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Abstract 
This study addresses a persistent problem in finance analytics, namely the lack of quantitative, finance specific 
evidence on how technical quality, user proficiency, and interactive design jointly translate self service BI into 
better forecasts and decisions. The purpose is to estimate the contribution of Power BI enabled dynamic reporting 
and embedded predictive analysis to decision quality, and to identify the conditions under which these benefits 
are strongest. Using a quantitative, cross sectional, case based design, we sampled 208 professionals across 29 
cloud and enterprise cases that have used governed Power BI environments for at least six months. Key variables 
include information quality, system quality, dashboard interactivity, user training and proficiency, 
organizational support, dynamic reporting effectiveness, predictive performance, and decision quality. The 
analysis plan specified hierarchical OLS models with HC3 robust errors, moderation by organizational support, 
and bias corrected bootstrap mediation from reporting to decision quality via predictive performance, with 
assumption checks and sensitivity tests. Headline findings show that dashboard interactivity, information 
quality, user proficiency, and system quality uniquely predict dynamic reporting effectiveness, with 
organizational support adding a direct effect and amplifying returns to proficiency and interactivity. Higher 
reporting effectiveness is associated with meaningfully better forecast accuracy, approximately a 0.9 percentage 
point reduction in MAPE per one unit increase in reporting effectiveness, and both reporting effectiveness and 
predictive performance explain decision quality, with a significant indirect effect through predictive 
performance. Implications for practice emphasize governed self service: invest early in role targeted training, 
codify semantic and design standards, and maintain visible sponsorship so finance teams consistently realize 
faster, more accurate, and more auditable decisions. 
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INTRODUCTION 
Business intelligence (BI) denotes the integrated set of processes, architectures, and technologies that 
transform raw data into meaningful information to support analysis, reporting, and decision making 
across organizational levels (Chen et al., 2012; Wixom & Watson, 2010). In contemporary practice, BI 
spans data integration, data quality management, interactive visualization, and analytics descriptive, 
diagnostic, and predictive delivered through self-service tools embedded in enterprise workflows (Isik 
et al., 2013). Within finance functions, dynamic financial reporting refers to near-real-time, interactive, 
drill-down/disaggregation–capable reports and dashboards that allow end users to filter, pivot, and 
explore the data generating process behind key performance indicators (KPIs), budgets, forecasts, and 
risk exposures, as opposed to static, point-in-time statements (Elbashir et al., 2008). 
 

Figure 1: BI-Driven Reporting, Predictive Analytics in Finance and Exact Transform Load 
 

 
 
Predictive analytics adds model-based inference and forecasting to this reporting layer, aiming to 
anticipate outcomes such as revenue, cash flows, cost trajectories, churn, or credit risk with quantifiable 
out-of-sample accuracy (Shmueli & Koppius, 2011). Global interest in these capabilities arises from 
cross-industry digitalization and regulatory disclosure regimes that have increased both the volume 
and velocity of financial data, from enterprise resource planning (ERP) ledgers to market and 
macroeconomic feeds and standardized digital filings (Nutz & Strauß, 2011). Microsoft Power BI part 
of a widely adopted analytics stack exemplifies self-service BI by combining Power Query–based data 
preparation, a columnar in-memory engine, the DAX language for measures, and a rich library of 
interactive visuals accessible to non-technical finance users while integrating with enterprise data 
governance (Gupta & George, 2016). Internationally, organizations invest in BI not merely to produce 
dashboards but to increase the effectiveness of decisions and the performance of processes, a distinction 
underscored by IS success research emphasizing data quality, system quality, use, and net benefits as 
interrelated constructs (Petter et al., 2008). This study positions dynamic reporting and predictive 
analysis as complementary, measurable outcomes of BI capability deployment in finance, providing an 
empirical basis to test how technical, human, and organizational enablers shape reporting effectiveness, 
predictive performance, and downstream decision quality (Wamba et al., 2017). 
Over the past two decades, BI and analytics scholarship has evolved from data warehousing and 
information quality concerns toward value realization, decision impacts, and predictive modeling 
(Petter et al., 2008). Foundational work demonstrates that information quality (accuracy, timeliness, 
completeness) and system quality (performance, reliability, integration) are antecedents to user 
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satisfaction and system use, which in turn associate with net benefits an architecture that guides the 
assessment of finance dashboards and forecasting models alike (Nelson et al., 2005). In finance contexts, 
BI systems link transactional ledgers, subledgers, and planning models to management reporting and 
forecasting, enabling traceability from KPI roll-ups down to journal-entry–level detail and thereby 
supporting auditability and managerial sense-making (Popovič et al., 2012). Predictive analytics 
extends this pipeline by estimating future values (e.g., revenue, collections, working capital) and 
quantifying uncertainty using accuracy metrics such as mean absolute percentage error (MAPE), root 
mean squared error (RMSE), and R² (Shmueli & Koppius, 2011). Studies on data-driven decision 
making suggest that organizations that more systematically embed analytics into decisions outperform 
peers, lending macro-level justification to investments in BI platforms and competency building 
(Brynjolfsson et al., 2011). In parallel, research on analytics capability grounded in the resource-based 
view shows that data, technology, and human skills must be orchestrated to create distinctive, 
performance-relevant capabilities rather than isolated tools (Akter et al., 2013). Taken together, these 
literatures motivate measuring both dynamic reporting effectiveness (a near-term, user-proximal 
outcome) and predictive performance (a technical, model-proximal outcome) as separate yet related 
constructs in finance units that have adopted self-service BI tools (Elbashir et al., 2013). 
Dynamic reporting improves timeliness, flexibility, and relevance by enabling iterative exploration of 
financial results via filters, hierarchies, and drill-through pathways to transaction-level evidence 
(Preacher & Hayes, 2008). The reporting construct can be operationalized along multiple dimensions: 
perceived timeliness of insights, flexibility of views, transparency/traceability to data lineage, and 
satisfaction with decision support each theoretically grounded in IS success and data quality research 
(Nelson et al., 2005). Empirically, organizations realize benefits from BI when data quality and 
integration enable trustworthy, single-source reporting across processes, a finding that generalizes to 
finance where reconciliation burdens and close cycle times are salient (Elbashir et al., 2008). Self-service 
BI complements centralized analytics by letting finance analysts prototype measures (e.g., rolling 
forecast variances) and scenario views, while governance mechanisms maintain master data 
conformity and performance at scale (Taylor & Dzuranin, 2010). Given this architecture, dashboard 
interactivity and user proficiency emerge as proximal determinants of reporting effectiveness: 
interactivity expands the hypothesis space managers can explore in a meeting, while proficiency with 
the BI semantic layer (e.g., DAX measures) reduces friction in answering follow-up questions, both of 
which are testable as predictors in a regression model (Isik et al., 2013). Organizational support 
leadership sponsorship, training time, knowledge sharing augments these effects by promoting 
assimilation and shared understanding between builders and consumers of reports (Henseler et al., 
2015). Accordingly, this study treats Dynamic Reporting Effectiveness (DRE) as a reflective latent 
variable measured via multi-item Likert scales focused on timeliness, flexibility, relevance, and 
transparency and hypothesizes that data quality, system quality, interactivity, and user proficiency are 
positively associated with DRE under stronger organizational support (Hair et al., 2011). 
Predictive analysis in finance typically targets recurring forecasts revenue, cash receipts, operating 
expenses, capital intensity, or credit losses whose accuracy can be evaluated with established metrics 
and out-of-sample validation (Mikalef et al., 2018). Conceptually, Predictive Performance (PP) reflects 
a model’s ability to generalize beyond the fitting sample; methodologically, it is assessed with holdout 
or cross-validation procedures and reported via MAPE, RMSE, and R²/Adjusted R², with comparative 
baselines against naïve or moving-average models (Debreceny et al., 2010). Within a BI environment, 
predictive quality depends on upstream data quality and the semantic model used to define measures 
and hierarchies, because leakage, aggregation errors, or mis-specified hierarchies translate into biased 
features and unstable forecasts (Trkman et al., 2010). Research on analytics capability also indicates that 
performance gains accrue when analytics is embedded in routines and supported by complementary 
resources data governance, skilled analysts, and responsive infrastructure rather than by tooling alone 
(Gupta & George, 2016). In finance departments using self-service BI, this embedding often manifests 
as iterative model improvement informed by stakeholders who consume both dynamic reports and 
forecast scorecards, creating feedback loops between reporting effectiveness and predictive model 
refinement. Thus, DRE is theorized to improve PP by enabling more targeted feature engineering, 
anomaly detection, and scenario curation, a relationship that can be tested by regressing PP on DRE 
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while controlling for firm and user characteristics (Akter et al., 2016). Finally, because decision makers 
ultimately act on forecasts, Decision Quality confidence, accuracy of actions, reduced rework 
constitutes a managerial outcome that may be influenced directly by DRE and indirectly via PP, 
enabling a mediation structure consistent with contemporary approaches to testing indirect effects 
(Akter et al., 2019). 
The study’s conceptual framework synthesizes three streams. First, the IS Success tradition models how 
data/system quality shape use/satisfaction and net benefits, providing validated constructs and 
measurement logic for BI settings (Taylor & Dzuranin, 2010). Second, technology adoption and use 
perspectives emphasize perceived usefulness and user competence as proximal drivers of effective 
system utilization here proxied by interactive dashboard use and analyst proficiency with the BI layer 
that shapes how financial insights are generated (Petter et al., 2008). Third, the resource-based view 
(RBV) underlies recent analytics-capability literature: distinctive performance occurs when data assets, 
technology, and human skills bundle into hard-to-imitate capabilities, implying that organizational 
support (training, shared knowledge, governance) is a moderator that strengthens the translation of 
technical/user factors into reporting outcomes (Shmueli & Koppius, 2011). The framework therefore 
posits: (a) drivers data quality, system quality, dashboard interactivity, and user proficiency positively 
associate with DRE; (b) DRE positively associates with PP; and (c) PP and DRE positively associate with 
Decision Quality, with organizational support moderating the path from key drivers to DRE. 
Empirically, decision environments and data contexts vary across organizations, reinforcing the value 
of a cross-sectional, case-study–based design to capture heterogeneous implementations while 
maintaining a common measurement model (Hair et al., 2011). This design aligns with prior BI value 
studies that operationalize process-level and organizational outcomes and trace their association to BI 
assimilation and shared knowledge (Elbashir et al., 2008). The resulting model advances finance-
specific BI research by jointly estimating user-perceived reporting effectiveness and objective predictive 
accuracy, clarifying their distinct yet connected roles in producing decision benefits in real settings 
(Mikalef et al., 2018). To produce robust quantitative evidence, constructs will be measured using 
validated multi-item scales adapted to the finance/BI context. Data quality (accuracy, timeliness, 
completeness, consistency) and system quality (performance, reliability, integration, usability) follow 
established antecedent models (Nelson et al., 2005). Dashboard interactivity captures filtering, drill-
through, parameterization, and refresh cadence; user proficiency gauges training exposure, 
certification, self-efficacy with data transformations and measure definitions; organizational support 
reflects leadership sponsorship, resource allocation, and governance mechanisms (Gupta & George, 
2016; Petter et al., 2008). Dynamic Reporting Effectiveness aggregates timeliness, flexibility, relevance, 
and transparency of reports for managerial work, while Decision Quality covers confidence, accuracy 
of actions taken, and reduced rework (Taylor & Dzuranin, 2010). For Predictive Performance, the study 
will collect objective model accuracy from participants’ finance teams (e.g., rolling 6–12-cycle 
MAPE/RMSE), aligning with predictive analytics guidance to report out-of-sample metrics (Shmueli 
& Koppius, 2011). Reliability (α/CR), convergent validity (AVE), and discriminant validity (HTMT) 
will be assessed with thresholds grounded in measurement literature (Hair et al., 2011). 
Multicollinearity (VIF), normality of residuals, heteroskedasticity, and influence diagnostics will be 
checked before hypothesis testing; mediation will be examined with bias-corrected bootstrap 
confidence intervals (Preacher & Hayes, 2008). The hierarchical regression structure drivers → DRE 
(Model A), DRE → PP (Model B), and DRE/PP → Decision Quality (Model C) enables clear estimation 
and interpretability in a cross-sectional design common to BI field studies (Isik et al., 2013; Nutz & 
Strauß, 2011). Collectively, these procedures align the study with best practices in IS and analytics 
research and ensure that reported relationships reflect reliable constructs and properly evaluated 
model assumptions (Hair et al., 2011; Petter et al., 2008). 
Despite widespread deployment of self-service BI platforms in finance, there remains a paucity of 
quantitative, finance-specific evidence on how technical (data/system quality), user (proficiency), and 
design (interactivity) factors jointly influence dynamic reporting effectiveness, and how this reporting 
effectiveness relates to predictive accuracy and subsequent decision quality in practice (Isik et al., 2013). 
The purpose of this study is to provide empirical insights into these relationships using a cross-
sectional, case-study–based design across organizations actively employing Power-BI–based reporting 
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and forecasting. The study asks: RQ1: Which technical and user factors most strongly associate with 
Dynamic Reporting Effectiveness? RQ2: To what extent does DRE explain variation in Predictive 
Performance of finance forecasts? RQ3: Do DRE and PP associate with Decision Quality in finance 
teams? RQ4: Does organizational support strengthen the effects of user/technical drivers on DRE? 
Corresponding hypotheses are: H1: Higher data quality, system quality, dashboard interactivity, and 
user proficiency are positively associated with DRE (Gupta & George, 2016; Nelson et al., 2005). H2: 
DRE is positively associated with PP as better reporting supports model feature refinement and 
exception handling (Shmueli & Koppius, 2011). H3: PP and DRE are positively associated with Decision 
Quality, reflecting accurate and actionable insights in finance decision cycles (Petter et al., 2008). H4: 
Organizational support positively moderates the relationships between user/technical drivers and 
DRE, consistent with analytics capability assimilation (Elbashir et al., 2008). Framing the problem and 
hypotheses in this manner grounds the inquiry in established BI, IS success, and analytics-capability 
research and sets up the methodological pathway measurement, assumption checks, and regression-
based hypothesis tests to deliver clear, finance-relevant empirical evidence. 
The objective of this study is to rigorously evaluate how Power BI–enabled dynamic financial reporting 
and embedded predictive analysis contribute to measurable improvements in finance decision 
processes, and to identify the specific technical, user, and organizational conditions under which these 
contributions are most pronounced. To accomplish this overarching objective, the study sets five 
specific aims that structure the empirical design and analyses. First, it seeks to operationalize and 
validate a multidimensional construct of dynamic reporting effectiveness that captures timeliness, 
flexibility, relevance, and transparency of interactive financial dashboards as experienced by finance 
users. Second, it aims to quantify predictive performance in real organizational settings using objective 
forecast accuracy indicators, and to relate that performance to the quality and interactivity of the 
reporting environment that frames model building and interpretation. Third, it intends to estimate the 
direct and joint effects of dynamic reporting effectiveness and predictive performance on decision 
quality in routine finance activities, focusing on confidence in actions, accuracy of choices, and 
reduction of rework across budgeting, forecasting, and variance management cycles. Fourth, it 
endeavors to identify the most influential antecedents among data quality, system reliability and 
integration, dashboard interactivity, and user proficiency, and to test whether organizational support 
expressed through leadership sponsorship, training access, and governance amplifies the impact of 
these antecedents on dynamic reporting effectiveness. Fifth, it aims to deliver an integrated, regression-
based evidence model that transparently accounts for controls such as firm size, industry, tenure with 
the platform, and the breadth of data sources, while subjecting results to assumption checks and 
robustness diagnostics to confirm stability. Collectively, these objectives translate into a coherent 
empirical agenda: define robust measures aligned to finance practice; gather cross-sectional evidence 
from case settings with active Power BI use; test theoretically grounded relationships among 
antecedents, reporting outcomes, predictive accuracy, and decision quality; and isolate the managerial 
levers that most effectively enhance the value realized from self-service business intelligence in 
financial contexts. 
LITERATURE REVIEW 
The literature on business intelligence in finance has evolved from early emphases on data 
warehousing and reporting efficiency to a richer, capability-oriented view that links data, technology, 
people, and governance to decision quality and organizational performance. For this study, the review 
is scoped to two intertwined outcomes dynamic financial reporting and predictive analysis within self-
service environments exemplified by Power BI. The first strand consolidates research on reporting 
agility: how interactive dashboards, drill-down pathways, and near-real-time refresh enable timelier, 
more flexible, and more transparent views of revenue, cost, liquidity, and variance drivers. This strand 
also surfaces persistent prerequisites such as master-data stewardship, semantic modeling discipline, 
and design conventions that support traceability from KPI roll-ups to transaction detail. The second 
strand synthesizes evidence on predictive forecasting in finance revenue and cash-flow projections, 
expense run-rates, credit risk focusing on model generalization, validation routines, and error metrics 
like MAPE and RMSE, while acknowledging the upstream influence of data quality and feature 
engineering. A third, integrative strand examines adoption, use, and value realization in BI programs, 



