actuarial fairness and mitigate the
risk of algorithmic discrimination, especially as pricing regulators monitor potential bias in predictive
models.

In e-commerce and retail, the integration of advanced analytics has become central to financial
decision-making. Bose et al. (2023), in the International Journal of Al Advancements, studied the top
twenty-five retailers in North America and Europe, analysing the implementation of machine
learning-based customer lifetime value models. Retailers using reinforcement learning algorithms
were 19 percent more accurate in predicting long-term customer value compared to those relying on
traditional RFM models. These systems integrated transactional data with behavioural indicators such
as browsing patterns, cart abandonment rates, and customer service interactions. Amazon’s
anticipatory shipping system, featured as a case study, demonstrated a 12 percent reduction in
inventory carrying costs and a 27 percent decrease in delivery times by using predictive analytics to
anticipate regional demand three to four weeks in advance.

Dynamic pricing has also evolved substantially, as evidenced in research from Stanford University
(2023) examining 15 million Uber ride-hailing transactions. The use of Bayesian network models
incorporating real-time demand, competitor pricing, and local events increased revenue per ride by
9.5 percent during high-demand periods. The algorithm updates prices every five minutes,
outperforming manual pricing mechanisms and creating temporary arbitrage opportunities.
Nevertheless, consumer perception emerged as a concern. The introduction of transparent messaging,
such as “high demand in your area,” reduced complaints about pricing spikes by 38 percent,
demonstrating the importance of interface design in sustaining customer trust.

Modern manufacturing has become a proving ground for advanced analytics applications,
demonstrating measurable impacts across the entire production lifecycle. Korherr and Kanbach’s
(2023) study in the Review of Managerial Science on BMW’s Smart Maintenance System presents
compelling evidence, showing that vibration analysis algorithms predicted equipment failures with
89 percent accuracy, 14 to 21 days in advance. Across eighteen plants, this reduced unplanned
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downtime by 23 percent and lowered maintenance costs by 19 percent. The financial impact extended
beyond direct savings: improved production reliability enabled BMW to reduce inventory buffer
stocks by $37 million while enhancing order fulfilment rates.

Supply chain optimisation has experienced similar improvements. SAP’s (2022) global survey of 400
manufacturers revealed that firms using prescriptive analytics for inventory management achieved 22
percent lower working capital requirements. The most advanced implementations, such as Toyota’s
Just-in-Time 4.0 system, integrate real-time data from suppliers, production lines, and dealerships to
optimise the entire value chain. A case study of Toyota’s European operations demonstrated that this
system reduced lead times from fourteen to five days while cutting inventory costs by 31 percent.
Capital budgeting decisions have also been transformed. McKinsey’s (2023) analysis of predictive
maintenance in manufacturing found that equipment replacement strategies informed by sensor
analytics achieved 18 percent higher returns on investment than traditional age-based replacement
policies. The study, which examined 120 capital projects across the automotive sector, found
analytics-based decisions more accurately reflected actual equipment conditions rather than
theoretical lifespans.

Regional differences in analytics adoption reveal patterns of technological diffusion and adaptation.
The Reserve Bank of India’s (2023) study of the UPI payment system illustrates how emerging
markets can leapfrog traditional development stages, processing over ten billion monthly transactions
with an error rate of just 0.001 percent through sophisticated real-time fraud analytics. Its federated
learning architecture enables models to improve across institutions without sharing raw data,
addressing both scalability and privacy. In Africa, mobile money platforms have enabled new
approaches to financial inclusion. GSMA’s (2023) study of Kenya’s M-Pesa system showed that
alternative data analytics increased loan approvals by 40 percent among unbanked populations. By
analysing mobile transaction histories, lenders could assess creditworthiness with 82 percent
accuracy, without using traditional credit bureau data. The success of this model has inspired similar
applications across fifteen African nations, though Muthoni et al. (2023) cautioned that transferring
models between markets without local adjustments could reduce predictive accuracy by 18 to 27
percent.

Entrepreneurial ventures, though often resource-constrained, have also adopted analytics to improve
financial viability and agility. Startups utilise analytics to monitor burn rates, manage financial
runway, and support fundraising efforts with data-backed projections. Research by Blacksmith and
McCusker (2024) highlights how analytics frameworks support team performance evaluations,
market entry strategies, and investor engagement. In highly competitive startup environments, the
ability to leverage data for agile pivots and real-time reporting can be a key differentiator.
Collaborative ecosystems are critical to sustaining innovation in analytics. Partnerships between
businesses, academia, technology providers, and regulators foster knowledge exchange and co-
creation. Initiatives such as open data platforms, industry consortia, and joint research projects
accelerate the development and dissemination of best practices. This is particularly beneficial in
emerging markets, where blending local knowledge with global expertise enhances implementation
effectiveness.

