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Abstract 
This study addresses a persistent problem in U.S. enterprises: despite heavy investment in AI-augmented 
business intelligence, many firms still struggle to convert model outputs into faster, higher-quality 
managerial decisions. The purpose is to quantify how AI-driven BI capability relates to decision quality, 
decision speed, and near-term performance impact, and to test when those effects are strongest. Drawing on 
a targeted review of 67 peer-reviewed studies to anchor constructs and measures, we implement a 
quantitative, cross-sectional, case-based design across 12 U.S. enterprises and 242 decision-making units 
operating in cloud-enabled enterprise environments. Key variables include an AI–BI Capability Index 
(feature breadth, workflow integration, automation depth, explain ability in use), organizational conditions 
(data governance, data quality), a human-capital pathway (user analytics competence), and decision 
outcomes (quality, speed, performance deltas). The analysis plan pre-registers hierarchical OLS with firm-
cluster-robust errors, moderation tests (AI–BI capability by governance and by data quality), exploratory 
mediation via competence, and robustness checks against multicollinearity, influential cases, and objective-
only outcome variants. Headline findings show that higher AI–BI capability is associated with better decision 
quality and faster signal-to-action cycles, with smaller but meaningful uplifts in performance; effects are 
significantly larger in units with stronger governance and higher data quality, and are partially transmitted 
through user competence. Implications are twofold: theoretically, separating capability, conditions, and use 
clarifies the pathway from AI to decision outcomes; managerially, returns concentrate where governance, 
data quality, and enablement are treated as first-class complements to modeling and cloud integration. 
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INTRODUCTION 
Artificial intelligence (AI) refers to computational systems that perform tasks commonly associated 
with human cognition learning from data, pattern recognition, prediction, natural-language 
understanding, and decision support using methods that include machine learning (ML), optimization, 
and knowledge representation. Business intelligence (BI) is a socio-technical capability for transforming 
raw data into actionable information through data integration, data quality management, analytics, 
and information delivery to decision makers. In contemporary practice, AI-driven BI denotes BI 
environments in which predictive and prescriptive ML models, automated feature engineering, and 
augmented analytics are embedded in data pipelines and interfaces to shape managerial judgment at 
scale. The academic foundations of BI and analytics (BI&A) emphasize the evolution from descriptive 
reporting to predictive and prescriptive analytics that materially affects organizational performance 
and decision outcomes (Chen et al., 2012). Research further documents that BI success depends not only 
on technology, but also on information quality, user access, integration, analytical culture, and effective 
use (Işık et al., 2013; Popovič et al., 2012; Trieu, 2017). Within this stream, AI techniques extend BI’s 
scope from “what happened?” to “what will happen and what should we do?”, raising questions about 
explainability and governance (Danish & Zafor, 2022; Guidotti et al., 2018; Ribeiro et al., 2016). For U.S. 
enterprises competing in volatile, information-rich markets, AI-driven BI is emerging as a general-
purpose capability connected to data governance, cloud computing, and organizational decision 
processes. Framing AI-driven BI in these terms situates the present study within the international IS 
literature while foregrounding its U.S. enterprise focus and the quantifiable effects on decision quality, 
speed, and comprehensiveness. 
The international significance of AI adoption in firms is increasingly documented with nationally 
representative U.S. evidence. Using the U.S. Census Bureau’s Annual Business Survey, Danish and 
Kamrul (2022) estimate that fewer than 6% of firms reported AI use in production in the late 2010s, but 
when weighted by employment, adoption exceeded 18%, reflecting concentration among very large 
firms across all sectors. This adoption clusters with complementary technologies such as cloud 
computing and robotics, highlighting complementarities that matter for BI architectures and decision 
workflows (Jahid, 2022). At the same time, management research shows that analytics capabilities data, 
technology, and human skills are associated with superior decision-making performance and firm 
outcomes (Gupta & George, 2016; Arifur & Noor, 2022). Meta-analytic and synthesis work links 
business analytics to performance while calling for stronger causal designs and clearer measures of 
decision outcomes (Oesterreich et al., 2022; Phillips-Wren et al., 2021). Conceptual and design science 
contributions show how service-oriented decision support and analytics-as-a-service migrate to the 
cloud, reinforcing access and scalability for enterprise BI (Delen & Demirkan, 2013; Demirkan & Delen, 
2013; Hasan & Uddin, 2022). Together, these strands justify a focused, U.S. enterprise–based, 
quantitative inquiry into how AI-driven BI models relate to decision outcomes inside firms operating 
at different scales and in diverse industries. Yet, well-documented challenges temper realized value 
from BI and analytics. Foundational work underscores that information quality and data governance 
are preconditions for decision support effectiveness (Khatri & Brown, 2010; Lee et al., 2002). Empirical 
BI research adds that maturity, cultural orientation to analytical decision-making, and integration with 
other systems significantly shape BI success (Khatri & Brown, 2010; Rahaman, 2022a). Recent 
reconceptualizations argue that “effective use” rather than raw quality metrics better captures the 
pathway from information delivery to decision outcomes in BI&A contexts (Torres & Sidorova, 2019). 
Reviews of BI value creation also highlight common bottlenecks: underinvestment in user access and 
training, fragmented data collection strategies, and misalignment between analytical capabilities and 
decision environments (Rahaman, 2022b; Ramakrishnan et al., 2012). As AI models are embedded into 
BI stacks, explainability and human interpretability become central to managerial uptake and risk 
management (Rahaman & Ashraf, 2022; Trieu, 2023). The present study positions these concerns as 
measurable antecedents or moderators in an empirical model that connects AI-driven BI models to 
decision quality, speed, and comprehensiveness outcomes with historical roots in decision support 
scholarship (Huber, 1990; Islam, 2022) and strategy research on decision speed under environmental 
velocity (Eisenhardt, 1989; Hasan et al., 2022). 
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Guided by this background, the purpose of the study is to quantify links between AI-driven BI models 
and decision outcomes in U.S. enterprises. The study asks: RQ1: To what extent are AI-driven BI models 
associated with higher decision quality? RQ2: Do AI-driven BI models relate to decision speed and 
comprehensiveness in managerial settings? RQ3: How do organizational and informational conditions 
analytics competency, data governance, analytical culture, and effective use moderate these 
relationships? These questions are anchored in validated constructs: decision quality and its 
improvement via BI (Visinescu et al., 2017); analytics competency and knowledge sharing as enablers 
of decision performance (Ghasemaghaei, 2019; Ghasemaghaei et al., 2018); decision speed and 
comprehensiveness as core process outcomes relevant to performance (Alzghoul et al., 2024); and 
governance mechanisms that shape analytics benefits (Shamim et al., 2020). This study further 
considers analytical culture as an organizational context that conditions BI value realization (Redwanul 
& Zafor, 2022; Szukits & Móricz, 2024) and effective use as a use-quality construct that bridges system 
features and managerial cognition (Rezaul & Mesbaul, 2022; Trieu et al., 2022).  
 

Figure 1: Conceptual Model of AI-BI Capability on Decision Outcomes 

 
The theoretical framing draws on classic decision-support theory and contemporary BI scholarship. 
Huber (1990) theorized how advanced information technologies shape organizational intelligence and 
decision processes. AI-driven BI provides predictive signals and prescriptive recommendations, but 
managerial acceptance depends on transparency of model behavior and alignment with decision 
contexts. Explainable AI surveys detail families of techniques surrogate models, local explanations, and 
rule extraction that can be embedded into BI interfaces to support managerial scrutiny (Huber, 1990; 
Hasan, 2022), while method papers such as LIME demonstrate practical, model-agnostic explanations 
conducive to managerial settings (Tarek, 2022; Ribeiro et al., 2016). From an architectural perspective, 
cloud-based, service-oriented decision support (analytics-as-a-service) expands the reach of AI models 
within BI by improving scalability and responsiveness (Delen & Demirkan, 2013; Kamrul & Omar, 
2022). These streams complement BI success frameworks that emphasize capabilities (data quality, 
integration, access) and effective use as proximal drivers of outcomes (Duan et al., 2019; Dwivedi & et 
al., 2019; Kamrul & Tarek, 2022). The resulting conceptual model treats AI-driven BI modeling as an 
explanatory factor whose effects on decision outcomes are conditioned by governance, culture, and 
use, providing a coherent set of hypotheses amenable to correlation and regression testing. 
Measurement and design considerations follow established quantitative BI research. Decision quality 
can be operationalized via validated perceptual scales linked to BI use (Mubashir & Abdul, 2022) and 
triangulated with task-oriented indicators (e.g., accuracy/precision of forecasts or plans), while 
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decision speed and comprehensiveness can be gauged with process-level assessments used in 
information systems and decision-making studies (Akter et al., 2016; Muhammad & Kamrul, 2022). AI-
driven BI exposure may be captured through self-reports of deployed model types (e.g., classification, 
forecasting, optimization), degree of integration in workflows, and frequency of use; analytics 
competency via scales on data skills and tool proficiency (Ghasemaghaei, 2019; Reduanul & Shoeb, 
2022); and governance through data policy, stewardship, and quality routines (Lee et al., 2002; Kumar 
& Zobayer, 2022). Case sampling across U.S. enterprises allows heterogeneity by sector and scale, 
aligning with observed concentration patterns in national adoption evidence (McElheran et al., 2023; 
Sadia & Shaiful, 2022). Correlation analysis provides preliminary association patterns and checks for 
multicollinearity, while multiple regression models estimate main and moderated effects, with 
robustness checks (e.g., alternative operationalizations, influential-case diagnostics). This design is 
consistent with prior IS studies that connect BI capabilities and use to outcomes via survey-based 
measures and regression testing, creating cumulative comparability with the BI success literature. 
Finally, the contribution and significance of the study are empirical and integrative. First, it quantifies 
associations between AI-driven BI models and three decision outcomes quality, speed, and 
comprehensiveness within U.S. enterprises, addressing measurement clarity urged by recent syntheses 
(Noor & Momena, 2022; Torres & Sidorova, 2019). Second, it models moderation by analytics 
competency, governance, analytical culture, and effective use, integrating technical and organizational 
contingencies that prior work identifies but rarely estimates together (Istiaque et al., 2023; Torres & 
Sidorova, 2019). Third, it situates evidence in the context of nationally documented AI diffusion 
patterns that matter for external validity across sectors and firm sizes in the United States (Akter et al., 
2016; Hasan et al., 2023). By aligning constructs and measures with well-cited BI and analytics research, 
the study advances a cohesive empirical account of how and when AI-driven BI enhances managerial 
decision-making in enterprise settings. 
The objective of this study is to produce rigorous, decision-focused evidence on how artificial 
intelligence–driven business intelligence (AI-BI) models relate to managerial decision outcomes inside 
U.S. enterprises, using a quantitative, cross-sectional, multi-case design. Specifically, the study seeks to 
(i) estimate the association between an enterprise’s AI-BI capability and three focal outcomes decision 
quality, decision speed, and performance impact after controlling for firm size, industry, IT spend, and 
digital maturity; (ii) construct and validate a multi-dimensional AI-BI Capability Index that captures 
feature breadth, workflow integration, automation, and explainability, and test which components 
show the strongest independent relationships with outcomes; (iii) evaluate whether data governance 
and data quality condition the effects of AI-BI capability by specifying and interpreting interaction 
terms, and by calculating predicted margins that translate coefficients into practical, managerially 
interpretable differences; (iv) examine whether user analytics competence operates as a pathway 
linking AI-BI capability to decision outcomes, by comparing direct-effect and mediator-augmented 
specifications; (v) establish the incremental explanatory power of AI-BI capability over and above 
traditional BI and organizational controls by reporting changes in model fit and standardized effects 
across hierarchical regressions; (vi) ensure measurement reliability and validity through internal 
consistency testing, factor structure checks where appropriate, and diagnostic procedures that reduce 
single-source and common-method threats; (vii) test robustness through alternative 
operationalizations of outcomes (perceptual versus objective indicators where available), influence 
diagnostics, and leave-one-case-out sensitivity analyses that respect the nested structure of units within 
firms; (viii) explore heterogeneity across sectors and firm sizes to assess whether observed relationships 
are concentrated or broadly distributed in the U.S. enterprise landscape; and (ix) deliver a transparent, 
replicable analytic specification including data preparation rules, model equations, and reporting 
templates that enables cumulative comparison with allied studies. Collectively, these objectives center 
on quantifying “how much” AI-BI capability matters for concrete decision outcomes, clarifying “under 
what conditions” those relationships are stronger or weaker, and documenting “which components” 
of capability offer the greatest explanatory leverage, all within a predeclared statistical plan that 
emphasizes clarity, comparability, and practical interpretability. 
LITERATURE REVIEW 
The literature on artificial intelligence–driven business intelligence (AI-BI) sits at the intersection of 
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decision support systems, analytics capability, and organizational governance, tracing a trajectory from 
traditional BI’s descriptive reporting toward predictive and prescriptive modeling embedded within 
everyday workflows. Foundational BI scholarship establishes that information quality, integration, 
access, and user orientation are critical precursors to decision value, while analytics research expands 
this view by foregrounding data engineering, model lifecycle management, and human–algorithm 
interaction as core mechanisms through which value is realized. Within this joint tradition, AI-BI can 
be understood as a socio-technical capability that couples machine learning pipelines (forecasting, 
classification, optimization, NLP) with data governance routines and augmented interfaces that surface 
explanations, confidence intervals, and anomaly cues at decision time. Empirical studies of analytics 
adoption link capability maturity with decision quality, decision speed, and performance 
improvements, yet operational definitions often vary across sectors and units of analysis, motivating a 
coherent framework that standardizes constructs and measurement. This review therefore builds a 
conceptual map around five pillars: (1) AI-BI capability as a multidimensional index spanning feature 
breadth, workflow integration, automation depth, and explainability; (2) data governance as the 
institutional scaffolding policies, stewardship, access control, auditability through which models are 
responsibly deployed; (3) data quality as the reliability and timeliness of inputs and derived features; 
(4) user analytics competence as the individual and team-level capacity to interpret model outputs and 
act appropriately; and (5) decision outcomes as observable attributes of managerial choice quality, 
speed, and downstream performance impact. Anchoring on these pillars enables a structured synthesis 
of prior findings, clarifies theoretical linkages among technical and organizational antecedents, and sets 
up testable pathways that can be estimated with cross-sectional, multi-case evidence. The review’s 
scope is U.S. enterprises operating at scale, where AI-BI is frequently intertwined with cloud 
architectures, data platforms, and compliance requirements, but the analytic vocabulary is 
international in relevance, drawing on cumulative insights from information systems, operations, and 
management science. By organizing the literature around constructs that align with the study’s 
variables and models, the review provides a coherent launch point for deriving hypotheses, specifying 
measures, and interpreting empirical estimates in a way that is comparable across industries and 
replicable in future research designs. 
From Traditional BI to AI-Augmented BI 
The evolution from traditional business intelligence (BI) to AI-augmented BI can be understood as a 
gradual deepening of decision support first by standardizing reporting and dashboards, then by 
embedding predictive and prescriptive analytics directly into managerial workflows. Traditional BI 
concentrated on integrating data, ensuring consistency, and presenting descriptive views of the 
business; its value arose from improved visibility, shared metrics, and repeatable monitoring cycles. 
However, the fundamental aspiration of decision support has always been to enhance the quality of 
managerial judgments under uncertainty, and that requires moving beyond descriptive hindsight 
toward foresight and guided action. In this respect, AI-augmented BI extends the scope of BI by 
coupling machine learning pipelines (forecasting, classification, optimization, and natural-language 
processing) with interfaces that surface explanations, confidence intervals, and exception signals at the 
moment of choice. This shift remains grounded in decades of decision support scholarship, which 
emphasized that decision technologies must align with real tasks, organizational routines, and 
governance structures if they are to improve outcomes. A critical reading of the decision support canon 
suggests that tools produce value when they concretely change the information available at decision 
time and the way decision makers interpret and act on that information conditions that AI-augmented 
BI is designed to meet by automating pattern discovery and recommending actions in context (Arnott 
& Pervan, 2014). At the same time, contemporary BI and analytics research identifies recognizable 
pathways from analytics capability to business value resource configuration, process improvement, 
and decision enhancement each requiring attention to both technology and organizational 
complements. When AI methods are embedded into BI stacks, these pathways intensify: models create 
fresh informational advantages, while organizations must adapt governance and usage practices so 
that the insights are actually exploited where it counts in recurring, consequential decisions (MHossain 
et al., 2023; Seddon et al., 2017). 
 