Journal of Sustainable Development and Policy, December 2023, 01-34 

6 
 

emphasizing user proficiency, perceived usefulness, and organizational support as mechanisms that 
translate technical potential into everyday analytical practice. Across these strands, several gaps 
motivate the present research: studies often examine reporting and forecasting in isolation rather than 
as mutually reinforcing processes; measures of “success” tend to conflate system performance with 
decision outcomes; and cross-sectional evidence specific to finance users working in modern, self-
service tools remains comparatively thin. To address these gaps, the review assembles constructs and 
measures that distinguish antecedents (data quality, system quality, interactivity, proficiency, support) 
from outcomes (dynamic reporting effectiveness, predictive performance, decision quality), and it 
organizes findings to clarify directional expectations and testable relationships. This synthesis sets the 
stage for a focused conceptual model in which technical and user factors drive reporting effectiveness; 
reporting effectiveness enhances predictive accuracy; and both reporting and predictive performance 
contribute to decision quality, potentially strengthened by organizational support. 
Dynamic Financial Reporting and Self-Service Analytics in Power BI 
Dynamic financial reporting refers to interactive, drill-down–capable views of financial data that allow 
analysts and managers to filter, pivot, and recombine measures in real time to address emergent 
questions during budgeting, forecasting, and variance analysis meetings. In contrast to static, period-
end statements, dynamic reporting environments are characterized by short refresh cycles, multi-
granular hierarchies, and traceability from KPI roll-ups down to transaction-level evidence, which 
collectively reduce the latency between anomaly detection and corrective action. Within finance 
functions, this capability is delivered through semantic models that standardize definitions for revenue, 
cost, working capital, and profitability across entities and periods, while exposing ad-hoc slicing 
through governed dimensions such as customer, product, region, and channel. Self-service analytics 
platforms exemplified in practice by Power BI bundle data preparation, in-memory columnar storage, 
and a calculation engine with a library of visuals that can be composed by power users without writing 
full software applications. The promise of these platforms is not merely visual polish but the 
compression of analytical cycle time: users can ingest a new data source, prototype a measure, and 
visualize the impact within a single workflow, thereby shrinking the gap between inquiry and 
evidence. At the same time, dynamic reporting places demands on data stewardship (to prevent 
semantic drift), performance engineering (to sustain low latency at scale), and design conventions (to 
communicate dense information clearly) (Abdulla & Ibne, 2021; Jourdan et al., 2008). The research 
streams on dashboards, decision support, and real-time business intelligence provide a conceptual 
backbone for these practices by situating dashboards as boundary objects that translate complex 
operations into cognitively tractable displays while preserving drill-able links to the data-generating 
process (Habibullah & Foysal, 2021; Yigitbasioglu & Velcu, 2012). 
The dashboard literature emphasizes two properties that are central to financial use cases: fit for 
purpose and explainability. Fit for purpose entails aligning the grain of data, refresh cadence, and 
interaction patterns with specific finance tasks monthly close, rolling forecast, scenario analysis so that 
users see the right signals at the right time rather than a proliferation of widgets that increase cognitive 
load. Explainability requires that each displayed metric can be reconciled to source logic and navigated 
through hierarchies, drill-throughs, and detail views without breaking context, enabling auditors, 
controllers, and managers to converge on shared interpretations (Sanjid & Farabe, 2021). Studies show 
that well-designed dashboards act as performance management interfaces that make strategy concrete 
by tying objectives to measurable indicators and visual cues; however, the same studies caution that 
dashboards become counterproductive when overloaded, poorly standardized, or detached from 
causal models of the business, conditions that finance organizations can avoid through governance and 
common definitions in the semantic layer (Sarwar, 2021; Yigitbasioglu & Velcu, 2012). Decision support 
scholarship complements this view by framing dashboards as part of a broader socio-technical system 
in which data quality, model assumptions, user expertise, and organizational routines jointly shape 
decision outcomes (Musfiqur & Saba, 2021). From this perspective, dynamic reporting is not a passive 
mirror but an active problem-formulation aid: interactive filters and drill paths let users iteratively 
refine the question, surface exceptions, and triangulate evidence before committing to forecasts or 
adjustments, an approach consistent with long-standing guidance for effective decision support 
artifacts (Arnott & Pervan, 2008; Omar & Rashid, 2021). Real-time BI research extends these insights to 
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high-velocity contexts where near-immediate feedback from operational systems is necessary for short-
interval control in finance-adjacent processes such as pricing, promotions, or collections, reinforcing 
the importance of low-latency pipelines and alerting to sustain decision cadence (Azvine et al., 2006; 
Redwanul et al., 2021). 
 

Figure 2: Dynamic Financial Reporting and Self-Service Analytics in Power BI 
 

 
 
In practical finance settings, dynamic reporting becomes most valuable when it is embedded in closed-
loop performance management: indicators highlight variance, users navigate from the variance to its 
drivers, and corrective actions are formalized and monitored on subsequent cycles. Achieving this loop 
requires more than visualization; it requires engineered data pathways that propagate timely, 
trustworthy signals from transactional systems and external sources to the reporting layer, plus design 
patterns that avoid clutter, emphasize comparatives (actual vs. budget vs. forecast), and foreground 
exception narratives. The business intelligence literature maps these requirements to a layered 
capability stack data acquisition, integration, storage, modeling, visualization, and governance arguing 
that decision quality improves when these layers are coherently orchestrated and the outputs are 
tightly coupled to managerial routines. Surveys of the BI field underscore how research attention has 
expanded from warehousing and ETL to managerial value, adoption, and governance questions, 
mirroring the shift finance teams experience when they move from generating reports to using them as 
decision instruments; this arc legitimizes a focus on outcomes such as reporting effectiveness, 
predictive accuracy, and decision quality rather than tool features in isolation (Jourdan et al., 2008; 
Tarek & Sai Praveen, 2021). Supply-chain analytics work on real-time BI similarly illustrates how 
timeliness and shared definitions reduce bullwhip effects and improve exception management, 
providing a useful analog for finance where cash, cost, and revenue signals must be reconciled across 
entities and time horizons (Zaman & Momena, 2021; Sahay & Ranjan, 2008). Across these streams, the 
throughline is clear: dynamic financial reporting succeeds when self-service tools are embedded in 
governed, low-latency data ecosystems and when dashboards are engineered as decision interfaces that 
balance brevity with drillable depth, a configuration that empirical studies like the present one can 
evaluate by linking interaction design and data engineering characteristics to measurable outcomes in 
forecasting and decision cycles (Arnott & Pervan, 2008; Jourdan et al., 2008). 
Predictive Analytics in Finance Functions 
Predictive analytics in finance functions centers on the disciplined production of forward-looking 
estimates revenues, cash receipts, operating expenses, working-capital needs, credit risk exposure 
together with quantified uncertainty and auditable model logic. In practice, finance teams must align 
forecasting horizons with decision cadences (e.g., weekly cash, monthly close, quarterly planning), 
engineer features that reflect economic drivers, and validate models against robust baselines before 
adopting them into budgeting or variance-management workflows. A large body of forecasting 
scholarship underscores that model choice is only one contributor to performance; equally vital are 
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data preparation, benchmark selection, cross-validation design, and the use of proper error and scoring 
functions to compare alternatives. For finance, this implies that naïve or seasonal baselines and simple 
exponential smoothing families should be treated as mandatory comparators, that rolling-origin 
evaluation must be carried out across business cycles, and that metrics sensitive to scale, bias, and 
asymmetry be interpreted alongside one another to avoid misleading conclusions in skewed or 
intermittent financial series (Hyndman & Koehler, 2006). These principles converge on a governance 
stance for predictive analytics wherein models are embedded in a transparent pipeline from data 
acquisition to deployment, their performance is monitored in production via stability and accuracy 
drift indicators, and their outputs are paired with narratives that reconcile forecasts to dynamic 
reporting views of their underlying drivers. Finance leaders can thereby translate technically sound 
forecasts into operational decisions about hiring, inventory, or credit limits while retaining the ability 
to trace how inputs, assumptions, and shocks map to predicted outcomes over successive planning 
cycles (De Gooijer & Hyndman, 2006). 
 

Figure 3: Predictive Analytics in Finance Functions 
 

 
 
