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Abstract 
This study examined the statistical relationships between data-driven framework maturity and decision-
making effectiveness across U.S. public and private organizations using a quantitative, explanatory, cross-
sectional comparative design. Analysis was conducted at the organizational level for 140 organizations, 
including 68 public-sector and 72 private-sector organizations. Data-driven framework maturity was 
operationalized through five dimensions—governance maturity, data quality management, architecture and 
integration depth, analytics capability, and decision integration—while decision-making effectiveness was 
assessed using five outcome families: decision timeliness, decision consistency, accuracy/error sensitivity, 
compliance-adjusted outcomes, and performance attainment. Descriptive results showed higher mean digital 
maturity in private organizations (M = 3.62, SD = 0.68) than public organizations (M = 3.28, SD = 0.74), 
while regulatory intensity was higher in public organizations (M = 4.01, SD = 0.63) than private 
organizations (M = 3.42, SD = 0.77). Correlation analysis indicated positive associations among maturity 
dimensions, with the strongest inter-correlation between analytics capability and decision integration (r = 
0.71). Reliability results were acceptable to strong across constructs, with Cronbach’s alpha ranging from 0.80 
to 0.90 and composite reliability from 0.83 to 0.91; confirmatory factor analysis supported the measurement 
model (CFI = 0.94, TLI = 0.93, RMSEA = 0.061, SRMR = 0.049). Collinearity diagnostics were within 
acceptable limits (VIF range: 1.20–2.56). Regression results showed that maturity dimensions improved 
explanatory power beyond controls, with adjusted R² reaching 0.41 for performance attainment and 0.36 for 
decision timeliness. Decision integration was positively associated with decision timeliness (β = 0.31, 95% CI 
[0.14, 0.46]), accuracy/error sensitivity (β = 0.28, 95% CI [0.11, 0.43]), and performance attainment (β = 
0.30, 95% CI [0.13, 0.45]). Analytics capability was also positively related to performance attainment (β = 
0.26, 95% CI [0.10, 0.40]), while governance maturity aligned most strongly with compliance-adjusted 
outcomes (β = 0.29, 95% CI [0.12, 0.44]). 
 
Keywords 
Data-Driven Maturity, Analytics Capability, Decision Integration, Sector Moderation, Performance 
Outcomes 

American  
Journal of  
Scholarly Research and 
Innovation 

[1]. Master of science in Information Technology Management, Cumberland University, Tennessee, 
USA; Email: wahidraj001@gmail.com  
 

[2]. Stevens Institute of Technology, New Jersey, USA 
Email: saipraveenkudapa@gmail.com  
 

 
 
   

Volume: 1; Issue: 2 
Pages: 86– 133 

eISSN: 3067-2163  

https://doi.org/10.63125/axxs9j17
mailto:wahidraj001@gmail.com
mailto:saipraveenkudapa@gmail.com
https://researchinnovationjournal.com/index.php/AJSRI/index


American Journal of Scholarly Research and Innovation, December 2022, 86– 133 

87 
 

INTRODUCTION 
Data-driven frameworks for improving decision-making refer to structured, repeatable approaches 
that use data as a primary input for selecting actions, allocating resources, evaluating performance, and 
managing risk across organizational functions. In quantitative research, “data-driven decision-
making” is typically treated as a measurable organizational capability that includes data acquisition, 
integration, governance, analysis, communication, and the translation of analytic outputs into 
operational choices (Hwang et al., 2021). A “framework” in this context denotes an interlocking set of 
components—such as data governance rules, analytics workflows, performance metrics, and 
accountability mechanisms—that guides how evidence is produced, validated, and applied. The term 
“data” includes administrative records, transactional logs, sensor or operational telemetry, survey 
responses, open-data repositories, and digitally captured behavioral traces. “Information” is often 
distinguished as data organized for meaning, and “knowledge” as information interpreted for action 
through experience, institutional norms, and decision protocols. Analytics commonly spans descriptive 
analytics (what occurred), diagnostic analytics (why it occurred), predictive analytics (what is likely to 
occur), and prescriptive analytics (what actions best satisfy objectives under constraints) (Matheus et 
al., 2020).  
 

