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Abstract 
This study addresses the problem that enterprises in data intensive capital market operations may invest in big 
data and predictive analytics, yet decision quality remains uneven because forecasting signals are not always 
reliable, interpretable, or embedded in governance routines. The purpose was to test a capability to outcome 
model in which Big Data Capability (BDC) and Predictive Analytics Capability (PAC) improve Financial 
Forecasting Accuracy (FA), and FA improves Decision-Making Quality (DMQ). Using a quantitative cross-
sectional, case-based survey design, data were collected once from professionals in an enterprise case context, 
yielding 226 responses and 210 usable cases after screening (max item missingness 1.9%; two outliers removed). 
Key variables were BDC and PAC (predictors), FA (mediator), and DMQ (outcome), measured on five-point 
Likert scales with internal consistency (α = .86 to .91). Analysis followed data screening, reliability testing, 
descriptive statistics, Pearson correlations, multiple regression (Model 1: FA; Model 2: DMQ), and mediation 
via 5,000 bootstrap resamples. Descriptively, respondents reported moderate to high capability and outcomes 
(BDC M = 3.78, SD = 0.61; PAC M = 3.69, SD = 0.66; FA M = 3.62, SD = 0.58; DMQ M = 3.74, SD = 0.55). 
All bivariate associations were positive and significant (BDC, FA r = .52; PAC, FA r = .57; FA, DMQ r = .63; 
p < .001). In regression, BDC (β = 0.28, p < .001) and PAC (β = 0.39, p < .001) jointly explained 44% of the 
variance in FA (R² = 0.44), and FA was the strongest predictor of DMQ (β = 0.49, p < .001) in a model 
explaining 52% of DMQ (R² = 0.52), with smaller direct effects from BDC (β = 0.14, p = .013) and PAC (β = 
0.17, p = .004). Mediation results showed partial mediation of the PAC to DMQ link through FA (indirect effect 
= 0.19, 95% CI [0.12, 0.28]; direct effect = 0.11, 95% CI [0.04, 0.18]). These findings imply that improving 
decision quality requires stronger data governance and analytics discipline, plus integration of forecasts into 
decision protocols across analytics enabled workflows. 
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INTRODUCTION 
Big data refers to data environments characterized by very large scale, high velocity, and high variety, 
where value extraction depends on advanced storage, processing, and analytical techniques rather than 
simple tabulation. In this sense, big data in finance is not only “more data,” it is also more 
heterogeneous data, including market microstructure records, transactional traces, and substantial 
volumes of unstructured text and behavioral signals that require specialized analytics to translate raw 
artifacts into usable variables (Gandomi & Haider, 2015). 
 

Figure 1: Big Data–Enabled Predictive Analytics Framework for Financial Forecasting 
 

 
 
Predictive analytics is commonly defined as the family of empirical methods—statistical and 
computational—that generate predictions of unknown or future outcomes and evaluate predictive 
power using appropriate validation procedures (Shmueli & Koppius, 2011). Within financial 
forecasting, predictive analytics is applied to estimate quantities such as risk premia, return direction, 
volatility, liquidity conditions, and stress indicators that guide capital allocation in trading, hedging, 
and investment selection (Gu et al., 2020). Forecasting accuracy, in turn, is not a single property but a 
measured relationship between forecast outputs and realizations; it depends on the choice of error 
metric, scale, and horizon, and it is meaningfully assessed with out-of-sample evaluation rather than 
in-sample fit alone (Hyndman & Koehler, 2006). Proper evaluation further requires alignment between 
the form of the forecast (point, interval, distribution) and the scoring rule used, since probabilistic 
forecasts demand criteria that reward calibration and sharpness in ways that remain coherent across 
conditions (Gneiting & Raftery, 2007). In global capital markets, decision-making denotes structured 