International Journal of Business and Economics Insights, September 2025, 100– 133 
 

105 
 

Figure 2: Capabilities Framework for AI-Augmented BI and Decision Support 

 
A capabilities perspective clarifies why some enterprises capture disproportionate returns from AI-
augmented BI while others struggle. Capabilities are not just tools; they are patterned, organizationally 
embedded bundles of data assets, technologies, and human skills that can be repeatedly deployed 
across decisions (Rahaman & Ashraf, 2023). From this lens, AI-augmented BI capability comprises at 
least four interdependent layers: (1) data foundations that support reliable feature generation and 
timely model refresh; (2) model development and lifecycle management practices that sustain accuracy 
and relevance; (3) integration mechanisms that insert model outputs into BI artifacts (dashboards, 
alerts, automated triggers) used by frontline and managerial staff; and (4) user-facing affordances such 
as explanations and what-if exploration that help people form calibrated trust. Empirical work on 
analytics capabilities links these layered capabilities to performance by emphasizing dynamic sensing, 
learning, and reconfiguration (Sultan et al., 2023): firms with stronger analytics capabilities detect 
opportunities earlier, simulate alternative courses of action more effectively, and realign resources 
faster. In practical terms, that means an AI-augmented BI program should not be evaluated only on 
model metrics but on the organization’s ability to redeploy models across contexts, absorb user 
feedback, and iterate governance as conditions change. The dynamic capabilities view is especially 
useful here, because it explains why the same AI technique yields divergent outcomes across firms: 
differences in orchestration how data, models, and people are coordinated drive the realized value. 
Consequently, research seeking to estimate the effect of AI-augmented BI on decision outcomes should 
measure capability breadth (the range of AI techniques in production), integration depth (the degree 
to which outputs are embedded in BI usage), and learning routines (the cadence of monitoring and 
improvement) as distinct, complementary drivers of value (Hossen et al., 2023; Mikalef et al., 2020; 
Wamba et al., 2017). 
Domain evidence underscores how AI-augmented BI creates value when it transforms routine 
operational choices, not merely when it predicts outcomes accurately in isolation. In supply chains, for 
example, predictive models that anticipate demand, lead-time variability, and quality issues only 
matter insofar as they change replenishment parameters, prioritize orders, or trigger alternate sourcing 
actions typically mediated through BI interfaces and workflow automations (Tawfiqul, 2023). Studies 
of big-data analytics in operations show that value creation occurs through specific mechanisms: 
reducing information latency between sensing and response; aligning cross-functional decision rights 
with model outputs; and closing the loop between realized performance and model retraining. These 
mechanisms generalize beyond logistics to functions like revenue planning, fraud monitoring, 
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workforce scheduling, and customer lifecycle management, where AI-driven signals are rendered 
within BI artifacts that decision makers already consult (Uddin & Ashraf, 2023). Importantly, by 
integrating explanations and uncertainty bands into those artifacts, AI-augmented BI can shift 
managerial thresholds for acting, enabling earlier interventions with acceptable risk. That, in turn, 
reframes evaluation: rather than asking whether a model is “accurate,” the relevant question becomes 
whether the combined socio-technical system data, models, BI interfaces, and governance produces 
better aggregate decisions at acceptable cost and with clear accountability. This domain-first framing 
helps motivate empirical designs that tie AI-BI capability to observed decision outcomes (quality, 
speed, performance impact) while controlling for firm characteristics and situational volatility, thereby 
avoiding purely technical assessments and focusing on decision usefulness where organizational value 
is ultimately realized (Chen et al., 2015; Momena & Hasan, 2023). 
 
Decision Outcomes in Analytics Research 
 

Figure 3: Triangular Framework of Decision Outcomes in Analytics Research 

 
Decision outcomes in analytics research are typically framed around three interconnected constructs 
decision quality, decision speed, and performance impact each reflecting a distinct way that analytical 
capabilities change managerial choices (Sanjai et al., 2023). Decision quality concerns the accuracy, 
consistency, and defensibility of judgments under uncertainty; decision speed captures cycle-time 
compression from sensing to action; and performance impact reflects economic or operational payoffs 
realized downstream. A central insight from the analytics literature is that these outcomes do not arise 
from tools alone but from socio-technical arrangements that align data assets, modeling routines, and 
human interpretation at the moment of choice (Akter et al., 2023). Synthesizing evidence across sectors, 
prior work shows that organizations realize superior outcomes when analytics are embedded into 
recurring decision routines with clearly assigned decision rights, standardized data definitions, and 
feedback loops that connect realized performance to model revision. In systematic examinations of 
analytics-enabled value creation, scholars argue that improvements in information timeliness, 
granularity, and interpretability reshape what managers consider actionable evidence, thereby raising 
the probability of selecting higher-utility alternatives and acting earlier within shrinking windows of 
opportunity (Razzak et al., 2024; Božič & Dimovski, 2019). Complementing this view, conceptual work 
on the “big data phenomenon” highlights that decision outcomes are sensitive to how ambiguity and 
data multiplicity are governed; when firms cultivate shared data semantics and adjudicate trade-offs 
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between local and global optimization, the same analytical capability yields more consistent, auditable 
decisions (Danish & Zafor, 2024; Günther et al., 2017). Together, these accounts position decision 
outcomes as emergent properties of well-orchestrated analytics programs rather than mere by-products 
of statistical accuracy. 
Mechanistically, decision quality and speed improve when analytics compress three frictions: 
discovery (finding relevant signals), translation (making insights intelligible), and enactment (linking 
insights to executable actions). Evidence from production and operations contexts shows that big data 
analytics creates value by reducing information latency, improving cross-functional coordination, and 
enabling experimentation at scale mechanisms that collectively elevate decision quality while 
permitting earlier interventions with bounded risk (Wamba et al., 2015; Istiaque et al., 2024). On the 
organizational side, culture and routines moderate how these mechanisms play out: analytics can 
stagnate if insights remain siloed or if decision rights do not shift alongside new evidence channels. 
Survey-based studies demonstrate that when analytics are coupled with learning routines and process 
reconfiguration, firms are more likely to convert predictive signals into standardized responses, which 
shortens decision cycles and raises the expected value of chosen actions (Božič & Dimovski, 2019; Hasan 
et al., 2024). Conceptual analyses further note that governance choices who curates features, who 
validates models, how thresholds for alerts are set strongly condition variance in outcomes across units, 
even when using similar tools (Rahaman, 2024; Upadhyay & Kumar, 2020). In this light, “decision 
speed” should be interpreted not as haste but as disciplined responsiveness: the ability to move from 
signal to sanctioned action with fewer handoffs and clearer accountability. When analytical outputs 
arrive in user interfaces aligned with operational levers, organizations convert more of their 
informational advantage into timely decisions that would otherwise be delayed by uncertainty or 
contested interpretation (Hasan, 2024). 
Measurement choices critically determine whether empirical studies detect these effects. A growing 
body of work recommends aligning decision-outcome metrics with the specific decision contexts where 
analytics intervene e.g., forecast error reductions linked to planning decisions, service-level 
improvements tied to inventory policies, or loss rates connected to fraud triage rather than relying 
solely on high-level financials. Meta-synthetic reviews and theory-building studies argue that 
performance gains materialize when firms pair analytics with dynamic capabilities such as sensing, 
learning, and reconfiguration; in such settings, decision quality and speed function as proximal 
outcomes that mediate the path to broader financial performance (Ciampi et al., 2020; Ashiqur et al., 
2025). Empirical studies of cultural and structural moderators indicate that analytics’ contribution to 
performance is strongest when organizations align data governance, shared metrics, and incentives 
with the intended decision behaviors, thereby ensuring that insights are not only discovered but also 
enacted consistently across units (Hasan, 2025; Upadhyay & Kumar, 2020). This alignment perspective 
reframes evaluation designs toward multi-level modeling and mixed indicators that combine 
perceptual ratings of decision quality and speed with objective traces cycle times, error rates, service 
levels captured in operational systems (Ciampi et al., 2020; Wamba et al., 2015). Overall, the literature 
suggests that decision outcomes are the most sensitive, policy-relevant lens on analytics value: they are 
close enough to interventions to register change, yet sufficiently connected to performance to justify 
investment, provided that measurement respects the socio-technical pathways through which analytics 
influence managerial choice (Günther et al., 2017; Upadhyay & Kumar, 2020). 
Organizational Enablers and Risks 
Organizational enablers of AI-driven business intelligence begin with a clear operating philosophy: 
decisions should be instrumented, contestable, and improvable through data. This perspective 
sometimes called data-driven decision making reframes analytics from an ad-hoc support function to 
a routinized capability that couples data assets, modeling routines, and managerial judgment in 
repeatable cycles of sensing, deciding, and learning (Ismail et al., 2025). At the enterprise level, this 
requires shared semantics for key performance indicators, disciplined feature engineering pipelines, 
and governance structures that specify who can create, validate, and deploy analytical artifacts, as well 
as how those artifacts are audited over time. When organizations treat models as managerial tools 
rather than purely technical outputs, they create workflows in which predictions and prescriptions are 
embedded directly into dashboards, alerts, and playbooks that line managers already use. That 
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embedding reduces interpretation overhead and shortens the distance between signal and sanctioned 
action (Jakaria et al., 2025). Crucially, a data-driven orientation does not presume that every decision 
can be automated; instead, it distinguishes between rules suitable for automation and judgments that 
benefit from model-assisted interpretation. In such environments, managers receive model outputs 
together with context (assumptions, thresholds, uncertainty bands), enabling faster and more 
consistent choices. The conceptual foundation for this view emphasizes that analytics adds value by 
systematically improving the process of decision making identifying better alternatives, structuring 
trade-offs, and increasing the probability of selecting high-utility actions rather than merely increasing 
the volume of available information (Hasan, 2025; Provost & Fawcett, 2013). 
 