A central requirement for finance forecasting is comparability: models must be evaluated fairly across 
instruments, portfolios, or business units whose data-generating processes may differ in seasonality, 
volatility, or discontinuities. The forecasting literature’s long-run syntheses provide two enduring 
guideposts that map neatly to finance settings. First, methodological pluralism matters combinations 
of statistical and machine-learning approaches can dominate any single family when judged by out-of-
sample accuracy across diverse series. Second, simple, well-tuned methods are frequently competitive 
with complex models, especially when judged with rigorous, rolling-origin designs and appropriate 
accuracy measures rather than a single, convenience metric (Hyndman & Koehler, 2006; Rony, 2021). 
For finance teams, these insights translate into model portfolios that include damped-trend exponential 
smoothing, ARIMA variants, gradient boosting or random forests for tabular drivers, and ensemble 
averages or weighted combinations to stabilize performance across macro regimes. Beyond average 
error, scoring-rule perspectives encourage evaluating full predictive distributions to support risk-
aware decisions e.g., assessing liquidity buffers or credit-loss provisions with attention to tail 
probabilities, not just means. Proper scoring rules reward calibrated probabilistic forecasts and penalize 
overconfident or miscalibrated ones, promoting practices such as prediction intervals, quantile 
forecasts, and scenario distributions that align with financial risk tolerance and regulatory scrutiny 
(Gneiting & Raftery, 2007; Shaikh & Aditya, 2021). In day-to-day operations, this orientation helps 
finance teams move from point forecasts to defensible ranges, document trade-offs between variance 
and bias, and communicate uncertainty in a way that can be integrated into thresholds for spend 
approvals, capacity plans, or hedging strategies (Hyndman & Koehler, 2006; Sudipto & Mesbaul, 2021). 
While much finance forecasting involves continuous targets (amounts, rates), a parallel thread concerns 
classification problems such as credit approval, delinquency flags, or fraud risk. Here, benchmarking 
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studies have demonstrated that modern machine-learning classifiers regularized logistic regression, 
tree ensembles, and support vector machines can deliver material gains over legacy scorecards when 
tuned and validated appropriately, though the margin varies by data context and class imbalance. 
Critically, rigorous benchmarking emphasizes out-of-sample validation, attention to misclassification 
costs, and sensitivity to reject inference and sample selection, all of which are salient in banking and 
corporate-credit settings that finance teams either operate or depend on (Lessmann et al., 2015; Zaki, 
2021). More broadly, the competitive landscape of forecasting research shows that ensembles and 
hybrids often prevail across thousands of heterogeneous series, with large-scale competitions 
highlighting the strength of combinations of simple statistical models augmented by learned 
components; this is instructive for enterprise finance, where a portfolio of cost centers or product lines 
may benefit from diversified model sets rather than a one-size-fits-all algorithm (Hozyfa, 2022; 
Makridakis et al., 2018). Together, these findings support a pragmatic playbook for finance functions: 
maintain robust baselines, adopt ensembles to hedge model risk, evaluate both point and probabilistic 
accuracy with proper scoring, and align model complexity with governance capacity so that forecasts 
remain explainable, maintainable, and auditable within the organization’s performance-management 
system (Lessmann et al., 2015; Makridakis et al., 2018). 
Adoption, Quality, and Success Factors in BI Systems 
Adoption and success of business intelligence (BI) systems hinge on how technical qualities, user 
beliefs, and organizational conditions combine to produce sustained, effective use. Classic acceptance 
research shows that perceived usefulness and perceived ease of use shape attitude and behavioral intention, 
but later work integrates these beliefs with post-adoption satisfaction to explain actual use and 
downstream benefits an integration especially relevant for self-service tools like Power BI where 
finance users both build and consume analytics (Al Amin, 2022; Wixom & Todd, 2005). In parallel, 
success research emphasizes the quality triad information quality, system quality, and service quality as 
antecedents to user satisfaction and use, leading to individual and organizational net benefits. Empirical 
studies demonstrate that when the information component (e.g., accuracy, completeness, timeliness) and 
the system component (e.g., reliability, response time, integration) are high, users are more satisfied and 
more likely to embed dashboards in their routines, a pathway that translates directly to dynamic 
financial reporting effectiveness in FP&A, controllership, and treasury contexts (Gorla et al., 2010; 
Arman & Kamrul, 2022). Because finance professionals must reconcile KPI views with ledger truth 
quickly, their judgments are unusually sensitive to data lineage and drill-through traceability; thus, 
adoption is not merely initial acceptance but continued, deep use that supports ad-hoc exploration during 
meetings. Capturing this depth requires moving beyond simplistic frequency counts toward use 
constructs that reflect the extent, nature, and appropriateness of interactions with BI artifacts (Burton-
Jones & Gallivan, 2007; Mohaiminul & Muzahidul, 2022). In a governed self-service environment, 
quality constructs manifest concretely: semantic models encode definitions of revenue and cost; refresh 
pipelines target low latency; and role-based views enforce consistency, all of which raise satisfaction 
and nudge use from episodic dashboard checks to iterative, question-driven analysis that underpins 
dynamic reporting (Omar & Ibne, 2022; Sanjid & Zayadul, 2022). 
At the program level, critical success factors (CSFs) for BI implementations further clarify why some 
organizations struggle to achieve decision impact while others scale adoption across finance functions. 
A stream of field studies identifies CSFs including strong executive sponsorship, business-centric 
governance, data stewardship, incremental delivery with clear value, and a competence center that 
codifies standards and training; organizations that orchestrate these factors report better alignment of 
BI outputs with decision processes and higher perceived usefulness among managers (Hasan, 2022; 
Mominul et al., 2022; Yeoh & Koronios, 2010). Finance settings magnify these CSFs: month-end close 
cycles and forecast updates impose sharp deadlines that reward low-latency refresh, reconciliations 
demand definitional discipline in the semantic layer, and audit requirements elevate transparency and 
explainability. Quality antecedents remain pivotal, but service quality (e.g., responsiveness of BI 
support, enablement) becomes the lubricant that converts friction-heavy workflows into repeatable, 
self-service patterns (Rabiul & Sai Praveen, 2022; Farabe, 2022). Moreover, adoption is best understood 
not as a single event but as assimilation the routinization of BI artifacts into planning, budgeting, and 
variance-management rituals. The measurement of “success” should therefore triangulate use 
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(depth/appropriateness), satisfaction (affective response to quality), and net benefits (task 
performance, decision speed/accuracy). Integrative ERP/enterprise-systems studies provide evidence 
and instruments for modeling these links across levels (individual/organizational), reinforcing that 
success emerges when quality antecedents lift both satisfaction and purposeful use which, in turn, drive 
perceived and realized benefits (Ifinedo, 2011; Roy, 2022; Rahman & Abdul, 2022). For finance, those 
benefits can be operationalized as dynamic reporting effectiveness (timeliness, flexibility, relevance, 
and traceability) and decision quality (confidence and error reduction), allowing a tight coupling of 
adoption theory and BI-in-finance outcomes. 
 

Figure 4: Adoption, Quality, and Success Factors in BI Systems 
 

 
 
Methodologically, contemporary success research recommends estimating quality → satisfaction/use → 
benefits pathways with explicit controls and interaction terms that reflect governance context. In a 
regression framing aligned to this study, Dynamic Reporting Effectiveness (DRE) can be modeled as: 

𝐷𝑅𝐸𝑖 = β0 + β1InfoQual𝑖 + β2SysQual
𝑖

+ β3ServQual𝑖 + β4UsageDepth
𝑖

+ β5Satisfaction𝑖

+ β6(UsageDepth × ServQual)
𝑖

+ 𝐶𝑖
′γ + ε𝑖, 

where InfoQual captures accuracy, completeness, and timeliness; SysQual covers reliability, response, 
and integration; ServQual represents BI support responsiveness and enablement; UsageDepth 
operationalizes the extent, nature, and appropriateness of dashboard interactions (Burton-Jones & 
Gallivan, 2007; Razia, 2022; Zaki, 2022); and Satisfaction reflects the integrated belief–satisfaction 
posture (Maniruzzaman et al., 2023; Kanti & Shaikat, 2022; Wixom & Todd, 2005). The interaction term 
(UsageDepth × ServQual) embodies the expectation that enablement amplifies the value of deeper use 
typical in finance when a competence center coaches analysts on DAX or Power Query patterns and 
design standards. Downstream models can then link DRE to predictive performance and decision 
quality while preserving quality and use variables as indirect contributors. Importantly, cross-sectional 
tests should be interpreted alongside program-level diagnostics drawn from the CSF literature 
sponsorship, governance, data stewardship, and competence-center maturity because these shape both 
perceived quality and the durability of adoption (Arif Uz & Elmoon, 2023; Yeoh & Koronios, 2010). 
Empirical evidence across enterprise contexts supports this layered view: when information, system, 
and service qualities are strong, and when use is both frequent and appropriate to task, satisfaction 
rises and net benefits follow (Gorla et al., 2010; Sanjid, 2023). Framed this way, adoption, quality, and 
success factors are not abstract labels but measurable levers that finance leaders can adjust to raise the 
effectiveness of dynamic reporting and, ultimately, the accuracy and credibility of predictive analysis 
feeding budgeting and planning. 
Theoretical and Conceptual Framework 
This study’s conceptual framework integrates three complementary lenses to explain how Power BI–
enabled dynamic financial reporting and predictive analysis co-produce decision value in finance 
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functions. First, use and acceptance perspectives motivate the role of user beliefs and enacted behavior. 
In self-service contexts, analysts are both producers and consumers of insight; their willingness to 
explore, iterate, and appropriate interactive reports depends on perceived utility and effort expectancy, 
as well as habit formed through repeated success. These mechanisms are captured parsimoniously by 
contemporary acceptance models that extend beyond initial adoption to post-adoptive use, which is 
critical in finance where rolling forecasts and variance reviews require frequent, in-the-moment 
reconfiguration of views and measures (Sanjid & Sudipto, 2023; Tarek, 2023; Pavlou & El Sawy, 2006). 
Second, IS success perspectives formalize how information, system, and service qualities shape 
satisfaction and use and, through them, individual and organizational benefits. For financial reporting, 
this means that semantic correctness, refresh latency, lineage traceability, and responsive enablement 
must be sufficiently high to translate interactivity into timely, flexible, and trustworthy reporting. 
Third, a capability lens positions analytics effectiveness as the outcome of orchestrating heterogeneous, 
difficult-to-imitate resources data assets, semantic models, skilled users, and governance into 
routinized practices that can adapt to shocks, seasonality, and structural breaks that typify financial 
series. Combining these lenses yields a testable path structure: technical and user factors drive Dynamic 
Reporting Effectiveness (DRE); DRE improves Predictive Performance (PP) by enabling exception 
discovery and feature refinement; and DRE and PP jointly enhance Decision Quality (DecQ). The 
framework also posits that Organizational Support (OS) strengthens the conversion of proficiency and 
interactivity into DRE, reflecting training, standards, and shared patterns for modeling and 
visualization (Shahrin & Samia, 2023; Muhammad & Redwanul, 2023; Venkatesh et al., 2012). 
 

Figure 5: Theoretical and Conceptual Framework for Power BI–Enabled Financial Analytics 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
To operationalize these ideas, the framework specifies a set of regression equations that map directly 
to the study’s hypotheses, estimation plan, and diagnostics. The reporting equation models how 
antecedents translate into DRE: 

𝐷𝑅𝐸𝑖 = β0 + β1𝐷𝑄𝑖 + β2𝑆𝑄𝑖 + β3𝐷𝐼𝑖 + β4𝑈𝑇𝑃𝑖 + β5𝑂𝑆𝑖 + β6(𝑈𝑇𝑃 × 𝑂𝑆)𝑖 + β7(𝐷𝐼 × 𝑂𝑆)𝑖 + 𝐶𝑖
′γ + ε𝑖, 

where DQ (information quality) and SQ (system quality) reflect the quality arm of success models, DI 
(dashboard interactivity) and UTP (user training/proficiency) reflect use mechanisms, and the 
interaction terms encode moderation by OS. The prediction equation links reporting to forecast quality: 

𝑃𝑃𝑖 = γ0 + γ1𝐷𝑅𝐸𝑖 + 𝐶𝑖
′θ + 𝑢𝑖, 

with PP captured via out-of-sample accuracy (e.g., lower MAPE/RMSE). The decision equation 
recognizes both direct and indirect channels: 
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𝐷𝑒𝑐𝑄𝑖 = δ0 + δ1𝐷𝑅𝐸𝑖 + δ2𝑃𝑃𝑖 + 𝐶𝑖
′κ + 𝑒𝑖 , 

Corrected bootstraps; the conditional effect of UTP on DRE at a given OS level is given by the inline 
formula ∂DRE/∂UTP = β₄ + β₆·OS. These formulae express the theorized mechanisms succinctly and 
make clear predictions: higher data and system quality, interactivity, and proficiency raise DRE; higher 
DRE improves PP; and DRE and PP each raise decision quality, with OS amplifying the UTP→DRE 
and DI→DRE links. Framed this way, acceptance and success constructs are not end points but conduits 
by which governed self-service analytics become dynamic reporting capability and, through that 
capability, more accurate and auditable predictions. The model therefore converts abstract constructs 
into measurable paths suitable for cross-sectional, case-based estimation while preserving the socio-
technical character of BI programs in finance (Khatri & Brown, 2010; Muhammad & Redwanul, 2023; 
Razia, 2023). 
In addition, the framework explicitly embeds governance and dynamic capability considerations that are 
especially salient for finance. Data governance clarifies ownership, stewardship, and decision rights 
over definitions, hierarchies, and refresh regimes; it also codifies standards for DAX measures, drill-
through, and exception narratives so that dashboards function as decision interfaces rather than static 
posters. In the equations above, governance is proxied by OS and captured both as a main effect 
(resources, training, standards) and as a moderator that conditions how proficiency and interactivity 
translate into reporting effectiveness (Srinivas & Manish, 2023; Sudipto, 2023). Dynamic-capability 
theory adds the temporal and competitive logic: finance teams must sense anomalies and changes, seize 
opportunities by re-framing features and model structures, and reconfigure pipelines and visuals to 
institutionalize learning activities that require coordinating human skill, semantic models, and 
technical infrastructure under time pressure (Zayadul, 2023). The IT leveraging competence view further 
explains how firms convert data and analytics into advantage in turbulent environments by aligning 
sensing, learning, and integrating routines with decision cycles, exactly the cadence enforced by 
monthly closes and rolling forecasts. Taken together, these perspectives justify the study’s focus on 
moderated and mediated paths: without governance, deeper use may not yield better reporting; 
without dynamic capability, better reporting may not translate into resilient predictions under regime 
shifts. The framework therefore predicts that organizations with clearer decision rights over data and 
stronger enablement will exhibit steeper marginal returns to proficiency and interactivity on DRE, and 
that higher DRE will show stronger links to PP when sensing–seizing–reconfiguring routines are 
present in budgeting and forecasting. These theoretically anchored expectations, coupled with the 
explicit path structure and effect-decomposition formulae, provide a precise map from construct 
definition to empirical test in the context of Power BI–enabled finance analytics (Petter et al., 2012; 
Teece, 2007). 
METHODS 
The methodology has been designed to generate rigorous, finance-specific evidence on Power BI–
enabled dynamic reporting and predictive analysis. The study has adopted a quantitative, cross-
sectional, case-study–based approach in which finance professionals have served as respondents 
nested within active organizational sites that have used Power BI for at least six months. Sampling has 
followed purposive procedures to reach FP&A analysts, controllers, accountants, and finance data 
specialists; where feasible, snowball referrals have been leveraged within each site to capture varied 
roles along the reporting–forecasting pipeline. The instrument has consisted of a structured 
questionnaire that has operationalized latent constructs related to information quality, system quality, 
dashboard interactivity, user training and proficiency, organizational support, dynamic reporting 
effectiveness, decision quality, and control variables such as firm size, industry, Power BI tenure, and 
number of integrated data sources. All items have been anchored on a five-point Likert scale, and 
wording has been refined through expert elicitation and a pilot that has assessed clarity and timing. In 
parallel, objective indicators of predictive performance (e.g., rolling MAPE or RMSE for core financial 
forecasts) have been requested from participating teams; these metrics have been compiled from read-
only exports or governance-approved scorecards to preserve confidentiality. Data collection protocols 
have ensured informed consent, anonymity, and secure storage; unique study IDs have been assigned 
so that survey responses and performance metrics have been linkable without revealing identities. Data 
management has included pre-specified screening rules, documentation of missingness handling, and 
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creation of a reproducible codebook. The analysis plan has specified sequential steps: descriptive 
statistics and data screening have been completed; reliability and construct validity checks have been 
conducted; bivariate associations have been profiled; and regression models have been specified to test 
main, moderated, and mediated effects while accounting for relevant controls. Assumption checks 
(linearity, normality of residuals, homoskedasticity, multicollinearity, and influence) have been 
incorporated, and robustness diagnostics have been prepared using alternative specifications and 
heteroskedasticity-consistent standard errors. Ethical oversight has been obtained as applicable, and 
all procedures have adhered to principles of minimal risk and purpose-limited use.Collectively, these 
design choices have established a transparent foundation for testing the study’s hypotheses about how 
technical, user, and organizational factors have shaped dynamic reporting effectiveness, predictive 
performance, and decision quality in finance settings. 
 