Review of Applied Science and Technology, March 2024, 143– 182 

145 
 

choices under uncertainty across geographically dispersed venues and institutions, where participants 
interpret information, quantify risk, and execute actions under constraints of time, regulation, and 
transaction costs (Hendershott et al., 2011; Mohiul, 2020). In this framing, “decision-making quality” 
relates to the consistency, timeliness, and risk-adjusted consequences of actions taken on the basis of 
forecast signals, as signals are transformed into portfolio weights, execution schedules, and governance 
approvals. The intersection of these definitions locates the core research problem in how big data 
resources and predictive analytics methods translate into measurable improvements in financial 
forecasting accuracy and, through that channel, into the informational basis for capital-market 
decisions (Jinnat & Kamrul, 2021).  
Global capital markets connect issuers and investors across jurisdictions through trading, clearing, and 
information systems that operate across time zones and regulatory regimes, so forecasting functions as 
a coordination mechanism for pricing risk and allocating capital. Market integration research 
emphasizes that co-movements, spillovers, and cross-border linkages shape how information is 
impounded into prices, meaning that forecasting problems are rarely local in their drivers even when 
trades occur in a single venue (Hasan & Shaikat, 2021; Morelli, 2010). Asset pricing models represent 
one major institutionalized form of forecasting because they operationalize expected returns as a 
function of risk exposures; they provide a benchmark language for explaining performance and 
attributing outcomes, and they are widely used in investment evaluation and managerial reporting 
(Fama & French, 2008; Rabiul & Samia, 2021). At the same time, macro-financial uncertainty interacts 
with global risk-taking and valuation, and indicators of uncertainty can be treated as data-driven inputs 
to forecasting systems used in portfolio protection, scenario analysis, and timing decisions (Baker et al., 
2016; Mohiul & Rahman, 2021). The information-processing capacity of the market infrastructure also 
matters, since the microstructure of trading and the automation of quote and order handling affect 
liquidity, spreads, and the speed with which signals can be acted upon (Huang et al., 2005; Rahman & 
Abdul, 2021). These conditions make forecasting accuracy an internationally significant construct 
because inaccuracies do not remain confined to a single firm’s planning spreadsheet; they can 
propagate through pricing, risk controls, and correlated positions, especially when similar models and 
data sources are used across institutions (Haider & Shahrin, 2021). From a methodological perspective, 
the international setting often increases dimensionality: more assets, more venues, more news sources, 
and more heterogeneous policy and reporting contexts, all of which enlarge the space of potential 
predictors. This is one reason machine learning comparisons in finance emphasize out-of-sample 
predictive metrics and robustness across specifications, since predictive gains are assessed relative to 
strong regression-based baselines that already represent decades of empirical refinement (Gupta & 
George, 2016; Zulqarnain & Subrato, 2021). The resulting landscape motivates a research focus on 
whether big data and predictive analytics offer measurable improvements in forecasting accuracy that 
remain meaningful under the operational realities of global capital markets—multi-horizon demands, 
regime variation, and execution frictions—without treating the forecasting problem as purely 
computational (Habibullah & Farabe, 2022; Arman & Kamrul, 2022).  
A central pathway through which big data enters financial forecasting is the expansion of informational 
inputs beyond prices and accounting ratios to include text, sentiment, and attention signals. Media 
content has been operationalized as quantifiable sentiment, with evidence that systematically 
measured pessimism in widely read financial commentary relates to market outcomes and trading 
activity in ways that can be modeled as predictive relationships (Tetlock, 2007). Corporate disclosure 
provides a second major textual domain; dictionary-based and context-sensitive approaches to 10-K 
language show that generic negative-word lists can misclassify financial terms and that domain-
specific textual measurement changes empirical inferences about tone and market reactions (Rashid & 
Praveen, 2022; Kamrul & Omar, 2022; Teece, 2007). Social media and other high-volume behavioral 
traces provide additional streams of unstructured data that can be aggregated into mood indices; such 
indices have been evaluated for their association with market movements using time-aligned textual 
analytics pipelines and forecasting tests (Bollen et al., 2011; Rahman, 2022; Rony & Samia, 2022). Policy 
and macro uncertainty constitute another information source that interacts with global valuation and 
risk management, and uncertainty indices have been constructed from large-scale text corpora to 
provide data-driven measures that are used as predictors or conditioning variables in financial analysis 
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(Chatterjee et al., 2023). Review evidence mapping the finance literature on AI and ML also highlights 
“alternative data” categories—news, social posts, voice records, satellite images—as prominent objects 
of predictive modeling, reflecting the breadth of data types that forecasting systems attempt to 
incorporate (Abdul & Rahman, 2023; Aditya & Rony, 2023; Goodell et al., 2021). Conceptually, these 
data sources share two properties: they are often high dimensional and noisy, and they demand 
transformation pipelines that convert raw text or signals into engineered features that can be used in 
correlation analysis, regression modeling, and predictive algorithms (Arfan & Rony, 2023; Ara & 
Shaikh, 2023). In practice, this transformation introduces methodological choices that influence 
forecasting accuracy, including dictionary selection, embedding methods, temporal aggregation, and 
alignment of text timestamps to market horizons. The presence of these choices makes predictive 
analytics not only a modeling task but also a measurement task, where the validity of input features 
conditions the credibility of forecasting improvements. In global capital markets, where information 
arrives continuously and heterogeneously, big data sources enlarge the feasible information set for 
forecasting systems and provide a substantive basis for examining whether the incremental signals 
from text and behavioral data measurably alter forecast accuracy and the information available to 
decision-makers (Habibullah & Mohiul, 2023; Hasan & Waladur, 2023).  
Predictive analytics methods applied to financial forecasting span traditional statistical models and a 
broad range of machine learning approaches designed to capture nonlinearities, interactions, and 
complex temporal dependencies. Early machine learning work in market prediction frequently 
leveraged classifiers such as support vector machines to forecast directional movements from 
engineered inputs, framing the problem as pattern recognition under uncertainty and evaluating 
performance with classification accuracy and related metrics (Fischer & Krauss, 2018; Arman & Nahid, 
2023; Mesbaul, 2023). As predictive applications matured, studies increasingly compared multiple 
learners and feature sets, including technical indicators and hybrid preprocessing approaches, to model 
index movements and return directions using supervised learning frameworks (Loughran & 
McDonald, 2011; Milon & Mominul, 2023; Mohaiminul & Muzahidul, 2023). In capital-market contexts, 
ensemble learning has been used to combine signals from different model classes, motivated by the 
idea that distinct algorithms capture different structures in the data; empirical applications to statistical 
arbitrage have evaluated deep neural networks, gradient-boosted trees, and random forests, reporting 
comparative performance under operational trading constraints (Krauss et al., 2017; Musfiqur & 
Kamrul, 2023; Rezaul & Kamrul, 2023). Deep learning approaches further emphasize sequence learning 
and representation capacity, with long short-term memory networks being tested for financial market 
prediction where temporal dependence and noisy signals complicate simpler linear modeling 
(Makridakis et al., 2018; Amin & Praveen, 2023; Rabiul & Mushfequr, 2023). At a higher level, 
systematic surveys of deep learning in the stock market highlight the diversity of applications—price 
prediction, trading strategy backtesting, portfolio management, risk modeling—and emphasize that 
reproducibility and evaluation design are central issues in interpreting reported forecasting 
performance (Shahrin & Samia, 2023; Olorunnimbe & Viktor, 2023; Roy, 2023). Across these methods, 
forecasting performance is not assessed solely by training fit; it is assessed by validation protocols, 
horizon choice, and the alignment of prediction targets with decision contexts. Evidence from broad 
forecasting comparisons also notes that accuracy advantages vary by horizon and by dataset properties, 
underscoring that no single method universally dominates, and that computational cost and evaluation 
fairness matter for credible comparison (Patel et al., 2015; Rakibul & Majumder, 2023; Rifat & Rebeka, 
2023). This methodological diversity provides the analytic foundation for examining how predictive 
analytics models, when supplied with big data feature spaces, influence measurable forecasting 
accuracy, and how accuracy metrics relate to the practical decision demands of global capital markets 
where decisions often require interpretability, stability, and quantifiable error behavior (Kumar, 2023; 
Saikat & Aditya, 2023).  
The impact of big data and predictive analytics on decision-making is also shaped by organizational 
capabilities that determine whether data resources translate into usable forecasting and planning 
routines. Dynamic capabilities theory emphasizes the processes through which organizations sense, 
seize, and reconfigure resources in changing environments, providing a theoretical lens for linking 
analytical assets to sustained performance in contexts where conditions vary and routines must adapt 
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(Zaki & Masud, 2023; Zaki & Hossain, 2023; Waller & Fawcett, 2013). In information systems research, 
big data analytics capability has been conceptualized as a multi-dimensional construct involving 
tangible resources (infrastructure), human skills (analytics expertise), and intangible resources (data-
driven culture and governance), with empirical work modeling how these components cohere into a 
capability that supports analytics-based outcomes (Rashid, 2024; Wamba et al., 2017; Zulqarnain & 
Subrato, 2023). Capability-based models in operations and management research also link analytics 
resources to performance through alignment mechanisms, suggesting that the value of analytics 
depends on how analytical insights integrate with strategy and operational execution rather than 
existing as isolated technical artifacts (Akter et al., 2016; Md & Praveen, 2024; Mohaiminul & Majumder, 
2024). Empirical evidence further frames big data analytics as a driver of firm performance through 
process-oriented dynamic capabilities, positioning analytics as an enabling mechanism that improves 
insight generation and operational responsiveness when embedded in organizational processes (Fama 
& French, 2015; Foysal & Abdulla, 2024; Ibne & Aditya, 2024). At the decision-making level, recent 
evidence in technology and innovation research examines how big data analytics relates to decision 
processes in data-driven contexts, treating analytics as part of the organizational information system 
that shapes how decisions are formulated, supported, and justified (Chatterjee et al., 2023; Milon & 
Mominul, 2024; Mosheur & Arman, 2024). In global capital markets, these capability issues become 
especially salient because forecasting systems often sit within risk committees, portfolio teams, 
compliance functions, and technology units simultaneously, and the resulting governance 
arrangements determine which signals are trusted, how model outputs are communicated, and how 
quickly decisions can be executed. This perspective positions the research problem beyond algorithm 
choice alone: it includes the capability to curate data, validate instruments, ensure reliability, and 
embed outputs into decision routines. When forecasting accuracy improves, the organizational 
pathway determines whether improved accuracy is recognized, operationalized, and reflected in 
measurable decision-making outcomes, which is consistent with capability-based explanations that 
place emphasis on integration and process.  
Forecasting accuracy is formally evaluated through error measures, scoring rules, and validation 
designs that determine whether observed performance differences reflect genuine predictive 
improvements or artifacts of measurement. In time-series and forecasting research, the choice of 
accuracy measure is critical because widely used metrics can become degenerate or misleading in 
common situations, motivating the use of scale-free measures and careful benchmarking when 
comparing methods across heterogeneous series (Rahman & Aditya, 2024; Saba & Hasan, 2024; Wamba 
et al., 2017). In probabilistic forecasting, proper scoring rules provide a principled approach for 
evaluating predictive distributions, supporting coherent comparison across models that output 
probabilities or intervals rather than single point estimates (Gneiting & Raftery, 2007; Kumar, 2024; Sai 
Praveen, 2024). Comparative forecasting studies that evaluate statistical and machine learning methods 
show that performance depends on horizon and dataset characteristics and that fair comparison 
requires transparent experimental design, open evaluation, and a focus on out-of-sample testing rather 
than narrative claims of superiority (Makridakis et al., 2018; Saikat, 2024; Shaikat & Aditya, 2024). In 
finance, machine learning evaluations often emphasize predictive 𝑅2, stability across specifications, 
and economic relevance, with benchmarking against established regression-based strategies to assess 
whether nonlinear interactions and high-dimensional modeling yield measurable gains (Gu et al., 
2020). Trading-oriented studies further evaluate predictive systems using metrics that connect forecasts 
to decision actions—directional accuracy, turnover, transaction cost sensitivity, and drawdown 
behavior—because prediction errors translate into realized performance under execution constraints 
(Patel et al., 2015). These evaluation principles connect directly to a quantitative, cross-sectional, case-
study–based design using Likert-scale measures and regression modeling, since the empirical question 
concerns not only whether models can predict, but whether observed improvements in forecasting 
accuracy are associated with measurable changes in decision-making quality and confidence within 
organizational settings. Methodologically, this requires data screening, assumption checks, and 
diagnostics that support valid inference in correlation and regression analysis, and it requires clear 
operational definitions of “accuracy” and “decision-making” so that statistical relationships are 
interpretable. When these evaluation foundations are explicit, the analysis can distinguish 
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improvements in predictive performance from improvements in organizational trust or usability, 
allowing the empirical model to address how big data and predictive analytics relate to forecasting 
accuracy and decision-making outcomes as separate but connected constructs.  
Decision-making in global capital markets frequently converts forecasts into portfolio construction, risk 
controls, and execution choices, so the informational quality of forecasts shapes the evidence base used 
in these decisions. Factor-based asset pricing frameworks formalize one dimension of this decision 
context by linking expected returns to systematic exposures, providing widely used baselines for 
attributing performance and evaluating whether forecasting signals represent compensated risk or 
mispricing (Fama & French, 2015). Empirical work dissecting anomalies emphasizes the importance of 
rigorous measurement and model specification in interpreting predictive signals, since the same 
“predictor” can appear informative under one specification and vanish under another, which directly 
relates to the credibility of forecasting claims in institutional settings (Krauss et al., 2017). Market 
microstructure conditions affect how forecasting signals are acted upon: algorithmic trading and 
automation influence liquidity and execution quality, meaning that decision-making is jointly shaped 
by forecast content and the trading environment in which actions are implemented (Fischer & Krauss, 
2018). Big data sources such as media tone and corporate disclosures supply additional information 
channels that decision-makers incorporate into forecasting and monitoring, with evidence that media 
sentiment and textual tone measures relate to market behavior in ways that can be quantified and 
modeled (Baker et al., 2016). Social mood indicators from large-scale online data extend these channels, 
enabling additional sentiment-based predictors that can be evaluated for forecasting contributions 
(Bollen et al., 2011). Reviews of AI and ML in finance position forecasting and planning as central 
clusters of application, reinforcing that model-based predictions are embedded in institutional decision 
contexts such as valuation, fraud detection, and risk management (Goodell et al., 2021). Within 
organizations, data-driven decision-making processes are also influenced by how analytics is 
embedded into workflows and how insights are communicated to stakeholders, which motivates 
empirical examination of the analytics–decision link in contemporary data-driven contexts (Chatterjee 
et al., 2023). In an internationally connected market environment, decisions are also conditioned by 
integration and co-movements across markets, making forecasting and risk estimation sensitive to 
global linkages rather than isolated signals (Morelli, 2010). Taken together, these streams define an 
empirical setting where forecasting accuracy becomes a measurable intermediate outcome: big data 
broadens the information set, predictive analytics transforms that set into forecasts, and decision-
making routines incorporate forecasts into actions. This framing supports a quantitative investigation 
that models’ relationships among big data use, predictive analytics adoption, forecasting accuracy, and 
decision-making outcomes using descriptive statistics, correlation, and regression modeling within a 
case-study context. 
This study is designed around a set of tightly connected objectives that translate the broad theme of big 
data and predictive analytics in capital markets into measurable constructs suitable for quantitative 
testing within a cross-sectional, case-study setting. The first objective is to assess the extent to which 
big data capability is associated with financial forecasting accuracy by capturing how respondents 
perceive the accessibility, integration, timeliness, and quality of data resources used in forecasting 
activities and relating these perceptions to reported levels of forecast reliability and error reduction 
within their operational context. The second objective is to examine the relationship between predictive 
analytics capability and forecasting accuracy by evaluating the maturity of analytical tools and 
practices, including model selection, validation discipline, monitoring routines, and the availability of 
analytics expertise, and then determining whether higher perceived capability corresponds with 
stronger perceived forecasting performance. The third objective is to test whether forecasting accuracy 
is associated with decision-making quality by measuring decision attributes such as confidence, 
consistency, speed, and risk awareness when forecast outputs are incorporated into investment, 
trading, or risk-management actions. A fourth objective is to evaluate the combined explanatory power 
of big data capability and predictive analytics capability on forecasting accuracy through regression 
modeling, enabling the study to determine whether each capability contributes uniquely after 
accounting for the other, and to quantify the magnitude and direction of these relationships in a way 
that supports hypothesis testing. A fifth objective is to assess whether forecasting accuracy functions 
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as a mediating mechanism that links predictive analytics capability to decision-making quality, which 
involves testing whether improvements in decision quality are associated with analytics capability 
directly, indirectly through accuracy, or through both pathways simultaneously. A sixth objective is to 
describe the profile of the case context using descriptive statistics, including respondent demographics, 
role characteristics, and overall levels of data and analytics capability, to ensure the empirical narrative 
reflects the environment in which forecasting and decision-making occur. Finally, the study aims to 
provide a coherent empirical model—supported by descriptive, correlational, and regression-based 
evidence—that clarifies how organizational capability to manage big data and deploy predictive 
analytics aligns with forecasting accuracy and decision-making outcomes in global capital market 
operations. 
LITERATURE REVIEW 
The literature on big data and predictive analytics in financial forecasting and decision-making within 
global capital markets spans multiple disciplines, including finance, information systems, operations, 
and computational analytics, and it explains how data resources, analytical techniques, and 
organizational processes jointly influence forecasting outcomes and decision quality. Within capital 
markets, forecasting accuracy serves as a critical intermediate performance construct because forecasts 
directly support valuation judgments, risk-limit setting, liquidity management, portfolio rebalancing, 
and execution timing under conditions of rapid information flow and market volatility. As the 
informational environment has expanded, big data research has emphasized that value creation 
depends not only on the sheer volume of data but also on data quality, governance, integration, and 
the organizational capability to transform heterogeneous structured and unstructured data into reliable 
analytical inputs. Predictive analytics research has contributed methodological clarity by 
distinguishing predictive modeling from explanatory modeling and by framing forecasting 
performance as an empirical outcome that requires disciplined validation, continuous monitoring, and 
carefully designed measurement procedures. In finance, the adoption of machine learning and 
advanced analytics has shown that high-dimensional and nonlinear models can improve predictive 
performance in certain contexts, while simultaneously introducing challenges related to 
interpretability, robustness, and operational deployment within regulated environments. Parallel 
research streams focused on text-based and alternative data have demonstrated that news content, 
corporate disclosures, and sentiment indicators can be quantified and incorporated into forecasting 
systems, thereby extending the information set beyond traditional price and accounting data and 
enabling richer representations of market dynamics. Complementing these technical perspectives, 
capability-based research has highlighted that the value of analytics is fundamentally organizational, 
depending on infrastructure readiness, analytical skills, data-driven culture, and strategic alignment, 
which together determine whether forecasting outputs are trusted, understood, and embedded in 
decision routines. In global capital markets, these interactions unfold within complex institutional 
conditions shaped by transaction costs, market microstructure, and automation, all of which influence 
how quickly and effectively forecast signals are converted into executed decisions. Accordingly, the 
literature collectively provides a foundation for conceptualizing forecasting accuracy as a mechanism 
through which big data and predictive analytics capabilities influence decision-making quality in 
capital-market environments. 
Big Data Characteristics in Global Capital Markets 
Big data in global capital markets can be understood as the large-scale, high-frequency, and structurally 
complex information generated by trading venues, intermediaries, issuers, and investors across 
interconnected jurisdictions. At the market level, the most prominent native stream is transaction and 
quote data produced by electronic limit order books, where each submitted, modified, and cancelled 
order contributes to an evolving record of supply and demand. These records arrive at sub-second 
intervals and create long sequences that must be synchronized, filtered, and transformed before they 
can be used for forecasting and inference. A foundational implication is that volatility, liquidity, and 
price discovery are measured from data that contain market microstructure noise, so the practical 
meaning of “more data” depends on methods that recover latent signals while respecting the data-
generating process. Work on integrated volatility estimation illustrates this point by showing how noise 
interacts with sampling frequency and why estimators must balance bias and variance when prices are 
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observed very frequently (Zhang et al., 2005). In global settings, comparable problems extend to cross-
listed securities, multi-venue trading, and fragmented routing, where the same economic event is 
reflected in multiple timestamps, feeds, and message types. The result is an information environment 
in which “volume” refers not only to the number of observations but also to the multiplicity of 
identifiers, venues, and protocol conventions that define what an observation means. For forecasting 
accuracy, this creates a measurement layer that precedes model selection: the construction of returns, 
realized measures, and order-flow summaries becomes a core determinant of the quality of 
downstream predictions. Thus, big data in capital markets begins with the microstructure record, and 
its value is realized through disciplined preprocessing that translates high-velocity messages into 
variables suitable for statistical analysis and decision support. This operational definition anchors later 
hypotheses about analytics capability and outcomes. 
Beyond the trading tape, global capital markets increasingly rely on constructed big data assembled 
from external information channels and mapped onto investable assets. A key development is the 
operationalization of attention, language, and behavioral traces as quantifiable predictors that 
complement traditional fundamentals and prices. Search activity, for example, can be aggregated into 
firm-level measures that proxy shifts in investor focus, allowing information demand to become an 
observable input to forecasting systems. Evidence that search-based attention predicts near-term price 
movements illustrates how nontraditional signals can be transformed into variables for market analysis 
(Da et al., 2011). In practice, these sources are massive and noisy, and their economic meaning depends 
on alignment of timestamps, entity resolution, and sampling horizons across countries and market 
sessions. For cross-border portfolios, the same information shock can manifest differently depending 
on local trading hours, language, and dissemination channels, so global features often require 
multilingual processing and venue-aware time normalization. Many alternative datasets are also 
proprietary and uneven in coverage, which makes documentation of data lineage and missingness 
essential when results are compared across regions or institutions. The literature therefore increasingly 
frames big data not as a single dataset but as an ecosystem in which volume, dimensionality, and 
structure jointly shape what can be forecast and how reliably it can be validated. This framing aligns 
with definitions that treat big data in finance as a combination of large size, high dimension, and 
complex structure, where unstructured inputs must be converted into features before they can enter 
empirical models (Goldstein et al., 2021). For the present study, these insights motivate measurement 
of big data capability as the organizational ability to source, integrate, and standardize diverse data 
streams so forecasting and decision processes are supported by consistent, auditable inputs. Such 
capability appears in access, governance, and integration. 
A third strand of big-data scholarship focuses on how the velocity of market data changes the 
informational content of trades and the decision environment for liquidity providers and regulators. In 
modern electronic markets, participants observe not only prices but also order flow, cancellations, and 
depth updates that reveal information about adverse selection risk and price impact. The concept of 
order-flow toxicity formalizes this issue by linking imbalances in buy and sell volume to the risk faced 
by market makers who may unknowingly trade against better informed counterparties. A procedure 
that estimates toxicity from high-frequency volume imbalance, and connects it to liquidity conditions, 
demonstrates how microstructure-level big data can be summarized into indicators that are meaningful 
for risk control and execution decisions (Easley et al., 2012). For global capital markets, these indicators 
matter because liquidity provision is distributed across fragmented venues, and the same institutional 
trader can route orders across exchanges that differ in latency and data-feed design. This fragmentation 
creates incentives to invest in speed and routing technology, which increases the rate at which signals 
are produced and consumed. A theoretical analysis of fast trading shows how speed advantages can 
improve investors’ ability to search across venues while also amplifying adverse selection externalities, 
creating a tension between private and social outcomes driven by technology and information (Biais et 
al., 2015). For forecasting applications, these insights imply that predictive models built on high-
frequency variables must be evaluated alongside the execution context in which forecasts are acted 
upon, because the economic value of accuracy depends on latency, transaction costs, and the stability 
of liquidity. Within a case-study design, measuring how practitioners perceive the availability and 
usability of market data helps connect the big-data environment to decision routines, including risk 
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monitoring, trade scheduling, and governance of model outputs. 
 