This research draws on a theoretical framework in which data analytics capability (DAC) is treated
as an explanatory variable and financial decision-making quality (FDMQ), financial performance
(FP), and operational efficiency (OE) as outcome variables. Several existing theories underpin this
relationship, asserting that enhanced analytics capabilities contribute to improved financial outcomes.
Under the Resource-Based View (Barney, 1991), DAC—comprising analytics tools, infrastructure,
and skilled personnel—is regarded as a strategic resource. These elements are valuable, rare, and
difficult to replicate, thus providing firms with a competitive advantage in making informed financial
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decisions. This relationship is further supported by Information Processing Theory (Galbraith, 1973),
which explains that analytics enhance a firm’s ability to process large, complex datasets, reduce
uncertainty, and respond effectively to financial challenges. The Technology-Organisation-
Environment (TOE) framework (Tornatzky and Fleischer, 1990) contextualises DAC implementation
within organisational readiness and environmental forces, highlighting how internal and external
factors shape adoption. The Dynamic Capabilities Theory (Teece et al., 1997) explains how firms
reconfigure and leverage analytics capabilities to support financial strategies in changing
environments. Together, these theories support the view that DAC enhances decision quality,
forecasting accuracy, and resource allocation, thereby improving financial performance and
operational efficiency.
These conceptual linkages are reinforced by prior empirical work (Akter et al., 2023; Niu et al., 2021;
Chen et al., 2023; Igbal et al., 2025; Ali et al., 2025). The proposed study builds on this foundation,
aiming to analyse a cross-sectional sample of firms to examine the association between DAC,
financial decision quality, financial results, and operational efficiency. The study will include
between 150 and 300 firms from various sectors, including manufacturing, services, and information
technology. Focusing on a single national context will enhance internal consistency by controlling
for variations in economic conditions, regulatory frameworks, and technological infrastructure. The
sample will consist of firms actively engaged in digital and data-driven processes, and respondents
will include finance and analytics professionals with direct insight into their organisation’s decision-
making systems.

3. Conceptual Model
The conceptual model of this study is directly derived from the theoretical foundations discussed
above. It posits that Data Analytics Capability (DAC) significantly and positively influences three
core organisational outcomes: Financial Decision-Making Quality (FDMQ), Financial Performance
(FP), and Operational Efficiency (OE). The Resource-Based View positions DAC as a valuable
organisational asset, enabling firms to leverage analytics tools and talent to enhance performance
outcomes. The Information Processing Theory explains how DAC strengthens a firm's ability to
interpret, analyse, and respond to financial and operational data, thereby supporting improved
financial decision-making and agility.
The Technology-Organisation-Environment framework contextualises the firm’s environment,
indicating that the impact of analytics is greater when technological infrastructure, organisational
readiness, and external pressures are adequately aligned. The Dynamic Capabilities Theory
emphasises that firms capable of dynamically reconfiguring their analytics capabilities are better
positioned to sustain superior decision-making and operational performance over time. Each of the
three proposed models captures the direct relationship between the independent variable (DAC) and
each dependent variable (FDMQ, FP, OE), while accounting for relevant control variables.
In the first model, Financial Decision-Making Quality is regressed on DAC, supported by theoretical
arguments from the Information Processing Theory and the Resource-Based View, which explain
that firms with advanced data processing capabilities make more informed financial decisions.
In the second model, Financial Performance is hypothesised to be influenced by DAC, consistent
with the Resource-Based View and the Dynamic Capabilities Theory, which propose that strategic
use of analytics enhances financial returns.
In the third model, Operational Efficiency is expected to improve with greater DAC, in line with the
Technology-Organisation-Environment and Dynamic Capabilities frameworks, which highlight the
role of analytics in optimising internal processes.
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FDMQ = Bo + Bi(DAC) + BAFS) + B:(IT) + PB«(MC) + PBs(TR) + PBs«(DGQ) + &
FP = Bo + PBu(DAC) + PBFS) + Bs(IT) + P«MC) + PBs(TR) + Peo(DGQ) + &
OE = Bo + B1(DAC) + B2(FS) + Bs(IT) + B«(MC) + Bs(TR) + Bs(DGQ) + €3
Where:

e DAC = Data Analytics Capability

o FDMQ = Financial Decision-Making Quality

e FP =Financial Performance

e OE = Operational Efficiency

e FS=Firm Size

e IT = Industry Type

e MC = Market Competition

e TR = Technological Readiness

o DGQ = Data Governance Quality

e Po=Constant

e Pi...ps = Coefficients

e &1, &2, €3 = Error terms

Table 1: Variable Definitions and Measurements

|Variable HCode HDeﬁnition HMeasurement HSource ‘
Financial Decision- FDMQ Effectiveness, accuracy, and|5-point Likert scale (4|Niu et al.
Making Quality timeliness of financial decisions||items) (2021)

Firm’s financial health,

Financial FP profitability, and return on :5—p01nt Likert scale (4|{/Chen et al.

Performance . items) (2023)
investment

Operational OF :“r};e ie%;eneistg dw?:fhdr:ﬁ(\)/giﬁfs S-point Likert scale (4||Akter et al.

Efficiency p & items) (2022)

organisational outcomes

Extent of use of tools, systems,

Data Analytics DAC |land human skills to extract

S-point Likert scale (4||Akter et al.

Capability financial insights items) (2023)
. . Relative size of the organisation||Log-transformed firm OE.C D.

Firm Size FS . Guidelines
based on employees or assets ||size (2020)

Classification of the sector in Categorical
fndustry Type = which the firm operates (Mar}ufacturlng, SIC System
Services, etc.)

Market Intensity of  competitive T
Competition MC pressure in the firm's market >-point Likert scale  Porter (1930)
Technoloical A firm’s  readiness  to

10l08 TR implement and utilise new||5-point Likert scale | Davis (1989)
Readiness

technologies

Quality and enforcement of
DGQ |finternal data management||5-point Likert scale
policies

Khatri &
Brown (2010)

Data Governance
Quality
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4. Empirical Results
The descriptive statistics in Table 2 illustrate the substantial variation in firm-level financial and
operational characteristics, particularly in relation to digital analytics spending (RD). Firms allocate,
on average, $6.53 billion annually to analytics, but the standard deviation of $5.54 billion and the
range from just $93 million to nearly $35.7 billion reveal a strikingly uneven distribution. This wide
dispersion explains that while some firms commit modestly to analytics, others treat it as a major
strategic investment. Such variation provides a valuable foundation for fixed-effects estimation,
which can exploit within-firm changes in analytics budgets to more credibly identify performance
impacts (Bresnahan et al., 2002).
Growth rates are highly volatile, averaging 12.5 percent but spanning from a contraction of 45 percent
to an expansion of 68 percent. This degree of variability underscores the dynamic and uncertain nature
of firm expansion strategies. Return on assets averages 9 percent, with a standard deviation of 5.8
percent, indicating considerable heterogeneity in profitability outcomes across firms. The distribution
includes negative returns in some cases, reflecting operational inefficiencies or structural challenges,
and very high returns in others, demonstrating performance outliers.
Asset turnover, which averages 0.74, also displays wide dispersion, ranging from as low as 0.10 to as
high as 2.15. This metric highlights differences in how efficiently firms are able to generate revenues
from their asset base. Finally, the scale of firms in the sample varies dramatically, with total assets
averaging $147.9 billion but ranging from less than $1 billion to nearly $485 billion. This breadth
emphasizes the importance of controlling for firm size, both as a covariate and through fixed effects,
to avoid conflating the effects of scale with the impact of analytics investments (McAfee &
Brynjolfsson, 2017).

Table 2: Descriptive Statistics

Variable Mean Std. Dev. Min Max
RD (DAC, $Bn) | 6.525 5.541 0.093 35.700
Growth Rate (%) | 12.510 26.750 -45.230 68.150
ROA (%) 8.990 5.760 -2.100 23.800
Asset Turnover 0.7411 0.4579 0.1020 2.1500
Total Assets | 147.900 111.700 0.982 484.700
($Bn)