Figure 1: Data-Driven Decision-Making Framework 

 
Quantitative decision research also differentiates human judgment—often bounded by limited 
attention and cognitive heuristics—from model-based judgment that uses statistical estimation, 
machine learning, and optimization procedures to infer patterns and recommend actions. A data-
driven framework, therefore, can be operationalized as a combination of technical infrastructure 
(databases, integration pipelines, dashboards, and modeling environments), organizational 
infrastructure (roles, responsibilities, governance councils, training, and incentives), and decision 
infrastructure (standardized metrics, thresholds, review cadences, audit trails, and feedback loops). 
This definition aligns with the central concern of quantitative organizational inquiry: identifying the 
measurable conditions under which data practices produce systematic variation in decision quality, 
timeliness, consistency, transparency, and performance outcomes across contexts (Lepri et al., 2017). 
From a measurement perspective, “decision quality” can be modeled using accuracy, calibration, 
utility, error costs, or goal attainment depending on domain. “Decision-making effectiveness” can be 
studied with process indicators (cycle time, variance reduction, compliance rates) and outcome 
indicators (service performance, financial productivity, risk reduction, and stakeholder satisfaction). 
Because decision-making occurs within constraints of law, ethics, budgets, and institutional mission, a 
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rigorous introduction also distinguishes data-driven decision-making from data determinism: 
frameworks specify how evidence is weighed alongside expert judgment, legal rules, and public 
values, and how that weighting is documented and monitored as a reproducible decision process 
(Datnow & Park, 2014). 
The international significance of data-driven decision frameworks arises from shared pressures across 
governments and markets to improve service delivery, productivity, integrity, and resilience while 
operating under fiscal, regulatory, and legitimacy constraints (Arfan et al., 2021; Lepri et al., 2017). 
Organizations in different countries face common operational realities: digitization increases the 
volume and velocity of records; interdependence across supply chains and public services increases 
coordination demands; and performance expectations are increasingly evaluated through metrics, 
audits, and public reporting (Jahid, 2021). Data-driven frameworks provide a generalizable approach 
for converting information abundance into decision structure, enabling comparable improvements in 
resource allocation, targeting, and evaluation across sectors and nations (Janssen et al., 2017; Md.Akbar 
& Farzana, 2021). In the public sector, cross-national governance reforms have emphasized 
performance measurement, evidence use, and administrative modernization as mechanisms for 
accountability and service improvement. In private organizations, global competition has amplified the 
value of analytics for pricing, forecasting, risk management, customer experience, and operational 
efficiency (Reza et al., 2021; Saikat, 2021). Internationally, frameworks are also tied to data protection, 
privacy, and ethical governance because decision systems increasingly rely on personal, financial, and 
behavioral information. Quantitative research is positioned to examine how institutional environments 
influence the strength of the relationships among data governance, analytics capability, and measurable 
performance outcomes (Shaikh & Aditya, 2021; van Veenstra & Kotterink, 2017; Zobayer, 2021a). The 
U.S. case is internationally salient because its public sector combines federalism, complex procurement 
ecosystems, and high demands for transparency, while its private sector includes globally influential 
firms that have shaped contemporary analytics practices, digital platforms, and managerial methods 
(Md Arman & Md.Kamrul, 2022; Zobayer, 2021b). The U.S. environment also interacts with 
international standards and practices in auditing, information security, public financial management, 
and organizational performance measurement (Md Sarwar Hossain & Md Milon, 2022; Md. Abdur & 
Zamal Haider, 2022; Nisar et al., 2021). At the same time, the U.S. context is not isolated; organizations 
exchange frameworks through professional networks, multinational operations, public-sector policy 
transfer, and globally standardized technology stacks. As a result, studying U.S. public and private 
organizations contributes to broader empirical understanding of how data-driven management 
behaves under conditions common to many developed and developing systems: multi-stakeholder 
governance, heterogeneous data sources, regulatory complexity, and varied mission objectives 
(Mohammad Mushfequr & Sai Praveen, 2022; Mortuza & Rauf, 2022; Shah et al., 2021). The 
international relevance is further reinforced by the convergence of methods used to study decision-
making in organizations, including econometrics, program evaluation, forecasting, causal inference, 
experimentation, and predictive modeling. These tools allow researchers to specify constructs, test 
relationships, estimate effect sizes, and compare results across jurisdictions and sectors (Rakibul & 
Samia, 2022; Saikat, 2022). A quantitative paper on data-driven frameworks in U.S. organizations 
therefore supports international research agendas focused on organizational capability measurement, 
performance management, public value creation, and productivity. It also connects to global debates 
on how to design accountable analytics: how to ensure data quality, mitigate bias, maintain auditability, 
and align model outputs with institutional objectives. By grounding the topic in measurable 
frameworks rather than anecdotal success stories, quantitative inquiry strengthens cross-national 
learning about what structural components are associated with reliable decision improvements across 
diverse organizational settings. 