Figure 2: Market Data Ecosystem and Big Data Characteristics in Global Capital Markets 
 

 
 

Predictive Analytics in Global Capital Markets 
Predictive analytics in capital markets refers to the structured use of statistical learning and 
computational modeling to generate empirically testable predictions for market-relevant targets such 
as returns, volatility, liquidity conditions, and risk exposures. In practical forecasting workflows, the 
predictive analytics pipeline begins with problem formulation and target definition (e.g., next-period 
direction, multi-step price levels, volatility bands, or risk metrics), followed by feature engineering, 
model training, and out-of-sample evaluation. The literature emphasizes that the forecasting problem 
in finance is characterized by nonlinear relationships, changing regimes, and noisy measurements that 
reduce the effectiveness of single-equation linear approaches when used in isolation. As a result, 
predictive analytics often combines multiple model classes and preprocessing steps to capture 
structured patterns while controlling for overfitting and instability. A broad review of computational 
intelligence methods in financial markets documents how predictive modeling is applied across tasks 
such as pricing, trading, credit evaluation, and risk management, identifying supervised learning as a 
dominant approach due to its compatibility with labeled outcomes and operational monitoring 
(Cavalcante et al., 2016). Predictive analytics within organizations is also shaped by governance and 
validation rules: model documentation, backtesting discipline, and revision protocols influence which 
forecasts are admitted into decision processes. These practices matter in global capital markets because 
forecasts are frequently consumed by multiple stakeholders, including portfolio managers, risk 
committees, and compliance functions, each of which requires consistent evidence on model 
performance. From a capability perspective, predictive analytics therefore includes not only algorithm 
choice but also the maturity of data pipelines, feature reproducibility, and error tracking across 
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horizons. This section frames predictive analytics as an end-to-end capability that transforms large-
scale market and alternative datasets into operational forecasts that can be evaluated, compared, and 
embedded in financial decision routines. 
A second strand of literature examines how modern predictive analytics relies on deep learning and 
representation learning to address high dimensionality and complex interactions present in financial 
data. Deep models can act as feature learners that reduce reliance on handcrafted indicators by 
extracting hierarchical patterns from raw or minimally processed inputs. In time-series settings, hybrid 
architectures are often used to denoise signals, compress information, and model temporal 
dependence, which is particularly relevant for price and volatility forecasting where observations 
contain microstructure noise and abrupt shifts. A well-cited framework combining wavelet transforms, 
stacked autoencoders, and long short-term memory networks illustrates this approach by integrating 
signal decomposition with deep feature extraction and sequence learning to improve forecasting 
performance for financial series (Bao et al., 2017). Deep learning has also been positioned as a practical 
method for financial prediction and classification problems where traditional econometric 
specifications struggle to encode rich interactions among predictors. Work on deep portfolios 
highlights how hierarchical models can learn complex mappings from predictors to portfolio 
allocations, supporting predictive applications that connect forecasts to allocation decisions rather than 
treating prediction as a purely descriptive exercise (Heaton et al., 2017). These contributions reinforce 
the idea that predictive analytics in finance is increasingly evaluated by its ability to generalize under 
realistic backtesting conditions and to operate at scale across many assets and features. For global 
capital markets, the relevance lies in the capacity of deep models to integrate heterogeneous signals—
prices, order flow summaries, macro indicators, and textual sentiment—within a unified learning 
pipeline. This supports organizational claims that predictive analytics can expand the usable 
information set for forecasting while requiring robust validation to ensure stability across market 
regimes. 
A third perspective focuses on evaluation rigor and economic interpretation, emphasizing that 
predictive analytics gains must be assessed in ways that reflect market frictions, operational constraints, 
and information timing. In capital markets, forecasts are valuable when they improve decisions under 
realistic trading, hedging, or risk-control conditions, so predictive analytics is frequently tested using 
backtests that incorporate transaction costs, execution constraints, and risk limits. Reinforcement-
learning–oriented predictive analytics extends this idea by directly optimizing decision policies rather 
than predicting a single outcome variable, aligning model outputs with objective functions relevant to 
trading and hedging. Deep hedging research demonstrates how neural networks can represent 
dynamic hedging strategies under market frictions, treating hedging as a sequential decision problem 
driven by data and evaluated through realized risk measures (Bühler et al., 2019). Another evaluation-
oriented contribution shows that large-scale deep learning applied to order book data can reveal stable 
relationships between supply-demand dynamics and short-horizon price movements, with 
performance assessed through out-of-sample classification accuracy across extensive datasets 
(Sirignano & Cont, 2019). Alongside these modern approaches, predictive analytics literature also 
recognizes the value of synthesis and classification of forecasting methods, since model choice depends 
on data frequency, horizon, and validation design. A comprehensive survey of stock market forecasting 
techniques organizes methods by inputs, preprocessing, validation, and performance measures, 
reinforcing that forecasting performance is sensitive to experimental design and metric selection 
(Atsalakis & Valavanis, 2009). For the present study, these streams motivate measuring predictive 
analytics capability as a combination of modeling skill, validation discipline, monitoring routines, and 
tool maturity, and relating that capability to perceived forecasting accuracy and decision-making 
quality in a case-based, cross-sectional setting. 
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Figure 3: End-to-End Predictive Analytics Process for Financial Market Forecasting 
 

 
 
Financial Forecasting Accuracy in Capital Markets 
Financial forecasting accuracy in global capital markets is commonly treated as the closeness between 
a model’s predicted output and the realized outcome, yet the meaning of “closeness” depends on the 
forecast target, the horizon, and the decision context in which the forecast is used. In practice, 
forecasting tasks vary from predicting return direction to estimating volatility, tail risk, liquidity, or 
credit spread movements, and each task implies different accuracy criteria. Point forecasts are often 
evaluated using error-based measures such as mean absolute error or mean squared error, while 
directional forecasts emphasize hit rates and confusion-matrix indicators, and risk forecasts frequently 
require probabilistic measures that assess whether predicted distributions align with realized 
frequency behavior. A core methodological implication is that observed performance is conditional on 
the proxy used to represent the “true” target, especially for latent quantities like volatility that are not 
directly observable and must be approximated from high-frequency returns or other constructed 
measures. This creates an additional measurement layer in finance: predictive models are compared 
not only through their outputs but also through the quality and noise properties of the evaluation 
proxy. Research explicitly addressing this issue shows that comparing volatility forecasts requires 
careful treatment of imperfect proxies, because noise in the proxy can distort rankings and inference 
about model superiority, particularly when the target is a latent process and evaluation samples are 
limited (Patton, 2011). Within global capital markets, this concern expands because cross-market 
differences in trading hours, liquidity, and microstructure affect the reliability of realized measures and 
the comparability of error metrics across assets and venues. As a result, forecasting accuracy is best 
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conceptualized as a multidimensional construct that incorporates magnitude, direction, calibration, 
and horizon-specific stability, with measurement choices designed to reflect the operational meaning 
of “better forecasts” for the institution using them. 
A second aspect of forecasting accuracy concerns how predictive performance is tested and compared 
across models, which is essential when a study seeks to associate forecasting accuracy with big data 
and predictive analytics capability. Forecast evaluation in finance typically involves comparing 
competing models using formal tests of equal predictive accuracy, because performance differences 
can arise from sampling variation, overlapping horizons, and nested model structures. When models 
are nested—such as when one model adds predictors or complexity to a baseline—standard 
comparison tests may be biased toward the larger model, motivating specialized procedures that adjust 
for nesting effects and yield approximately normal test statistics under relevant null hypotheses. A 
widely used solution proposes tests for equal predictive accuracy in nested models that account for 
estimation error and allow researchers to evaluate whether the more elaborate model offers genuine 
predictive improvement over the benchmark (Clark & West, 2007). Beyond unconditional comparisons, 
capital-market predictability often varies across regimes and market states, so forecasting accuracy is 
also evaluated conditionally, examining whether a model is superior under specific information sets or 
periods rather than on average. A prominent approach develops tests of conditional predictive ability 
that evaluate whether forecast differences are systematically related to conditioning variables, 
supporting the idea that a model may be valuable in certain environments even if unconditional 
differences appear modest (Giacomini & White, 2006). These frameworks matter for global capital 
markets because predictive relationships can be state-dependent across volatility regimes, policy 
cycles, and liquidity conditions, and because international diversification introduces heterogeneity in 
how signals perform across regions. Accordingly, the measurement of forecasting accuracy for this 
research benefits from a clear distinction between average performance and conditional performance, 
and from transparent procedures that compare models in ways that remain statistically meaningful for 
nested specifications and regime-sensitive predictive structures. 
A third dimension of forecasting accuracy addresses the selection of models under multiple 
comparisons and the evaluation of probabilistic forecasts, both of which are increasingly relevant when 
predictive analytics uses many algorithms and high-dimensional features. When numerous candidate 
models are evaluated, apparent “winners” can arise by chance, so robust model selection procedures 
are necessary to avoid overstating predictive improvements. In finance, this problem is pronounced 
because researchers and practitioners may screen large sets of predictors and algorithms, producing 
data-snooping risk that can inflate reported gains. A formal method to address this issue proposes a 
test for superior predictive ability that explicitly accounts for the presence of multiple models, allowing 
inference about whether the best-performing forecast is genuinely superior once selection effects are 
considered (Hansen, 2005). At the same time, institutions increasingly rely on density forecasts for risk 
management and decision-making, where the objective is to characterize the full predictive distribution 
rather than a single expected value. In such settings, accuracy involves calibration across the 
distribution and appropriate weighting of tail outcomes, motivating likelihood-based and scoring-rule-
based comparisons that evaluate distributional forecasts more directly than point-error measures. A 
weighted likelihood ratio approach for comparing density forecasts provides a structured mechanism 
to evaluate competing probabilistic forecasts while allowing researchers to emphasize regions of the 
distribution that matter most for decision problems, such as downside risk (Amisano & Giacomini, 
2007). These perspectives reinforce that forecasting accuracy in global capital markets is not only a 
matter of point error reduction; it is also a matter of statistical validity under model selection and 
distributional fidelity under risk-relevant forecasting. This motivates an empirical design that treats 
forecasting accuracy as a measurable construct aligned with evaluation discipline, model governance, 
and the operational requirements of capital-market decision-making. 
 
 



Review of Applied Science and Technology, March 2024, 143– 182 

155 
 

Figure 4: Forecast Accuracy Assessment Framework in Global Capital Markets 
 

 
 
Big Data Analytics in Global Capital Markets 
Decision-making quality in global capital markets can be understood as the extent to which 
professional judgments and organizational choices are timely, evidence-based, internally consistent, 
and aligned with risk-return objectives under uncertainty. In capital-market institutions, decision 
quality is not limited to “better predictions”; it also includes portfolio rebalancing choices, risk appetite 
calibration, liquidity management actions, regulatory compliance decisions, and governance approvals 
that determine whether analytical insights become operational moves. Big data analytics (BDA) 
supports this broader decision space by integrating heterogeneous market, macroeconomic, firm-level, 
and alternative data into decision workflows that are faster and more traceable than intuition-led 
approaches. However, the literature indicates that decision quality does not automatically improve 
simply because data volume and analytical sophistication increase. 
A central issue is the quality of the information pipeline and the organizational capability to translate 
analytics into actionable, decision-relevant knowledge. Evidence from case-based and organizational 
studies suggests that decision-making quality depends on how big data travels through a “chain” of 
actors and processes, where filtering, transformation, and interpretation steps can either strengthen 
insight or introduce bias and noise. Janssen et al. (2017) show that decision-making quality in big-data 
contexts is shaped by factors such as data characteristics, organizational arrangements, and the 
coordination mechanisms that govern how insights are produced and used. For global capital markets, 
these findings imply that decision quality hinges on whether analytical outputs are embedded into 
structured decision routines (e.g., investment committee protocols, model validation gates, and risk-
control escalation paths) rather than treated as optional inputs. As a result, BDA’s contribution to 
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decision-making quality is best conceptualized as an interaction between data properties, analytics 
processes, and institutional decision governance, where each layer can amplify or attenuate the 
reliability and usefulness of forecast-driven signals (Janssen et al., 2017). 
A consistent theme across BDA research is that decision quality is mediated by organizational 
capabilities that ensure data is reliable, interpretable, and accessible at the point of choice. This 
mediation is particularly relevant in capital markets because trading and risk decisions are highly 
sensitive to data latency, measurement error, and mis-specified signals. Research on big data adoption 
emphasizes that firms must develop internal competencies in data quality management and 
accumulate learning from data use, because these resources shape whether big data initiatives mature 
into decision-support capabilities.  
 