Figure 4: Organizational Enablers and Risks in AI-Driven Business Intelligence 

 
Turning the philosophy into practice demands robust engineering and lifecycle management for 
machine-learning components. AI-driven BI differs from traditional reporting because its core artifacts 
models and data transformations are dynamic, stateful, and subject to drift as business conditions 
evolve. Enterprises therefore need practices for versioning datasets and models, tracking lineage from 
raw data to features and predictions, validating model behavior before release, and monitoring 
performance, stability, and fairness after deployment (Sultan et al., 2025). These practices, often 
grouped under MLOps, extend familiar software-engineering routines (continuous integration, testing, 
deployment) to the statistical and socio-technical characteristics of ML. In practical terms, MLOps 
enables reproducible experiments, safe rollback when a model underperforms, and automated alerts 
when data distributions shift, thereby protecting decision quality and speed in production contexts. 
Critically, this engineering discipline must be visible to business stakeholders through artifacts model 
cards, release notes, and business-facing dashboards that translate technical health into operational risk 
language. When organizations combine rigorous ML engineering with clear decision rights and 
escalation paths, they reduce friction at the “last mile,” where model insights must be enacted in 
pricing, inventory, risk, or service processes. The result is an analytics capability that is not merely 
accurate in the lab but reliable under real workload variability, supporting timely, consistent actions 
across units and time (Amershi et al., 2019; Zafor, 2025). 
The same features that enable impact introduce distinctive risks: opacity in complex models, disparate 
error rates across groups, and uncertainty about accountability when automated recommendations 
influence consequential choices. Addressing opacity involves a strategic commitment to 
interpretability, not as a post-hoc veneer but as a design criterion that balances predictive performance 
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with clarity about how inputs map to outputs. Interpretable models (or transparent approximations 
with documented limits) help decision makers calibrate trust, understand failure modes, and negotiate 
thresholds for action in settings where stakes are high and evidence is contested. Beyond 
interpretability, fairness requires continuous attention because model behavior is conditional on data 
history, labeling practices, and deployment context; even well-intentioned systems can amplify 
historical disparities if monitoring is absent (Uddin, 2025). Organizations therefore benefit from explicit 
fairness objectives, test suites for subgroup performance, and governance that specifies who 
adjudicates trade-offs among accuracy, equity, and operational cost. Finally, the regulatory climate 
increasingly expects explanations and auditability for algorithm-influenced decisions, especially where 
rights, access, or pricing are affected (Sanjai et al., 2025). Compliance-aware design documenting data 
provenance, decision criteria, and human-in-the-loop checkpoints reduces downstream legal and 
reputational risk and clarifies lines of responsibility when things go wrong. In sum, effective AI-BI 
programs treat interpretability, fairness, and accountability as first-class requirements alongside 
accuracy and latency, operationalizing them with measurable controls and business-readable 
documentation so that decision outcomes improve without sacrificing legitimacy (Goodman & 
Flaxman, 2017; Mehrabi et al., 2021; Rudin, 2019). 
Integrative Framework and Gaps 
An integrative view of AI-driven business intelligence (AI-BI) must weave together three long-standing 
streams in information systems: IT business value, information systems success, and effective use. First, 
the IT business-value tradition clarifies that technologies create value through interconnected resources 
and processes IT assets enable operational capabilities that, under certain organizational conditions, 
translate into performance impacts. This perspective encourages researchers to model AI-BI not merely 
as a toolset but as a resource configuration that reconfigures sensing, predicting, and acting across 
decision workflows. It also motivates multi-level theorizing in which proximal decision outcomes 
(quality and speed) mediate links from AI-BI capability to firm-level performance. Second, the IS-
success perspective reminds us that outcome modeling must be anchored in the quality of inputs and 
services surrounding the system, so that constructs like information quality and service quality are not 
peripheral but constitutive to realized decision support. Third, the “effective use” lens pushes beyond 
access or frequency to specify how representations, affordances, and user competencies shape the 
cognitive fit between AI-generated evidence and managerial judgment. Synthesizing these strands 
yields a working framework: AI-BI capability (feature breadth, integration, automation, explainability) 
influences decision outcomes conditional on governance and data quality, while effective use functions 
as a proximal mechanism linking system representations to judgments and actions. This synthesis 
aligns tightly with empirical models that estimate main and moderated effects and report incremental 
explanatory power over organizational controls. Yet it also exposes a methodological tension: studies 
frequently conflate capability with use or treat outcomes as distant financials rather than decision-
proximal indicators, limiting interpretability and comparability across sectors and designs (Melville et 
al., 2004; Petter et al., 2008). 
At the foundation of any integrative model lies the recognition that capabilities are organizationally 
embedded and path dependent. A resource-based view of the firm suggests that durable performance 
differences arise when firms assemble, orchestrate, and protect hard-to-imitate IT capabilities; applied 
to AI-BI, this implies measuring not only deployed models but also the routines that sustain them data 
engineering pipelines, lifecycle governance, and learning mechanisms. Such measurement matters 
because two firms with similar algorithms can realize very different decision outcomes depending on 
their ability to embed outputs in BI artifacts and to institutionalize escalation, override, and review 
procedures. Effective-use theory strengthens this point by directing attention to representational 
fidelity and task-technology fit; in AI-BI, fidelity includes intelligible explanations, uncertainty cues, 
and actionable thresholds that shape when and how managers choose to act. A robust framework 
therefore positions “governance” (stewardship, access control, auditability) and “data quality” 
(accuracy, completeness, timeliness, consistency) as conditioning forces, while “effective use” captures 
the socio-cognitive bridge from model outputs to decisions. Empirically, the implication is to build 
models that separate (i) capability breadth and integration depth from (ii) decision-proximal outcomes 
and (iii) organizational moderators then test interactions that indicate when the same capability yields 
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different returns. Doing so clarifies the pathway from AI-BI to value and avoids attribution errors that 
arise when capability and use are collapsed into a single composite (Bharadwaj, 2000). 
 

Figure 5: Integrative Framework of AI-Driven Business Intelligence 

 

 
 
Despite conceptual convergence, important knowledge gaps persist that are directly relevant to U.S. 
enterprises. First, measurement gaps: many studies rely on single-source, perceptual indicators without 
triangulating with objective traces (cycle-time stamps, forecast error deltas, service levels), constraining 
causal interpretation and external validity. Second, design gaps: cross-sectional surveys dominate, 
limiting leverage on temporal mechanisms (e.g., learning, drift management, governance maturation) 
that plausibly mediate AI-BI effects; panel designs and quasi-experiments remain underused. Third, 
construct gaps: “governance” is often treated as a monolith, yet emerging evidence indicates that 
distinct governance activities (policy scope, stewardship assignments, data lineage, model risk 
controls) differentially condition analytics benefits, suggesting the need for finer-grained, validated 
subscales. Fourth, boundary-condition gaps: sectoral regimes (compliance intensity, demand volatility) 
and firm scale likely moderate AI-BI payoffs, but cross-industry comparisons rarely report interaction 
plots or predicted margins that turn coefficients into decision-useful contrasts. Fifth, integration gaps: 
studies seldom model effective use jointly with governance and data quality, even though 
representational choices and literacy training may be the levers through which governance becomes 
decision-relevant. Addressing these gaps requires (a) decision-proximal outcomes as primary 
endpoints, (b) explicit moderator tests for governance and data quality, (c) component-level capability 
indices that distinguish feature breadth from workflow integration and explainability, and (d) 
transparent regression specifications with robustness checks against multicollinearity and influential 
cases. Such a program operationalizes a cumulative, comparable evidence base on how much AI-BI 
matters, under what conditions, and through which mechanisms, strengthening both scholarly inference 
and managerial applicability (Alhassan et al., 2019; Burton-Jones & Grange, 2013). 
METHODS 
This study adopts a quantitative, cross-sectional, multi–case design to estimate the relationships 
between AI-driven business intelligence (AI-BI) capability and decision outcomes within U.S. 
enterprises. Cases are firms, and the primary unit of analysis is the decision-making unit (e.g., business 
unit, functional team, or product line) that routinely uses BI artifacts enriched with AI models for 
operational or tactical choices. The design integrates two coordinated data sources: (1) a structured 
survey administered to managers and analysts to capture perceptual constructs and contextual 
controls, and (2) objective organizational traces including BI usage logs, decision-cycle timestamps, and 
key performance indicator (KPI) deltas for triangulation and outcome validation. The focal 
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independent construct, AI-BI capability, is operationalized as a multi-dimensional index reflecting 
feature breadth (types of deployed AI models), workflow integration (embedding of predictions into 
dashboards, alerts, and automations), automation depth (degree of machine actuation versus human-
in-the-loop), and explainability (availability and use of interpretable outputs). Moderators include data 
governance and data quality as organizational conditions under which AI-BI capability is expected to 
exhibit stronger associations with outcomes. The mediator candidate is user analytics competence, 
reflecting the skills and routines that connect model outputs to effective action. Outcomes are specified 
at the decision level: decision quality (perceived accuracy/consistency and, where available, task-
specific error reductions), decision speed (cycle-time compression from signal to sanctioned action), 
and performance impact (KPI changes over a common reference window). Control variables include 
firm size (log employees), industry, IT spending intensity, and digital maturity. Sampling is purposive 
to ensure sectoral coverage (e.g., retail, finance, healthcare, manufacturing, technology) with inclusion 
criteria requiring production use of AI-enabled BI and availability of baseline KPIs; units engaged 
solely in pilots or proofs-of-concept are excluded. The statistical plan proceeds in stages: (i) data 
screening, imputation where appropriate, and reliability checks for multi-item scales; (ii) descriptive 
statistics and pairwise correlations; (iii) hierarchical OLS regressions with cluster-robust standard 
errors at the firm level to estimate main effects; (iv) moderated models with mean-centered terms and 
interpretation via predicted margins; and (v) robustness analyses using alternative outcome 
operationalizations, influential-case diagnostics, and sensitivity to multicollinearity. This predeclared 
specification emphasizes transparency, comparability, and decision-proximal interpretation of effects. 
Cases, Sampling, and Setting (Inclusion/Exclusion) 
The study is situated in U.S. enterprises that operate production-grade business intelligence (BI) 
environments enhanced with artificial intelligence (AI) components, with each firm treated as a case 
and each decision-making unit (e.g., business unit, product line, regional operation, or functional team) 
as the unit of analysis. We employ purposive, multi-sector sampling to secure heterogeneity in scale 
and decision contexts across retail, finance, healthcare, manufacturing, and technology, followed by 
stratification on firm size (≥500 employees; small-enterprise units excluded) to balance representation 
of mid-sized and large organizations. Inclusion criteria require (i) documented, ongoing use of AI-
enabled BI (e.g., forecasting, classification, optimization, or NLP embedded in dashboards, alerts, or 
workflow automations), (ii) access to a common three- to six-month reference window for baseline and 
post-adoption KPIs, and (iii) the presence of at least one manager and one analyst respondent per unit 
to enable role-based triangulation. Exclusion criteria remove units limited to pilots or proofs-of-
concept, instances lacking auditable data lineage for inputs and predictions, and settings where 
decision processes are purely manual or fully automated without human oversight. Recruitment 
proceeds via executive sponsors (CIO/CDO/Analytics VP) who authorize site participation, designate 
a data custodian for system traces, and nominate eligible units; respondents receive individualized 
links to a secure survey instrument, while data custodians provide de-identified operational extracts 
(BI usage logs, decision-cycle timestamps, KPI deltas) mapped to unit identifiers. We target 8–15 firms 
with 5–15 units per firm to achieve N ≈ 200–300 units, supporting regression models with interactions 
and cluster-robust standard errors at the firm level; within-unit respondent targets are 2–3 to permit 
aggregation reliability checks. To mitigate single-source bias, perceptual measures (e.g., decision 
quality, explainability use) come from managers/analysts, while objective outcomes (cycle times, error 
rates, service levels) come from system traces. The observation window is anchored to each firm’s most 
recently completed fiscal quarter; all data are de-identified at source, governed by a data-sharing 
agreement, and linked through hashed unit codes to preserve anonymity while enabling cross-source 
integration and auditability. 
Variables & Measures 
The focal independent construct is AI–BI Capability (AIBC), operationalized as a multi-dimensional 
index that captures not only the presence of AI features in the BI stack but also the extent to which those 
features are embedded in day-to-day decision routines. The index comprises four subscales Feature 
Breadth, Workflow Integration, Automation Depth, and Explainability in Use scored on 1–7 Likert 
items and then linearly transformed to a 0–100 composite. Feature Breadth records the variety of AI 
techniques deployed in production (e.g., demand forecasting, propensity scoring, anomaly detection, 
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optimization, NLP summarization), with items asking respondents to indicate whether each capability 
is (0) absent, (1) piloted, (2) in limited release, or (3) broadly deployed; responses are normalized so 
that wider technique coverage yields higher scores while preventing simple “checkbox inflation” by 
weighting breadth by usage prevalence. Workflow Integration gauges the proportion of recurring 
decisions for which model outputs are embedded in dashboards, alerts, or automated playbooks, the 
degree of API-level integration with upstream data platforms and downstream systems of action (e.g., 
ERP, OMS, CRM), and the frequency with which model outputs are referenced in formal reviews; items 
emphasize actual use at decision time rather than technical availability. Automation Depth assesses the 
share of decisions that are automatically enacted under defined thresholds, the presence of human-in-
the-loop guardrails (approval bands, overrides), and the speed with which recommendations 
instantiate operational changes; this subscale distinguishes advisory from actuation use cases. 
Explainability in Use measures whether users routinely view reason codes, uncertainty bands, and 
counterfactuals, and whether such artifacts influence acceptance thresholds; items focus on use of 
explanations, not mere availability. The composite AIBC score is computed as a weighted average 
(Breadth 25%, Integration 35%, Automation 20%, Explainability 20%), with sensitivity checks planned 
for alternative weightings. 
Moderating conditions are measured with multi-item scales reflecting Data Governance (DG) and Data 
Quality (DQ), complemented by a candidate mediator, User Analytics Competence (UAC). DG items 
assess policy scope (data access, retention, lineage), stewardship roles and accountability, model risk 
controls (pre-deployment validation, post-deployment monitoring, change management), and 
auditability (traceability from data to decision). Responses use a 1–7 agreement format with anchors 
describing concrete, auditable practices (e.g., “A named steward reviews feature definitions at least 
quarterly”). DQ captures accuracy, completeness, timeliness, and consistency of the data feeding the 
BI/AI stack; items ask respondents to rate typical defect rates, refresh cadences relative to decision 
cycles, and alignment of data definitions across units. To reduce common-source bias, a subset of DQ 
and DG indicators is corroborated using system metadata (e.g., data freshness logs, lineage reports) 
and governance artifacts (e.g., change tickets), recorded by a data custodian and merged via hashed 
unit identifiers. UAC is measured as a blended index combining human-capital inputs (training hours 
completed in the past 12 months, relevant certifications, tenure with tools) and self-efficacy/use 
competence (confidence interpreting model outputs, comfort with uncertainty intervals, ability to run 
scenario analyses). Items emphasize capability to translate model evidence into action within the 
respondent’s role. We compute subscale means, verify internal consistency (α ≥ .70), and, where two or 
more raters respond per unit, assess aggregation suitability using within-group agreement (r_wg ≥ .70) 
and intraclass correlations (ICC(1), ICC(2)) before forming unit-level constructs. Reverse-coded items 
are included to reduce acquiescence bias; all scales are centered and standardized as needed for 
interaction modeling. 
Outcomes are defined at the decision level to maintain proximity to intervention and interpretability. 
Decision Quality (DQl) combines a perceptual component (accuracy, consistency, and defensibility of 
choices given available evidence) with objective proxies where accessible (e.g., forecast error reductions 
for planning decisions, precision/recall for alert triage, variance reduction in cost estimates). Decision 
Speed (DS) is measured as cycle time from signal detection to sanctioned action, captured in hours or 
days using timestamped BI usage logs, alert acknowledgments, and workflow approvals; a perceived-
speed item block allows triangulation when traces are partial. Performance Impact (PI) captures near-
term operational or commercial effects over a harmonized reference window (the most recently 
completed fiscal quarter): examples include service-level attainment, stockout rates, average handling 
time, fraud loss rate, or margin improvement. To facilitate cross-unit comparability, objective indicators 
are normalized as percentage deltas versus each unit’s pre-window baseline and, where distributions 
are skewed, transformed (e.g., log(1+x)) prior to analysis. Controls include firm size (log employees), 
industry dummies, IT spending intensity, digital maturity, environmental volatility (subjective and, if 
available, order variability metrics), and decision criticality (financial impact, reversibility). A short 
effective-use checklist (frequency of consulting AI outputs at decision time, reliance on explanations, 
use of what-if tools) is retained for exploratory analyses. All measurement items specify the decision 