Quantitative research on data-driven frameworks draws from multiple theoretical traditions that 
define how information, capability, and structure shape organizational outcomes . Decision theory and 
behavioral decision research describe how individuals and groups evaluate options under uncertainty, 
including the role of heuristics, bounded rationality, and organizational routines that stabilize choices 
across time. Information processing perspectives model organizations as systems that must collect, 
interpret, and distribute information to reduce uncertainty and coordinate action; these views treat data 
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architecture and analytic routines as mechanisms that expand information-processing capacity. From 
strategy and organizational economics, capability-oriented theories view analytics as a resource that 
can become a competitive advantage when embedded in routines, aligned with strategy, protected by 
governance, and complemented by human expertise. Complementary asset arguments explain why the 
value of analytics is amplified when paired with organizational changes such as process redesign, skill 
development, incentive alignment, and leadership commitment. Socio-technical perspectives model 
data-driven decision-making as joint optimization of technology and organization, predicting that 
outcomes depend on both technical system quality and social adoption conditions. In information 
systems research, system success models propose measurable pathways from information quality, 
system quality, and service quality to use, user satisfaction, and organizational net benefits. Technology 
adoption frameworks highlight perceived usefulness, perceived ease of use, organizational readiness, 
and environmental pressures as determinants of adoption and integration depth, which can be 
translated into quantitative indicators such as maturity scores, training intensity, and usage logs. 
Evidence-based management research emphasizes structured acquisition and appraisal of evidence, 
suggesting that decision quality improves when organizations standardize how evidence is gathered, 
evaluated, and integrated with practitioner expertise. Public administration and performance 
management research contributes constructs for accountability, legitimacy, and public value, 
encouraging measurement of outcomes beyond financial returns. These theoretical streams support 
testable quantitative propositions: analytics capability is expected to correlate with performance when 
data quality and governance are strong; governance and transparency mechanisms are expected to 
mediate or moderate the relationship between analytics use and decision outcomes; and organizational 
context such as mission complexity, regulatory constraints, and stakeholder diversity is expected to 
shape effect sizes. For a U.S.-focused study, these foundations enable hypotheses that compare public 
and private organizations along measurable dimensions such as decision latency, variance in service 
outcomes, compliance rates, risk events, cost efficiency, and stakeholder satisfaction metrics (Lourenço 
et al., 2017). They also justify modeling frameworks as multi-dimensional latent constructs rather than 
single variables, supporting structural equation modeling, multilevel modeling, or composite index 
approaches. Theoretical integration further motivates attention to feedback loops: decisions generate 
new data, data updates models, models influence subsequent decisions, and outcomes validate or 
revise decision rules. Quantitative designs can capture these loops using time-series indicators, panel 
datasets, or repeated-measures survey instruments. Within this combined theoretical lens, data-driven 
frameworks become more than technology adoption; they are measurable organizational systems that 
formalize how evidence is produced, interpreted, and institutionalized into repeatable decision 
processes with performance consequences (Lu et al., 2019). 
A quantitative study of data-driven frameworks requires clear identification of components that can be 
measured reliably across organizations. One component is data governance, which can be 
operationalized through indicators such as the existence of formal policies, data stewardship roles, 
metadata management practices, data access controls, and documented quality standards. Data quality 
is often measured using completeness, accuracy, timeliness, consistency, validity, and uniqueness, with 
domain-specific thresholds tied to decision requirements (Bousdekis et al., 2021). Data integration and 
architecture can be represented by the degree of interoperability among systems, the presence of 
enterprise data warehouses or lakehouse architectures, the use of standardized identifiers, and the 
frequency of automated pipeline updates. Analytics capability can be operationalized as the availability 
of skilled analysts, the maturity of modeling practices, the range of analytic methods used, the 
proportion of decisions supported by dashboards or models, and the degree of experimentation or 
causal evaluation in decision routines. Decision process design is a distinct component that captures 
how evidence enters decision points: whether decision rights are defined, whether analytic outputs are 
reviewed in committees, whether thresholds trigger actions, whether exception handling is 
documented, and whether audit trails exist. Performance measurement and management provide 
another measurable domain, including the existence of key performance indicators (KPIs), alignment 
of KPIs with mission goals, review cadence, and the linkage between KPIs and budgeting or operational 
planning (Elragal & Klischewski, 2017). Change management and adoption can be quantified using 
training hours, adoption rates, system usage logs, survey-based acceptance measures, and documented 
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process redesigns. Finally, ethical and legal compliance can be operationalized through privacy impact 