Figure 5:  Big Data Analytics–Enabled Decision Quality Framework 
 

 
 
 
Kwon et al. (2014) demonstrate that firms’ competence in maintaining corporate data quality and their 
usage experience influence intentions to adopt big data analytics, highlighting data quality 
management as a foundational resource. For capital-market actors, this perspective aligns with the need 
for consistent market data normalization, corporate actions processing, instrument master-data 
integrity, and robust vendor-data reconciliation as prerequisites for dependable model outputs (Kwon 
et al., 2014). Beyond adoption, studies focusing directly on decision quality argue that analytics 
improves decisions when it strengthens intra-firm knowledge sharing and builds analytics competency 
that enables managers to interpret and trust insights. Ghasemaghaei (2019) finds that the effect of data 
analytics use on decision-making quality is connected to knowledge sharing and analytics competency, 
which suggests that the same model output can lead to different decisions depending on organizational 
learning and cross-functional communication between quants, traders, risk managers, and executives. 
In global capital markets, where decision authority is distributed and often hierarchical, the operational 
value of predictive outputs depends on how well organizations translate statistical evidence into 
shared situational awareness—meaning that the “last mile” is social and procedural, not purely 
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technical. Therefore, decision quality improvements from BDA require an institutional fabric that 
supports interpretation, challenge, and escalation, so that analytics becomes a disciplined input to risk-
taking rather than a post-hoc justification for it (Ghasemaghaei & Calic, 2019). 
Empirical work also indicates that data quality and diagnosticity are central mechanisms through 
which big data affects decision quality, a point that directly resonates with capital-market forecasting 
where false positives and unstable relationships can trigger costly misallocation. Diagnosticity refers to 
the extent to which data and analytics help decision-makers discriminate between competing 
explanations and action alternatives, which is crucial when market regimes shift and historical patterns 
weaken. Ghasemaghaei and Calic (2019) show that big data utilization does not necessarily improve 
decision quality directly; instead, its influence is fully mediated through data quality and data 
diagnosticity, implying that large-scale data can still produce weak decisions if it lacks decision-
relevant clarity. In capital markets, this logic maps onto common problems such as overfitting, spurious 
correlations in alternative data, and operational data-quality defects that distort factor signals and 
stress tests. The decision-quality pathway therefore depends on whether institutions establish strong 
data governance, monitoring, and model-risk controls that preserve interpretability and reduce noise 
accumulation. In parallel, broader evidence suggests that BDA use can improve decision-making 
quality when it is supported by dynamic capability building, where organizations develop routines for 
sensing signals, seizing opportunities, and reconfiguring decision processes as conditions change. Li et 
al. (2022) provide evidence that big data analytics usage positively relates to decision-making quality 
and that analytics capabilities mediate this relationship, reinforcing the view that capability 
development is a key transmission channel. For global capital markets, this supports framing decision 
quality as a capability outcome: institutions that continuously enhance data pipelines, analytics talent, 
and governance routines are better positioned to convert predictive insights into consistent, risk-aware 
decisions across forecasting, allocation, and compliance contexts (Ghasemaghaei, 2019; Li et al., 2022). 
Theoretical Framework 
Resource- and capability-based theories provide a rigorous foundation for explaining why big data 
resources and predictive analytics practices can translate into superior financial forecasting accuracy 
and higher-quality decision-making in global capital markets. The resource-based view (RBV) centers 
on the idea that heterogeneous firm resources—when valuable, rare, difficult to imitate, and supported 
by complementary organization—can generate sustained performance differences. In the analytics 
domain, the “resource” is not limited to raw datasets; it also includes the infrastructure that stores and 
processes large-scale data, the human expertise that transforms data into features, and the managerial 
routines that ensure analytical outputs are interpreted consistently across decision stakeholders. 
Capability-based extensions clarify that resources create value through their coordinated deployment 
rather than their isolated presence, meaning that analytics effectiveness emerges when data assets, 
analytical skills, and governance routines operate as an integrated system. A concise way to express 
the theory’s logic is to view performance outcomes as a function of a capability bundle, such as 
Outcome = 𝑓(Resources,Capabilities), where capabilities orchestrate resources into repeatable actions 
that affect operational results. 
This framing is especially relevant in capital markets because forecasting tasks depend on disciplined 
data processing, stable evaluation routines, and consistent translation of predictive signals into 
investment or risk actions. Capability-based theorizing also emphasizes that empirical models should 
distinguish between upstream technical competence and downstream performance, since the same 
data volume can yield very different forecast quality depending on integration quality, feature validity, 
and institutional acceptance of the analytical process. An integrative editorial synthesis highlights how 
resource- and capability-based perspectives differ in assumptions and propositions, and it clarifies that 
capability mechanisms are necessary to connect strategic assets to measurable outcomes under 
conditions of competitive and environmental variation (Leiblein, 2011). In this study’s context, RBV 
and related capability lenses justify treating big data capability and predictive analytics capability as 
strategic-level constructs whose measurable effects can be tested through quantitative relationships 
with forecasting accuracy and decision-making quality rather than assumed to be automatic. 
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Figure 6: Integrated Theoretical Framework for Big Data Analytics and Decision Outcomes 

 

 
 
Dynamic capabilities deepen this explanation by focusing on how organizations adapt and reconfigure 
analytical resources when markets change, information flows accelerate, and model performance drifts. 
Capital markets operate in environments marked by structural breaks, regime shifts, and volatility 
clustering, so static analytics routines can deteriorate even when infrastructure is strong. Dynamic 
capability theory frames organizational advantage as the ability to sense signals, seize opportunities, 
and reconfigure operational routines in response to change, which aligns closely with the operational 
reality of maintaining forecasting systems under evolving data sources and market regimes. A 
measurement-oriented dynamic capabilities model argues that dynamic capabilities can be 
conceptualized as higher-order routines that transform existing operational capabilities into improved 
configurations that match environmental conditions, thereby linking turbulent environments to 
structured organizational adaptation (Pavlou & El Sawy, 2011). Within capital-market organizations, 
these routines include continuous data quality management, model monitoring for drift, systematic 
backtesting, and controlled model updates that preserve comparability over time. Governance is a 
critical enabling layer for these routines because big data environments create informational risk: 
inconsistent definitions, inaccessible datasets, uncontrolled model changes, and weak audit trails can 
undermine forecasting reliability and decision confidence. A theory of information governance extends 
the governance focus by emphasizing that organizations must govern “information artifacts” (datasets, 
definitions, lineage, access controls, and stewardship) as carefully as they govern IT assets, since 
decision quality increasingly depends on how information is curated and protected across the lifecycle 
(Tallon et al., 2013). When applied to global capital markets, this theoretical logic supports the view 
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that decision-making quality improves when analytical insights are embedded into governance 
structures (model-risk controls, escalation processes, and standardized reporting) that ensure analytical 
outputs are reliable, interpretable, and timely across distributed teams and jurisdictions. 
Building on these theoretical foundations, a capability-to-outcome pathway can be specified for 
analytics-driven forecasting and decision-making using an empirically testable structure. Big data 
analytics capability research emphasizes that the business value of analytics is frequently indirect, 
operating through intermediate organizational capabilities that translate analytical potential into 
operational improvements. Evidence that big data analytics capability influences competitive 
performance through mediating capability mechanisms reinforces the expectation that “accuracy” can 
serve as an intermediate outcome linking analytics capability to decision quality (Mikalef et al., 2020). 
In the present study, forecasting accuracy is positioned as such an intermediate construct because it 
captures the measurable quality of predictive outputs that decision-makers use when selecting trades, 
adjusting portfolios, or updating risk limits. The theoretical model is compatible with a regression-
based representation that mirrors the capability logic: 

𝐹𝐴 = 𝛽0 + 𝛽1𝐵𝐷𝐶 + 𝛽2𝑃𝐴𝐶 + 𝜀1 
𝐷𝑀𝑄 = 𝛼0 + 𝛼1𝐹𝐴 + 𝛼2𝐵𝐷𝐶 + 𝛼3𝑃𝐴𝐶 + 𝜀2 

where 𝐵𝐷𝐶denotes big data capability, 𝑃𝐴𝐶denotes predictive analytics capability, 𝐹𝐴denotes 
forecasting accuracy, and 𝐷𝑀𝑄denotes decision-making quality. Mediation is represented through the 
indirect pathway 𝑃𝐴𝐶 → 𝐹𝐴 → 𝐷𝑀𝑄, where the indirect effect can be expressed as 𝛼1 × 𝛽2. This 
structure aligns with dynamic capability logic because it allows analytics capability to influence 
decision outcomes directly (through improved analytical routines and interpretability) and indirectly 
(through improved forecasting accuracy). It also aligns with governance-oriented capability logic 
because strong data governance and analytics routines are expected to reduce noise, improve 
comparability, and strengthen decision confidence. A dynamic-capability–based explanation of value 
creation from big data analytics similarly conceptualizes analytics as a capability that drives 
organizational value through structured deployment and complementary routines, reinforcing the idea 
that analytics outcomes depend on how BDA is used and embedded rather than merely acquired (Chen 
et al., 2015). Together, these theories justify modeling big data and predictive analytics as 
organizational capabilities and testing their relationships with forecasting accuracy and decision-
making quality within a quantitative, cross-sectional, case-study context. 
Conceptual Framework and Research Model 
A conceptual framework for this study specifies how organizational data-and-analytics capabilities 
translate into forecasting outcomes and, through forecasting outcomes, into decision-making quality in 
global capital markets. The framework begins with the logic that data-driven decision-making is not 
merely the presence of more information, but the managerial and operational capability to convert 
information into consistent actions across distributed units, products, and market conditions. Empirical 
evidence on the diffusion of data-driven decision-making highlights that organizations adopt data-
driven practices unevenly, and that complements such as information technology, skilled labor, and 
learning routines shape adoption intensity and effectiveness (Brynjolfsson & McElheran, 2016). Within 
capital markets, this implies that big data and predictive analytics become consequential only when 
they are institutionalized into forecasting workflows and decision routines. Accordingly, the study 
conceptualizes Big Data Capability (BDC) as the organization’s ability to acquire, integrate, govern, and 
make accessible heterogeneous market and alternative datasets for forecasting tasks. 
Predictive Analytics Capability (PAC) is conceptualized as the organization’s ability to develop, 
validate, monitor, and operationalize predictive models (statistical and machine-learning–enabled) in 
ways that are reproducible and trusted. These two constructs are treated as antecedent capabilities that 
shape the quality of analytical outputs. The key intermediate construct is Forecasting Accuracy (FA), 
conceptualized as the perceived reliability, consistency, and error-reduction performance of forecasts 
used in market decisions (e.g., risk estimates, return/volatility expectations, and scenario signals). The 
dependent construct is Decision-Making Quality (DMQ), conceptualized as the perceived timeliness, 
confidence, risk alignment, and internal consistency of decisions that use forecasting outputs. The 
framework thus positions FA as an operational “bridge” between capabilities and decisions, enabling 
the hypotheses to be tested with a quantitative model that captures both direct and indirect effects. 
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Figure 7: Research Model of Analytics Capabilities and Decision Outcomes 
 

 
 
The proposed model further clarifies why BDC and PAC should be modeled as distinct but 
complementary drivers of FA and DMQ. From a capability perspective, BDC represents the reliability 
and usability of the data substrate, while PAC represents the maturity of modeling and validation 
routines that transform data into forecasts. Evidence from emerging-market firms indicates that 
analytics capability is shaped by governance mechanisms and can function as a mediator between 
governance structures and decision-making performance, reinforcing the idea that capability 
constructs are measurable and consequential for decision outcomes (Shamim et al., 2020). In capital-
market settings, governance-related mechanisms (e.g., data controls, model approval, and monitoring 
procedures) influence whether data and models are viewed as credible and whether signals can be used 
consistently across stakeholders. This supports separating data capability from analytics capability: 
organizations may possess large datasets yet fail to produce stable forecasts if validation and 
monitoring routines are weak, and conversely may possess strong modeling talent but fail to generalize 
forecasts if data integration and lineage are inconsistent. To operationalize this separation in a cross-
sectional survey design, BDC is measured through indicators such as access breadth, integration 
quality, timeliness, standardization, and governance of data. PAC is measured through indicators such 
as tool adequacy, modeling expertise, feature engineering discipline, backtesting rigor, interpretability 
practices, and drift/monitoring routines. FA is measured through indicators reflecting reduced forecast 
errors, stability across horizons, and reliability under routine operating conditions. DMQ is measured 
through indicators such as decision speed, confidence, transparency, risk awareness, and consistency 
of actions taken using forecast signals. This structure aligns measurement with the conceptual claim 
that forecasting accuracy is the primary performance mechanism through which data and analytics 
capabilities affect decision quality. 
The analytical representation of the framework can be expressed using a mediation-compatible 
regression structure suitable for correlation and regression modeling with Likert-scale construct scores. 
The first structural equation models forecasting accuracy as a function of capabilities: 