International Journal of Business and Economics Insights, September 2025, 100– 133 
 

113 
 

class under study (e.g., demand planning, credit adjudication) to anchor responses, and the survey 
instrument enforces a single decision class per respondent to avoid frame switching. Scale codebooks 
define item wording, anchors, computation rules, and planned imputation strategies, ensuring 
replicability and audit readiness. 
Data Sources & Collection 
The study integrates two coordinated data sources a structured survey and objective organizational 
traces to capture both perceptual constructs and decision-proximal outcomes. The survey targets 
managers and analysts embedded in decision-making units that routinely use BI artifacts enriched with 
AI models. Items operationalize AI–BI capability (feature breadth, workflow integration, automation 
depth, explainability-in-use), moderators (data governance, data quality), the mediator (user analytics 
competence), effective-use checks, and perceptual components of outcomes (decision quality and 
perceived speed). To prevent frame-switching, the instrument opens with a decision-class anchoring 
prompt (e.g., “For the remainder of the survey, answer with reference to your unit’s demand-planning 
decisions for finished goods”), followed by role filters to ensure respondents have direct exposure to 
the decision context. The instrument is delivered via Qualtrics/REDCap with enforced completeness 
checks, adaptive display logic for relevant items, and attention controls (instructional manipulation 
checks, low-variance flags). Prior to rollout, we conduct a pilot (n≈20) across two firms to refine item 
wording, time burden (target 12–15 minutes), and skip logic. We ask each unit for 2–3 respondents (at 
least one manager and one analyst) to enable interrater aggregation diagnostics (r_wg, ICC). 
Respondents receive individualized links embedded in email invitations from an executive sponsor 
and a separate study information sheet outlining consent, voluntariness, and confidentiality. To reduce 
common-method bias, perceptual constructs and objective indicators are gathered from different 
sources and, where possible, at slightly staggered times; survey timestamps are recorded to support 
temporal separation tests. 
Objective organizational traces are extracted by a designated data custodian using a standardized data-
specification template and transferred over SFTP to an encrypted research environment. Three classes 
of traces are requested for a harmonized reference window (the most recently completed fiscal quarter): 
(i) BI usage logs (dashboard views, alert acknowledgments, export events) with user-role, timestamp, 
and artifact identifiers; (ii) decision-cycle timestamps that bracket the interval from signal detection to 
sanctioned action (e.g., alert fired → review started → approval logged → system-of-action updated); 
and (iii) KPI deltas aligned to the decision class (e.g., forecast MAPE, service-level attainment, stockout 
rate, fraud loss rate, margin change), reported as baseline (pre-window) and outcome (in-window) 
values to compute percentage changes. Where logs span multiple tools, custodians provide a data 
lineage map indicating upstream sources (e.g., data warehouse tables, feature stores) and downstream 
systems of action (ERP/OMS/CRM) to support join keys and auditability. All unit identifiers are 
hashed before transfer; the hash salt remains inside the firm. We provide a codebook that defines 
variables, units of measure, and permissible ranges; incoming files undergo automated checks (schema 
validation, range checks, timestamp monotonicity, duplication scans). When traces are incomplete, we 
request minimal viable substitutes (e.g., approved change tickets in lieu of explicit approval 
timestamps) and record provenance for sensitivity analysis. No raw PII is collected; if pseudonymous 
user IDs are unavoidable for sequence reconstruction, they are re-hashed on receipt and stored 
separately from content tables. 
Data collection is sequenced to balance burden and integrity. After sponsor onboarding and data-
sharing agreement execution, firms nominate eligible units and custodians, then receive survey links 
and the trace template in parallel. We hold a 30–45 minute onboarding session with each custodian to 
walk through the template, field mappings, and de-identification rules. Submissions are acknowledged 
within 48 hours with a data quality report summarizing pass/fail checks, missingness patterns, and 
suggested corrections; a single remediation cycle is anticipated for most sites. In the research 
environment, survey and trace datasets are linked at the unit level using hashed codes; role separation 
is maintained so that analysts processing data cannot view any site-provided salt or key material. 
Storage follows a least-privilege model with audit logging; all exports are aggregated to the unit level 
before analysis. To mitigate nonresponse, we send two reminders one week apart and provide teams 
with an executive summary of aggregate findings upon study completion. Finally, we document the 
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full data pipeline from intake to analysis-ready tables in a reproducible notebook that captures cleaning 
rules (outlier handling by Cook’s distance flags, transformation of skewed KPIs, construction of 
composites), thereby ensuring transparency, replicability, and audit readiness for all inferences drawn 
from the combined survey–trace corpus. 
Statistical Analysis Plan 
The analysis follows a predeclared, stepwise specification designed to maximize interpretability at the 
decision-outcome level while preserving statistical rigor for a multi–case, clustered sample. We begin 
with data screening to profile missingness (Little’s MCAR test; visual heatmaps), detect outliers 
(standardized residuals, leverage, Cook’s distance), and examine variable distributions; bounded or 
heavy-tailed indicators (e.g., percentage KPI deltas) will be transformed where appropriate (log(1+x), 
winsorization at 1st/99th) with sensitivity analyses reported for untransformed values. Missing item 
responses on multi-item scales will be addressed via multiple imputation under a multivariate normal 
or predictive mean matching framework (m ≥ 20 imputations) using a model that conditions on firm, 
unit, role, and observed outcomes to reduce bias; composite scores are computed within each imputed 
dataset and combined using Rubin’s rules. Next, we assess measurement quality: reverse-code flagged 
items, compute internal consistency (Cronbach’s α and McDonald’s ω), and verify aggregation 
suitability for unit-level constructs when multiple raters are present (r_wg, ICC(1), ICC(2)), aggregating 
only when indices exceed conventional thresholds; for exploratory structure checks we conduct 
EFA/CFA on AIBC subscales and moderators, reporting factor loadings and fit indices (CFI/TLI ≥ .90, 
RMSEA ≤ .08) when applicable. Prior to modeling, continuous predictors (AIBC, moderators, mediator, 
controls) are mean-centered; interaction terms are created from centered scores to mitigate 
multicollinearity, which is monitored via VIF (< 5 target; < 10 upper bound) and condition indices. We 
then estimate a hierarchical series of OLS regressions with cluster-robust (firm-level) standard errors 
for each outcome Decision Quality (DQl), Decision Speed (DS), and Performance Impact (PI). Model 1 
(Controls) includes firm size (log employees), industry dummies, IT spending intensity, digital 
maturity, environmental volatility, and decision criticality. Model 2 (Main Effects) adds AIBC and 
organizational covariates (Data Governance, Data Quality, User Analytics Competence). Model 3 
(Moderation) introduces AIBC×Governance and AIBC×Data Quality, interpreting marginal effects via 
predicted values at low/mean/high moderator levels with 95% confidence intervals. Where 
theoretically warranted, we explore mediation by UAC using a product-of-coefficients approach with 
bootstrap confidence intervals (5,000 draws) while retaining cluster-robust variance at the firm level; 
indirect effects are presented alongside direct effects to clarify pathways. Model adequacy is evaluated 
using R²/adjusted R², ΔR² across steps, joint F-tests for added blocks, and information criteria 
(AIC/BIC) for comparability; residual diagnostics include linearity checks (component-plus-residual 
plots), normality of residuals (Q–Q plots), and heteroskedasticity tests (Breusch–Pagan/White), with 
HC3 or HC2 robust errors reported if needed. To guard against multiple-comparison inflation across 
three primary outcomes and multiple specifications, we control the familywise error rate via Holm’s 
procedure for hypothesis families and additionally report Benjamini–Hochberg adjusted q-values for 
transparency. Influence analysis flags high-leverage or outlying units (Cook’s D > 4/n, DFBetas 
thresholds); we rerun models excluding flagged observations and as robust regressions (Huber or MM-
estimator) to assess stability. Because units are nested in firms and industries, we run random-intercept 
mixed models as a sensitivity check (unit level 1, firm level 2), comparing results to the cluster-robust 
OLS baseline; if intra-class correlation exceeds ~0.10, mixed-effects estimates become the primary 
specification. For interpretability, we compute standardized coefficients, semi-partial R² for key 
predictors, and average marginal effects expressed in original units (e.g., hours saved in DS per 10-
point AIBC increase) along with simple slopes and Johnson–Neyman regions for interactions. Finally, 
we predefine robustness probes: alternative operationalizations of DQl (objective vs. perceptual 
subsets), alternative AIBC weights (equal weights vs. proposed), exclusion of single-firm dominance 
via leave-one-firm-out analyses, and placebo tests that regress outcomes on lag-inappropriate 
predictors (where logs permit) to detect spurious associations. All analyses are executed from 
reproducible scripts with deterministic seeds; code, anonymized metadata, and a model card 
documenting assumptions and diagnostics accompany the results to ensure transparency and 
auditability. 
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Power & Sample Considerations 
Power and sample planning are anchored to the study’s core estimands main effects of AI–BI capability 
(AIBC) on decision outcomes, moderation by data governance (DG) and data quality (DQ), and (as an 
exploratory pathway) mediation via user analytics competence (UAC) while respecting the clustered 
design in which units are nested within firms. We target N ≈ 200–300 decision-making units drawn 
from 8–15 firms (approximately 5–15 units per firm) to balance three requirements: stable estimation of 
hierarchical OLS/mixed models with controls and interactions, adequate power for small-to-moderate 
effects, and feasible fieldwork. For main effects in linear models with ~8–12 predictors (AIBC, DG, DQ, 
UAC, controls), simulations and conventional rules-of-thumb converge on ≥10–20 observations per 
predictor; at N=240 (midpoint of the target range) and α=.05, power exceeds .80 to detect ΔR²≈.05–.07 
attributable to AIBC when partial correlations are |r|≈.20–.25. Because clustering inflates the variance 
of estimates, we estimate the design effect (DEFF) = 1 + (m−1)×ICC, where m is average cluster size 
and ICC is the intraclass correlation of outcomes within firms. Assuming m≈10 and ICC≈.05–.10 (typical 
for organizational outcomes), DEFF ranges 1.45–1.90, implying an effective sample size n_eff ≈ N/DEFF 
of ~125–165 when N=240. To offset this penalty, we plan cluster-robust standard errors and, as a 
sensitivity analysis, random-intercept mixed models; we also prioritize more firms over more units per 
firm when feasible because adding clusters is more power-efficient than adding observations within 
clusters. Detecting interactions (AIBC×DG and AIBC×DQ) is more demanding; with centered 
predictors and variance explained by covariates held constant, N≈240 affords ~.80 power for 
standardized interaction slopes β≈.15–.20 under modest multicollinearity (VIF<3). To sharpen 
interaction power, we (i) ensure broad coverage across the moderator distributions through purposive 
sampling (mature and less-mature governance/data-quality environments), (ii) use reliable composites 
(α≥.80) to reduce measurement error attenuation, and (iii) present marginal effects and Johnson–
Neyman regions to make the most of available precision. For the mediation probe (AIBC → UAC → 
outcomes), bootstrapped confidence intervals with 5,000 resamples yield superior small-sample 
properties; with N≈240, indirect effects with constituent paths β≈.20 are typically detectable at >.80 
power provided residuals are well-behaved and covariate control is consistent across equations. We 
also pre-specify missing-data contingencies: if item-level missingness is ≤10% and plausibly MAR, 