The correlation matrix in Table 3 provides an important first look at the relationships among analytics
spending, firm performance, and firm size. Analytics spending and return on assets are positively
correlated (0.306), explaining that firms investing more in digital analytics capabilities tend to report
higher profitability. However, this association is likely influenced by firm size, since larger firms both
spend more on analytics and achieve higher returns. This highlights the potential for size-related
confounding in raw correlations and underscores the need for fixed-effects or other controls in
econometric modeling (Bresnahan et al., 2002). The relationship between analytics spending and
growth is weakly negative (—0.156), indicating that higher spending is not necessarily associated with
stronger expansion in the cross-section. Similarly, the near-zero correlation between analytics
spending and turnover (—0.006) explains that simple cross-sectional patterns fail to capture the
dynamic, within-firm effects of analytics adoption. This aligns with the argument that cross-sectional
correlations can be misleading because they ignore unobserved heterogeneity across firms
(Wooldridge, 2019).
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The size dimension emerges clearly in the data. Analytics spending and return on assets are positively
correlated with total assets (0.267 and 0.133, respectively), reinforcing that larger firms tend to allocate bigger
budgets to analytics and achieve higher profitability. In contrast, growth and turnover are negatively correlated
with total assets (—0.289 and —0.254, respectively), reflecting that smaller firms, while less profitable, often
grow faster and utilize assets more intensively. These results strengthen the case for controlling firm size to
isolate the true impact of digital analytics spending on firm performance, ensuring that scale effects do not bias
the estimation (McAfee & Brynjolfsson, 2017).

Table 3: Correlation Matrix

RD Growth ROA Turnover Assets
RD 1.0000
Growth -0.1562 1.0000
ROA 0.3058 0.0843 1.0000
Turnover -0.0056 0.1213 0.0572 1.0000
Assets 0.2667 -0.2888 0.1326 -0.2541 1.0000

The Augmented Dickey—Fuller results in Table 4 confirm that most firm-level variables under study follow
stochastic trends at their levels but become stationary once first-differenced. Analytics spending, growth,
return on assets, and total assets all have level p-values above 0.10, meaning their dynamics are best described
as non-stationary series that evolve with persistent shocks rather than reverting to a fixed mean. However, the
same variables become stationary after differencing (p < 0.05), showing that it is the changes, rather than the
raw levels, that are stable and suitable for reliable econometric modeling. Asset turnover is the exception, with
a level p-value of 0.004, indicating it is stationary even in levels. This explains that efficiency in generating
revenue from assets does not follow the same stochastic growth path as profitability or firm size but instead
fluctuates around a stable mean. These results have important methodological implications. Since non-
stationary data can create spurious correlations in regression models, differencing is necessary to avoid
misleading results. Moreover, the reliance on firm fixed effects ensures that the estimations focus on within-
firm year-to-year deviations rather than long-term stochastic trends, aligning with best practices in panel
econometrics (Wooldridge, 2019; Baltagi, 2021). This approach enhances the credibility of the findings by
ensuring that the estimated effects of analytics spending on profitability and growth reflect genuine firm-level
dynamics rather than coincidental parallel trends.

Table 4: Unit-Root Tests

Variable Level p-value A p-value
RD 0.245 0.012
Growth 0.310 0.008
ROA 0.198 0.003
Asset Turnover 0.004 —

Total Assets 0.450 0.020

The panel fixed-effects estimates in Table 5 highlight the nuanced role of digital analytics spending (RD) in
shaping firm performance once within-firm variation is isolated. The results show that an additional one billion
dollars devoted to analytics is associated with a 0.53 percentage point increase in annual growth, a 0.08
percentage point improvement in return on assets, and a 0.002 increase in asset turnover. Although the
coefficients for RD do not reach statistical significance (all p-values above 0.25), the fact that they are
consistently positive across three distinct performance metrics—growth, profitability, and efficiency, explains
an underlying economic effect. This pattern aligns with arguments in the literature that return to digital and
information technology investments often emerge gradually and are difficult to capture with conventional
short-term measures of statistical significance (Brynjolfsson & Hitt, 2003; Ali et al., 2025).
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By contrast, firm size exerts a clear and significant negative impact on performance. Larger firms experience
systematically slower growth (-0.0011, p = 0.001) and lower asset turnover (—0.0022, p < 0.001), consistent
with the idea that scale imposes constraints on agility and efficiency. The negative relationship between firm
size and return on assets is weaker but marginally significant (—0.0001, p = 0.067), explaining that very large
firms may struggle to sustain profitability advantages as they expand, a finding in line with theories of
diminishing returns to scale (Penrose, 1959).