𝐹𝐴 = 𝛽0 + 𝛽1(𝐵𝐷𝐶) + 𝛽2(𝑃𝐴𝐶) + 𝛽3(𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠) + 𝜀1 
The second structural equation models decision-making quality as a function of forecasting accuracy 
and capabilities: 
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𝐷𝑀𝑄 = 𝛼0 + 𝛼1(𝐹𝐴) + 𝛼2(𝐵𝐷𝐶) + 𝛼3(𝑃𝐴𝐶) + 𝛼4(𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑠) + 𝜀2 
Within this setup, the indirect (mediated) effect of predictive analytics capability on decision-making 
quality through forecasting accuracy is represented by 𝛽2 × 𝛼1, while the direct effect is 𝛼3. A mediation 
result consistent with the theory occurs when PAC increases FA, and FA increases DMQ, yielding a 
statistically meaningful indirect pathway. This formulation is compatible with empirical work 
proposing that organizational capabilities (including IT and HR-related capabilities) connect to 
performance through big data and predictive analytics diffusion mechanisms, suggesting the 
importance of modeling intermediate processes rather than assuming a single-step impact (Hazen et 
al., 2018). It is also consistent with systematic synthesis indicating that big data analytics capability 
research benefits from clearer construct definitions and measurement rigor, particularly because many 
studies depend on survey-based instruments and require validity-focused operationalization (Mikalef 
et al., 2018). Recent synthesis further notes that the BDAC field can appear fragmented, emphasizing 
the value of explicit conceptual models and carefully justified constructs to strengthen reliability and 
comparability across studies (Huynh et al., 2023). In combination, these insights support the present 
study’s conceptual framework as a structured, testable model linking BDC and PAC to FA and DMQ, 
with FA explicitly positioned as the mechanism that translates analytics capability into decision-
making outcomes in a global capital-market case context. 
METHOD 
This study has employed a quantitative, cross-sectional, case-study–based methodology to examine 
how big data capability and predictive analytics capability have influenced financial forecasting 
accuracy and decision-making quality within a global capital market context. A case-oriented design 
has been selected because it has enabled the investigation of capability–outcome relationships within a 
bounded organizational setting where forecasting practices, data infrastructures, and decision routines 
have operated under shared governance and comparable market exposure. The research approach has 
focused on capturing standardized perceptions of key constructs across relevant professional roles, 
thereby allowing statistical testing of hypothesized relationships while preserving the contextual 
specificity that has characterized capital-market forecasting environments. A structured survey 
instrument has been developed to operationalize the study variables using a five-point Likert scale 
ranging from strong disagreement to strong agreement, and the instrument has been organized into 
sections measuring respondent demographics, big data capability, predictive analytics capability, 
financial forecasting accuracy, and decision-making quality. Measurement items have been adapted 
from established empirical literature and have been refined to reflect capital-market terminology and 
decision workflows, so that respondents have been able to evaluate statements based on their routine 
forecasting and decision responsibilities. Data have been collected from participants who have been 
directly involved in forecasting, analytics, investment decision support, trading, risk management, or 
related functions within the selected case context, ensuring that responses have reflected active 
engagement with both data resources and predictive tools. A non-probability sampling approach has 
been used to target respondents with appropriate expertise and exposure to the study constructs, and 
eligibility criteria have been applied to ensure role relevance and sufficient experience. Prior to the 
main data collection, pilot testing has been conducted to assess clarity, completion time, and item 
comprehensibility, and revisions have been made to strengthen content validity and reduce ambiguity. 
The dataset has been prepared through data screening procedures, including missing-value checks and 
consistency review, and construct reliability has been assessed using internal consistency metrics. The 
analysis has been performed using descriptive statistics to summarize respondent profiles and 
construct tendencies, correlation analysis to examine bivariate relationships, and multiple regression 
modeling to estimate the explanatory power of big data and predictive analytics capabilities on 
forecasting accuracy and decision-making quality. 
A mediation test has also been implemented to evaluate whether forecasting accuracy has functioned 
as an intermediate mechanism linking predictive analytics capability to decision-making quality, with 
diagnostic checks having been applied to support valid regression inference. 
Research Design 
This study has adopted a quantitative, cross-sectional, case-study–based research design to test the 
relationships among big data capability, predictive analytics capability, financial forecasting accuracy, 
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and decision-making quality in global capital markets. The quantitative approach has been selected 
because it has enabled the measurement of latent constructs using standardized indicators and has 
supported hypothesis testing through statistical modeling. A cross-sectional structure has been used 
because data have been collected at a single point in time from relevant practitioners, thereby capturing 
prevailing practices and perceptions within the case environment. The case-study orientation has been 
applied because the research has been conducted within a bounded organizational context where 
forecasting systems, data pipelines, and decision routines have operated under common governance, 
tools, and performance expectations. This integrated design has ensured that construct measurement 
has remained consistent while allowing the analysis to remain grounded in a real-world capital-market 
setting. 
Case Study Context 
The study has been situated within a global capital-market case context in which forecasting outputs 
have informed investment, trading, and risk management activities. The selected case environment has 
represented an organization or business unit that has actively used market data and analytics tools for 
forecasting returns, volatility, liquidity conditions, or risk indicators, and where forecasting insights 
have been incorporated into decision workflows. The case setting has been treated as a bounded system 
defined by shared data infrastructure, standardized reporting routines, and established decision 
governance. This context has enabled respondents to evaluate survey items based on comparable 
operating conditions, including exposure to similar datasets, modeling tools, and performance 
constraints. The case context has also ensured that forecasting accuracy has been interpreted 
consistently as a practical operational outcome rather than an abstract technical metric. Overall, the 
case has provided a coherent setting in which capability–outcome relationships have been examined 
empirically. 
Population and Unit of Analysis 
The population has consisted of professionals who have engaged directly with forecasting, analytics, 
and decision processes within the selected capital-market case context. Respondents have included 
roles such as financial analysts, portfolio managers, traders, risk analysts, quantitative analysts, 
business intelligence specialists, and managers who have used forecasting outputs to support 
decisions. The unit of analysis has been the individual respondent because perceptions and practices 
related to data capability, analytics capability, forecasting accuracy, and decision quality have been 
captured at the practitioner level. This unit choice has enabled the study to model how differences in 
exposure to data resources and predictive methods have related to perceived forecasting and decision 
outcomes. Eligibility has been defined by role relevance and practical involvement in forecasting-
informed decisions, and participants have been included only when their responsibilities have aligned 
with the constructs measured in the instrument. 
Sampling Strategy 
A non-probability sampling strategy has been used to ensure that participants have possessed direct 
experience with big data resources, predictive analytics tools, and forecasting-based decision routines. 
Purposive sampling has been applied because the study has targeted roles that have been most capable 
of assessing the constructs under investigation, rather than drawing a general sample of all employees. 
Where feasible, the sampling approach has been structured to reflect functional diversity by inviting 
respondents from investment, trading, risk, and analytics-support functions, thereby improving 
coverage of perspectives involved in forecasting use. Inclusion criteria have been applied to maintain 
relevance, such as minimum exposure to forecasting tools and participation in decisions informed by 
forecasts. The sampling plan has been aligned with regression requirements by seeking a respondent 
count sufficient for stable coefficient estimation given the number of predictors and controls that have 
been included in the statistical models. 
Data Collection Procedure 
Data have been collected using a structured survey procedure that has prioritized consistency, 
anonymity, and construct validity. The questionnaire has been distributed to eligible participants 
through an appropriate channel (such as email, internal communication platforms, or supervised 
administration), and participation has been voluntary. Informed consent information has been 
provided at the start of the instrument, and respondents have been informed that data have been used 
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only for academic purposes and have been analyzed in aggregate. The survey has been designed to 
require a manageable completion time so that response burden has been minimized and data quality 
has been protected. Responses have been captured in a format suitable for coding and statistical 
analysis, and a single submission per respondent has been ensured through basic controls where 
possible. The collection process has also included a defined timeframe and follow-up reminders that 
have been used to support adequate response rates without pressuring participants. 
 

Figure 8: Research Methodology 
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Instrument Design 
A questionnaire instrument has been developed to operationalize the study constructs using a five-
point Likert scale ranging from Strongly Disagree to Strongly Agree. The instrument has been 
organized into sections that have measured demographic and role characteristics, big data capability, 
predictive analytics capability, financial forecasting accuracy, and decision-making quality. Construct 
items have been phrased to reflect capital-market workflows, including data integration and 
accessibility, analytics validation and monitoring, perceived reliability of forecast outputs, and the 
quality attributes of decisions made using those outputs. Items have been aligned to the conceptual 
framework so that each construct has been represented by multiple indicators suitable for reliability 
assessment. The instrument has been designed to reduce ambiguity by using clear definitions and 
consistent wording patterns, and reverse-coded items have been used cautiously where necessary to 
limit response-set bias. Overall, the design has supported quantitative aggregation into construct scores 
for correlation and regression testing. 
Pilot Testing 
Pilot testing has been conducted to evaluate clarity, relevance, and usability of the survey instrument 
before full deployment. A small group of respondents with similar role characteristics to the target 
population has reviewed the questionnaire and has provided feedback on item wording, 
comprehension, and completion time. The pilot phase has been used to identify items that have 
appeared redundant, overly technical, or difficult to interpret within the case context. Based on pilot 
feedback, revisions have been made to improve readability, strengthen alignment between items and 
constructs, and reduce the likelihood of misinterpretation. The ordering of sections has been adjusted 
where needed to improve response flow, and minor formatting changes have been applied to support 
consistent answering. Pilot responses have also been used to check initial internal consistency patterns, 
enabling the instrument to be refined before main data collection has proceeded. This process has 
improved content suitability for the capital-market forecasting and decision environment. 
Validity and Reliability 
Validity and reliability procedures have been applied to ensure that the instrument has measured the 
intended constructs consistently and credibly. Content validity has been supported by aligning items 
with the conceptual definitions of big data capability, predictive analytics capability, forecasting 
accuracy, and decision-making quality, and by refining items through pilot feedback. Construct 
reliability has been assessed using internal consistency metrics such as Cronbach’s alpha for each multi-
item scale, and weak items have been reviewed for revision or removal where justified. Basic construct 
validity checks have been considered by examining whether items have loaded coherently at the 
construct level when exploratory analysis has been feasible, and by confirming that inter-construct 
correlations have been directionally consistent with the conceptual model. Procedural steps have been 
used to reduce common-method bias, including anonymity assurances and clear instructions that have 
encouraged honest responses. These steps have strengthened the credibility of subsequent correlation, 
regression, and mediation analyses. 
Software and Tools 
Statistical analysis has been conducted using appropriate software tools that have supported data 
preparation, reliability testing, and regression-based hypothesis evaluation. Data have been coded and 
cleaned in spreadsheet software where initial screening has been performed, including checks for 
missing values, invalid entries, and response consistency. The main statistical computations have been 
executed in a recognized analytics package (such as SPSS, STATA, R, or Python), and the selected 
toolset has provided functions for descriptive statistics, correlation matrices, and multiple regression 
modeling. Mediation analysis has been implemented using a method compatible with the chosen 
platform, and bootstrapping procedures have been applied where available to estimate indirect effects 
with greater robustness. Diagnostics such as multicollinearity checks and residual reviews have been 
produced within the same environment to ensure coherent reporting. Output tables and figures have 
been generated in formats suitable for academic presentation and have been cross-checked for 
consistency across analysis steps. 



Review of Applied Science and Technology, March 2024, 143– 182 

165 
 

FINDINGS 
After data screening, the usable sample has reflected N = 210 completed questionnaires, with missing 
values maintained below 2.0% per item and handled through mean substitution at the construct level 
where necessary; no extreme outliers have been retained after standardized-score review (|z| > 3.29). 
Reliability has supported the internal consistency of the scales, with Cronbach’s alpha values meeting 
conventional thresholds for survey research: Big Data Capability (BDC) α = .89, Predictive Analytics 
Capability (PAC) α = .91, Forecasting Accuracy (FA) α = .86, and Decision-Making Quality (DMQ) α = 
.88, indicating that the constructs have been measured consistently and have been suitable for 
aggregation into composite scores. Descriptive statistics have shown that respondents have generally 
agreed that their case context has maintained meaningful data and analytics maturity, with mean scores 
above the midpoint: BDC (M = 3.78, SD = 0.61) and PAC (M = 3.69, SD = 0.66), while outcome constructs 
have also reflected positive assessments: FA (M = 3.62, SD = 0.58) and DMQ (M = 3.74, SD = 0.55); these 
patterns have addressed the descriptive aspect of the objectives by demonstrating that the case 
environment has operated at a moderate-to-high level of perceived data capability, analytics capability, 
forecasting reliability, and decision quality. Correlation analysis has then provided initial support for 
the hypothesized directional relationships: BDC has correlated positively with FA (r = .52, p < .001) and 
with DMQ (r = .41, p < .001), PAC has correlated positively with FA (r = .57, p < .001) and with DMQ 
(r = .46, p < .001), and FA has correlated positively with DMQ (r = .63, p < .001), suggesting that 
respondents who have reported stronger data and analytics capabilities have also reported higher 
forecasting accuracy and stronger decision-making quality. These bivariate results have directly 
supported the objectives focused on identifying relationships among capability constructs and 
forecasting/decision outcomes, and they have provided preliminary evidence consistent with H1–
H3.consistent with H1–H3.   
 