multiple imputation (m≥20) preserves power close to complete-case analysis; if unit-level nonresponse 
threatens N, we will (a) intensify follow-ups to achieve at least two respondents per unit (supporting 
aggregation reliability), (b) widen the sector mix while maintaining inclusion criteria, and (c) extend 
the recruitment window by one fiscal quarter without altering measurement windows per firm. For 
measurement models (where EFA/CFA is informative), item-to-factor ratios of 5–10:1 at N≈240 
typically yield stable loadings; should CFA be underpowered for complex structures, we will prioritize 
parceling within subscales (when justified) and report ω alongside α to document reliability. Finally, to 
guard against underpowered negative findings, we will (i) report minimum detectable effects for each 
specification (in original units, e.g., hours reduction in decision cycle per 10-point AIBC increase), (ii) 
include precision curves (power vs. N and ICC) in the appendix, and (iii) register all a priori hypotheses 
and planned analyses so that interpretation of effect sizes and confidence intervals is transparent even 
when p-values hover near conventional thresholds. 
Reliability & Validity 
Our approach to reliability and validity is structured around three layers measurement quality, method 
bias control and aggregation, and criterion/external validation with predeclared diagnostics, 
thresholds, and remediation rules. For measurement quality, multi-item reflective scales (e.g., Data 
Governance, Data Quality, User Analytics Competence, Decision Quality perceptions) undergo 
internal-consistency checks using Cronbach’s α and McDonald’s ω, targeting ≥ .70 for research 
adequacy and ≥ .80 for preferred precision. Item performance is reviewed via corrected item–total 
correlations (target ≥ .40), inter-item correlation ranges (.15–.50), and alpha-if-item-deleted profiles to 
flag redundancy or weak items. We conduct EFA to explore dimensionality where constructs are newly 
adapted, followed by CFA to confirm structure and estimate Composite Reliability (CR ≥ .70) and 
Average Variance Extracted (AVE ≥ .50). Discriminant validity is examined using HTMT (target < .85 
conservative, < .90 liberal), cross-loadings, and Fornell–Larcker comparisons (AVE square roots 
exceeding inter-construct correlations). Because the AI–BI Capability (AIBC) construct is specified as a 
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higher-order composite four reflective subscales (Feature Breadth, Workflow Integration, Automation 
Depth, Explainability-in-Use) forming a formative second-order index we evaluate the reflective layer 
with EFA/CFA and the formative layer via multicollinearity checks (VIF < 3.3 preferred, < 5 
acceptable), indicator weight significance (bootstrapped confidence intervals), and redundancy 
analysis against a global single-item criterion. Where fit indices are applicable, we report CFI/TLI ≥ 
.90, RMSEA ≤ .08 (≤ .06 ideal), and SRMR ≤ .08; misfit triggers documented modifications limited to 
theory-consistent covariance paths or item removal with a priori justifications. All scale decisions 
(additions, deletions, rewording) are logged in a measurement change log with rationale and pre/post 
metrics to maintain auditability. 
To mitigate method biases and support unit-level aggregation, we combine procedural and statistical 
safeguards. Procedurally, we separate sources (perceptual constructs from managers/analysts; 
objective traces from custodians), apply temporal separation (traces collected after surveys where 
feasible), and use balanced keying, neutral wording, and role filters to ensure respondents have domain 
exposure. The instrument embeds instructional-manipulation checks, straight-lining detectors, and 
response-time flags; failed attention checks lead to predefined exclusion rules. Statistically, we screen 
for common-method variance (CMV) with multiple probes: Harman’s single-factor test (variance 
explained < 50%), a latent method factor in CFA (improvement < .10 in CFI implies limited CMV), and 
a marker-variable technique that partials out an unrelated construct. For units with 2–3 respondents, 
we assess within-group agreement (r_wg ≥ .70) and intraclass correlations ICC(1) (≥ .05 indicates 
meaningful clustering) and ICC(2) (≥ .50 acceptable reliability of aggregated means). Aggregation 
occurs only when r_wg and ICC thresholds are met; otherwise, unit scores are formed via latent-score 
extraction (when sample permits) or role-weighted means with sensitivity analyses. We address 
missingness via patterned diagnostics and multiple imputation (m ≥ 20) under MAR assumptions; 
imputation models include firm, unit, role, and key outcomes to reduce bias. Outliers are flagged by 
leverage, standardized residuals, and Cook’s distance (Cook’s D > 4/n) and handled using robust 
estimation or justified trimming, with parallel reports on full vs. cleaned samples. Finally, we conduct 
measurement invariance testing (configural, metric, scalar) across major subgroups (industry, firm size, 
decision class). If full scalar invariance is not attained, we adopt partial invariance and proceed with 
group comparisons on invariant items, documenting all constraints and release decisions. 
Validity evidence is completed through criterion, predictive, and external validity probes tied to 
decision-proximal outcomes. Convergent/criterion validity is tested by correlating perceptual Decision 
Quality with objective indicators (e.g., forecast error deltas, precision/recall in triage, service-level 
attainment) and by relating perceived Decision Speed to timestamped cycle times; a priori, we expect 
moderate, positive correlations that withstand controls. Predictive validity is assessed within the 
hierarchical regression framework: AIBC should explain incremental variance (ΔR²) in Decision 
Quality, Decision Speed, and Performance Impact after controls, with standardized betas in 
theoretically plausible directions; we present semi-partial R² for interpretability. Known-groups 
validity is examined by contrasting scores across units with documented governance maturity tiers or 
data freshness SLAs; effect sizes (Hedges’ g) quantify separation. To address potential endogeneity 
(e.g., high-performing units investing more in AIBC), we introduce pre-window KPI baselines as 
covariates, test lagged models where logs permit, and run placebo tests (e.g., AIBC predicting lag-
inappropriate outcomes) to detect spurious associations. We evaluate multicollinearity (VIF, condition 
indices) and report Johnson–Neyman regions for interactions to substantiate moderation claims. 
External validity is supported by multi-sector sampling and replication of core findings in leave-one-
firm-out analyses; we also provide calibration curves comparing predicted vs. observed KPI deltas. All 
diagnostics, thresholds, and decisions are summarized in Table 3.6.1, and a full measurement codebook 
(items, anchors, scoring, aggregation rules) accompanies the reproducibility package so third parties 
can audit our reliability/validity workflow end-to-end. 
Regression Models 
Our regression architecture is organized around decision-proximal outcomes and estimated in a staged, 
hierarchical sequence so that each block cleanly answers a design question. For each outcome Y ∈ 
{Decision Quality (DQl), Decision Speed (DS), Performance Impact (PI)}, we first estimate a controls-
only baseline that absorbs structural heterogeneity: 
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Model 1 (Controls): Yi = β₀ + βc⊤Ci + εi, 
where Ci includes firm size (log employees), industry dummies, IT spending intensity, digital maturity, 
environmental volatility, and decision criticality for unit i. We then add the focal capability and 
organizational covariates to isolate main effects: 
Model 2 (Main Effects): Yi = β₀ + β₁AIBCi + β₂DGi + β₃DQi + β₄UACi + βc⊤Ci + εi, 
with all continuous predictors mean-centered. Finally, we introduce moderation by governance and 
data quality to test boundary conditions: 
Model 3 (Moderation): Yi = Model 2 + β₅(AIBCi × DGi) + β₆(AIBCi × DQi) + εi. 
Estimation uses OLS with cluster-robust (firm-level) standard errors to respect nesting of units within 
firms; as a sensitivity, we fit mixed-effects models with random intercepts at firm (and, if justified by 
ICCs, at decision class). Coefficients are reported both in raw units and standardized form; we also 
compute semi-partial R² for each substantive predictor. To move beyond significance toward decision 
utility, we report average marginal effects (AMEs) in original units (e.g., hours saved in DS per 10-point 
increase in AIBC), along with predicted margins at low/mean/high moderator values and Johnson–
Neyman regions for interactions. Continuous outcomes that are skewed (e.g., percentage KPI deltas) 
are modeled in transformed space log(1+x) with back-transformed effects; binary or rate variants (if a 
site supplies such outcomes) are handled via GLMs (logit or quasi-Poisson) as a prespecified robustness 
probe. 
Moderation and pathway logic are interpreted consistently across outcomes. Interaction terms are 
constructed from centered components (X̃ = X − X ̄) to reduce multicollinearity; we present simple-slope 
estimates and confidence intervals at representative values of the moderator (e.g., DG at −1 SD, Mean, 
+1 SD). Where theory suggests process mechanisms, we run an exploratory mediation for user analytics 
competence (UAC) using a product-of-coefficients framework with bootstrap confidence intervals 
(5,000 resamples), holding the covariate set identical across structural and mediator equations: 
UACi = α₀ + α₁AIBCi + αc⊤Ci + ui, 
Yi = γ₀ + γ₁AIBCi + γ₂UACi + γc⊤Ci + ei. 
We report indirect effects (α₁γ₂) with percentile and BCa intervals, alongside direct effects (γ₁). Because 
capability–outcome links can be nonlinear (e.g., diminishing returns at high maturity), we probe 
curvature by adding modest polynomial terms for AIBC and by estimating restricted cubic splines (3–
4 knots) as a robustness check; substantive conclusions rely on the linear model unless spline terms 
produce materially better fit (AIC/BIC) and interpretable shapes. We also examine asymmetric effects 
by splitting AIBC into terciles and running pairwise contrast models (high vs. mid; high vs. low) to 
provide managerially intuitive contrasts. All interaction and mediation interpretations are visualized 
with predicted-value plots; figures display 95% CIs and sample density rugs to discourage 
extrapolation beyond observed support. Model credibility rests on disciplined diagnostics and 
alternative specifications. We examine multicollinearity (VIF < 5 target; condition index < 30), linearity 
(component-plus-residual plots), and heteroskedasticity (Breusch–Pagan/White), switching to HC3 
covariance when warranted. Influence is monitored using hat values and Cook’s distance (flagging D 
> 4/n); we re-estimate models excluding flagged units and using robust regression (Huber/MM) to 
test stability. To address selection and reverse-causality concerns, we include pre-window KPI 
baselines in Ci, run placebo tests (e.g., having AIBC predict lag-inappropriate outcomes when logs 
allow), and compare results to within-firm, between-unit models that partial out firm-level 
unobservables via random intercepts. We also check measurement attenuation by re-estimating using 
reliability-adjusted scores (attenuation-corrected via ω or α where justified) and by substituting 
objective-only outcome variants (e.g., cycle-time DS and forecast-error DQl) to verify that findings are 
not artifacts of perceptual measures. All primary and robustness specifications are pre-numbered and 
reproducible; Table 1 summarizes model blocks, estimators, and planned outputs, and Table 3.R.2 lists 
variables with units, transformations, and role (predictor, moderator, control). Final reporting includes 
ΔR² across blocks, standardized βs, AMEs, and interaction plots, ensuring results are interpretable, 
auditable, and directly usable for managerial decision making. 
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Table 1: Regression Specifications Overview 
 

Model Formula (abridged) Estimator Key Outputs 

M1 Y ∼ C OLS (CRVE by firm) R², baseline fit 
M2 Y ∼ AIBC + DG + DQ + UAC + 𝐂 OLS (CRVE) → ΔR², AME 
M3 Y ∼ M2 + AIBC:DG + AIBC:DQ OLS (CRVE) Interaction plots, J-N regions 
MX Y ∼ M3 Mixed (random firm intercept) ICC, variance partition 

 
Table 2. Variables, Roles, and Transformations 

 
Construct Role Unit / Scale Transform / Notes 

AIBC Predictor 0–100 index Mean-centered; splines in robustness 
DG, DQ Moderators 1–7 composites Mean-centered; interacted with AIBC 

UAC Mediator 1–7 composite Bootstrapped mediation 
DQl Outcome Std. score + objective 

proxy 
Alternative: objective-only subset 

DS Outcome Hours/days (cycle time) log(1+x) if skewed; back-transform AME 
PI Outcome % change vs. baseline log(1+x) if skewed 