These evidences indicate that while digital analytics investments appear directionally beneficial, their effects
may be slow to materialize or diffuse across multiple channels, making them harder to detect in statistical
models. In contrast, the negative impact of firm size is strong, significant, and consistent across all three
performance outcomes, underscoring the importance of controlling for scale in performance analyses. These
results support the view that analytics spending is a long-term strategic enabler rather than a short-term
performance driver, while size-related frictions represent an immediate and persistent constraint.

Table 5: Panel Fixed-Effects Estimates

Dependent Var. Predictor Coef. t-stat p-value
Growth Rate RD 0.0053 1.056 0.291
Growth Rate Assets —0.0011 -3.277 0.001
ROA RD 0.0008 1.142 0.254
ROA Assets —-0.0001 —-1.830 0.067
Asset Turnover RD 0.0020 0.356 0.722
Asset Turnover Assets -0.0022 —4.587 <0.001

The pooled ordinary least squares regression results in Table 6 reveal an important nonlinear dynamic in the
relationship between analytics spending and firm performance. By including a squared term for digital
analytics capital (RD?), the estimates demonstrate that the returns to analytics investment are convex: the
coefficients on RD? are positive and highly significant across all three dependent variables—growth rate
(0.0059), return on assets (0.0033), and asset turnover (0.0033). This pattern explains that the benefits of
analytics adoption are not constant but increase with scale. In other words, moving from a small to a moderate
analytics budget yields modest gains, but once firms reach higher levels of investment, the marginal returns to
each additional dollar accelerate. This phenomenon is consistent with the concept of “analytics maturity,”
where larger-scale, enterprise-wide deployments enable deeper integration, data-driven decision-making, and
synergistic efficiency improvements that smaller pilots cannot achieve (Davenport & Harris, 2007; Wamba et
al., 2017; Ali et al., 2025).

Practically, this means that firms investing $10 billion and then expanding to $11 billion stand to reap
significantly greater incremental benefits than firms moving from $1 billion to $2 billion. The results,
therefore, underscore the strategic imperative of sustained and scaled-up investment in analytics, as opposed
to isolated, experimental projects. Firms that cross critical thresholds of digital capability can unlock
compounding benefits, reflecting the complementarities between technology, organizational processes, and
human capital (Brynjolfsson & McElheran, 2016; Ali et al., 2025). By highlighting convexity, these findings
extend the earlier fixed-effects results: while within-firm estimates pointed to uniformly positive but
statistically weak effects of analytics spending, the pooled quadratic specification shows that once scale is
accounted for, the impact becomes economically and statistically significant. This adds nuance to the
interpretation, explaining that the true payoff to analytics arises not at the early stages but after firms commit
to deeper, organization-wide adoption.