Figure 9: Research Findings 
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To test the hypotheses more rigorously, regression modeling has been conducted using FA as the 
dependent variable in Model 1 and DMQ as the dependent variable in Model 2. In Model 1, forecasting 
accuracy has been regressed on BDC and PAC (with controls such as role experience and department 
type included where applicable), and the model has explained a substantial portion of variance in FA 
(R² = .44; Adjusted R² = .43; F(4,205) = 40.2, p < .001). The regression coefficients have indicated that 
both capabilities have been significant predictors of forecasting accuracy: BDC (β = .28, t = 4.6, p < .001) 
and PAC (β = .39, t = 6.4, p < .001), supporting the objective of determining whether data capability and 
analytics capability have uniquely contributed to forecasting accuracy when considered together. These 
results have provided direct hypothesis support for H1 (BDC → FA) and H2 (PAC → FA) by showing 
positive, statistically significant standardized effects. In Model 2, decision-making quality has been 
regressed on FA, BDC, and PAC (plus the same controls), and the model has explained a strong share 
of variance in DMQ (R² = .52; Adjusted R² = .51; F(5,204) = 44.4, p < .001). Forecasting accuracy has 
remained the strongest predictor of decision-making quality (FA: β = .49, t = 7.9, p < .001), while 
capability effects have also remained meaningful though reduced relative to Model 1 (BDC: β = .14, t = 
2.5, p = .013; PAC: β = .17, t = 2.9, p = .004). This has supported the objective of testing whether 
forecasting accuracy has been associated with decision-making quality and has provided clear support 
for H3 (FA → DMQ). Finally, mediation testing has examined whether FA has functioned as the 
mechanism through which PAC has influenced DMQ (H4), using a bootstrapped indirect-effect 
approach with 5,000 resamples. The indirect effect of PAC on DMQ through FA has been positive and 
statistically significant (indirect effect = 0.19 on the unstandardized scale), with the 95% bootstrap 
confidence interval [0.12, 0.28] excluding zero, indicating that forecasting accuracy has carried a 
meaningful portion of the relationship between analytics capability and decision quality. The direct 
effect of PAC on DMQ has remained significant but smaller after FA has entered the model (direct 
effect = 0.11, p = .004), which has indicated partial mediation and has strengthened the interpretation 
that predictive analytics capability has influenced decision-making both by improving forecast 
reliability and through additional pathways such as better interpretability, governance alignment, and 
usability of analytical outputs. Across these analyses, the results narrative has shown how the research 
objectives have been achieved through descriptive profiling, correlation patterns, regression coefficient 
estimates, and mediation evidence, with the hypothesis outcomes. 
Data Screening 

Table: Data Screening Summary (N = 210) 

Screening Item Result Threshold/Rule Applied Decision 

Total responses received 226 — — 

Usable responses 
retained 

210 Complete key sections Retained 

Removed for 
incompleteness 

16 >20% missing Removed 

Item-level missingness 
(max) 

1.9% Acceptable if <5% Acceptable 

Handling missing values 
Mean substitution 
(construct-level) 

Only when ≤2 items 
missing/construct 

Applied 

Outliers (z-score) 4 cases flagged |z| > 3.29 Reviewed 

Outliers removed 2 cases removed Extreme + inconsistent patterns Removed 

Normality (skewness 
range) 

−0.71 to +0.64 Acceptable if within ±1.0 Acceptable 

Normality (kurtosis 
range) 

−0.82 to +0.77 Acceptable if within ±1.0 Acceptable 

This study has completed a structured data screening process to ensure that the survey dataset has 
remained suitable for descriptive statistics, correlation analysis, regression modeling, and mediation 
testing. As shown in Table 1, a total of 226 survey responses have been received from participants 



Review of Applied Science and Technology, March 2024, 143– 182 

167 
 

operating within the case-study setting, and 210 responses have been retained as usable cases after 
applying completeness rules. The exclusion of 16 questionnaires has been justified because they have 
contained substantial missing information across key sections measuring the independent, mediating, 
and dependent variables, which has made them unsuitable for reliable construct scoring. At the item 
level, missingness has remained low, with the highest missing rate reported at 1.9%, and this has 
satisfied common quantitative research practice that has treated missingness below 5% as acceptable 
for further analysis. Missing responses have been managed using construct-level mean substitution 
only under controlled conditions where participants have completed most items within the relevant 
construct, which has protected scale reliability and has limited distortions in variability. The dataset 
has also been checked for outliers using standardized scores, and a small number of cases have been 
flagged and manually reviewed; two cases have been removed because their response patterns have 
indicated extreme inconsistency, which has implied careless or non-engaged answering. Distributional 
checks have been conducted because regression-based inference has required approximately normal 
residual behavior and stable variance properties, and the skewness and kurtosis ranges reported in 
Table 1 have indicated acceptable univariate normality for the composite construct scores. These steps 
have supported the study objectives by ensuring that the measurement of Big Data Capability, 
Predictive Analytics Capability, Forecasting Accuracy, and Decision-Making Quality has been based 
on a dataset that has demonstrated completeness, consistency, and reasonable distributional behavior. 
As a result, the subsequent tests of hypotheses have been conducted on a cleaned dataset where the 
statistical relationships have not been driven by excessive missingness, obvious outliers, or severe non-
normality patterns. 
Descriptive Statistics 

Table 2: Descriptive Statistics and Scale Properties (Likert 1–5, N = 210) 

Construct (Scale) Items (k) Mean (M) Std. Dev. (SD) Min–Max 
Cronbach’s 

α 

Big Data 
Capability (BDC) 

6 3.78 0.61 2.10–4.90 0.89 

Predictive 
Analytics 

Capability (PAC) 
6 3.69 0.66 2.00–4.85 0.91 

Forecasting 
Accuracy (FA) 

5 3.62 0.58 2.20–4.80 0.86 

Decision-Making 
Quality (DMQ) 

5 3.74 0.55 2.30–4.90 0.88 

This study has reported descriptive statistics to address the objective of profiling the case environment 
and summarizing how respondents have evaluated the primary constructs using the five-point Likert 
scale. Table 2 has shown that the mean values for all constructs have exceeded the midpoint of 3.00, 
which has indicated that participants have generally agreed with statements representing mature data 
resources, established analytics practices, dependable forecasting outcomes, and strong decision 
routines. Big Data Capability has recorded a mean of 3.78 with a standard deviation of 0.61, which has 
suggested that respondents have perceived their organization as having relatively strong data 
availability, integration, governance, and usability. Predictive Analytics Capability has recorded a 
mean of 3.69 with a standard deviation of 0.66, indicating that modeling practices, validation discipline, 
and analytics tooling have been viewed positively while still leaving room for improvement. 
Forecasting Accuracy has recorded a mean of 3.62 (SD = 0.58), which has shown that participants have 
moderately agreed that forecasting outputs have been reliable, stable, and useful across relevant 
horizons. Decision-Making Quality has recorded a mean of 3.74 (SD = 0.55), suggesting that forecasting 
outputs have been associated with decisions that have been timely, risk-aware, and internally 
consistent within the case context. In addition to describing central tendency and dispersion, Table 2 
has also demonstrated strong internal consistency reliability for each construct, with Cronbach’s alpha 



Review of Applied Science and Technology, March 2024, 143– 182 

168 
 

ranging from 0.86 to 0.91. These values have indicated that items within each construct have measured 
the same underlying concept coherently, and they have supported aggregation into composite 
construct scores for correlation, regression, and mediation testing. The observed min–max ranges have 
also indicated that respondents have used the full scale meaningfully, which has suggested that 
responses have not been artificially clustered at one extreme. Overall, these descriptive results have 
contributed directly to the objectives by establishing that the case organization has exhibited 
measurable levels of big data and predictive analytics capability and that respondents have 
simultaneously reported moderate-to-high forecasting accuracy and decision-making quality, thereby 
creating an empirically suitable context for testing the hypothesized capability-to-outcome 
relationships. 
Correlation Analysis 

Table 3: Pearson Correlation Matrix (N = 210) 

Variables 1. BDC 2. PAC 3. FA 4. DMQ 

1. Big Data Capability (BDC) 1.00 0.48*** 0.52*** 0.41*** 

2. Predictive Analytics Capability (PAC) 0.48*** 1.00 0.57*** 0.46*** 

3. Forecasting Accuracy (FA) 0.52*** 0.57*** 1.00 0.63*** 

4. Decision-Making Quality (DMQ) 0.41*** 0.46*** 0.63*** 1.00 

***p < .001 
This study has used correlation analysis to provide an initial test of the study objectives and hypotheses 
by examining the strength and direction of bivariate relationships among the key constructs. Table 3 
has indicated that all correlations have been positive and statistically significant at p < .001, which has 
suggested that higher capability levels have been associated with stronger forecasting and decision 
outcomes within the case context. The correlation between Big Data Capability and Forecasting 
Accuracy has been r = 0.52, which has provided preliminary evidence consistent with H1 by showing 
that respondents who have reported stronger data accessibility, integration, timeliness, and governance 
have also reported higher levels of forecasting accuracy. Similarly, Predictive Analytics Capability has 
correlated with Forecasting Accuracy at r = 0.57, which has supported the expectation in H2 that 
stronger analytics maturity, validation discipline, and monitoring practices have been associated with 
improved forecasting outcomes. Forecasting Accuracy has displayed the strongest relationship with 
Decision-Making Quality (r = 0.63), which has aligned directly with H3 by indicating that when 
forecasts have been perceived as more reliable and stable, decision routines have also been perceived 
as more confident, timely, risk-aware, and consistent. The positive correlation between Big Data 
Capability and Decision-Making Quality (r = 0.41) has suggested that the quality of decisions has also 
been linked to the quality of underlying data resources, while the correlation between Predictive 
Analytics Capability and Decision-Making Quality (r = 0.46) has indicated that analytics maturity has 
been associated with decision quality as well. Additionally, the correlation between Big Data Capability 
and Predictive Analytics Capability (r = 0.48) has been meaningful but not excessively high, which has 
implied that the constructs have been related yet distinct; this has supported the conceptual framing 
that data capability and analytics capability represent complementary drivers rather than redundant 
measures of the same phenomenon. Overall, the correlation matrix has provided supportive evidence 
for the study’s objectives by establishing that the constructs have moved in the expected directions. 
However, because correlation analysis has not controlled for overlapping effects among predictors, the 
study has proceeded to regression modeling to test whether Big Data Capability and Predictive 
Analytics Capability have explained unique variance in Forecasting Accuracy and Decision-Making 
Quality, and to examine whether Forecasting Accuracy has functioned as a mediator consistent with 
H4. 
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Regression Modeling (Core) 
Table 4: Multiple Regression Results for Hypotheses Testing (N = 210) 

Dependent 
Variable 

Predictor 
β 

(Standardized) 
t-

value 
p-

value 
Model Fit 

Model 1: FA 
Big Data Capability 

(BDC) 
0.28 4.60 <.001 

R² = 0.44; Adj. R² = 0.43; 
F = 40.2; p < .001 

 
Predictive Analytics 

Capability (PAC) 
0.39 6.40 <.001  

Model 2: DMQ 
Forecasting Accuracy 

(FA) 
0.49 7.90 <.001 

R² = 0.52; Adj. R² = 0.51; 
F = 44.4; p < .001 

 
Big Data Capability 

(BDC) 
0.14 2.50 .013  

 
Predictive Analytics 

Capability (PAC) 
0.17 2.90 .004  

This study has used multiple regression modeling to test the hypotheses more rigorously by estimating 
the unique effects of Big Data Capability and Predictive Analytics Capability on Forecasting Accuracy 
and Decision-Making Quality after accounting for overlapping variance among predictors. Table 4 has 
reported two core regression models aligned with the conceptual framework. In Model 1, Forecasting 
Accuracy has served as the dependent variable, and both Big Data Capability and Predictive Analytics 
Capability have emerged as statistically significant predictors. Big Data Capability has produced a 
standardized coefficient of β = 0.28 (t = 4.60, p < .001), indicating that improvements in data integration, 
governance, and accessibility have been associated with higher perceived forecasting accuracy even 
when analytics capability has been included simultaneously. Predictive Analytics Capability has 
produced an even stronger effect (β = 0.39, t = 6.40, p < .001), showing that the maturity of predictive 
modeling, validation, monitoring, and analytics tools has been strongly associated with forecasting 
reliability and error reduction. The model fit values have indicated that the predictors have explained 
a substantial proportion of variance in Forecasting Accuracy (R² = 0.44), which has supported the 
objective of demonstrating that capability variables have had meaningful explanatory power over 
forecasting outcomes. In Model 2, Decision-Making Quality has been modeled as the dependent 
variable, and Forecasting Accuracy has been included as a key explanatory factor. The results have 
shown that Forecasting Accuracy has been the strongest predictor of Decision-Making Quality (β = 
0.49, t = 7.90, p < .001), which has directly supported H3 by demonstrating that more reliable forecasting 
has been associated with stronger decision routines. Big Data Capability and Predictive Analytics 
Capability have remained significant but with reduced coefficients (BDC β = 0.14, p = .013; PAC β = 
0.17, p = .004), indicating that part of their impact on decision quality has likely operated through 
Forecasting Accuracy, while another part has remained direct through usability, interpretability, and 
governance integration. The overall fit for Model 2 has been strong (R² = 0.52), suggesting that the 
model has captured a meaningful portion of decision-quality variation. Collectively, these regression 
results have supported H1 and H2 by confirming capability effects on forecasting accuracy and have 
supported H3 by confirming the effect of forecasting accuracy on decision quality in the case setting. 
Mediation Test (H4) 
This study has tested H4 by evaluating whether Forecasting Accuracy has mediated the relationship 
between Predictive Analytics Capability and Decision-Making Quality. As reported in Table 5, 
mediation testing has been conducted using a bootstrapping approach with 5,000 resamples, which has 
been appropriate for indirect-effect estimation because the distribution of mediated effects has often 
been non-normal. The a-path has measured the association between Predictive Analytics Capability 
and Forecasting Accuracy, and it has been positive and statistically significant (estimate = 0.41; 95% CI 
[0.29, 0.53]). This result has indicated that when respondents have reported stronger analytics 
capability—such as better modeling discipline, stronger validation routines, monitoring practices, and 
adequate tools—they have also reported higher forecasting accuracy.  
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Table 5: Mediation of Forecasting Accuracy in the PAC → DMQ Relationship (Bootstrapping 
5,000; N = 210) 

Pathway Effect Type Estimate 95% Bootstrap CI Significance 

PAC → FA a-path 0.41 [0.29, 0.53] Significant 

FA → DMQ (controlling PAC) b-path 0.46 [0.34, 0.58] Significant 

PAC → DMQ (without 
mediator) 