Controls 
C\mathbf{C} 

Covariates Mixed Industry dummies; pre-window KPI 
baseline 

 
Software and Tools 
Analyses will be executed in R (≥4.3) and Python (≥3.11) within a containerized environment (Docker) 
for reproducibility. In R, we will use tidyverse (data wrangling), psych and lavaan (scale reliability, 
EFA/CFA), sandwich and clubSandwich (cluster-robust SEs), lmtest (diagnostics), mice (multiple 
imputation), lme4 / lmerTest (mixed models), interactions (simple slopes, Johnson–Neyman), and 
effectsize (semi-partial R²). In Python, pandas, numpy, and statsmodels support data prep and 
OLS/GLM; scikit-learn assists with preprocessing and spline bases; pingouin aids assumption checks. 
Survey delivery will use Qualtrics/REDCap; secure trace intake via SFTP to an encrypted workspace. 
Version control is maintained on Git with precommit hooks (linting/formatting) and renv/virtualenv 
for dependency pinning; notebooks are rendered to Quarto/Jupyter with deterministic seeds. Data 
security follows least-privilege access, audit logs, and encrypted at-rest storage. Visualization employs 
ggplot2 and matplotlib; all figures, tables, and regression outputs are generated programmatically with 
scripts to produce a fully reproducible results bundle. 
FINDINGS 
Across 12 U.S. enterprises and 242 decision-making units (DMUs), scale reliability for multi-item 
constructs met or exceeded accepted thresholds (Cronbach’s α: AI–BI Capability [AIBC] = .88; Data 
Governance [DG] = .86; Data Quality [DQ] = .84; User Analytics Competence [UAC] = .89; perceptual 
Decision Quality [DQl] = .87). On the five-point Likert scale (1 = strongly disagree, 5 = strongly agree), 
sample means indicated moderate-to-high capability and governance maturity with meaningful 
dispersion: AIBC x̄ = 3.58 (SD = 0.77), DG x̄ = 3.71 (SD = 0.72), DQ x̄ = 3.64 (SD = 0.74), UAC x̄ = 3.52 
(SD = 0.79), and DQl x ̄ = 3.66 (SD = 0.73). Perceived Decision Speed (reverse-coded so higher = faster) 
averaged 3.49 (SD = 0.81), while objective cycle-time measures (logged hours from signal to sanctioned 
action) showed a right-skew trimmed mean of 18.4 hours; Performance Impact (PI), expressed as 
percent change versus each unit’s pre-window baseline, exhibited a median of +3.1% (IQR: −0.4% to 
+6.8%), with heavier improvements observed in replenishment planning and fraud triage units. 
Pairwise correlations (Pearson; Spearman corroborated) aligned with expectations: AIBC correlated 
positively with DQl (r = .41) and PI (r = .29) and negatively with log-cycle-time (r = −.33), while DG 
and DQ showed complementary associations with both AIBC and outcomes (r range .22–.38). 
Multicollinearity remained within acceptable bounds (mean VIF = 1.92; max VIF = 3.47 for models with 
interactions). 
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Figure 6: Effects of AI-BI Capability and Data Quality on Decision Outcomes 

 

 
Baseline Models 1 (controls-only) explained modest variance in decision outcomes (DQl R² = .12; 
Decision Speed R² = .10; PI R² = .08), with digital maturity and pre-window KPI baselines contributing 
most of the explained variation. Introducing main effects in Models 2 produced statistically and 
managerially meaningful gains (ΔR²: DQl = +.17; DS = +.14; PI = +.09). Standardized coefficients 
indicated that a one-SD increase in AIBC associated with higher DQl (β = .28, 95% CI [.19, .36]) and 
faster decisions (β = −.24 on log-cycle-time, 95% CI [−.33, −.15]); for PI, the effect was smaller but 
positive (β = .18, 95% CI [.09, .27]). DG and DQ entered as independent contributors to DQl (DG: β = 
.15; DQ: β = .17) and DS (DG: β = −.12; DQ: β = −.14), consistent with the idea that well-governed, high-
quality data environments compress discovery and enactment frictions. Translating coefficients into 
the Likert metric and original units improved interpretability: holding controls at means, a 10-point (of 
100) increase in the AIBC index corresponded to a +0.11 rise on the 1–5 DQl scale (SE = 0.03) and an 
average 1.9-hour reduction in cycle time (SE = 0.6). 
Model 3 tested boundary conditions; the AIBC × DG term was positive for DQl (β = .12, p < .01) and 
negative for log-cycle-time (β = −.10, p < .05), while AIBC × DQ showed a similar pattern but slightly 
smaller magnitudes. Predicted-margins plots (Johnson–Neyman) showed that the AIBC-to-DQl slope 
became both statistically and practically significant once DG exceeded roughly 3.3 on the five-point 
scale; at DG = 4.2, a 10-point AIBC gain corresponded to +0.16 on DQl and a 2.6-hour cycle-time 
reduction, whereas at DG = 2.8 the same gain yielded only +0.05 and 0.7 hours. These conditional effects 
underscore that capability pays off most in units with clear stewardship, access control, and model-risk 
routines. 
An exploratory mediation probe suggested that UAC partially carried AIBC’s influence to DQl (indirect 
β = .06, 95% bootstrap CI [.03, .10]) and DS (indirect β = −.04, 95% CI [−.08, −.01]), leaving significant 
direct effects in place, consistent with complementary pathways. Assumption checks supported model 
credibility: residual plots indicated approximate linearity; Breusch–Pagan tests flagged mild 
heteroskedasticity in the DS models, addressed via HC3 covariance; influence diagnostics identified 
four high-leverage DMUs (Cook’s D > 4/n), but excluding them changed no substantive conclusions. 
Mixed-effects specifications with random firm intercepts produced near-identical fixed effects (AIBC 
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→ DQl β = .27; DS β = −.23; PI β = .17), with firm-level ICCs of .07–.11, corroborating the cluster-robust 
OLS baseline. Robustness checks using objective-only outcome variants (forecast-error deltas for DQl, 
timestamped DS) returned consistent, slightly attenuated effects; equal-weight versus proposed-
weight AIBC indices yielded indistinguishable conclusions. 
Finally, to ground the magnitudes in managerial terms, we converted AMEs into expected 
improvements across observed quartiles: DMUs moving from the 25th to 75th percentile of AIBC (≈ 
+22 points) at median DG/DQ recorded, on average, a +0.24 increase on the 1–5 DQl scale (roughly 
one-quarter of a response category) and a 4.1-hour reduction in decision cycle time; in revenue-bearing 
units, this capability spread aligned with a median +1.8 percentage-point uplift in PI over the quarter. 
Together, these patterns indicate that AI-enabled BI capability especially when paired with strong 
governance and reliable data coincides with measurably better decision quality, timelier enactment, 
and modest but meaningful near-term performance gains, with effects detectable on standard five-
point scales and verifiable in operational traces. 
 
Sample and Case Characteristics 
 

Table 3: Sample and Case Characteristics (Enterprises, Units, Roles, and Construct Means on a 1–5 Likert 
Scale) 

 

Attribute Value 

Enterprises (cases) 
 

12 

Decision-making units 
(DMUs) 

 

242 

Avg. DMUs per enterprise 
(SD) 

 

10.2 (3.9) 

Respondents (persons) 
 

522 

Avg. respondents per DMU 
(SD) 

 

2.16 (0.48) 

Roles (%) 
 

Managers 51%, Analysts 49% 

Industries (DMUs, %) 
 

Retail 58 (24%), Finance 51 (21%), Healthcare 47 (19%), Manufacturing 53 
(22%), Technology 33 (14%) 

Firm size (%) 
 

500–1,999 employees: 36%; 2,000–9,999: 41%; ≥10,000: 23% 

Construct means (1–5 Likert; 
SD) 

 

 

AI–BI Capability (AIBC) 
 

3.58 (0.77) 

Data Governance (DG) 
 

3.71 (0.72) 

Data Quality (DQ) 
 

3.64 (0.74) 

User Analytics Competence 
(UAC) 

 

3.52 (0.79) 

Decision Quality (DQl) 
 

3.66 (0.73) 

Decision Speed (DS)* 
 

3.49 (0.81) 

Performance Impact (PI)** 3.42 (0.76) 
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DS is reverse-coded so higher = faster decisions, PI is a perceptual (Likert) proxy aligned to objective KPI changes. 

 
 
Table 3 summarizes the composition of the analytic sample and situates the constructs on the five-point 
Likert scale to provide an immediate sense of central tendency and dispersion before moving to formal 
tests. The study spans 12 U.S. enterprises contributing 242 decision-making units (DMUs), with an 
average of just over ten units per enterprise, which gives us enough within-firm variation to identify 
signals while still permitting cluster-robust inference. Staffing the survey with 522 individual 
respondents roughly half managers and half analysts ensures the perspectives reflect both decision 
accountability and analytic execution. The sectoral breakdown is balanced: retail and manufacturing 
together account for ~46% of DMUs where planning and operations decisions are frequent (e.g., 
replenishment, scheduling), while finance, healthcare, and technology provide contexts where risk 
triage, capacity allocation, and customer operations are prominent. Firm size skews toward mid-sized 
and large organizations, consistent with the inclusion criterion that requires production use of AI-
enabled BI and auditable traces. The lower panel calibrates each multi-item construct on the familiar 
1–5 Likert scale (1 = strongly disagree, 5 = strongly agree). Means in the 3.4–3.7 band indicate moderate 
to high maturity with meaningful room for improvement (SDs ~0.7–0.8). For example, AIBC at 3.58 
suggests that, on average, units report multiple deployed AI features (forecasting, anomaly detection, 
or NLP) and some embedding into dashboards and automations, but not yet pervasive, end-to-end 
integration. Governance (3.71) and data quality (3.64) are slightly higher than AIBC, a common pattern 
when policies and data curation mature faster than full workflow actuation. User analytics competence 
(3.52) is comparable to AIBC, indicating that training and interpretive comfort are evolving alongside 
the technology stack. The outcomes Decision Quality (3.66), Decision Speed (3.49; recall higher = faster), 
and Performance Impact (3.42) cluster below or near governance and quality, consistent with a pipeline 
logic: inputs and governance must be in place before decision outcomes rise decisively. Importantly, 
the dispersions (SDs ~0.7–0.8) show heterogeneity across units, which is analytically useful because 
variation is the raw material from which we identify effects. The section concludes that the sample is 
diverse, adequately powered, and positioned to test our hypotheses with decision-proximal constructs 
aligned to the Likert scale the organization already uses for internal assessments. 
 
Descriptive Statistics 
 

Table 4 Descriptive Statistics for Key Constructs (1–5 Likert Scale, N=242 DMUs) 

 
Variable (Likert, 1–5) Mean SD Min Max Skew Kurtosis 

AI–BI Capability (AIBC) 3.58 0.77 1.6 5.0 −0.18 −0.32 

Data Governance (DG) 3.71 0.72 1.8 5.0 −0.21 −0.28 

Data Quality (DQ) 3.64 0.74 1.7 5.0 −0.15 −0.40 

User Analytics Competence 
(UAC) 

3.52 0.79 1.5 5.0 −0.12 −0.49 

Decision Quality (DQl) 3.66 0.73 1.9 5.0 −0.20 −0.31 

Decision Speed (DS)* 3.49 0.81 1.4 5.0 −0.05 −0.58 

Performance Impact (PI) 3.42 0.76 1.6 5.0 0.02 −0.47 

                       Higher DS indicates faster decisions (reverse-coded metric). 

 
Table 4 presents a compact statistical fingerprint of the constructs used in the analyses, all expressed 
on a common 1–5 Likert scale for comparability. Means reinforce the narrative from Section 4.1: 
capability and enabling conditions (AIBC, DG, DQ, UAC) occupy the mid-to-upper range, while 
outcomes (DQl, DS, PI) fall in a similar but slightly lower band, suggesting that organizations have laid 
groundwork but are still converting it into consistent decision gains. The standard deviations (≈0.7–
0.8) indicate healthy dispersion across DMUs, which is critical for statistical identification; overly 
narrow variance would blunt our ability to estimate relationships, especially interaction effects. The 
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minimum and maximum values show that all constructs span nearly the full Likert range, avoiding 
ceiling effects that can plague maturity assessments in highly digitized firms. Skewness values hover 
near zero and are slightly negative for most variables, indicating mild left skew (i.e., a small tilt toward 
higher responses). This is unsurprising in production settings where only units with some AI-BI 
adoption qualified for inclusion. Kurtosis near −0.3 to −0.6 suggests distributions that are a bit flatter 
than normal but without problematic tails, supporting the use of linear models with robust errors. 
Two measurement notes improve interpretability. First, Decision Speed is reverse-coded so that higher 
values reflect faster cycle times; this keeps interpretive polarity consistent with “more is better” across 
constructs. Second, Performance Impact here is a perceptual proxy that will be triangulated with 
objective KPI deltas in robustness checks; aligning it to a Likert scaling allows us to compare effect sizes 
across outcomes in standardized units before translating impacts back into operational metrics (e.g., 
hours saved, percentage-point improvements). Together with reliability diagnostics (reported 
previously), these descriptive statistics justify our modeling choices. The approximately symmetric 
distributions and absence of extreme skew mean that mean-centering for interactions will not distort 
relationships, and cluster-robust errors will handle mild heteroskedasticity that often accompanies 
multi-site operational data. Overall, Table 4.2.1 provides a transparent baseline that readers can use to 
gauge the plausibility of subsequent regression coefficients (for example, whether a 0.10–0.15 shift on 
the Likert scale is substantively meaningful given observed SDs of ~0.75). In our context, a one-SD 
increase in a predictor corresponds to roughly 0.75 Likert points, so standardized betas of ~0.20–0.30 
translate into perceptible, managerially relevant shifts in reported decision quality and speed. 
 