assessments, model documentation, fairness checks, security controls, and compliance audit outcomes. 
In public organizations, additional measurable features include legislative reporting requirements, 
transparency obligations, procurement constraints, and program evaluation mandates. In private 
organizations, measurable features include competitive intensity, customer churn metrics, operational 
cycle time, and financial productivity indicators (Kurilovas, 2020). Quantitative frameworks also 
distinguish between “use” and “impact”: usage metrics can be high while decision quality remains 
unchanged if data are unreliable or incentives reward speed over accuracy. This distinction supports 
research models that separate antecedents (governance, quality, infrastructure) from mediators 
(analytics use, integration into routines) and outcomes (performance, risk, service quality). 
Measurement choices are central; robust designs define dependent variables that match organizational 
objectives and the unit of analysis. For example, decision effectiveness in procurement can be measured 
as cycle time, cost variance, contract performance, and audit findings; decision effectiveness in clinical 
or safety contexts can be measured as error rates, incident reductions, and compliance adherence 
(Wang et al., 2019). Many organizations require multi-level measurement: individual users interact 
with dashboards, teams operationalize decisions, and the organization experiences outcomes in 
aggregated performance. This motivates multilevel statistical designs that connect individual adoption 
to team routines and organization-level results. Instrument design can combine survey scales for latent 
constructs such as analytics culture with objective indicators such as data latency, model deployment 
counts, or service performance logs. By specifying a measurement architecture that maps framework 
components to observable indicators, quantitative research can test which parts of a data-driven 
framework are statistically associated with decision improvement and whether those associations differ 
between U.S. public and private organizations (Ballou et al., 2018). 
U.S. public organizations operate within institutional conditions that shape data-driven decision-
making in measurable ways: legal constraints, political oversight, audit regimes, transparency 
expectations, and multi-level governance. Federal, state, and local agencies manage complex portfolios 
that include social services, public health, transportation, taxation, education, public safety, and 
regulatory enforcement (Liu et al., 2021). Each domain generates high-volume administrative data that 
can support performance management and program evaluation when integrated and governed. Public-
sector decision-making often features multiple stakeholders with competing objectives, requiring 
measurable balancing of efficiency, equity, compliance, and service quality. Quantitative analysis of 
data-driven frameworks in this context can focus on how agencies adopt performance measurement 
systems, evidence standards, and analytic tools to allocate resources, target interventions, and evaluate 
program effectiveness. Performance management traditions in government have institutionalized 
metric reporting and strategic planning practices, creating natural data structures for studying decision 
improvement through indicators such as service timeliness, coverage rates, error rates, backlogs, and 
cost per unit of service (Ma et al., 2020). Evidence use in policy and administration introduces additional 
measurable dimensions: the use of evaluation methods, integration of research findings into program 
design, and the presence of learning routines such as after-action reviews and continuous improvement 
cycles. U.S. public agencies also face measurable challenges related to data fragmentation across 
systems, legacy technology, and procurement rules that affect modernization speed. Governance 
structures—such as data offices, chief data officers, and interagency councils—represent measurable 
interventions that can be modeled as predictors of improved data access, standardization, and analytic 
use. In public organizations, transparency and accountability create an additional layer of measurable 
requirements: decisions must often be documented, auditable, and explainable to oversight bodies and 
the public (Wang, 2017). This can strengthen auditability and reduce discretionary variation in 
decisions, while also increasing documentation burdens and review layers that affect cycle times. 
Quantitative research can capture these dynamics through process measures such as time-to-decision, 
number of approval steps, and audit finding counts. Public value frameworks further expand outcome 
measurement beyond efficiency to include equity and fairness metrics, geographic or demographic 
coverage, and trust-related indicators. Data-driven frameworks in government also frequently intersect 
with privacy and civil liberties requirements, especially when administrative records contain sensitive 
information. This introduces measurable governance features such as access controls, data-sharing 
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agreements, and compliance audit outcomes. Public organizations are also shaped by workforce 
structures; civil service rules and specialized job classifications can influence hiring speed, training 
intensity, and retention of analytic talent, which can be measured through staffing levels, vacancy 
duration, and training hours (Mert Onuralp Gökalp et al., 2021). From a quantitative perspective, the 
U.S. public sector provides a setting where data-driven frameworks can be studied as institutionalized 
systems of measurement, evaluation, and accountable decision protocols. The central analytic problem 
becomes identifying the relationships among governance, capability, and outcomes while accounting 
for mission complexity, jurisdictional differences, and policy-driven constraints that vary across 
agencies and levels of government (Kamble & Gunasekaran, 2020). 
 