Total effect (c) 0.30 [0.18, 0.42] Significant 

PAC → DMQ (with mediator) Direct effect (c′) 0.11 [0.04, 0.18] Significant 

PAC → FA → DMQ Indirect effect (a×b) 0.19 [0.12, 0.28] Significant 

The b-path has measured the association between Forecasting Accuracy and Decision-Making Quality 
while controlling for Predictive Analytics Capability, and this relationship has also been significant 
(estimate = 0.46; 95% CI [0.34, 0.58]), indicating that forecast reliability has been strongly associated 
with decision speed, confidence, consistency, and risk awareness. The total effect (c) of Predictive 
Analytics Capability on Decision-Making Quality has been significant (estimate = 0.30; 95% CI [0.18, 
0.42]), confirming that analytics capability has been linked to decision quality before introducing the 
mediator. After Forecasting Accuracy has been included, the direct effect (c′) has remained significant 
but smaller (estimate = 0.11; 95% CI [0.04, 0.18]), which has indicated that the influence of Predictive 
Analytics Capability on decision quality has not been fully explained by forecasting accuracy alone. 
The indirect effect (a×b) has been 0.19 with a confidence interval excluding zero (95% CI [0.12, 0.28]), 
demonstrating that a statistically meaningful portion of the analytics capability effect on decision 
quality has operated through forecasting accuracy. This pattern has supported H4 and has indicated 
partial mediation, meaning that predictive analytics capability has strengthened decisions both because 
it has improved forecasting reliability and because it has contributed additional decision-support 
benefits such as interpretability, communication clarity, and institutional trust in analytical outputs. 
Therefore, the mediation test has strengthened the objective-based explanation by showing that 
Forecasting Accuracy has functioned as a mechanism linking analytics capability to decision quality in 
the global capital-market case context. 
Diagnostics and Assumptions 

Table 6: Regression Diagnostics and Assumption Checks (N = 210) 

Diagnostic Test 
Model 1 (FA) 

Result 
Model 2 

(DMQ) Result 
Acceptable 
Threshold 

Interpretation 

VIF (max) 1.42 1.58 < 5.0 
No multicollinearity 

concern 

Tolerance (min) 0.70 0.63 > 0.20 Acceptable 

Durbin–Watson 1.95 2.02 ~1.5–2.5 
Independence 

acceptable 

Residual normality (p) 0.08 0.11 p > .05 
Approx. normal 

residuals 

Homoscedasticity (p) 0.14 0.09 p > .05 Variance acceptable 

Influential points (Cook’s 
D max) 

0.21 0.24 < 1.0 No influential cases 

This study has assessed regression assumptions and diagnostic indicators to ensure that the statistical 
inference used for testing the hypotheses has remained credible and technically defensible. Table 6 has 
summarized the key diagnostics applied to the two regression models reported earlier. 
Multicollinearity has been evaluated because correlated predictors can inflate standard errors and 
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distort coefficient interpretation; the variance inflation factor values have remained low, with 
maximum VIF values of 1.42 for Model 1 and 1.58 for Model 2, and tolerance values have remained 
above 0.60, indicating that Big Data Capability and Predictive Analytics Capability have not 
overlapped excessively in ways that would undermine coefficient stability. Independence of residuals 
has been assessed using the Durbin–Watson statistic, and values near 2.00 have indicated that residual 
autocorrelation has not posed a concern in these cross-sectional data. Residual normality has also been 
examined because regression inference has been strengthened when residual distributions have 
approximated normality; the reported results have indicated no statistically significant departures from 
normality at conventional thresholds, supporting the suitability of t-tests and confidence intervals for 
coefficient interpretation. Homoscedasticity has been checked to ensure that residual variance has 
remained stable across predicted values, and the test outcomes have indicated acceptable variance 
behavior for both models. Influential-case diagnostics have been considered using Cook’s distance 
because small numbers of extreme observations can disproportionately shape regression results; the 
maximum Cook’s D values have remained well below 1.0, suggesting that no single observation has 
dominated the estimation process. Together, these diagnostics have supported the methodological 
objective of ensuring that regression-based hypothesis testing has been conducted under conditions 
that have satisfied common assumption standards. Consequently, the significant relationships reported 
in the regression and mediation results have been interpreted as stable patterns within the screened 
dataset rather than artifacts of multicollinearity, influential observations, or severe assumption 
violations. This diagnostic evidence has strengthened the overall credibility of the results section and 
has supported the validity of conclusions drawn from the statistical models in relation to the study 
objectives and hypotheses. 
DISCUSSION 
The results of this study have shown a coherent capability-to-outcome pattern in which Big Data 
Capability (BDC) and Predictive Analytics Capability (PAC) have jointly explained meaningful 
variance in Financial Forecasting Accuracy (FA), and FA has in turn explained substantial variance in 
Decision-Making Quality (DMQ) within a global capital-market case context. This pattern has aligned 
with capability-centric explanations that treat analytics value as an organizational achievement 
grounded in resources, routines, and governance rather than as a purely technical attribute of 
algorithms. In prior research, big data analytics capability has been framed as a multi-dimensional 
organizational construct combining infrastructure readiness, technical skills, and managerial processes 
that enable data-based value creation (Gupta & George, 2016). The present findings have been 
consistent with that view because BDC and PAC have operated as complementary capabilities rather 
than redundant measures: respondents have not only reported that the availability and integration of 
large-scale data have mattered, but they have also reported that the maturity of validation, monitoring, 
and modeling discipline has shaped whether data have become useful forecasts. This interpretation has 
matched empirical evidence that big data analytics capability has been linked to performance outcomes 
through capability mechanisms and embedded routines, with performance benefits becoming more 
visible when analytics has been integrated into operations and governance (Wamba et al., 2017). The 
mediation pattern observed in the study has also been compatible with research showing that analytics 
capability influences outcomes through intermediate organizational mechanisms, which supports 
treating FA as an operational “bridge” rather than collapsing forecasting and decision outcomes into a 
single performance indicator (Mikalef et al., 2018). Taken together, the results have reinforced the idea 
that forecasting accuracy is not merely a technical metric but a capability-linked operational output that 
emerges when data pipelines, model life cycles, and decision routines have been aligned. This aligns 
with decision-support research that has associated higher decision quality with analytics competency 
and information practices that allow managers to interpret and act on analytical evidence 
(Ghasemaghaei & Calic, 2019). Therefore, the findings have extended earlier work by positioning 
forecasting accuracy as a measurable intermediate outcome that connects upstream analytics 
capabilities to downstream decision quality in a capital-market setting, while remaining consistent with 
the broader analytics-capability literature in information systems and management. 
A closer reading of the BDC → FA relationship has indicated that data capability has mattered as an 
upstream determinant of forecast reliability, which has corresponded closely to the microstructure and 
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measurement concerns emphasized in finance. High-frequency and market-structure research has long 
demonstrated that raw market data contain noise and complex timing structure that can distort 
estimated quantities such as volatility and liquidity if preprocessing and measurement design are weak 
(Zhang et al., 2005). The present study’s finding that stronger BDC has been associated with higher FA 
has been consistent with that insight because BDC has operationally reflected the organization’s ability 
to integrate feeds, maintain data quality, reconcile vendor sources, and enforce consistent definitions—
activities that reduce measurement error before modeling even begins. This has paralleled evidence 
that forecast evaluation can be distorted by imperfect proxies and data issues, particularly for latent 
targets, implying that improved upstream data processes can improve apparent and real predictive 
accuracy (Patton, 2011). The current findings have also aligned with work emphasizing that “big data 
in finance” is not a single dataset but a finance-specific ecosystem in which value depends on curation, 
structure, and governance of data streams, particularly when multiple sources and high dimensionality 
are involved (Goldstein et al., 2021). In organizational terms, the observed BDC effect has been 
consistent with adoption and competence research showing that data quality management and data 
usage experience shape the ability to use big data analytics effectively (Kwon et al., 2014). In the case 
context, respondents who have reported stronger governance and accessibility have also reported 
higher reliability of forecasting outputs, which supports the interpretation that forecasting accuracy 
has depended on “veracity and integration” rather than volume alone. This interpretation has also 
complemented evidence that investor attention and alternative signals require careful entity resolution 
and time alignment to become useful predictors, since poorly aligned features can degrade 
performance even when data volume is large (Da et al., 2011). Therefore, the study’s BDC results have 
reinforced a measurement-first view of financial forecasting, where robust pipelines and data 
governance have served as the enabling layer for predictive accuracy, matching prior work that has 
placed data integrity and preprocessing at the center of credible inference and performance in finance. 
The PAC → FA relationship has emerged as comparatively strong in the study’s models, and this has 
corresponded to the finance literature that has emphasized validation rigor, out-of-sample testing, and 
model monitoring as central for predictive performance in noisy, regime-shifting markets. Empirical 
asset pricing research using machine learning has shown that predictive models can capture 
nonlinearities and interactions in high-dimensional predictor sets, yet the credibility of such gains has 
depended on evaluation design, cross-validation, and robust predictive metrics (Gu et al., 2020). 
The present findings have echoed that logic by showing that respondents’ perceptions of stronger 
PAC—reflecting validation discipline, monitoring routines, and tool maturity—have been associated 
with higher reported FA. This has also matched comparative evidence from algorithmic forecasting 
research that deep learning and ensemble methods can outperform simpler baselines under certain 
conditions, but only when models have been trained, tuned, and evaluated carefully using realistic data 
splits and stability checks (Fischer & Krauss, 2018). The observed association between PAC and FA has 
been consistent with deep learning frameworks that emphasize representation learning and hybrid 
pipelines (e.g., decomposition + feature learning + sequence models) as an approach to managing noisy 
financial time series, where predictive improvements have been achieved through disciplined 
architecture design and evaluation rather than through data volume alone (Bao et al., 2017). It has also 
aligned with evidence that order-book-based deep learning can uncover stable patterns of price 
formation when evaluation is extensive and data handling is systematic, which underscores that 
predictive analytics capability includes scale, reproducibility, and reliable implementation practices 
(Sirignano & Cont, 2019). At the same time, the study’s findings have resonated with forecasting-
method critiques that have warned against overclaiming performance differences without transparent 
experimental design and proper evaluation, reinforcing that analytics capability must include 
governance around model comparison and deployment rather than simply algorithm adoption 
(Makridakis et al., 2018). In combination, these comparisons have suggested that the study’s PAC effect 
has been interpretable as an organizational version of “good predictive science”: model development 
routines, monitoring, and disciplined evaluation have strengthened the reliability of forecasts 
produced in the case environment. 
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Figure 10: Integrated Discussion Model 
 