Figure 6: Research Methodology for Power BI–Enabled Finance Analytics 
 

 
 
Study Design 
The study has adopted a quantitative, cross-sectional, case-study–based design that has been tailored 
to examine Power BI–enabled dynamic financial reporting and predictive analysis within real 
organizational settings. It has positioned finance professionals (e.g., FP&A analysts, controllers, 
accountants, and finance data specialists) as respondents nested within case sites that have already 
institutionalized Power BI for routine reporting and forecasting. The unit of analysis has been the 
individual user’s experience and practice, while cases have provided contextual variation in 
governance, data architecture, and maturity. To capture hypothesized relationships, the design has 
combined a structured survey of latent constructs information quality, system quality, dashboard 
interactivity, user training and proficiency, organizational support, dynamic reporting effectiveness, 
and decision quality with the collection of objective predictive-performance indicators (e.g., rolling 
MAPE/RMSE) that teams have maintained in their normal scorecards. The approach has leveraged 
purposive sampling to recruit organizations that have used Power BI for at least six months and has 
relied, where appropriate, on snowballing within sites to reflect diverse roles along the reporting-to-
forecasting pipeline. Instrument items have been anchored on a five-point Likert scale and have been 
pretested with expert judges, after which a pilot administration has refined wording and timing. The 
analytic blueprint has specified sequential evidence building: descriptives and screening have been 
performed, reliability and validity assessments have been conducted, and hypothesis tests have been 
planned through hierarchical linear regressions that have estimated main effects, interactions for 
moderation by organizational support, and indirect effects for mediation paths using bootstrapped 
confidence intervals. Controls for firm size, industry, Power BI tenure, and breadth of data sources 
have been included to mitigate confounding. Throughout, the design has emphasized transparency 
and replicability: protocols for consent, de-identification, and secure storage have been instituted, a 
codebook has been compiled, and decision logs for data handling and modeling choices have been 
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maintained. Collectively, the study design has provided a pragmatic yet rigorous framework for testing 
theorized links between technical, user, and organizational factors and finance outcomes. 
Population, Sampling, and Sample Size 
The target population has comprised finance professionals who have routinely leveraged Power BI for 
reporting and forecasting, and eligible roles have included FP&A analysts, controllers, accountants, 
treasury specialists, revenue operations staff, and finance data stewards who have supported semantic 
modeling and data preparation. Inclusion criteria have required at least six months of continuous 
Power BI use within core cycles (monthly close, budgeting, rolling forecasts, variance analysis), and 
organizations have been expected to maintain governed connections to enterprise sources (e.g., ERP, 
data warehouse) so that respondents have interacted with production-grade, semantically consistent 
reports rather than ad hoc files. 
The sampling strategy has followed a purposive, multi-stage approach: the study team has identified 
case sites that have met the criteria, has secured gatekeeper approval, and has invited participants 
across builder and consumer roles to reflect the full reporting-to-forecasting pipeline; within sites, 
snowball procedures have been applied to reach adjacent teams and to balance seniority and function. 
Recruitment materials have emphasized anonymity, voluntary participation, and the separation of 
responses from managerial oversight, and reminders have been scheduled during lower-intensity 
finance calendar windows to reduce burden. 
To ensure adequate statistical power, sample size planning has combined a priori power analysis for 
multiple regression with design-effect adjustments for clustering by site; the primary model (drivers 
→ DRE) has been assumed to include multiple predictors and controls, and a small-to-medium effect 
(Cohen’s f² = 0.05–0.15) at α = .05 and power = .80 has yielded a base requirement of roughly 120–180 
complete cases. Anticipated intraclass correlation has been incorporated via DEFF = 1 + (m − 1)ρ, and 
modest clustering (e.g., m = 8, ρ = 0.05) has implied inflating the target to approximately 200; a further 
10–15% has been added to offset exclusions and missingness, so the study has targeted 180–240 
analyzable responses overall, with per-site minima (≥5) and role-balance thresholds to stabilize 
estimates and to support planned moderation and mediation tests. 
Questionnaire Structure 
The questionnaire has been structured as a modular, finance-specific instrument that has 
operationalized the latent constructs and captured controls in a consistent, auditable format. It has 
opened with an eligibility screener (tenure with Power BI, role, and scope of use) and has then 
presented a consent statement, after which the main scales have appeared in blocks to minimize context 
effects. All perceptual items have been anchored on a five-point Likert scale (1 = Strongly disagree … 
5 = Strongly agree), and wording has been framed in the present perfect or present simple to align with 
ongoing practices rather than singular events. The Information/Data Quality (DQ) block has contained 
4–6 items on accuracy, completeness, timeliness, and consistency; System Quality (SQ) has featured 4–
6 items on reliability, response time, integration breadth, and usability; Dashboard Interactivity (DI) 
has included 4–6 items covering filtering, drill-through, parameterization, and refresh cadence; User 
Training & Proficiency (UTP) has provided 5–7 items on formal training hours, certification exposure, 
DAX/Power Query self-efficacy, and pattern reuse; Organizational Support (OS) has encompassed 4–
6 items on leadership sponsorship, enablement responsiveness, standards, and governance. Outcome 
blocks have followed: Dynamic Reporting Effectiveness (DRE) has contained 6–8 items targeting 
timeliness, flexibility, relevance, and traceability; Decision Quality (DecQ) has provided 4–6 items on 
confidence in actions, error reduction, and alignment with targets. Two attention-check items (one 
positively and one negatively keyed) have been embedded, and a small subset (≈10–15%) of items has 
been reverse-coded to mitigate acquiescence bias. A demographics and controls section has captured 
firm size, industry, Power BI tenure (months), number of integrated data sources, role category 
(builder/consumer/mixed), and case-site identifier. To support linkage with objective Predictive 
Performance (PP), the instrument has collected a checkbox indicating whether the team has maintained 
rolling accuracy metrics (e.g., MAPE/RMSE) and, if yes, has prompted for the metric window (e.g., last 
6–12 cycles). Content validity has been strengthened through expert elicitation, and a pilot 
administration has refined clarity, timing, and scale reliability. The final questionnaire has been 
implemented online with forced-choice items (allowing “Prefer not to say” where appropriate), 



Journal of Sustainable Development and Policy, December 2023, 01-34 

15 
 

randomized item order within blocks, and progress indicators to reduce dropout while preserving 
measurement integrity. 
Expert Elicitation (Likert 5-Point) 
The expert‐elicitation process has been designed to secure content validity, clarity, and contextual fit of 
the Likert-scaled items before full deployment. A two-stage protocol has been implemented. In Stage 
1, a panel of five to seven subject-matter experts comprising senior FP&A managers, BI enablement 
leads with demonstrated Power BI governance experience, and academic researchers in information 
systems has been convened to review the draft constructs and items mapped to Information/Data 
Quality, System Quality, Dashboard Interactivity, User Training & Proficiency, Organizational 
Support, Dynamic Reporting Effectiveness, and Decision Quality. Experts have received an annotated 
item booklet in which each statement has been paired with its construct definition, intended 
directionality, and example behavioral indicators. Using a 4-point relevance rubric (not relevant, 
somewhat relevant, quite relevant, highly relevant), reviewers have provided ratings that have been 
converted into item-level indices; items falling below pre-specified thresholds for sufficiency have been 
flagged for revision or removal. In parallel, experts have supplied qualitative comments on ambiguity, 
double-barreling, jargon, and sector-specific interpretations, and the research team has recorded all 
adjudications in a change log. Stage 2 has involved a cognitive debrief with eight to twelve 
representative users drawn from the target population (builders and consumers), who have completed 
the instrument in think-aloud sessions that have surfaced interpretation gaps, burdensome phrasing, 
and response-scale alignment. Timing diagnostics and perceived difficulty scores have been captured 
and have informed micro-edits to length and ordering. Where overlapping constructs have been 
suspected, alternative phrasings have been trialed and the leaner version has been retained to reduce 
redundancy. Response options have been standardized to a 5-point agreement scale, and negatively 
keyed items have been reviewed to ensure they have not introduced unintended confusion. The panel 
has also vetted the linkage prompts for objective predictive-performance metrics to confirm feasibility 
and neutrality. Following these steps, a consolidated expert-review memo and a pilot-ready instrument 
version have been finalized; all revisions have been version-controlled, and acceptance criteria for each 
item set have been documented so that subsequent reliability and validity analyses have been 
grounded in an auditable elicitation record. 
Common Method Bias & Validity 
Given the self-report, cross-sectional nature of the survey, the study has incorporated layered 
procedural and statistical safeguards against common method bias (CMB) while establishing reliability 
and construct validity. Procedurally, the instrument has used neutral, non-evaluative wording and has 
avoided double-barreled items; stems and examples have been tailored to routine finance tasks to 
reduce guessing. Items for antecedents and outcomes have not been co-located; instead, proximal 
separation has been achieved by interposing brief transition screens and anchor reminders, and block 
order has been randomized within respondent strata. Scale endpoints and labels have been 
standardized, reverse-keyed items have been included to attenuate acquiescence, and anonymity 
assurances and purpose-limited use statements have been emphasized so that respondents have felt no 
pressure to align answers with perceived expectations. Statistically, multiple diagnostics have been 
planned and executed. A Harman single-factor test has been conducted to verify that no single factor 
has accounted for the majority of covariance among items. An unmeasured latent method factor 
approach has been applied in the confirmatory framework to estimate whether a general method factor 
has materially inflated loadings; where indicated, a theoretically inert marker variable has been 
included to partial out method variance. Internal consistency has been established via Cronbach’s α 
(target ≥ .70) and composite reliability (CR ≥ .70), while convergent validity has been evidenced through 
average variance extracted (AVE ≥ .50) and significant, substantive standardized loadings. 
Discriminant validity has been assessed via the heterotrait–monotrait ratio (HTMT < .85/.90, as 
appropriate) and Fornell–Larcker cross-checks; cross-loadings have been inspected to confirm item 
specificity. To guard against spurious structural paths, multicollinearity among predictors has been 
examined (VIF < 5 after mean-centering interaction terms), and common latent factor–adjusted models 
have been compared with baseline specifications to gauge sensitivity. Finally, pilot and main-study 
CFAs have been conducted to confirm factor structure, with fit benchmarks (e.g., CFI/TLI ≥ .90, 
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RMSEA ≤ .08, SRMR ≤ .08) having been documented alongside item-retention decisions, thereby 
ensuring that subsequent regression tests have rested on psychometrically sound measures with 
minimized method bias. 
Hypothesis Testing (Regression-Based) 
The hypothesis-testing strategy has been pre-specified around three linked ordinary least squares 
(OLS) models that have mapped directly to the study’s theoretical paths and constructs. Model A has 
tested the effects of technical and user antecedents on Dynamic Reporting Effectiveness (DRE); Model 
B has tested the association between DRE and Predictive Performance (PP); and Model C has tested the 
joint effects of DRE and PP on Decision Quality (DecQ). To align estimation with measurement, 
composite scores for multi-item constructs have been computed as validated factor scores after the 
measurement model has been confirmed; in sensitivity analyses, mean-scale composites have been 
used and results have been compared to verify stability. All continuous predictors have been mean-
centered, and interaction terms for moderation by Organizational Support (OS) have been constructed 
from centered components. Categorical controls (industry, firm size bands) have been encoded with 
reference categories. The following functional forms have been specified prior to data collection: 
Model A (drivers of reporting): 𝐷𝑅𝐸𝑖 = β0 + β1𝐷𝑄𝑖 + β2𝑆𝑄𝑖 + β3𝐷𝐼𝑖 + β4𝑈𝑇𝑃𝑖 + β5𝑂𝑆𝑖 + β6(𝑈𝑇𝑃 ×
𝑂𝑆)𝑖 + β7(𝐷𝐼 × 𝑂𝑆)𝑖 + 𝐶𝑖

′γ + ε𝑖. 
Model B (prediction quality): 𝑃𝑃𝑖 = γ0 + γ1𝐷𝑅𝐸𝑖 + 𝐶𝑖

′θ + 𝑢𝑖. 
Model C (decision quality): 𝐷𝑒𝑐𝑄𝑖 = δ0 + δ1𝐷𝑅𝐸𝑖 + δ2𝑃𝑃𝑖 + 𝐶𝑖

′κ + 𝑒𝑖. 
Inference has focused on two-tailed tests at α = .05 with 95% confidence intervals. For mediation, the 
indirect effect of DRE on DecQ through PP has been computed as γ₁·δ₂ and has been assessed with bias-
corrected bootstrap intervals (10,000 resamples). Table 1 has summarized the model blocks, parameters 
of interest, and the corresponding hypotheses. 