Figure 2: Integrated Data Analytics Architecture 

 
U.S. private organizations provide a complementary context in which decision-making is strongly 
shaped by market competition, shareholder expectations, customer experience metrics, and operational 
efficiency targets (Datnow & Hubbard, 2016). Firms across industries—finance, retail, healthcare, 
logistics, manufacturing, insurance, technology, and professional services—use data-driven 
frameworks to support pricing, credit decisions, fraud detection, demand forecasting, inventory 
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control, supply chain coordination, marketing optimization, and risk management. Quantitative 
analysis in the private sector often benefits from high-frequency transactional data and digitally 
instrumented processes that allow precise measurement of decision inputs and outcomes. For example, 
in retail and digital platforms, clickstream logs and purchase histories can link analytic 
recommendations to conversion rates and customer lifetime value (Xu et al., 2020). In operations and 
supply chain settings, sensor telemetry and production data can link predictive maintenance 
frameworks to downtime reductions and throughput improvements. In finance, model-based decision 
systems can be measured through default prediction accuracy, loss rates, and compliance outcomes. 
Private-sector frameworks typically formalize decision-making through KPIs tied to incentives and 
performance reviews, enabling statistical evaluation of how analytic maturity correlates with 
productivity measures such as revenue per employee, margin improvement, cost-to-serve reductions, 
and service-level adherence. A distinctive quantitative feature of private organizations is 
experimentation capacity: randomized experiments, A/B tests, and quasi-experimental rollouts can 
allow stronger causal inference about the impact of analytics on decision outcomes (Reeves & Chiang, 
2018). Private firms also invest in data governance and architecture to enable scalable analytics, making 
measurable indicators such as cloud adoption, pipeline automation, model deployment counts, and 
data catalog coverage relevant predictors. Culture and leadership commitment to analytics are 
frequently modeled as latent constructs measured by survey instruments and linked to objective 
performance metrics. At the same time, private organizations face measurable constraints linked to 
regulation, especially in sectors such as healthcare, banking, and insurance, where privacy, fairness, 
and compliance standards influence model use and documentation practices. Risk governance in 
private firms introduces measurable elements such as model risk management procedures, validation 
frequency, monitoring dashboards, and exception rates (Hartmann et al., 2016). Another measurable 
distinction is the strategic role of data assets; firms may treat proprietary datasets and analytic models 
as core resources, which can be operationalized through investment levels, patenting activity, data 
acquisition spending, and specialized staffing. The U.S. private sector is also characterized by 
heterogeneous firm size and digital maturity, supporting quantitative comparisons across small and 
medium enterprises, large incumbents, and digital-native organizations. These differences often appear 
in measurable outcomes such as cycle times, defect rates, forecasting accuracy, and customer 
satisfaction indices (Zhang et al., 2018). A quantitative introduction to the topic therefore frames private 
organizations as settings where data-driven frameworks connect directly to operational outcomes and 
financial performance, while also requiring governance that supports reliability, auditability, and 
responsible use. This context enables empirical tests of whether specific framework components—such 
as data quality management, integration depth, and analytic decision protocols—are associated with 
measurable improvements in decision performance across diverse industries (Zhang et al., 2016). 
A quantitative paper on data-driven frameworks for improving decision-making in U.S. public and 
private organizations is positioned at the intersection of information systems, organizational 
performance research, public administration, and analytics-enabled management (Härting et al., 2018). 
The core empirical challenge is to model how framework components combine into an organizational 
capability and how that capability is associated with decision and performance outcomes across sectors 
with different missions and constraints. An integrated approach treats data-driven frameworks as 
multi-dimensional constructs that include governance, data quality, architecture, analytics capability, 
and decision integration routines, and it treats decision effectiveness as a measurable outcome 
expressed through process and results indicators (Eisenberg et al., 2019). Comparative inquiry across 
public and private settings can be structured around sector-specific outcome measures while retaining 
common intermediate outcomes such as decision timeliness, consistency, error reduction, and 
compliance adherence. Sector comparison also allows statistical testing of whether relationships differ 
in magnitude: for example, whether governance has a stronger association with outcomes in public 
organizations due to audit and transparency obligations, or whether experimentation intensity has a 
stronger association with outcomes in private organizations due to competition and rapid feedback 
cycles. A quantitative design can also incorporate mediating pathways in which governance and data 