Correlation Matrix 
 

Table 5  : Pearson Correlations Among Constructs (1–5 Likert Scale, N=242 DMUs) 

 
 AIBC DG DQ UAC DQl DS PI 

AIBC 1.00       

DG 0.34 1.00      

DQ 0.31 0.42 1.00     
UAC 0.38 0.29 0.28 1.00    

DQl 0.41 0.32 0.35 0.33 1.00   

DS (↑ faster) 0.35 0.28 0.29 0.26 0.37 1.00  
PI 0.29 0.24 0.26 0.22 0.33 0.27 1.00 

  All correlations |r| ≥ 0.18 are p < .01 with firm-cluster robust p-values; others p < .05. 

 
Table 5 provides a correlation heatmap in tabular form, positioning AI–BI Capability (AIBC) and the 
enabling conditions (DG, DQ, UAC) relative to the three outcomes. Several patterns stand out. First, 
AIBC shows moderate positive correlations with Decision Quality (r = .41) and Decision Speed (r = .35), 
and a smaller but clear association with Performance Impact (r = .29). This gradient is exactly what the 
theory anticipates: capability should be most proximal to decision-level outcomes (quality and speed), 
with performance effects accumulating but attenuated by other influences (market conditions, pricing 
power, and so on). Second, governance and data quality display complementary associations DG 
correlates most strongly with DQ (r = .42) and still relates to outcomes, while DQ links both to DG and 
the outcomes. This is consistent with the notion that governance orchestrates how data and models 
move through decision workflows, while data quality stabilizes the signals that managers depend on. 
Third, User Analytics Competence (UAC) is meaningfully correlated with AIBC (r = .38) and with 
outcomes (r ≈ .22–.33). This supports our mediation intuition: more capable stacks are often coupled 
with teams that can interpret model outputs, which in turn nudges decision quality and speed upward. 
Importantly, none of the correlations are so high as to threaten multicollinearity; even the largest inter-
enabler pair (DG–DQ at r = .42) sits well below levels that would destabilize regression estimates. From 
a measurement perspective, the absence of extremely high correlations across conceptually adjacent 
constructs (e.g., AIBC vs. UAC) indicates discriminant validity: respondents distinguished between 
“technical capability in the stack,” “governance context,” “data reliability,” and “human competence.” 
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Because all variables are on the same Likert metric, readers can mentally map the coefficients to 
practical shifts. For example, an r = .41 between AIBC and DQl implies that a one-SD rise in capability 
(~0.77 Likert points) is associated with a ~0.32-point increase in perceived decision quality consistent 
with the regression AMEs reported later. We emphasize that correlations are associational; they 
motivate, but do not substitute for, multivariate models that control for firm size, industry, and digital 
maturity, and that test boundary conditions via interactions. Nonetheless, Table 4.3.1 reassures us that 
the signal is present, directionally coherent, and unlikely to be an artifact of any single pairwise 
relationship. 
Regression Results (Primary & Moderation) 
 

Table 6  : Hierarchical Regressions on Decision Quality (DQl), Likert 1–5 (N=242 DMUs) 
 

Predictor Model 1 (Controls) β 
(SE) 

Model 2 (Main Effects) 
β (SE) 

Model 3 (Moderation) β 
(SE) 

Intercept 
 

3.12 (0.09) 3.13 (0.07) 3.14 (0.07) 

Firm size (log emp.) 
 

0.06 (0.03) 0.03 (0.03) 0.03 (0.03) 

Digital maturity 
 

0.18 (0.05) 0.09 (0.04) 0.08 (0.04) 

Pre-window DQl  
Baseline 

 

0.11 (0.04) 0.07 (0.03) 0.07 (0.03) 

Industry dummies 
 

✔ ✔ ✔ 

AIBC (centered) 
 

  0.28 (0.05) 0.24 (0.06) 

Data Governance (DG) 
 

  0.15 (0.05) 0.12 (0.05) 

Data Quality (DQ) 
 

  0.17 (0.05) 0.15 (0.05) 

User Analytics Comp. 
(UAC) 

 

  0.13 (0.05) 0.12 (0.05) 

AIBC × DG 
 

    0.12 (0.04) 

AIBC × DQ 
 

    0.09 (0.04) 

R² / Adj. R² 
 

.12 / .08 .29 / .25 .34 / .30 

ΔR² vs. prev. 
 

  +.17 +.05 

Avg. Marginal Effect of  
AIBC* 

  +0.011 per +1 index 
point 

+0.011 → +0.016 (DG-
conditional) 

AME translates AIBC (0–100 index) to DQl (1–5). Cluster-robust SEs at enterprise level. 
 
Table 6 reports hierarchical linear models predicting Decision Quality (DQl) on the 1–5 Likert scale. 
Model 1 absorbs heterogeneity via controls; Model 2 adds the main effects for capability and 
organizational conditions; Model 3 introduces moderation to test boundary conditions. Moving from 
Model 1 (R² = .12) to Model 2 (R² = .29) increases explained variance by .17, indicating that AIBC, 
governance, data quality, and competence add substantial explanatory power beyond firm size, 
industry, digital maturity, and historical baseline. The AIBC coefficient in Model 2 (β = .28, SE = .05) is 
both statistically strong and managerially meaningful: converting to an average marginal effect (AME), 
each 10-point increase in the 0–100 AIBC index corresponds to a +0.11 shift on the 1–5 DQl scale 
(holding moderators at their sample means). Governance (β = .15) and data quality (β = .17) 
independently contribute to higher decision quality, reinforcing the interpretation that capabilities 
need conditions to translate into better choices. User analytics competence (β = .13) is also positive, 
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consistent with a pathway where trained teams are better at interpreting and acting on model outputs. 
Model 3 probes the boundary conditions. The positive interactions AIBC × DG (β = .12) and AIBC × 
DQ (β = .09) mean the slope of AIBC on DQl steepens as governance and data quality improve. In 
practice, this implies the same 10-point gain in capability produces larger jumps in decision quality 
when a unit has clear stewardship, access control, lineage, and timely, accurate data. The AME row 
summarizes this: the marginal effect grows from about +0.11 at average DG to roughly +0.16 when DG 
is one SD above the mean. Controls behave as expected: digital maturity is significant in Model 1 but 
attenuates once AIBC and enablers enter (Model 2), suggesting that maturity is partially a proxy for the 
very constructs we model explicitly. The incremental R² in Model 3 (+.05) passes joint F-tests, 
confirming that moderation is not merely statistical noise. Why does this matter on a Likert scale? With 
SD(DQl) ≈ 0.73 (Table 4.2.1), a +0.16 shift represents roughly 22% of a standard deviation material at 
the decision-quality level, especially when cumulated across many decisions per planning cycle. 
Because coefficients are derived with cluster-robust errors at the enterprise level, they reflect between-
unit differences net of firm-level clustering. Sensitivity checks (not shown here) confirm that mixed-
effects models with random enterprise intercepts yield similar fixed effects. In short, Table 4.4.1 shows 
that capability moves the needle on decision quality; and that needle moves farther where governance 
and data quality are stronger. 
Robustness and Sensitivity Analyses 
 

Table 7:  Robustness Summary (Outcome = DQl on 1–5 Likert; AIBC Effects Across Alternative Specifications) 
 

Specification AIBC β 
(SE) 

AIBC AME to DQl 
(per +10 index pts) 

Notes 

Baseline Model 2 (main effects) 0.28 
(0.05) 

+0.11 OLS, cluster-robust SEs 

Model 3 (w/ moderation, 
DG=DQ=mean) 

0.24 
(0.06) 

+0.11 → +0.16 AME rises with DG/DQ 

Mixed-effects (random firm 
intercept) 

0.27 
(0.06) 

+0.10 ICC ≈ .09; similar fixed effect 

Objective-only DQl proxy* 0.22 
(0.07) 

  Forecast-error delta (lower is better) 
inverted & rescaled 

Equal-weights AIBC index 0.26 
(0.05) 

+0.10 Breadth, Integration, Automation, 
Explain ability = 25% each 

Robust regression (Huber) 0.25 
(0.05) 

+0.10 Mitigates influence of outliers 

Excluding high-leverage DMUs 
(n−4) 

0.27 
(0.05) 

+0.10 Cook’s D > 4/n removed 

Placebo (lag-inappropriate 
outcome) ** 

0.04 
(0.06) 

~0.00 No spurious association 

Reliability-adjusted scores 
(attenuation-corrected) 

0.31 
(0.05) 

+0.12 Correcting for α/ω slightly inflates 
slope 

Objective DQl proxy uses decision-class KPIs (e.g., forecast MAPE improvements), normalized and mapped to a 1–5 scale for 
comparability, Placebo uses an outcome window misaligned with the AIBC exposure period to test reverse-timing artifacts. 
 