Table 1: Model Specifications and Hypothesis Mapping 

Model Dependent variable Key predictors (block-entered) Interactions Hypotheses tested 

A DRE DQ, SQ, DI, UTP, OS + controls UTP×OS; DI×OS H1, H4 

B PP DRE + controls   H2 

C DecQ DRE, PP + controls   H3 

The estimation procedure has followed a hierarchical entry logic that has isolated incremental 
explanatory power from conceptually coherent blocks. In Model A, controls (firm size, industry, Power 
BI tenure, data-source breadth) have been entered first, followed by quality and user factors (DQ, SQ, 
DI, UTP), then OS, and finally the interaction terms (UTP×OS; DI×OS). Change in adjusted R² and 
block-wise F-tests have been reported to quantify added variance explained at each step, and 
standardized coefficients (β) with confidence intervals have been presented for comparability across 
constructs. To ensure unbiased estimates under potential heteroskedasticity, HC3 robust standard 
errors have been reported alongside conventional OLS errors; conclusions have not been based on a 
single variance estimator. Multicollinearity has been monitored via VIFs (target < 5) after centering; 
when VIFs have approached thresholds, exploratory models with reduced predictor sets have been 
estimated to confirm that the pattern and significance of focal effects have held. Residual diagnostics 
have included Q-Q plots, Shapiro–Wilk tests (as descriptive aids), studentized residuals, and Cook’s 
distance; influential cases (e.g., D>4/n) have been flagged and leave-one-out checks have been 
performed to document effect stability. Because respondents have been nested within organizations, 
clustered (site-level) robust standard errors have been produced in secondary analyses; where 
clustering has been non-negligible, results with site-clustered SEs have been elevated to the main text, 
and a random-intercept linear mixed model has been fit as an additional sensitivity check to confirm 
that fixed-effect inferences have remained substantively unchanged. Missing values have been handled 
with multiple imputation under a missing-at-random assumption; estimates across m = 20 imputations 
have been pooled using Rubin’s rules, and a complete-case analysis has been reported in an appendix 
for transparency. 
Moderation and mediation probes have been executed with pre-registered procedures. For moderation 
in Model A, simple-slope analyses have been computed at low (−1 SD), mean, and high (+1 SD) levels 
of OS; Johnson–Neyman intervals have been derived to identify the OS regions where the conditional 
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effects of UTP or DI on DRE have been statistically different from zero. Interaction plots have been 
generated to accompany coefficient tables, and the incremental ΔR² attributable to interaction terms 
has been reported. For mediation, the indirect pathway DRE → PP → DecQ has been tested using 
nonparametric bootstrapping (10,000 draws) with bias-corrected 95% CIs; partial vs. full mediation has 
been judged by the joint significance of paths and the attenuation of the direct DRE → DecQ coefficient 
when PP has been included in Model C. Robustness analyses have included alternative PP metrics (e.g., 
RMSE vs. MAPE), alternative scaling of constructs (factor scores vs. mean composites), and exclusion 
of sites with fewer than five respondents. Pre-specified subgroup checks (builder vs. consumer roles; 
shorter vs. longer Power BI tenure) have been executed to examine heterogeneity in effects; interaction 
terms with subgroup indicators have been estimated to avoid post-hoc overinterpretation. Finally, 
result reporting has adhered to a reproducible template: each model has been presented with n, R²/Adj-
R², SEE, omnibus F, coefficient tables (unstandardized b, SE, standardized β, t, p, 95% CI), and model-
fit notes, and figure and table cross-references (e.g., Table 1 for specifications; Figure A1–A3 for 
interaction plots) have been embedded to guide readers through the hypothesis tests that have 
underpinned the study’s conclusions. 
Data Sources & Management 
Data sources have comprised two coordinated streams that the study has rigorously governed from 
intake to analysis: (i) a structured online survey capturing perceptual constructs and controls, and (ii) 
objective predictive‐performance (PP) indicators extracted from finance teams’ existing scorecards or 
read-only exports. The survey platform has been configured to enforce eligibility logic, present consent 
text, and route respondents through construct blocks in a fixed-yet-randomized order; metadata 
(start/end timestamps, device type) have been collected to support quality checks. For PP, participating 
sites have provided rolling accuracy metrics (e.g., MAPE or RMSE over the last 6–12 forecast cycles) 
that have already been computed under local governance; where alternative windows have existed, the 
modal window has been selected and documented. A data-management plan has been instituted before 
fielding: unique anonymous study IDs have been assigned, respondent files and PP files have been 
kept in separate encrypted directories, and a linkage key (site-scoped only) has been maintained in a 
hardened vault so that perceptual data and PP metrics have been joinable without exposing identities. 
All transfers have used secure channels, and file integrity has been verified via checksums. A codebook 
has been authored and version-controlled, which has defined variable names, scales, reverse-coding, 
permissible values, derivations (e.g., centered predictors, interaction terms), and data-quality rules. 
Intake scripts have applied pre-registered screenings (minimum completion time, attention checks, 
missingness thresholds), and anomalies (straight-lining, excessive item nonresponse) have been 
flagged for adjudication; each decision has been logged in an auditable trail. Data cleaning pipelines 
have been implemented in reproducible notebooks, which have recorded recoding, winsorization (if 
applied), and the generation of factor scores after confirmatory checks. Missing data have been handled 
with multiple imputation under a documented mechanism assessment; imputation diagnostics and 
pooled estimates have been archived. Access has been role-based, with least-privilege permissions and 
periodic reviews; retention and disposal schedules have been set in accordance with ethics approval, 
after which raw identifiers and linkage keys have been destroyed. Collectively, these protocols have 
ensured confidentiality, traceability, and replicability while preserving the ability to relate survey 
constructs to independently generated PP indicators in a controlled, transparent manner. 
Statistical Analysis Plan 
The statistical analysis plan has been pre-specified to progress from measurement verification to 
theory-concordant hypothesis testing with transparent diagnostics and robustness checks. Descriptive 
statistics and data screening have been completed first, including assessments of missingness patterns, 
outliers (via Mahalanobis distance), and distributional properties (skewness/kurtosis) for all scale 
items and composites. The measurement model has been evaluated through reliability (Cronbach’s α 
and composite reliability) and validity checks (average variance extracted, HTMT), and confirmatory 
factor analysis has been conducted to verify the factor structure; poorly performing items (low 
standardized loadings, high cross-loadings) have been flagged and, if removed, the decision has been 
documented in the analysis log. Factor scores (primary) and mean composites (sensitivity) have been 
generated for each latent construct. Bivariate associations have been profiled with Pearson correlations 
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and variance inflation factors have been computed after mean-centering to anticipate multicollinearity 
in subsequent regressions. The three regression models corresponding to the theoretical paths drivers 
→ Dynamic Reporting Effectiveness (Model A), DRE → Predictive Performance (Model B), and 
DRE/PP → Decision Quality (Model C) have been estimated with hierarchical entry of blocks (controls, 
main predictors, moderators), HC3 heteroskedasticity-consistent standard errors, and site-clustered 
standard errors as a secondary specification given respondent nesting. Moderation has been probed 
using centered interaction terms and simple-slope analyses at −1 SD, mean, and +1 SD of 
Organizational Support, with Johnson–Neyman intervals reported; mediation (DRE → PP → DecQ) 
has been tested via nonparametric bootstrapping (10,000 resamples) with bias-corrected 95% 
confidence intervals. Model adequacy has been examined through residual Q–Q plots, Breusch–Pagan 
tests, Cook’s distance, and leverage diagnostics; where assumptions have been strained, robust 
alternatives and sensitivity models (e.g., winsorization, alternative PP metrics) have been executed. 
Multiple imputation (m = 20) has been employed for item/scale missingness under an MAR 
assumption, and pooled estimates have been presented alongside complete-case results. Effect sizes 
(standardized β, f² for increment in explained variance) and adjusted R² have been reported for 
interpretability, and two-tailed tests at α = .05 with 95% CIs have been applied throughout. All analyses 
have been scripted in reproducible notebooks with version control, ensuring that tables, figures, and 
decisions have been regenerable end-to-end. 
Assumption Checks 
Assumption diagnostics have been planned and executed to ensure that inferences from the regression 
models have been defensible. Linearity has been evaluated by inspecting partial residual plots and 
component-plus-residual (CERES) plots; where curvature has been indicated, specifications with 
polynomial terms or rank-based transformations have been trialed in sensitivity analyses. Normality 
of residuals has been assessed with Q–Q plots and Shapiro–Wilk tests (reported descriptively), and 
model conclusions have been paired with HC3 heteroskedasticity-consistent standard errors so that 
significance has not hinged on strict normality. Homoskedasticity has been checked using Breusch–
Pagan and White tests; when heteroskedasticity has been detected, robust and site-clustered standard 
errors have been presented. Multicollinearity has been monitored via VIFs after mean-centering 
predictors and interaction terms (target < 5). Independence and influence have been reviewed through 
Durbin–Watson statistics (for residual autocorrelation in ordered responses), leverage values, 
studentized residuals, and Cook’s distance; influential observations have been examined with leave-
one-out refits. Finally, missingness mechanisms have been studied (MCAR/MAR probes), multiple 
imputation diagnostics have been inspected, and all assumption checks and remediation choices have 
been logged for reproducibility. 
FINDINGS 
The findings have been organized to address the study’s objectives and to test H1–H4 using evidence 
from a final analyzable sample of 208 finance professionals drawn from 29 case sites, each of whom has 
completed the full Likert five-point instrument (1 = strongly disagree … 5 = strongly agree) and has 
provided linkable predictive-performance indicators from team scorecards. Preliminary quality checks 
have indicated strong psychometrics: internal consistency has been acceptable to excellent (Cronbach’s 
α: DQ = .88, SQ = .86, DI = .90, UTP = .89, OS = .87, DRE = .92, DecQ = .88), composite reliability has 
exceeded .80 for all constructs, and AVE values have met or surpassed .50, with HTMT ratios below .85 
between conceptually adjacent constructs; Harman’s single-factor test has not suggested dominance by 
a single factor, and the latent method factor specification has not materially altered loadings, indicating 
that common method bias has been controlled procedurally and statistically. Descriptively, 
respondents have reported generally favorable conditions for BI-enabled finance: means (SDs) on the 
five-point scale have been DQ 3.98 (0.61), SQ 3.91 (0.64), DI 3.87 (0.72), UTP 3.65 (0.78), OS 3.72 (0.69), 
DRE 3.94 (0.66), and DecQ 3.89 (0.63), with item distributions well within acceptable skew/kurtosis 
bounds. Bivariate associations have aligned with directional expectations: DRE has correlated 
positively with DQ (r = .54), SQ (r = .49), DI (r = .58), UTP (r = .52), and OS (r = .47), all p < .001; DecQ 
has correlated with DRE (r = .60, p < .001) and with objective PP (higher accuracy coded as larger values; 
r = .28, p < .001). Objective PP has been summarized as rolling MAPE for core forecasts 
(revenue/cash/opex) over the last 6–12 cycles; the sample median MAPE has been 8.7% (IQR 6.1%–
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12.4%), and sites in the top quartile of DRE have exhibited meaningfully lower error (median 7.1%) 
than sites in the bottom quartile (median 10.9%), Mann–Whitney p < .001, foreshadowing regression 
results. 

Figure 7: Research Findings: Power BI–Enabled Finance Analytics 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Model A (drivers of DRE) has provided strong support for H1 and H4. After controlling for industry, 
firm size, Power BI tenure, and data-source breadth, the block of technical and user antecedents has 
explained substantial variance in DRE (ΔAdj-R² = .46, p < .001). In the full specification with 
moderation, adjusted R² has reached .53. Standardized coefficients (β) have indicated that DI (β = .26, 
SE = .05, t = 5.51, p < .001), DQ (β = .23, SE = .05, t = 4.96, p < .001), UTP (β = .19, SE = .05, t = 4.08, p < 
.001), and SQ (β = .14, SE = .05, t = 2.98, p = .003) each has contributed uniquely to higher DRE, consistent 
with H1. Organizational Support has exhibited a positive main effect (β = .12, SE = .05, t = 2.52, p = 
.013), and the hypothesized interactions have been significant: UTP × OS (β = .10, SE = .04, t = 2.53, p = 
.012) and DI × OS (β = .09, SE = .04, t = 2.36, p = .019). Simple-slope analyses at low (−1 SD), mean, and 
high (+1 SD) OS have shown that the marginal effect of UTP on DRE has increased from β = .11 (p = 
.046) at low OS to β = .27 (p < .001) at high OS; similarly, the effect of DI has strengthened from β = .19 
(p < .001) to β = .32 (p < .001). Johnson–Neyman intervals have indicated that the UTP effect becomes 
reliably positive once OS exceeds 3.4 on the five-point scale, empirically establishing the moderating 
role posited in H4. Taken together, these results have demonstrated that higher interactivity, better 
data and system quality, and stronger user proficiency especially under supportive governance have 
been associated with more dynamic, timely, flexible, and traceable reporting. 
Model B (prediction quality) has evaluated H2 by regressing objective PP on DRE and controls. The 
model has been significant (F change p < .001), with adjusted R² = .12 using HC3 errors and consistent 
patterns with site-clustered SEs. The coefficient for DRE has been negative when PP has been measured 
as MAPE (lower is better): γ₁ = −0.91 percentage points per one-unit increase in DRE (SE = 0.24, t = 
−3.79, p < .001). Interpreted on the Likert scale, a one-point rise in DRE (e.g., from “agree somewhat” 
at 4.0 to “strongly agree” at 5.0 across its items) has been associated with roughly a 0.9 pp improvement 
in forecast accuracy, a practically meaningful effect for budgeting and cash planning. Sensitivity 
analyses with RMSE (standardized) have yielded analogous results (γ₁ = −0.29 SD, p < .001). These 
estimates have satisfied the objective-linkage aim and have supported H2: more effective dynamic 
reporting has coincided with better predictive performance, consistent with the thesis that interactive 
exploration, faster anomaly detection, and cleaner semantic definitions have aided feature refinement 
and model tuning. 
Model C (decision quality) has tested H3 by entering DRE and PP jointly as predictors of DecQ. The 
model has explained substantial variance (adjusted R² = .44, p < .001). Both predictors have been 
significant: δ₁ (DRE → DecQ) = .47 (SE = .05, t = 9.41, p < .001) and δ₂ (PP → DecQ, coded so higher = 
better) = .18 (SE = .05, t = 3.73, p < .001). The inclusion of PP has reduced the standalone DRE coefficient 
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relative to a bivariate model (from .56 to .47), and a bias-corrected bootstrap (10,000 resamples) has 
confirmed a positive indirect effect of DRE on DecQ through PP (IE = .08, 95% CI [.04, .13]), establishing 
partial mediation consistent with the study’s objective to connect reporting, forecasting, and decisions 
in a single evidence chain. Across all models, multicollinearity has been within limits (VIF < 3.1), 
residual diagnostics have been acceptable, and results have remained robust under site-clustered SEs, 
alternative PP metrics, factor-score versus mean-composite scaling, and exclusion of sites with <5 
respondents. In sum, the evidence has supported H1–H4 and has met the stated objectives: the 
validated Likert measures have captured meaningful variance in dynamic reporting effectiveness; 
higher DRE has aligned with stronger predictive accuracy; and together DRE and PP have explained 
higher decision quality in finance operations, with organizational support amplifying the returns to 
proficiency and interactivity. 
Sample Characteristics & Response Rate 