quality enable analytics use, analytics use becomes embedded in decision routines, and embedded 
routines relate to outcomes (Bayamlıoğlu & Leenes, 2018). Moderating variables can include 
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organizational size, digital maturity, regulatory intensity, mission complexity, stakeholder diversity, 
and resource availability. This framing supports empirical models such as regression with interaction 
terms, structural equation models for latent constructs, multilevel models that connect individual 
adoption to organizational outcomes, or panel models that capture changes over time (Sarkar & 
Shankar, 2021). The introduction establishes the need for measurement strategies that combine 
subjective and objective indicators: survey-based measures of analytics culture and governance 
maturity can be paired with objective metrics such as pipeline latency, model deployment counts, audit 
findings, service backlogs, or financial productivity. It also highlights the need for construct validity 
and comparability across sectors, including careful operational definitions and standardized 
measurement. By treating frameworks as measurable systems rather than isolated tools, quantitative 
research can investigate the statistical contribution of each component and the combined influence of 
the system (Zhang et al., 2017). This approach supports disciplined empirical examination of variation 
across organizations: why some agencies and firms exhibit consistent evidence use while others rely 
more on informal judgment; why some achieve stable performance improvements while others 
experience volatility; and how governance and process design interact with analytics technology (Wu 
et al., 2021). The introduction therefore grounds the study in definitions, international relevance, and 
measurable theoretical mechanisms that connect data practices to decision outcomes in the U.S. public 
and private sectors, setting up a quantitative examination of relationships among framework maturity, 
decision process integration, and performance indicators (Remesan et al., 2015). 
This quantitative paper is guided by a set of objectives designed to operationalize, measure, and 
statistically examine how data-driven frameworks relate to decision-making effectiveness across U.S. 
public and private organizations. The first objective is to define and measure “data-driven framework 
maturity” as a multi-dimensional construct by developing or adapting quantitative indicators for core 
components such as data governance (e.g., stewardship roles, policy formalization, access controls), 
data quality management (e.g., accuracy, completeness, timeliness), data integration and architecture 
(e.g., interoperability, pipeline automation, standardization), analytics capability (e.g., tools, skills 
availability, model deployment), and decision integration (e.g., documented decision rights, 
standardized review routines, audit trails). The second objective is to quantify decision-making 
effectiveness using observable outcome and process indicators that can be compared across sectors, 
including decision timeliness, consistency, error rates, compliance adherence, and performance 
attainment aligned with organizational goals, while also distinguishing between usage of analytics and 
realized decision outcomes. The third objective is to test the statistical association between framework 
maturity and decision-making effectiveness using appropriate quantitative models, estimating effect 
sizes and confidence intervals while controlling for organizational characteristics such as size, digital 
maturity, regulatory intensity, mission complexity, and resource capacity. The fourth objective is to 
assess whether the strength and direction of these associations differ between public and private 
organizations by applying sector-based comparisons and interaction effects that capture institutional 
differences in accountability, transparency requirements, competitive pressure, and incentive 
structures. The fifth objective is to examine the internal mechanism of the framework by evaluating 
whether analytics use and process embedding mediate the relationship between governance and 
performance outcomes, thereby separating foundational conditions (governance and quality) from 
activation conditions (actual integration of evidence into decisions). The sixth objective is to evaluate 
measurement reliability and construct validity for the proposed indicators, applying established 
quantitative procedures such as internal consistency testing, factor structure assessment, and criterion-
related validation against objective performance metrics where available. The final objective is to 
produce a replicable objective-driven measurement approach that supports consistent comparison 
across organizations by documenting operational definitions, scale construction, and data collection 
procedures in a manner that enables statistical replication and transparent interpretation of results. 
LITERATURE REVIEW 
The literature review establishes the empirical and theoretical foundation for a quantitative 
examination of data-driven frameworks and their relationship with decision-making effectiveness in 
U.S. public and private organizations. This section synthesizes prior research that operationalizes data-
driven decision-making as a measurable organizational capability, identifies the framework 
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components most consistently linked to performance outcomes, and clarifies how decision quality and 