Table 7 stress-tests the core finding that AI–BI capability relates positively to decision quality on the 
Likert scale. The first two rows establish the reference: the baseline main-effects model returns β = .28 
(SE .05), yielding an AME of +0.11 Likert points per 10-point increase in the capability index, while the 
moderation model demonstrates that this AME grows in stronger governance and data-quality 
environments (to ~+0.16 at one SD above the mean). The third row shows a mixed-effects specification 
with random firm intercepts; the fixed effect of AIBC (β = .27) remains stable, and the intra-class 
correlation (≈.09) indicates modest clustering exactly what we addressed with cluster-robust errors in 
OLS. The fourth row is a triangulation test: instead of perceptual DQl, we use an objective proxy (e.g., 
forecast error improvements) inverted and rescaled to the 1–5 metric; as expected, the slope is slightly 
smaller (β = .22) because objective indicators tend to be noisier and pertain to specific decisions, but the 
sign and significance persist, supporting criterion validity. Rows five and six address index 
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construction and influence. Using an equal-weights AIBC (25% per subscale) yields β = .26, implying 
that our proposed weighting does not artificially inflate results. A robust regression (Huber) attenuates 
the slope slightly (β = .25), as robust estimators down-weight residual outliers; however, the 
substantive conclusion is unchanged. Excluding the four high-leverage DMUs flagged by Cook’s D 
keeps β ≈ .27, indicating stability to influential cases. The placebo test in row eight reassures against 
reverse timing: when the outcome window is misaligned with the exposure period by design, the AIBC 
coefficient collapses toward zero (β = .04, ns), consistent with the idea that our main results reflect 
contemporaneous capability rather than a general tendency for high-performing units to report higher 
everything. Finally, reliability-adjusted scores (attenuation correction using scale ω/α) slightly increase 
the slope (β = .31), as expected when measurement error is reduced. Across these probes, the pattern is 
clear: the positive association between capability and decision quality is not an artifact of model choice, 
index weighting, outliers, timing, or measurement error. Moreover, because each specification keeps 
the 1–5 Likert scale for the outcome, readers can maintain a stable mental map of magnitudes. The 
central managerial message survives every perturbation: moving capability by a practical margin (e.g., 
+20 index points) is associated with a visible step up in decision quality reports roughly a quarter of a 
Likert category on average and more in governed, high-quality data environments. 
DISCUSSION 
Our results show that AI-driven business-intelligence capability (AIBC) is positively associated with 
decision quality and decision speed and, to a smaller but still meaningful extent, with near-term 
performance impact. On a five-point Likert scale, a 10-point rise in the AIBC index corresponded, on 
average, to a ~0.11 increase in perceived decision quality and a ~1.9-hour reduction in decision cycle 
time, effects that strengthened under stronger governance and higher data quality. These patterns align 
with and extend a long arc of IS and analytics research that links analytics capabilities to decision and 
performance outcomes (Chen et al., 2012; Seddon et al., 2017). Whereas prior studies often 
operationalized “analytics capability” broadly, blending data, technology, and skills (Gupta & George, 
2016), we isolate a BI-proximal, model-embedded capability feature breadth, workflow integration, 
automation depth, and explainability-in-use and link it to decision-level outcomes rather than distant 
financials. The gradient we observe (largest for decision quality and speed; smaller for performance 
impact) is consistent with the mediational logic that analytics first improves the process of choosing 
before gains cumulate into firm-level metrics (Ciampi et al., 2020; Melville et al., 2004). Our mixed-
effects sensitivity checks further suggest that these associations hold after accounting for unobserved 
firm heterogeneity, complementing national evidence that AI adoption concentrates in larger U.S. firms 
with complementary digital infrastructure (McElheran et al., 2023). Collectively, the findings 
corroborate the view that value from AI in BI is realized when models are not only accurate but also 
embedded in the moment of choice through dashboards, alerts, and playbooks that managers already 
use (Delen & Demirkan, 2013; Demirkan & Delen, 2013). 
A central contribution concerns boundary conditions: the positive association between AIBC and 
outcomes was significantly steeper when data governance and data quality were higher. This 
conditionality clarifies mixed results reported in earlier work, where strong main effects appeared in 
some contexts but not others (Işık et al., 2013). Data governance policies, stewardship, access control, 
lineage, and model-risk routines likely reduces enactment friction and clarifies decision rights, enabling 
units to move from signals to sanctioned actions with fewer handoffs (Khatri & Brown, 2010). Data 
quality accuracy, completeness, timeliness, and consistency stabilizes model inputs and reduces 
ambiguity at the interface, thereby improving both trust and actionability (Lee et al., 2002). This study 
interaction plots indicate that the same 10-point improvement in AIBC produces materially larger gains 
in decision quality (and bigger cycle-time reductions) in well-governed, high-quality environments 
than in weaker ones. This pattern resonates with capability-complementarity arguments in the IT 
business-value literature, which emphasizes that technology effects are contingent on organizational 
processes and resources (Bharadwaj, 2000). It also echoes decision-support scholarship that warned 
decades ago that decision technologies create value only when aligned with tasks and governance 
(Arnott & Pervan, 2014). By quantifying moderation with predicted margins and Johnson–Neyman 
regions, we translate these theoretical claims into interpretable contrasts usable by managers who must 
prioritize scarce improvement efforts. 
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A second mechanism illuminated by our data is the role of user analytics competence (UAC). 
Exploratory mediation indicates that part of AIBC’s influence on decision quality and speed is carried 
through teams’ ability to interpret model outputs, understand uncertainty, and translate insights into 
action. This is theoretically consistent with the “effective use” perspective, which reframes IS success 
around representational fidelity, interpretive skills, and the fit between system affordances and task 
demands (Burton-Jones & Grange, 2013; Torres & Sidorova, 2019). It also aligns with evidence that 
knowledge sharing and analytics competency raise decision-making performance (Ghasemaghaei, 
2019). Importantly, our competence measure emphasized use not just training hours which may explain 
why the indirect effect persists even after controlling for digital maturity. This finding dovetails with 
research on explainability and interpretability: when reason codes, uncertainty bands, and 
counterfactuals are visible and actually used, managers calibrate trust and act more consistently 
(Ribeiro et al., 2016; Rudin, 2019). In other words, the pathway from AIBC to better decisions is not 
purely technical; it proceeds through human sense-making underpinned by transparent interfaces and 
organizational learning routines. For scholars, this supports a pipeline model in which capability 
(AIBC) feeds representational quality (explainability-in-use) and human competence (UAC), which 
together shape decision outcomes; for practitioners, it elevates the status of enablement and analytics 
literacy from “nice to have” to essential. 
The practical implications for CISOs, data architects, and analytics leaders follow directly from these 
mechanisms. First, invest in governance and data quality as preconditions for AI-BI returns: enforce 
lineage, steward ownership, access controls, and model-risk management so that recommendations can 
travel from BI artifacts to systems of action without ambiguity (Burton-Jones & Grange, 2013; Khatri & 
Brown, 2010). Second, prioritize workflow integration over stand-alone model accuracy: surface 
predictions, explanations, and thresholds inside the dashboards and alerts where decisions are actually 
made, and instrument decision cycles so that signal-to-action latency can be monitored and improved 
(Chen et al., 2012). Third, make explainability-in-use a design requirement: adopt model cards and 
user-facing reason codes to calibrate trust, especially in high-stakes contexts where accountability 
matters (Rudin, 2019). Fourth, build competence pipelines that emphasize scenario analysis, 
uncertainty interpretation, and override discipline, not only tool certification; our mediation results 
suggest that competence amplifies capability payoffs (Ghasemaghaei et al., 2018). Finally, 
institutionalize MLOps practices versioning, monitoring, drift alerts, safe rollback so the BI-embedded 
models remain reliable under real workload variability (Amershi et al., 2019). Collectively, these steps 
convert a generic “AI adoption” program into a governed, explainable, and human-centred decision 
pipeline that aligns with privacy/compliance obligations while delivering measurable improvements 
in quality and speed. 
Theoretically, the study refines the BI value pipeline by explicitly separating capability, conditions, and 
use. In many prior studies, capability and use were conflated or measured at distant performance 
levels, complicating inference (Petter et al., 2008). Our design distinguishes a higher-order AIBC 
(feature breadth, integration, automation, explainability-in-use), models governance and data quality 
as moderators (conditions), and tests competence as a mediator (use pathway). This structure marries 
the IT business-value tradition (resources → processes → impacts) with the effective-use lens 
(representational fidelity and user competence) and IS-success models (quality constructs), producing 
a more granular account of how AI-augmented BI changes managerial choices (Melville et al., 2004). It 
also engages with the explainable-AI literature by operationalizing explanation not as a technical 
attribute alone but as a use construct evidence that explanations are seen and shape action (Guidotti et 
al., 2018). Finally, the conditionality we estimate contributes to debates about when and where analytics 
“pay off,” quantifying the oft-invoked but rarely measured complementarity between capability and 
governance/data quality (Bharadwaj, 2000). The resulting framework supports cumulative, decision-
proximal theorizing that can be carried into longitudinal or quasi-experimental designs. 
Limitations temper these contributions. The design is cross-sectional with a single reference quarter; as 
such, we estimate associations rather than causal effects. Although we mitigated common-method 
concerns by sourcing objective traces separately and staggering collection, perceptual outcomes (e.g., 
decision quality) remain vulnerable to context and role expectations (Petter et al., 2008). Our objective 
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proxies, while supportive, are decision-class specific (e.g., forecast MAPE, service-level attainment) and 
may not capture broader performance consequences emphasized in strategy research (Chen et al., 
2015). Sampling is purposive and restricted to U.S. enterprises with production AI-BI; generalizability 
to small firms or early-pilot contexts is therefore limited (McElheran et al., 2023). Measurement choices 
also impose structure: AIBC weights, while justified and robust to equal-weight checks, could be 
refined with alternative item pools or formative indicators; governance and data-quality constructs, 
though reliable, compress heterogeneous practices (Alhassan et al., 2019; Lee et al., 2002). Finally, 
unmeasured confounds leadership quality, incentive design, or concurrent process redesign may co-
vary with both capability and outcomes. Our placebo and baseline-controlled models attenuate but do 
not eliminate such risks. These limitations point to fertile directions but do not negate the central signal: 
where capability, governance, data quality, and competence align, decision outcomes improve in ways 
visible on standard Likert scales and verifiable in operational traces. 
 

Figure 7: Proposed model for future study 

 
Future research can extend the present work along design, measurement, and context. Design-wise, 
longitudinal field studies and quasi-experiments (staggered rollouts, interrupted time-series) would 
sharpen causal inference and capture learning, drift management, and governance maturation 
dynamics that cross-sections miss (Amershi et al., 2019). Measurement-wise, richer objective traces fine-
grained clickstreams mapped to specific decisions, automated cycle-time bracketing, and standardized 
KPI panels would tighten criterion validity and allow multi-level models that explicitly separate 
within-unit change from between-firm differences (Chen et al., 2015). Context-wise, sector-specific 
replications could probe regulatory intensity and demand volatility as boundary conditions; for 
example, fairness and auditability constraints in healthcare and finance may shift the returns to 
explainability-in-use relative to retail operations (Goodman & Flaxman, 2017). Theoretically, 
decomposing governance into sub-capabilities policy scope, stewardship assignment, lineage 
instrumentation, model-risk controls could reveal which levers most amplify capability effects 
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(Alhassan et al., 2019). Finally, integrating the effective-use lens more tightly e.g., experimentally 
manipulating the availability/salience of reason codes or uncertainty bands in BI artifacts would help 
adjudicate whether explanations change thresholds for action or primarily calibrate confidence (Ribeiro 
et al., 2016; Rudin, 2019). By advancing these lines, the field can move from robust association to robust 
intervention, articulating not only that AI-BI matters but exactly which design choices, in which 
environments, and through which mechanisms produce consistently better decisions. 
CONCLUSION 
In sum, this study demonstrates that when artificial intelligence is embedded into business-intelligence 
workflows as a coherent capability spanning feature breadth, workflow integration, automation depth, 
and explainability-in-use U.S. enterprises realize tangible improvements in the way managerial choices 
are made and enacted. Using a quantitative, cross-sectional, multi-case design across 12 enterprises and 
242 decision-making units, we showed that the AI–BI Capability Index is positively associated with 
decision quality and faster signal-to-action cycles on a five-point Likert scale, with smaller but 
meaningful uplifts in near-term performance. Crucially, these gains were not uniform: stronger data 
governance and higher data quality amplified the returns to capability, while user analytics 
competence partially transmitted capability’s effect to outcomes together mapping a practical pipeline 
from data and models to better choices and timelier action. Methodologically, the study advanced 
decision-proximal measurement by pairing survey constructs with operational traces (usage logs, 
cycle-time stamps, KPI deltas), reporting results with cluster-robust and mixed-effects estimators, and 
translating coefficients into average marginal effects in original units (for example, hours saved). 
Theoretically, we disentangled capability (what the stack can do), conditions (the governance and 
quality context that makes action possible), and use (how people interpret and apply AI outputs), 
clarifying a value pathway that many organizations intuit but rarely quantify. Practically, the results 
encourage leaders to foreground governance, quality, and enablement alongside model development, 
because the same 10-point improvement in capability produced substantially larger gains in decision 
quality and speed in well-stewarded, high-quality environments than in weaker ones. The robustness 
suite alternative index weights, objective-only outcome variants, outlier controls, and placebo timing 
checks supports the stability of these inferences. Yet we are careful about scope: the design estimates 
associations, not causal effects; sampling targeted mid-to-large U.S. enterprises with production AI-BI; 
and some outcomes relied on perceptual indicators, albeit triangulated. These boundaries point to the 
next step: longitudinal and quasi-experimental evaluations that track how governance maturation, 
data-freshness improvements, and explainability adoption change trajectories over time; finer-grained 
objective measures that link specific BI artifacts to decisions and results; and sector-sensitive analyses 
that parse regulatory and volatility differences. Taken together, the evidence moves the conversation 
beyond whether AI inside BI “works” toward how much it matters, under what conditions, and 
through which human-technical mechanisms. For organizations prioritizing decision excellence, the 
message is clear: invest in the full decision pipeline governed, high-quality data; integrated, explainable 
models; and competent, empowered users and measure success at the point where value is created: 
better decisions made sooner, at scale. 
RECOMMENDATIONS 
To convert AI-driven BI from promising pilots into enterprise-scale decision improvements, leaders 
should operationalize a governed, explainable, and people-centered decision pipeline with clear targets 
and accountabilities. First, formalize data governance and data quality as hard preconditions for AI-BI 
rollout: assign named stewards per domain, publish data lineage for decision-critical tables, enforce 
access control and retention policies, and monitor freshness against decision windows (e.g., 
replenishment daily, fraud hourly). Set explicit maturity targets on your five-point scales DG ≥ 4.0 and 
DQ ≥ 4.0 for units slated to adopt or expand AI-BI since our results show capability yields larger gains 
under strong governance and reliable data. Second, prioritize workflow integration over stand-alone 
model accuracy: surface predictions, uncertainty bands, reason codes, and recommended actions inside 
the BI artifacts people already use (dashboards, alerts, SOP checklists), and wire those artifacts to 
systems of action (ERP/OMS/CRM) so that approvals translate into changes without re-keying. Third, 
make explainability-in-use a design requirement: maintain a model registry with “model cards,” 
thresholds, drift monitors, and business-readable release notes; require that every decision-critical view 
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shows the top drivers, confidence ranges, and override guidance. Fourth, institutionalize MLOps for 
reliability at scale version data and models, automate validation and canary releases, alert on drift and 
data breaks, and define rollback playbooks so that decision speed gains are not eroded by instability. 
Fifth, invest in user analytics competence where decisions are made: deliver short, role-based 
enablement on interpreting uncertainty, running “what-if” scenarios, and applying override protocols; 
aim for UAC ≥ 3.8–4.0 on the Likert scale before turning on high-automation modes. Sixth, instrument 
decision cycles end-to-end and manage by leading indicators: time-stamp 
signal→review→approval→change, track adoption of explanations and scenario tools, and publish a 
small “decision operations” scorecard (cycle time, override rate, adherence to thresholds, and outcome 
deltas) for each unit. Seventh, standardize measurement and accountability: for every initiative, define 
a baseline, a target AIBC uplift (e.g., +20 index points), and expected Decision Quality and Decision 
Speed improvements (e.g., +0.20 and −3 hours median), then review predicted margins quarterly to 
reallocate effort toward units with the highest governance-adjusted return. Eighth, embed risk and 
ethics into operations: run subgroup performance tests, document fairness trade-offs, require human-
in-the-loop checkpoints for high-stakes contexts, and audit overrides for both under- and over-use. 
Ninth, organize for durability: create a cross-functional Decision Council (data, engineering, security, 
legal, operations, finance) to prioritize use cases with an impact × feasibility rubric, fund shared 
plumbing (feature stores, lineage, monitoring) as a platform, and assign product owners to decision 
services so they evolve with the business. Finally, close the loop with continuous experimentation: A/B 
or phased rollouts where safe, pre-register success criteria, and treat every release as a learning cycle 
retire low-impact features, double-down on those that demonstrably move the Likert-scaled outcomes 
and the operational KPIs. Executed together, these recommendations turn AI inside BI into a repeatable 
capability that measurably raises decision quality, accelerates action, and does so with transparency, 
safety, and accountability. 
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