Table 2: Sample Characteristics and Response Metrics (Likert 5-Point Context) 

Attribute Category n % 

Total invitations   310 100 

Eligible completes   208 67.1 

Partial but ineligible   24 7.7 

Declines/No response   78 25.2 

Case sites   29   

Role FP&A/Analyst 96 46.2 

 Controller/Accounting 52 25.0 

 Manager/Director 38 18.3 

 Finance data steward/BI enablement 22 10.6 

Tenure with Power BI 6–12 months 61 29.3 

 13–24 months 79 38.0 

 25+ months 68 32.7 

Firm size < 500 51 24.5 

 500–4,999 93 44.7 

 ≥ 5,000 64 30.8 

Industries Manufacturing 64 30.8 

 Services/Tech 58 27.9 

 Retail/CPG 42 20.2 

 Financial Services 44 21.2 

Data sources integrated 1–2 54 26.0 

 3–4 92 44.2 

 5+ 62 29.8 

 
The sample has been assembled to reflect a broad cross-section of finance professionals who have 
routinely engaged with Power BI in budgeting, forecasting, and management reporting, thereby 
aligning with the study’s objectives and hypothesis tests. From 310 invitations, 208 eligible completes 
have been secured across 29 case sites, producing a 67.1% completion among invitees and a sufficiently 
large analyzable base to power the regression models and mediation tests pre-specified in the analysis 
plan. The role distribution has been intentionally diversified: nearly half of respondents have been 
FP&A analysts (46.2%), about one quarter have been controllers or accounting personnel (25.0%), and 
the balance has comprised managers/directors (18.3%) and data stewards/BI enablement specialists 
(10.6%). This spread has been important because constructs such as Dashboard Interactivity and User 
Training & Proficiency have manifested differently for builders (e.g., DAX/Power Query authors) 
compared with consumers (e.g., budget owners using interactive dashboards in reviews). Tenure bands 
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with Power BI have been well balanced with roughly a third in each band ensuring that Likert 
responses (1–5) on constructs like System Quality and Organizational Support have drawn on 
sustained exposure rather than one-off trials. Organizational heterogeneity has also been achieved: 
24.5% of respondents have been from small firms (<500 employees), 44.7% from mid-sized firms, and 
30.8% from large enterprises, which has supported controls for contextual confounds in Models A–C. 
Sector representation has covered manufacturing (30.8%), services/tech (27.9%), retail/CPG (20.2%), 
and financial services (21.2%), thereby spanning differing demand and working-capital cycles that 
often condition forecasting accuracy. Critically for Dynamic Reporting Effectiveness (DRE), the degree 
of data integration has not been concentrated at a single tier: 26.0% have reported 1–2 sources, 44.2% 
have reported 3–4, and 29.8% have reported 5+ governed sources, a spread that has provided variance 
for hypothesis H1 where Information/Data Quality and System Quality have been theorized to raise 
DRE. The overall response dynamics with modest partials and clear ineligibility tracking have allowed 
us to document and address nonresponse risk in later robustness checks. Consequently, the realized 
sample has provided both the breadth and depth needed to evaluate Likert-scaled antecedents and 
outcomes against the study’s objectives. 
Reliability and Validity 

Table 3: Reliability and Convergent Validity (Likert 5-Point Scales) 

Construct Items (k) Cronbach’s α Composite Reliability (CR) AVE 

Data Quality (DQ) 5 .88 .90 .62 

System Quality (SQ) 5 .86 .88 .59 

Dashboard Interactivity (DI) 6 .90 .92 .66 

User Training & Proficiency (UTP) 6 .89 .91 .63 

Organizational Support (OS) 5 .87 .89 .61 

Dynamic Reporting Effectiveness (DRE) 7 .92 .94 .68 

Decision Quality (DecQ) 5 .88 .90 .64 

 
Table 4: Discriminant Validity (HTMT Ratios) 

Pair HTMT 

DQ–SQ .74 

DQ–DI .68 

DQ–DRE .71 

DI–DRE .76 

UTP–DRE .73 

OS–DRE .65 

DRE–DecQ .78 

The measurement properties of all Likert 1–5 constructs have been established prior to structural tests, 
thereby satisfying the pre-registered requirement that inference has rested on psychometrically sound 
scales. Internal consistency has been strong: Cronbach’s alpha coefficients have ranged from .86 
(System Quality) to .92 (DRE), surpassing the conventional .70 threshold and indicating that items 
within each construct have cohered around a common latent trait. Composite reliability (CR) values 
have corroborated alpha, lying between .88 and .94, which has further evidenced stable internal 
structure despite the multi-item breadth. Convergent validity has been demonstrated through average 
variance extracted (AVE) values at or above .59, exceeding the .50 benchmark and confirming that more 
than half of the variance in item responses has been attributable to the underlying construct rather than 
measurement error. The DRE scale central to Objectives 1 and 2 has exhibited both high reliability (α = 
.92; CR = .94) and strong convergence (AVE = .68), which has been important because DRE has 
functioned as the mediator between antecedents (e.g., DI, DQ) and outcomes (PP, DecQ). Discriminant 
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validity has been evaluated using HTMT ratios (Table 4), all of which have remained below 
conservative (.85) cutoffs: for example, DI–DRE has been .76 and DQ–SQ has been .74, suggesting 
adjacent but empirically separable constructs. This separation has been theoretically desirable DI has 
captured interaction affordances (filtering, drill-through, parameterization), whereas DRE has 
measured the effectiveness realized by those affordances (timeliness, flexibility, relevance, traceability) 
as perceived by finance users on the Likert continuum. The Information/System/Service quality triad 
has similarly avoided construct collapse, with DQ–SQ at .74, allowing independent coefficients in 
Model A without multicollinearity inflation. The measurement model has therefore satisfied reliability 
and validity criteria, enabling us to compute factor scores (primary) and mean composites (sensitivity) 
for downstream regressions. Combined with procedural CMB controls and confirmatory checks, these 
results have ensured that later findings proving H1–H4 have not been artifacts of noisy measurement 
but have reflected stable, valid latent variables grounded in the five-point scale responses. 
Descriptive Statistics & Correlation Matrix 
The Likert-anchored descriptive statistics have indicated that respondents have generally agreed (means 
≈ 3.6–4.0) that their environments have exhibited acceptable Information/Data Quality (M = 3.98), 
System Quality (M = 3.91), and Dashboard Interactivity (M = 3.87). User Training & Proficiency (UTP) 
has been somewhat lower (M = 3.65), reflecting heterogeneous investment in formal training and 
hands-on DAX/Power Query practice a pattern that has been consistent with the moderation logic of 
H4, wherein Organizational Support (OS) has been expected to amplify the returns to proficiency. 
Dynamic Reporting Effectiveness (DRE) has averaged 3.94 with a standard deviation of .66, indicating 
meaningful variability across sites and roles despite a generally positive central tendency; Decision 
Quality (DecQ) has followed closely at 3.89 (.63). The correlation matrix has aligned with directional 
expectations and has set the stage for multivariate tests: DRE has shown the strongest bivariate ties 
with DI (r = .58, p < .001) and DQ (r = .54, p < .001), followed by UTP (r = .52) and SQ (r = .49). These 
associations have suggested that both what the system affords (interactivity) and what the data enable 
(quality) have been salient drivers of perceived reporting effectiveness, as posited in H1. OS has 
correlated moderately with DRE (r = .47), foreshadowing its combined main and interactive roles in 
Model A.  

Table 5: Descriptives (Likert 5-Point Anchors) and Pearson Correlations (n = 208) 

Variable Mean SD 1 2 3 4 5 6 7 

1. DQ 3.98 0.61 1       

2. SQ 3.91 0.64 .52*** 1      

3. DI 3.87 0.72 .48*** .44*** 1     

4. UTP 3.65 0.78 .41*** .38*** .49*** 1    

5. OS 3.72 0.69 .39*** .36*** .42*** .40*** 1   

6. DRE 3.94 0.66 .54*** .49*** .58*** .52*** .47*** 1  

7. DecQ 3.89 0.63 .46*** .41*** .50*** .43*** .39*** .60*** 1 

* p < .05, ** p < .01, *** p < .001 

Notably, DecQ has correlated .60 with DRE, providing preliminary evidence for H3 that higher 
reporting effectiveness has been associated with better decision outcomes on the same Likert 
continuum. While bivariate correlations cannot prove causality, their magnitudes have been sufficient 
to justify inclusion of these predictors in OLS models without redundancy; variance inflation 
diagnostics reported later have confirmed VIFs below 3.1 after centering, indicating that 
multicollinearity has not threatened coefficient interpretability. The dispersion captured in the five-
point responses has also reassured us that ceiling effects have been limited standard deviations 
between .61 and .78 have preserved discriminating power thereby enabling hierarchical regressions 
and interaction probes to detect incremental variance explained. In short, the descriptive-correlational 
portrait has provided a coherent base from which the subsequent hypothesis tests have been executed, 
using the same Likert-scaled constructs to quantify the relationships central to the study’s objectives. 
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Regression Results (Models A–C) 
Table 6: Model A: Drivers of Dynamic Reporting Effectiveness (DRE) 

Predictor (centered) b SE (HC3) β t p 

Intercept 3.94 0.04   98.2 <.001 

Data Quality (DQ) 0.21 0.04 .23 4.96 <.001 

System Quality (SQ) 0.13 0.04 .14 2.98 .003 

Dashboard Interactivity (DI) 0.24 0.04 .26 5.51 <.001 

User Training & Proficiency (UTP) 0.18 0.04 .19 4.08 <.001 

Organizational Support (OS) 0.11 0.04 .12 2.52 .013 

UTP × OS 0.09 0.04 .10 2.53 .012 

DI × OS 0.08 0.03 .09 2.36 .019 

Controls (size, industry, tenure, sources)           

Model fit Adj-R² = .53 F(…)=     <.001 

 
Table 7: Model B: DRE → Predictive Performance (PP, lower MAPE = better) 

Predictor b (pp change) SE (HC3) t p Adj-R² 

Intercept 9.84 0.42 23.4 <.001  

DRE −0.91 0.24 −3.79 <.001 .12 

Controls           

 
Table 8: Model C: DRE & PP → Decision Quality (DecQ) 

Predictor b SE (HC3) β t p 

Intercept 3.89 0.04   97.2 <.001 

DRE 0.45 0.05 .47 9.41 <.001 

PP (higher = better) 0.17 0.05 .18 3.73 <.001 

Controls           

Model fit Adj-R² = .44       <.001 

 
The hierarchical regression program has tested the core hypotheses and has provided consistent 
support using the validated five-point constructs. In Model A, the antecedent block (DQ, SQ, DI, UTP, 
OS) plus interactions has explained 53% of the variance in DRE after accounting for organizational 
controls, meeting Objective 1 and confirming H1. Dashboard Interactivity (β = .26) and Data Quality (β 
= .23) have emerged as the strongest unique predictors, followed by User Training & Proficiency (β = 
.19) and System Quality (β = .14), all p < .01. Organizational Support has contributed both directly (β = 
.12) and as a moderator: the positive coefficients on UTP × OS and DI × OS have indicated that, in more 
supportive environments, increases in proficiency and interactivity have translated into 
disproportionately higher DRE. Simple-slope probes (not shown) have revealed that the marginal effect 
of UTP on DRE has been small but significant at low OS and has strengthened markedly at high OS an 
empirical pattern that has satisfied H4 and has aligned with the study’s focus on governed self-service. 
These results have been robust to alternative scaling (factor scores vs. mean composites) and to site-
clustered standard errors. Model B has turned to Objective 2 and H2, linking DRE to objective 
Predictive Performance. Using rolling MAPE as the dependent measure (lower is better), the DRE 
coefficient has been −0.91 percentage points per one-unit DRE increase (p < .001), with adjusted R² = 
.12 after controls evidence that more effective dynamic reporting has been associated with 
meaningfully better forecasting accuracy. In Likert terms, moving from “agree somewhat” to “strongly 
agree” on the DRE scale has coincided with nearly a one-point reduction in MAPE, a non-trivial 
improvement for cash and budgeting cycles. Model C has addressed Objective 3 and H3, entering DRE 
and PP together to predict Decision Quality. Both predictors have remained significant (β_DRE = .47; 
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β_PP = .18, p < .001), and the model has explained 44% of DecQ variance. The attenuation of the DRE 
coefficient when PP has been included (relative to a DRE-only model) has hinted at mediation, which 
has been formally tested in Section 4.5. Collectively, these regressions grounded in Likert 1–5 inputs 
have satisfied the planned hypothesis tests and have demonstrated that technical and human enablers 
have lifted reporting effectiveness; that better reporting has coincided with stronger predictive 
accuracy; and that both have contributed to superior decision quality in finance work. 
Mediation / Indirect Effects 

Table 9: Indirect Effect of DRE on Decision Quality through Predictive Performance (Bootstrap, 
10,000 resamples) 

Path Coefficient SE (boot) 95% BCa CI Sig. 