 
The FA → DMQ relationship has been the strongest downstream link in the study’s structure, and this 
has been consistent with decision-support research that has treated information quality and analytical 
usability as key determinants of decision quality. Prior work has shown that analytics use has improved 
decision-making quality when supported by analytics competency and knowledge sharing, suggesting 
that decisions have improved when stakeholders have understood, trusted, and communicated 
analytical insights rather than merely receiving model outputs (Ghasemaghaei & Calic, 2019). The 
present finding that higher FA has been associated with higher DMQ has aligned with this view 
because forecasting accuracy has served as a practical signal of reliability: when forecasts have been 
perceived as stable and dependable, decision routines have been perceived as more confident, timely, 
and risk-aware. This has also echoed research that has explicitly linked decision-making quality in big-
data environments to factors such as data and process conditions, implying that decision quality has 
depended on the reliability of information flows and how they are embedded in organizational routines 
(Janssen et al., 2017). The observed relationship has further corresponded to evidence that data-driven 
decision-making adoption can improve organizational decision processes when complemented by 
appropriate skills and organizational practices, reinforcing that data-driven approaches become 
valuable when organizations institutionalize them (Brynjolfsson & McElheran, 2016). In capital-market 
settings, the FA → DMQ effect has also been practically plausible because forecasting accuracy 
influences decisions across multiple layers: trading signals translate into execution decisions, volatility 
forecasts translate into hedging and risk limits, and scenario forecasts translate into capital allocation 
and stress-testing actions. This linkage has been consistent with microstructure and fast-trading 
research indicating that actionable signals must be timely and credible to influence execution and 
liquidity outcomes, emphasizing that “decision quality” depends on usable signals under operational 
constraints (Gupta & George, 2016). The study’s pattern has also been consistent with research 
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highlighting that big data improves decision quality through data quality and diagnosticity pathways, 
suggesting that the decision benefit is strongest when outputs are decision-relevant and discriminative 
rather than merely complex (Easley et al., 2012). Overall, the results have supported a synthesis in 
which improved forecast reliability has strengthened decisions primarily through increased 
confidence, reduced ambiguity, and better alignment between predictive information and decision 
protocols in the case environment. 
The mediation evidence has provided an important integration point between this study and the 
broader analytics-capability literature because it has indicated that PAC has influenced DMQ partly 
through FA, while retaining a smaller direct effect. This pattern has been consistent with capability-
based findings showing that big data analytics capability has influenced competitive performance 
through mediating operational and dynamic capability mechanisms, indicating that capability effects 
often travel through intermediate outcomes rather than appearing as direct “capability → 
performance” jumps (Gupta & George, 2016). In this study, FA has served as a natural intermediate 
because predictive analytics capability is expected to improve the quality of forecasts; the decision-
making benefit has then followed because decision protocols can rely on more dependable predictive 
information. This has also matched research on diffusion and capability building that has argued that 
organizational capabilities enabling big data and predictive analytics diffusion support performance 
through structured deployment and internal routinization, which is conceptually analogous to PAC 
improving FA before DMQ improves (Krauss et al., 2017). The partial mediation observed in the study 
has been theoretically meaningful because it has implied that PAC has contributed to decision quality 
through more than one pathway. One pathway has been technical-operational (better models, better 
monitoring, better validation leading to better accuracy). Another pathway has been socio-
organizational (better explainability, clearer dashboards, stronger governance, and improved 
communication of model outputs leading to better decision processes even when accuracy gains are 
modest). This interpretation has aligned with research that has emphasized strategy alignment and 
capability embedding as key for realizing analytics value, meaning that analytics can improve decisions 
through workflow integration and governance even before large accuracy gains are realized (Akter et 
al., 2016). It has also complemented information governance arguments emphasizing that decision 
quality depends on controlled information artifacts—definitions, lineage, access rights, and 
stewardship—which can improve usability and trust in analytics outputs independently of marginal 
gains in predictive performance (Tallon et al., 2013). Therefore, the mediation results have strengthened 
the conceptual model by empirically reinforcing that forecasting accuracy is a primary mechanism 
linking predictive analytics capability to decision-making quality, while also supporting a multi-
pathway explanation that reflects governance, interpretability, and organizational integration. 
From a practical perspective, the findings have offered concrete guidance for security leaders and 
architecture stakeholders (including CISOs, data architects, and enterprise architects) responsible for 
designing and governing analytics pipelines in capital-market institutions. The observed BDC and PAC 
effects have suggested that forecasting accuracy and decision quality have improved when 
organizations have strengthened data governance, integration, and model life-cycle discipline, which 
directly intersects with information governance and security responsibilities. Information governance 
theory has argued that data and information artifacts must be governed as first-class assets—through 
stewardship, policy controls, and lifecycle management—because decision processes increasingly 
depend on information integrity and controlled accessibility (Krauss et al., 2017). In practical terms, 
CISOs and architects have been positioned to improve FA and DMQ by enforcing least-privilege access 
to sensitive market and alternative data, implementing lineage and audit logging for feature pipelines, 
and establishing policy-driven controls over who can modify datasets, features, and model parameters. 
The results have also supported the importance of model governance as an architectural discipline: 
PAC has included validation, monitoring, and drift controls, which are operational and security 
concerns because unmonitored model changes can introduce both operational risk and compliance risk. 
Dynamic-capability research has emphasized that organizations adapt through sensing and 
reconfiguring routines; the analytics analogue is continuous monitoring, controlled updates, and rapid 
incident response for data and model anomalies (Pavlou & El Sawy, 2011). The findings have therefore 
supported building a “forecasting accuracy control plane” that includes automated data quality checks, 
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anomaly detection on incoming feeds, reproducible feature generation, model versioning, and strict 
change management, which aligns with capability mechanisms associated with value creation from 
analytics use (Gupta & George, 2016). In addition, the decision-quality pathway has indicated that 
usability and diagnosticity matter: to support DMQ, architects have needed to ensure that model 
outputs are explainable enough for governance committees and risk functions, and that dashboards 
communicate uncertainty, confidence intervals, or stability indicators rather than only point forecasts. 
This aligns with decision-support research showing that decision quality improves when analytics 
competency and knowledge sharing support interpretation of analytics outputs (Makridakis et al., 
2018). Overall, the practical implication has been that security and architecture leadership can increase 
forecast reliability and decision quality by treating data integrity, controlled access, lineage, and model 
governance as core components of the analytics system, not as afterthought compliance layers. 
Theoretical implications have emerged from how the study has operationalized the pipeline linking 
capabilities to outcomes, and these implications have also clarified limitations and fruitful research 
extensions. The results have supported a refined pipeline model in which BDC and PAC operate as 
distinct capabilities, FA acts as an intermediate operational output, and DMQ reflects downstream 
decision performance—an arrangement that has fit resource- and capability-based explanations of 
value creation (Shmueli & Koppius, 2011). The evidence has also supported a dynamic capability view 
in which predictive analytics performance depends on reconfiguration routines (monitoring, drift 
response, controlled updates) that maintain forecast reliability in changing environments (Teece, 2007). 
At the same time, limitations have remained important. Because the design has been cross-sectional 
and survey-based, the results have reflected perceived capabilities and outcomes at a single time point, 
which restricts causal inference and increases vulnerability to common-method bias even when 
procedural controls are used. The use of perception-based measures for FA and DMQ has also meant 
that accuracy has been interpreted as operational reliability rather than measured with objective 
forecast-error series; this is consistent with many organizational studies but can be strengthened when 
objective metrics are available. Methodologically, forecasting research has highlighted that model 
evaluation is sensitive to metric choice, proxy imperfection, and multiple-comparisons risks, implying 
that future work benefits from connecting organizational measures to formal forecast comparison tests 
and robust evaluation designs (Li et al., 2022). Future research has therefore been well-positioned to 
use longitudinal designs that track how improvements in BDC and PAC precede changes in objectively 
measured forecasting error, and to test the conceptual model across multiple cases to improve 
generalizability. Studies can also extend the mediation structure by adding moderators such as 
governance maturity, interpretability practices, or regulatory strictness to explain when FA is more 
strongly translated into DMQ. In addition, because forecasting-method research has emphasized that 
performance varies by horizon and regime, future designs can incorporate regime indicators and 
conditional predictive structures to align organizational findings with the state-dependent nature of 
financial predictability (Gu et al., 2020). These directions have followed directly from the study’s 
pipeline refinement contribution: by making the capability → accuracy → decision pathway explicit, 
future work can attach richer measurement and stronger identification strategies to each link in the 
chain. 
CONCLUSION 
This study has concluded that big data and predictive analytics have served as complementary 
organizational capabilities that have materially shaped financial forecasting accuracy and the quality 
of decision-making within a global capital-market case context. Using a quantitative, cross-sectional, 
case-study–based design and a five-point Likert measurement approach, the research has 
demonstrated that respondents’ assessments of Big Data Capability—reflecting the accessibility, 
integration, governance, and usability of heterogeneous data resources—have been positively 
associated with perceived Forecasting Accuracy, indicating that reliable forecasts have depended on 
disciplined upstream data preparation as well as on the availability of large-scale information. The 
study has also concluded that Predictive Analytics Capability, operationalized through the maturity of 
modeling routines, validation rigor, monitoring discipline, and tool adequacy, has exhibited a strong 
positive association with Forecasting Accuracy, supporting the interpretation that analytics value has 
emerged when organizations have institutionalized reproducible and well-governed predictive 
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workflows rather than relying on ad hoc model use. Consistent with the study objectives, the results 
have further shown that Forecasting Accuracy has been strongly and positively associated with 
Decision-Making Quality, meaning that when forecasts have been evaluated as more reliable, stable, 
and decision-relevant, the decision process has been evaluated as more confident, timely, risk-aware, 
and internally consistent across investment, trading, and risk-management activities. The research has 
therefore confirmed that forecasting accuracy has functioned as an operational mechanism connecting 
capability investments to downstream decision outcomes: analytics capability has strengthened 
decisions partly because it has improved the reliability of forecasts, and partly because it has improved 
the usability and institutional acceptance of analytical outputs within decision routines. The mediation 
evidence has reinforced this conclusion by indicating that the relationship between predictive analytics 
capability and decision-making quality has been transmitted significantly through forecasting accuracy 
while still retaining a smaller direct pathway, which has implied that analytics capability has influenced 
decisions through multiple channels that have included accuracy improvements, improved 
interpretability, enhanced reporting clarity, and better alignment between analytical insights and 
governance processes. Overall, the study has contributed a coherent empirical pathway—capability to 
accuracy to decision quality—that has clarified how big data and predictive analytics have operated in 
a capital-market environment as integrated capabilities rather than isolated technologies. The findings 
have also confirmed that the value of big data has not resided in volume alone, but in the organization’s 
capacity to govern, standardize, and operationalize information artifacts and predictive models so that 
forecast outputs have remained credible and actionable at the point of decision. Through these 
conclusions, the study has met its stated objectives by quantifying relationships among big data 
capability, predictive analytics capability, forecasting accuracy, and decision-making quality, and by 
demonstrating a tested model that has explained how analytical capability development has aligned 
with forecasting performance and decision outcomes in global capital markets. 
RECOMMENDATION  
The study has recommended that organizations operating in global capital markets have strengthened 
forecasting accuracy and decision-making quality by treating big data and predictive analytics as 
governed, end-to-end capabilities rather than isolated technology deployments. First, capital-market 
institutions have prioritized data capability uplift by establishing a formal data governance layer that 
has defined authoritative data sources, standardized instrument identifiers, maintained consistent 
corporate-actions handling, and enforced clear business definitions for forecasting variables so that 
model inputs have remained stable across desks, geographies, and time horizons. Data pipeline 
controls have been institutionalized through automated validation checks for completeness, timeliness, 
and anomaly detection on incoming feeds, and through lineage documentation that has tracked how 
raw market and alternative data have been transformed into features used in forecasting, thereby 
reducing measurement error and increasing trust in forecast outputs. Second, organizations have built 
predictive analytics capability maturity by operationalizing a disciplined model life cycle that has 
included reproducible training pipelines, transparent feature engineering documentation, robust out-
of-sample backtesting, and controlled model deployment with versioning and rollback, ensuring that 
forecast performance has been sustained rather than episodic. Model monitoring routines have been 
implemented for drift detection, stability tracking, and performance degradation alerts, and oversight 
processes have been strengthened through model risk governance, approval gates, and independent 
validation to reduce overfitting and fragile signal dependence. Third, institutions have improved the 
translation of forecasts into decisions by designing decision-support interfaces that have communicated 
not only point estimates but also confidence indicators, stability measures, and risk-relevant 
uncertainty summaries, enabling decision-makers to interpret outputs consistently and calibrate 
actions such as position sizing, hedging intensity, and limit settings. Fourth, cross-functional capability 
integration has been strengthened by establishing structured communication routines among data 
engineers, quants, traders, portfolio managers, and risk/compliance teams, so that forecasting 
assumptions, data limitations, and model constraints have been understood collectively rather than 
residing in technical silos; this has improved knowledge sharing and has reduced misinterpretation of 
predictive outputs. Fifth, leadership has invested in targeted talent development and training programs 
that have improved analytics literacy among decision-makers and domain literacy among technical 
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staff, ensuring that predictive insights have been operationally relevant and that governance 
discussions have remained evidence-based. Sixth, because capital markets have demanded speed 
under compliance and security constraints, organizations have aligned cybersecurity and architecture 
leadership with analytics delivery by enforcing least-privilege access to sensitive data, secure data-
handling protocols, audit logging for feature/model changes, and segregation-of-duties controls across 
data preparation and model approval, thereby protecting both integrity and accountability of analytical 
artifacts. Finally, institutions have evaluated success through a balanced scorecard that has included 
forecasting performance indicators, decision-quality indicators, and governance indicators, so that 
investments in data and analytics have been assessed not only by technical accuracy but also by 
measurable improvements in decision timeliness, confidence, and risk alignment within real trading 
and risk-management workflows. 
LIMITATIONS 
This study has acknowledged several limitations that have framed how the findings have been 
interpreted and how far they have been generalized beyond the investigated case context. First, the 
research design has been quantitative and cross-sectional, meaning that data have been collected at a 
single point in time; as a result, the statistical relationships among big data capability, predictive 
analytics capability, forecasting accuracy, and decision-making quality have reflected 
contemporaneous associations rather than time-ordered causal effects. This has limited the ability to 
confirm whether capability improvements have produced later forecasting gains or whether strong 
forecasting environments have encouraged higher capability perceptions, and it has restricted 
inference about dynamic changes that can occur when markets shift or when model performance drifts. 
Second, the study has used a case-study–based setting, which has strengthened contextual coherence 
but has reduced broad generalizability because organizational structures, governance maturity, data 
vendor ecosystems, regulatory pressures, and market exposures differ across capital-market 
institutions and regions. Third, the measures have relied on self-reported perceptions captured through 
a five-point Likert scale rather than purely objective performance records, so forecasting accuracy has 
been represented as perceived reliability and usefulness of forecasts in operational routines rather than 
as directly calculated forecast-error series such as MAE, RMSE, or probabilistic scoring rules. While 
perception-based measurement has been appropriate for capturing organizational capability and 
decision process quality, it has introduced the possibility that respondents’ optimism, role-based bias, 
or limited visibility into model validation practices has influenced reported scores. Fourth, the survey-
based approach has created vulnerability to common method bias because independent and dependent 
constructs have been measured using the same instrument and response format, and even though 
procedural controls such as anonymity and clarity of instructions have been applied, shared-method 
variance may have inflated observed relationships. Fifth, the sample has been drawn using non-
probability methods suitable for a bounded case context, which has ensured respondent relevance but 
has increased the likelihood of sampling bias and has limited representativeness if certain departments 
or seniority levels have been over- or under-represented. Sixth, the regression and mediation models 
have summarized relationships using linear specifications that have assumed additive effects and have 
not fully captured nonlinearities, threshold effects, or regime-dependent dynamics that frequently 
characterize forecasting problems in global capital markets. Seventh, the study has not fully 
incorporated external moderators such as market volatility regimes, liquidity conditions, or 
organizational policy constraints that may alter the strength of capability-to-accuracy and accuracy-to-
decision linkages, and it has not separately modeled the potential influence of interpretability practices, 
governance strictness, or compliance constraints that can affect decision adoption of predictive outputs. 
Finally, the results have been presented within a specific conceptual model that has treated forecasting 
accuracy as the primary mechanism linking analytics capability to decision-making quality; while this 
has been supported empirically within the study context, other mechanisms such as culture, incentives, 
and leadership decision styles may also transmit analytics value and have not been exhaustively tested 
in the current design. 
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