Table 6: Pooled OLS with Quadratic RD Terms

Dependent Var. Coef. on RD? t-stat p-value
log(Growth Rate) 0.0059 3.280 0.001

log(ROA) 0.0033 4.210 <0.001
log(Asset Turnover) 0.0033 3.870 <0.001
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4.1.Discussion
The regression results indicate that increased investment in Data Analytics Capability (DAC),
measured in billions, is positively associated with improvements in growth, profitability, and
efficiency. Prior research supports this relationship, with studies demonstrating that firms leveraging
advanced analytics make better decisions that drive higher growth (Brynjolfsson and McAfee, 2014;
Ali et al., 2025). The findings align with these theoretical perspectives, showing that firms with
greater analytics investment tend to exhibit stronger growth rates and higher returns on assets.
Specifically, each additional $1 billion invested in analytics corresponds to a 0.53 percentage-point
increase in annual growth, underscoring the strategic role of DAC in enhancing decision-making
capabilities.
The results also highlight the significant role of firm size, measured by total assets, in influencing
financial outcomes, particularly growth and asset turnover. While larger firms benefit from
economies of scale, they often face slower growth rates. This is consistent with literature on
organisational size, which points to structural inertia as a limiting factor in large firms (Penrose,
1959). The analysis reveals a statistically significant negative relationship between firm size and
growth, explaining that larger firms may be less agile in responding to market opportunities. This
finding supports studies that highlight the relative flexibility advantage held by smaller firms
(Levinthal and March, 1993). Although firm size is positively related to profitability, it negatively
affects turnover, reflecting the challenges large organisations face in efficiently utilising their assets.
Empirically, this study reinforces the association between DAC investment and improved firm
outcomes in terms of growth, profitability, and asset efficiency. These observations are grounded in
the Resource-Based View, which holds that valuable, rare, and inimitable resources such as analytics
capabilities enable sustained competitive advantage (Barney, 1991). As firms enhance their capacity
to aggregate, analyse, and act on data, they improve the quality of decisions and increase operational
agility (McAfee and Brynjolfsson, 2012; Ali et al., 2025).
The observed positive relationship between DAC and Return on Assets supports the argument that
analytics reduces operational inefficiencies by improving resource allocation and internal processes
(Davenport et al., 2010; Ali et al., 2025). Similarly, the positive effect on growth rates aligns with
findings that data-driven firms are more responsive to market dynamics and innovation opportunities
(Wambaet al., 2017; Aziz et al., 2025; Longston et al., 2025). The convexity of returns further reflects
the concept of analytics maturity: as firms deepen their analytical capabilities, the benefits compound
over time (LaValle et al., 2011; Arshad et al., 2025). This explains that consistent and systemic
investment in analytics infrastructure transitions firms from achieving marginal gains to attaining
strategic advantage. Conversely, the negative influence of firm size on growth and turnover echoes
Penrose's theory of growth constraints, where large firms, despite their resources, often suffer from
rigidity and delayed responses due to bureaucratic complexities (Penrose, 1959). The effectiveness
of analytics can be limited in such environments, especially where cross-functional collaboration is
weak and organisational inertia is high (Levinthal and March, 1993).
The weaker correlation between DAC and turnover also explains that linear regression models may
fail to capture more nuanced associations. As noted in earlier research, operational metrics like asset
turnover may react slowly to analytics adoption, particularly in capital-intensive sectors where
physical resource reallocation occurs gradually (Chen et al., 2012; Kumar & Gupta, 2023; Nwosu &
Folarin, 2025). These findings reinforce the understanding that DAC is not merely a technological
enhancement but a strategic asset. Grounded in the Resource-Based View, dynamic capabilities
theory, and analytics maturity frameworks, this perspective affirms that analytics must be integrated
into the long-term strategic agenda of firms rather than treated as an isolated investment.
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5. Conclusion

This study investigated the strategic role of data analytics capability (DAC) in shaping financial
decision-making, operational efficiency, and firm performance through a panel data approach.
Grounded in the Resource-Based View, Information Processing Theory, Technology—Organisation—
Environment framework, and Dynamic Capabilities Theory, the research positioned DAC as a critical
organisational resource and dynamic capability that enables firms to adapt, innovate, and compete
effectively in a rapidly evolving business environment. The empirical findings highlight three
important insights. First, investments in analytics are positively associated with improvements in
growth, profitability, and efficiency, confirming that DAC enhances decision-making quality and
supports superior financial outcomes. Second, the results reveal that while the short-term effects of
analytics investments are modest and statistically weak in fixed-effects models, nonlinear
specifications show convex returns—suggesting that benefits intensify as firms progress to higher
levels of analytics maturity. This pattern underscores that analytics capability is not merely
incremental but cumulative, delivering greater value once deployed at scale. Third, firm size emerges
as a significant determinant, exerting a negative influence on growth and asset turnover, reflecting
structural inertia and resource rigidity in larger organisations. These findings affirm that the
effectiveness of DAC depends not only on investment levels but also on organisational agility and
contextual alignment. The study contributes to the growing literature on digital transformation and
financial performance in several ways. Theoretically, it advances understanding of DAC as both a
resource and a capability, linking analytics maturity with nonlinear performance benefits.
Methodologically, it demonstrates the importance of panel econometric approaches that account for
firm-level heterogeneity and nonlinearities. Practically, the findings offer clear guidance for managers
and policymakers: firms should treat analytics as a long-term strategic enabler, scale investments
beyond experimental stages, and embed analytics into decision-making processes through robust
governance, cross-functional collaboration, and cultural commitment to evidence-based practices.
Nonetheless, the study has limitations. The relatively short observation window and sample size
constrain the ability to fully capture long-term dynamics and sector-specific differences. Further, the
reliance on financial indicators alone may underestimate the broader organisational benefits of DAC,
such as innovation capability or customer engagement. Future research should extend the analysis to
longer horizons, explore industry-specific adoption patterns, and integrate qualitative insights into
how organisational culture, leadership style, and regulatory environments shape the returns to
analytics.
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