DRE → PP (γ₁; sign-reversed to “higher better”) 0.29 SD 0.08 [0.14, 0.45] Yes 

PP → DecQ (δ₂) 0.18 0.05 [0.08, 0.28] Yes 

Indirect effect IE = γ₁ × δ₂ 0.08 0.03 [0.04, 0.13] Yes 

Direct effect DRE → DecQ (δ₁) 0.47 0.05 [0.37, 0.57] Yes 

Total effect 0.55 0.05 [0.45, 0.65] Yes 

Mediation analysis has been conducted to evaluate whether Dynamic Reporting Effectiveness (DRE), 
measured via Likert 1–5 items, has influenced Decision Quality (DecQ) in part by improving Predictive 
Performance (PP). In line with the plan, we have estimated the a path (DRE → PP) and the b path (PP 
→ DecQ), and we have computed the product IE = γ₁ × δ₂ using bias-corrected and accelerated (BCa) 
bootstrap confidence intervals with 10,000 resamples. Because lower MAPE has represented higher PP, 
the a path has been standardized and sign-reversed for interpretability (higher PP = better). The a 
coefficient has been 0.29 SD (95% CI [0.14, 0.45]), indicating that a one-standard-deviation increase in 
DRE has been associated with roughly a third-standard-deviation increase in PP quality. The b path to 
DecQ has been 0.18 (95% CI [0.08, 0.28]). Multiplying these terms has yielded an indirect effect of 0.08 
(95% CI [0.04, 0.13]), which has excluded zero and thus has confirmed statistically meaningful partial 
mediation. The direct effect of DRE on DecQ has remained large and significant (0.47 [0.37, 0.57]), and 
the total effect has been 0.55, implying that approximately 14–15% of DRE’s total impact on decision 
quality has been transmitted through predictive performance improvements. Substantively, this 
pattern has fitted the study’s objective chain: interactive, traceable reporting (as captured by the Likert 
DRE scale) has enabled better anomaly detection, feature refinement, and scenario alignment, which in 
turn has improved forecast accuracy; those more accurate forecasts together with the reporting 
environment itself have then raised decision quality by boosting confidence, reducing rework, and 
aligning actions with targets. Sensitivity checks have reproduced the mediation using RMSE-
standardized PP and using mean-composite rather than factor-score inputs, with indirect effects 
between 0.07 and 0.09. Site-clustered standard errors and alternative control sets have not altered the 
inference that mediation has been present. The results have, therefore, satisfied the objective to 
integrate reporting, prediction, and decisions into a single empirical mechanism and have 
complemented the H2 and H3 confirmations from the regression program. 
Post-Hoc Analyses 
Post-hoc analyses have been executed to test the stability and generality of results obtained from the 
Likert-based constructs. First, we have replaced MAPE with a standardized RMSE as the PP metric; 
DRE has retained a significant negative association with error (b = −0.29 SD, p < .001), demonstrating 
that H2 has not depended on a particular accuracy definition. Second, we have recomputed Models A–
C with site-clustered robust standard errors to accommodate nesting; all focal effects have remained 
significant at p < .05, indicating that between-site dependence has not undermined inference. Third, we 
have winsorized continuous predictors and outcomes at the 1st/99th percentiles; the pattern and 
magnitude of coefficients have held, suggesting outliers have not driven the results. Subgroup analyses 
have then explored heterogeneous effects: for builders (authors/modelers), Dashboard Interactivity’s 
coefficient on DRE has been larger (β ≈ .29) than for consumers (β ≈ .22), which has been consistent with 
the intuition that those who craft measures and report layouts have realized greater marginal gains 
from rich interaction affordances. Conversely, the impact of UTP has been stronger among respondents 
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with ≤12 months of Power BI tenure, implying that targeted training and enablement have paid the 
largest dividends earlier in the adoption curve before habits and shortcuts have been fully formed.  
 

Table 10: Robustness and Subgroup Checks (Summary) 
 

Analysis Key Result Interpretation 

Alternative PP metric (RMSE-z) 
DRE → PP: b = −0.29 SD, p < 

.001 
Confirms H2 across accuracy 

metrics 

Cluster-robust SEs (site level) 
All focal coefficients remain sig. 

(p < .05) 
Results have not hinged on 

independence 

Winsorization (top/bottom 1%) Model A–C patterns unchanged Outliers have not driven effects 

Builders vs. Consumers 
β(DI→DRE) builders = .29; 

consumers = .22 
Interactivity has mattered more 

for builders 

Tenure split (≤12 vs. >12 mo) 
β(UTP→DRE) higher with short 

tenure 
Training has paid off earlier 

Johnson–Neyman (UTP×OS) 
UTP effect positive when OS ≥ 

3.4 
Confirms moderation region on 

Likert scale 

Alternative scaling (means vs. 
factor scores) 

Coefficients within ±0.03 β 
Scaling choice has not altered 

inference 

 
Table 11: Incremental Variance Explained (ΔAdj-R²) in Model A by Blocks 

Block entered ΔAdj-R² p 

Controls (size, industry, tenure, sources) .07 .004 

+ DQ, SQ, DI, UTP +.39 <.001 

+ OS +.03 .012 

+ Interactions (UTP×OS; DI×OS) +.04 .009 

Final Adj-R² .53 <.001 

A Johnson–Neyman probe of the UTP×OS interaction has replicated the main-text threshold (OS ≥ 3.4 
on the five-point scale) at which proficiency’s effect on DRE has become reliably positive, thereby 
translating the moderation into a governance guideline: maintain OS at “agree” or higher on the Likert 
anchor to harvest stronger returns on training. Finally, we have compared factor-score inputs to mean-
composite scaling; coefficients have remained within ±0.03 in standardized terms and inferences have 
been identical, supporting measurement robustness. The block-entry summary (Table 11) has clarified 
each construct family’s contribution: quality and user factors have accounted for the largest share of 
incremental variance in DRE (+.39), with OS and its interactions adding meaningful, albeit smaller, 
increments (+.03 and +.04). Altogether, the post-hoc suite has reinforced that the objectives and 
hypotheses demonstrating how Likert-measured antecedents have lifted DRE, how DRE has improved 
PP, and how both have raised DecQ have been supported across specifications, subgroups, and 
alternative operationalizations. 
DISCUSSION 
This study has provided an integrated, finance-specific account of how self-service BI operationalized 
through Power BI has translated into dynamic reporting effectiveness, stronger predictive accuracy, 
and higher decision quality. Four results have anchored the evidence chain. First, Dynamic Reporting 
Effectiveness (DRE) has been substantially and uniquely explained by Dashboard Interactivity (DI), 
Data Quality (DQ), User Training & Proficiency (UTP), and System Quality (SQ), with Organizational 
Support (OS) exerting both a direct and amplifying (moderating) influence. Second, higher DRE has 
been associated with better Predictive Performance (PP) (e.g., lower MAPE), evidencing that 
interactive, traceable reporting has enabled faster anomaly detection, cleaner semantic definitions, and 
more targeted feature refinement. Third, DRE and PP together have explained variation in Decision 
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Quality (DecQ), with PP partially mediating DRE’s influence, implying that reporting and forecasting 
have worked in tandem to support finance judgments. Fourth, these relationships have remained 
robust across alternative metrics, role subgroups (builders vs. consumers), and clustering corrections, 
strengthening internal validity. The pattern aligns tightly with IS success logic (quality → 
satisfaction/use → net benefits) while extending it: rather than stopping at “use,” our measures have 
captured effectiveness of dynamic reporting and objective predictive accuracy as distinct outcomes (Petter 
et al., 2008). The observed moderation by OS has been particularly telling; it has indicated that 
enablement, standards, and sponsorship have converted the potential of interactivity and user skill into 
realized effectiveness, a lever often assumed but rarely quantified in finance-grounded studies. 
Collectively, these findings have suggested that the finance function’s value from self-service BI has 
not been a visualization artifact but a governed capability that binds data stewardship, semantic 
modeling, interaction design, and human skill into a repeatable decision pipeline ((Elbashir et al., 2008). 
 

Figure 7: Discussion of Research Results: Power BI–Enabled Finance Analytics 
 

 
 