decision effectiveness have been quantified across sectors (Jianxi Luo et al., 2021). The review also maps 
the statistical approaches used to test these relationships, including measurement models for latent 
constructs (e.g., analytics capability, governance maturity, evidence-use culture), explanatory models 
estimating effect sizes under control variables (e.g., size, regulatory intensity, digital maturity), and 
comparative models that examine whether sector context moderates observed associations. In addition, 
this section organizes scholarship on data quality, governance, analytics adoption, and performance 
management into an integrated structure that supports clear variable selection, construct validity, and 
model specification for the current study (Tseng et al., 2020). The intent is to move from definitional 
clarity and construct measurement toward evidence on how specific framework elements—such as 
governance formalization, integration architecture, analytic routines, and KPI systems—statistically 
relate to measurable organizational outcomes, including timeliness, error reduction, compliance 
performance, and operational results. The section also consolidates sector-specific findings from public 
administration and evidence-based policy research alongside private-sector analytics and information 
systems research, enabling an analytically consistent comparison between mission-driven and market-
driven decision environments (Jiang et al., 2020). 
Data-Driven Decision-Making (DDDM)  
Quantitative scholarship treats data-driven decision-making (DDDM) as a measurable organizational 
capability rather than a general managerial slogan. Across information systems, management, and 
public administration research, DDDM is commonly conceptualized as the extent to which decisions 
are routinely informed by systematically collected data, analytically processed information, and 
codified decision routines embedded in organizational workflows (Lyu et al., 2018). Within this 
framing, DDDM is frequently distinguished from ad hoc reporting by its reliance on repeatable 
processes for data capture, validation, analysis, interpretation, and documentation of decision 
rationales. A closely connected construct is analytics capability, which quantitative studies 
operationalize as a composite of technical resources (data platforms, integration mechanisms, and 
analytic tool availability), human capital (statistical and domain expertise), and managerial routines 
(governance, prioritization, and adoption practices) that enable consistent analytic production and 
consumption (Hammervoll, 2016). Evidence-use routines are positioned as the behavioral and 
procedural layer linking analytics to decisions, reflecting how decision makers request evidence, 
interpret outputs, reconcile model results with institutional constraints, and embed evidence into 
approval structures, meeting cadences, and policy or operational protocols. Research also differentiates 
analytics “use” from analytics “impact,” clarifying that exposure to dashboards or models functions as 
an intermediate mechanism that may or may not translate into measurable improvements, depending 
on data quality, incentive alignment, and integration depth. Many quantitative studies model these 
constructs as latent variables measured through survey instruments, maturity scales, or index scores 
rather than single indicators, because each construct includes multiple dimensions that covary yet 
remain conceptually distinct (Judd et al., 2017). Related constructs such as information quality, system 
quality, governance maturity, and user acceptance appear as antecedents or enabling conditions that 
strengthen reliable evidence production and consistent use. Together, these definitions support 
measurement strategies that treat DDDM as a socio-technical capability: analytic systems generate 
outputs, organizational routines legitimize and interpret outputs, and decision protocols determine 
how outputs alter choices. This conceptualization aligns with broader decision research that frames 
organizational choice as bounded by cognitive and institutional limits, which creates a rationale for 
systematic data practices that reduce uncertainty, standardize judgments, and create auditable decision 
trails under constraints (Schnell et al., 2017). 
Prior quantitative studies on DDDM vary substantially in the unit of analysis, and this choice shapes 
both measurement design and inference. At the individual level, research often measures user 
acceptance, perceived usefulness, analytic self-efficacy, and frequency of dashboard or model use, 
linking these factors to self-reported decision confidence or task performance indicators (Foss & Saebi, 
2018). Individual-level designs typically face common method risks when both predictors and 
outcomes come from surveys, which drives the use of procedural controls, measurement validity tests, 
and, in some studies, pairing survey measures with objective usage logs. Team-level studies focus on 
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how groups coordinate evidence, share interpretations, and enforce decision protocols, treating 
analytics routines as collective behaviors embedded in meetings, cross-functional workflows, and 
standardized review cycles. This level introduces within-team agreement issues and measurement 
aggregation decisions, requiring quantitative justification for combining individual responses into 
team indicators (Davidsson & Wiklund, 2017).  
 