Relative to the BI and IS success literature, the results have both confirmed canonical expectations and 
supplied finance-specific refinements. The positive contributions of DQ and SQ to downstream 
outcomes have echoed long-standing evidence that accuracy, timeliness, completeness, reliability, and 
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integration are foundational antecedents to satisfaction and realized benefits (Nelson et al., 2005; Petter 
et al., 2008). However, by modeling DRE not merely “use” or “user satisfaction” as an intermediate 
outcome, the study has aligned more closely with work that treats dashboards and analytics as decision 
interfaces with measurable effectiveness attributes (timeliness, flexibility, traceability) (Taylor & 
Dzuranin, 2010; Yigitbasioglu & Velcu, 2012). The magnitude of DI’s effect has been consistent with the 
perspective that interactivity shortens the hypothesis-to-evidence cycle and helps maintain 
explainability as users traverse measures and hierarchies, a precondition in finance where auditability 
matters (Yigitbasioglu & Velcu, 2012). The OS moderation has resonated with BI critical success factors 
work that elevates the roles of governance, sponsorship, and competence centers; our Johnson–
Neyman threshold (OS ≥ “agree”) has provided a practical cut-point that complements qualitative CSF 
syntheses (Yeoh & Koronios, 2010). In contrast to earlier value-of-BI studies that have relied heavily on 
perceptual “net benefits,” we have linked DRE to objective PP offering a bridge between the success 
model and predictive-analytics reporting standards (Isik et al., 2013). This bridge has extended the 
resource-based/capability view of analytics by showing how human skill and governed interactivity 
co-produce a capability that materially improves out-of-sample performance, not just perceived 
usefulness (Gupta & George, 2016). In sum, the study has situated finance BI value at the intersection 
of quality antecedents, interactive design, and enablement, and it has made that intersection 
empirically tractable using Likert-scaled constructs paired with externally computed forecasting 
accuracy. 
The DRE→PP linkage has been consistent with general forecasting and machine learning 
benchmarking guidance while making an important contextual claim: reporting effectiveness is a predictor 
of forecasting effectiveness. Traditional forecasting research has emphasized that data preparation, 
baseline benchmarking, and rolling-origin evaluation are as important as model choice (Hyndman & 
Koehler, 2006). Our findings have agreed higher DRE has aligned with better MAPE/RMSE suggesting 
that interactive, traceable reports have facilitated cleaner feature engineering, quicker identification of 
structural breaks, and more disciplined reconciliation between model outputs and business narratives. 
This echoes proper scoring rule arguments that calibrated, interpretable forecasts require transparent 
pipelines and active interrogation of residuals and exceptions (Gneiting & Raftery, 2007). Moreover, 
the partial mediation by PP in the DRE→DecQ pathway has been compatible with evidence from large-
scale competitions (e.g., M4) that ensembles and disciplined processes outperform single, complex 
models; process and governance not algorithmic novelty alone drive accuracy and credibility 
(Makridakis et al., 2018). On the classification side, credit-risk benchmarking has shown gains from 
modern ML under careful validation (Lessmann et al., 2015); our results have paralleled that ethos by 
favoring explainable accuracy over black-box uplift. The takeaway, set against this literature, is that 
finance forecasting quality has not simply been a modeling issue but an organizational reporting-and-
modeling issue: when teams have been able to traverse KPI roll-ups to transaction-level evidence and to 
iterate measures rapidly, predictive quality has benefited. Consequently, the study has reinforced a 
pipeline-centric view data lineage, semantics, interaction, and training have acted as upstream 
determinants of accuracy, consistent with best-practice guides from forecasting scholarship translated 
into enterprise BI workflows (Henseler et al., 2015; Hyndman & Koehler, 2006). 
The practical implications coalesce into guidance for CFOs, FP&A leaders, CISOs, and data/analytics 
architects seeking durable value from self-service BI. First, governance as enablement: the OS 
moderation has empirically shown that training, standards, and support amplify the payoff from user 
proficiency and interactivity. For CISOs and data governors, this means codifying semantic controls 
and data lineage (who defines DAX measures, how they are tested, how they map to ERP truth) 
alongside access controls and least-privilege treating governance as helping the business go faster without 
sacrificing compliance (Khatri & Brown, 2010). Second, architect for low latency and explainability: 
architects should prefer patterns that minimize refresh lag (e.g., incremental refresh, query folding), 
maintain conformed dimensions, and enforce visual standards that foreground comparatives and 
exception narratives, since DI and SQ have been direct DRE drivers (Yigitbasioglu & Velcu, 2012). 
Third, train early, train targeted: the stronger UTP effects among lower-tenure users indicate that early, 
role-tailored enablement (builders vs. consumers) yields outsized returns make “DAX patterns, drill-
through etiquette, and interpretation checklists” mandatory for new finance users (Yeoh & Koronios, 
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2010). Fourth, tie reports to forecasting scorecards: mandate that every forecast has an associated 
dynamic view tracing drivers, assumptions, and residual patterns; embed proper baselines and rolling-
origin checks so PP is monitored like a KPI (Venkatesh et al., 2012). Fifth, security-by-design for self-
service: because dynamic reporting increases data reach, CISOs should adopt governed self-service 
centralized models with certified datasets, row-level security, and monitored sharing so that the gains 
in DRE do not expand risk surfaces (Khatri & Brown, 2010). This playbook operationalizes our 
coefficients: raise DQ and SQ through governance and pipeline care; raise DI through standard widgets 
and drill paths; raise UTP through structured enablement; and keep OS “at least agree” on a sentiment 
thermometer to unlock the strongest marginal returns. 
Theoretically, the results have advanced a pipeline-refinement perspective that links IS success, 
adoption, and capability theories. We have argued and shown that DRE is not a proxy for use but an 
emergent property of a governed pipeline data quality and system performance enable interactivity to 
become effective, and effectiveness, in turn, scaffolds predictive accuracy. This clarifies the mechanism 
by which quality antecedents and user factors propagate through the pipeline to produce two separable 
outcomes: reporting effectiveness (perceived, task-proximal) and predictive accuracy (objective, model-
proximal). The partial mediation indicates that DRE carries both diagnostic content (users see and 
understand drivers) and procedural content (teams adopt disciplined feature/refinement loops), both 
of which shape PP and then decisions. The OS moderation operationalizes dynamic capability within 
BI programs: sensing (exception surfacing via DI), seizing (rapid redesign of measures), and 
reconfiguring (governed updates to semantic models) are stronger when sponsorship and enablement 
are high (Teece, 2007). Boundary conditions also emerge. Where data are highly intermittent, non-
stationary, or sparse, the mapping from DRE to PP may attenuate without specialized feature 
engineering; conversely, in well-instrumented, stable contexts, DRE may be a stronger leading 
indicator of PP improvements. Finally, by quantifying OS thresholds for positive proficiency returns, 
the model refines acceptance theory (UTAUT/TAM) for post-adoptive, producer-consumer users in 
finance suggesting that habit and facilitating conditions are not just antecedents to intention, but 
moderators of realized effectiveness in complex, governed toolchains (Venkatesh et al., 2012). Future 
conceptual work can formalize these mechanisms as micro-foundations (standards, code reviews, 
design systems) that tie semantic consistency and interaction patterns to accuracy gains. 
Several limitations have framed how these results should be interpreted. The design has been cross-
sectional; while mediation and moderation have been theoretically grounded and statistically 
supported, causal claims remain inferential rather than experimental. Longitudinal designs would 
better capture learning curves and the temporal ordering of DRE→PP→DecQ. Second, the PP linkage 
has relied on governance-approved accuracy metrics supplied by case sites; although this has improved 
ecological validity, it has introduced heterogeneity in windows and targets that we have mitigated via 
documentation and sensitivity checks (Hyndman & Koehler, 2006). Third, self-report scales, even with 
procedural and statistical controls, can carry common method bias; our tests have been reassuring (e.g., 
HTMT, marker factor), but unobserved context may remain (Petter et al., 2008). Fourth, the platform 
focus (Power BI) has aided specificity yet may limit generalizability to other stacks (e.g., Tableau, 
Looker) where semantic governance and DAX-like expressivity differ; still, the capability logic 
(governed interactivity + data quality + enablement) should translate (Popovič et al., 2012). Fifth, case-
site clustering has been modest; while cluster-robust SEs have preserved inferences, future work could 
escalate to multi-level SEM to parse site-level governance effects more cleanly. Finally, our constructs 
have emphasized explainable forecasting; settings that privilege pure predictive lift under opaque 
models might show different DRE–PP dynamics (Gneiting & Raftery, 2007). These limitations 
notwithstanding, triangulation across Likert scales, objective PP, and robustness analyses has bolstered 
credibility, and the effect sizes particularly for DI, DQ, and UTP under strong OS have been practically 
meaningful in finance cadence. 
Future research can extend these insights along four lines. First, panel and intervention studies: track 
cohorts before and after governance or training interventions (e.g., launch of a BI competence center, 
rollout of semantic standards) to estimate causal effects on DRE and PP; randomized encouragement 
designs could allocate enablement resources across teams to test OS thresholds prospectively (Teece, 
2007). Second, artifact-level granularity: log-level telemetry can specify which interaction patterns (e.g., 
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drill-through frequency, filter complexity) predict DRE gains and whether such patterns are productive 
or thrashy; mixed-methods work could tie these patterns to design rubrics (Yigitbasioglu & Velcu, 2012). 
Third, cross-platform comparisons: replicate the model in Tableau/Looker/SAP Analytics sites to 
separate platform affordances from capability governance; this would test generalizability of the OS 
moderation and the DRE→PP pathway (Popovič et al., 2012). Fourth, probabilistic forecasting 
adoption: embed proper scoring and calibration clinics into FP&A routines and measure whether 
adoption of intervals/quantiles (vs. points) strengthens the PP→DecQ link for risk-sensitive decisions 
(Gneiting & Raftery, 2007). Fifth, equity and access: investigate whether enablement resources and thus 
OS are evenly distributed across regions and roles; differential access may explain variance in UTP 
effects and suggest targeted interventions (Yeoh & Koronios, 2010). Finally, multi-level modeling of 
governance: formalize site-level constructs (data stewardship maturity, security posture, architectural 
choices) and estimate cross-level interactions to quantify how organizational structure conditions 
individual-level proficiency returns (Khatri & Brown, 2010). Pursued together, these directions would 
convert our pipeline-refinement interpretation into a cumulative program: codify standards and 
training as testable levers, validate the DRE→PP mechanism across contexts, and translate BI 
governance into a measurable driver of forecasting and decision quality in finance. 
CONCLUSION 
The study has provided an integrated, finance-specific explanation of how self-service BI 
operationalized through Power BI has translated into measurable improvements in dynamic reporting 
effectiveness, predictive accuracy, and decision quality, thereby fulfilling the stated objectives and 
supporting all hypotheses. By validating reliable Likert five-point scales and linking them to 
independently supplied forecast-accuracy indicators, the research has demonstrated that dashboard 
interactivity, data quality, user training and proficiency, and system quality have each contributed 
uniquely to dynamic reporting effectiveness, while organizational support has both directly elevated 
effectiveness and amplified the marginal returns to proficiency and interactivity. In turn, higher 
dynamic reporting effectiveness has been associated with meaningfully lower forecast error, 
confirming that governed, interactive reporting has not merely visualized information but has enabled 
faster anomaly detection, cleaner semantics, and more disciplined feature refinement that have 
improved model performance. When combined in a joint model, dynamic reporting effectiveness and 
predictive performance have each explained decision quality, and a statistically significant indirect 
pathway from reporting effectiveness through predictive performance to decision quality has been 
established, showing that finance teams have realized decision benefits from both the reporting 
environment and the forecasts it has helped to shape. These results have remained robust across role 
subgroups, alternative predictive metrics, clustering corrections, and scaling choices, reinforcing 
internal validity and underscoring that value has arisen from a governed pipeline rather than from 
visualization or algorithmic choice in isolation. Practically, the evidence has crystallized a playbook for 
CFOs, FP&A leaders, CISOs, and data/analytics architects: sustain high data and system quality 
through stewardship and architectural discipline; standardize interaction patterns that foreground 
comparatives and drillable exception narratives; invest early and role-targeted training to raise 
proficiency; and maintain organizational support at a consistently “agree” level or higher so that 
enablement, standards, and sponsorship have converted capability into realized effectiveness. 
Theoretically, the study has advanced a pipeline-refinement view by positioning dynamic reporting 
effectiveness as a distinct, measurable outcome that connects quality antecedents and user factors to 
objective predictive accuracy and, ultimately, to decision quality, with organizational support acting as 
a contextual amplifier. Limitations most notably the cross-sectional design and variation in site-
provided accuracy windows have been acknowledged, and extensive assumption checks and 
sensitivity analyses have been executed to mitigate threats to inference. Taken together, the research 
has offered a cumulative, evidence-backed account of how governed self-service analytics in finance 
has worked: quality data and performant systems have enabled rich interactivity; interactivity and 
proficiency, under supportive governance, have produced effective dynamic reporting; effective 
reporting has improved forecasting accuracy; and both reporting and forecasting have raised decision 
quality. By making each link explicit and testable, the study has provided a replicable template for 
assessing and improving BI-enabled finance functions and has charted a clear path for organizations 
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that have sought to convert investments in Power BI into faster, more accurate, and more confident 
financial decisions. 
RECOMMENDATIONS 
Building on the evidence chain established in this study, we recommend that finance leaders, CISOs, 
and analytics architects operationalize a “governed self-service” operating model that explicitly links 
data stewardship, semantic modeling, interaction design, and user enablement to measurable targets 
for dynamic reporting effectiveness (DRE), predictive performance (PP), and decision quality (DecQ). 
First, formalize data and system quality with service-level objectives that are visible to finance: define 
authoritative data sources, institute data-quality scorecards (accuracy, completeness, timeliness, 
consistency), and adopt architectural patterns that minimize refresh latency (incremental refresh, query 
folding, partitioning) so that dashboards consistently achieve “agree” or better on Likert DQ and SQ 
items. Second, establish a certified semantic layer and design system for Power BI: publish 
standardized DAX measure templates (e.g., variance, rolling forecast, run-rate), conformed 
dimensions, drill-through etiquette, and visual grammar that foregrounds comparatives and exception 
narratives; require peer review for new measures and visuals to prevent semantic drift. Third, upgrade 
organizational support (OS) from a passive sponsor role to an enablement engine: create a BI 
competence center that delivers role-specific pathways (builder vs. consumer), office hours, pattern 
libraries, and “show-and-tell” clinics; budget recurring time for training and codify it in performance 
plans to keep OS sentiment at or above the empirically identified threshold where returns to proficiency 
and interactivity are strongest. Fourth, hardwire dashboard interactivity (DI) into decision rituals: 
embed certified reports in monthly close and forecast reviews, mandate drill-paths from KPIs to 
transaction-level evidence, and implement navigation that supports ad-hoc questioning without 
context loss; use telemetry to monitor filter, drill, and view usage and iterate where interactions are 
under-utilized or confusing. Fifth, professionalize predictive governance: require that every forecast 
has a documented baseline comparator (naïve/seasonal/exponential smoothing), rolling-origin 
evaluation, and tracked accuracy (MAPE/RMSE) with confidence/quantile bands; publish a PP 
scorecard next to its driving report so that model accuracy and business interpretation co-evolve; 
trigger retraining when drift thresholds are breached. Sixth, integrate security and privacy by design: 
enforce row-level security, least-privilege access, data-loss prevention, and sharing policies within 
certified workspaces so that the expansion of interactivity does not expand risk; include the CISO office 
in semantic-layer certification to balance agility and compliance. Seventh, institute closed-loop 
performance management: tie corrective actions from variance analysis to owners, due dates, and 
follow-up visuals; track the cycle time from anomaly detection to resolution as a leading indicator of 
DRE and DecQ improvement. Eighth, make measurement public: run quarterly pulse surveys using 
the validated Likert scales for DQ, SQ, DI, UTP, OS, DRE, and DecQ; publish trend dashboards and 
correlate them with PP to prioritize interventions where they yield the largest marginal gains. Ninth, 
invest in early-tenure proficiency: front-load hands-on onboarding (DAX patterns, Power Query 
transformations, visual design basics), paired with mentorship, because the study has shown larger 
returns to training among users with ≤12 months of tenure. Finally, plan for sustainability and scale: 
automate CI/CD for datasets and reports, version control the semantic layer, maintain a change-
advisory forum for shared measures, and document architectural decisions and exceptions; this turns 
one-off wins into a durable capability that persistently raises DRE, improves PP, and, ultimately, 
solidifies higher-quality, faster financial decisions. 
LIMITATION 
Although this study provides robust empirical evidence on the relationships among dynamic reporting 
effectiveness, predictive performance, and decision quality in Power BI–enabled finance environments, 
several limitations should be acknowledged. First, the research design is cross-sectional, which restricts 
the ability to establish causal inferences or observe how reporting effectiveness and predictive accuracy 
evolve over time. Longitudinal or panel-based designs would be better suited to capturing learning 
curves, seasonality in forecasting behavior, and changes in organizational support or governance 
maturity. Second, while the study includes objective predictive-performance metrics, these indicators 
were sourced directly from participating organizations’ internal scorecards. This introduces variation 
in the forecast horizons, target variables, and accuracy windows used across sites. Although sensitivity 
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analyses partially mitigate this concern, the heterogeneity may reduce comparability and introduce 
unobserved measurement noise. Third, all perceptual constructs—including data quality, system 
quality, interactivity, proficiency, organizational support, dynamic reporting effectiveness, and 
decision quality—were collected via self-report Likert measures. Despite procedural remedies and 
statistical diagnostics to reduce common method bias, perceptual responses may still reflect recall 
limitations, social desirations, or contextual influences that are difficult to fully eliminate. Fourth, the 
focus on Microsoft Power BI, while purposeful for specificity, may limit generalizability to other BI 
ecosystems such as Tableau, Looker, SAP Analytics Cloud, or Qlik. Differences in semantic modeling 
paradigms, governance models, and visualization grammars may influence reporting effectiveness and 
the mechanisms identified here. Fifth, the sampling frame—finance professionals working in 
organizations that have used Power BI for at least six months—provides strong ecological validity but 
may underrepresent early-stage adopters, organizations with fragmented data architecture, or finance 
teams operating without governance or semantic consistency. As a result, the effect sizes may be 
stronger than what would be observed in less mature environments. Finally, respondents were nested 
within 29 case sites, and although clustering adjustments were applied, the study did not estimate 
multi-level models. Organization-level factors—such as data governance maturity, BI competency-
center structure, or architectural standards—likely explain additional variance in dynamic reporting 
effectiveness and predictive quality but were not explicitly modeled. 
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