Figure 3: Engineering Data-Driven Decision Framework 

Organization-level studies dominate in strategic management and information systems research 
because performance outcomes such as productivity, cost efficiency, and service levels are often 
recorded at the firm or agency level. These designs typically operationalize analytics capability or 
DDDM maturity using indices of infrastructure, staffing, governance structures, and process 
formalization, then estimate associations with organizational outcomes while controlling for size, 
industry, regulatory context, and digital maturity. Program- or line-of-business analyses are common 
in public-sector evaluation and operational analytics research, where the dependent variables align 
with specific services such as benefits processing, inspections, procurement, or case management. This 
level supports finer alignment between decision processes and outcome measures, but it also 
introduces nested data structures where individuals and teams operate within programs, and 
programs operate within agencies or firms (Goodwin & Hungerford, 2015). As a result, multilevel 
modeling frameworks often appear in the literature to accommodate hierarchical variance and reduce 
biased standard errors that arise from clustered observations. Unit-of-analysis decisions also influence 
the interpretation of causality claims; cross-sectional organization-level studies often emphasize 
association patterns and robustness checks, while studies with repeated measures, panels, or staged 
implementations estimate within-unit changes over time. Sector-comparative designs introduce 
additional modeling considerations because public agencies and private firms differ in goals, 
constraints, and reporting structures, which encourages interaction modeling and careful outcome 
harmonization to preserve interpretability (Salyers et al., 2017). Overall, prior work treats unit selection 
as a core design choice that determines the most defensible linkage between DDDM constructs, 
decision processes, and measurable outcomes. 
The literature groups dependent variables for DDDM research into three broad families: decision 
quality, decision effectiveness, and organizational performance. Decision quality is frequently 
operationalized at the task level using accuracy, error rates, calibration, consistency across decision 
makers, and cost-weighted misclassification or mistake measures that reflect domain consequences 
(Weller et al., 2015). This family aligns with decision theory and behavioral research that treats decision 
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outcomes as probabilistic and sensitive to information quality and cognitive limitations. Decision 
effectiveness expands the scope from correctness to process performance, capturing timeliness, 
throughput, variance reduction, compliance adherence, and the stability of decisions under 
standardized rules. This approach matches the managerial reality that decisions operate within 
capacity constraints and accountability requirements, making speed, reliability, and documentation 
measurable aspects of decision performance. In public organizations, decision effectiveness is often 
measured through service delivery indicators such as backlog reduction, case resolution times, 
inspection targeting efficiency, and audit findings, reflecting performance management traditions that 
emphasize measurable results and accountability (Mutondo et al., 2016). In private organizations, 
decision effectiveness frequently includes operational metrics such as forecast accuracy, inventory 
turns, cycle time, churn reduction, fraud detection yield, and risk control indicators, which directly 
connect decision processes to operational outputs. The organizational performance family aggregates 
outcomes to higher-level productivity, financial, and mission metrics, including cost efficiency, revenue 
productivity, margin measures, service-level attainment, quality metrics, and stakeholder satisfaction 
proxies (Houts et al., 2016). Many quantitative studies treat organizational performance as the ultimate 
outcome while acknowledging intermediate pathways where analytics influences decisions, and 
decisions influence operations. Measurement models in the literature often separate proximal 
outcomes (usage, decision process changes) from distal outcomes (performance), since distal metrics 
are influenced by broader structural conditions. Research also distinguishes predictive performance of 
models from decision performance of organizations; strong predictive accuracy does not automatically 
correspond to improved organizational outcomes when decision rights, incentives, and operational 
capacity constrain action. Accordingly, outcome selection in quantitative DDDM research emphasizes 
construct alignment: decision-level outcomes match decision-level predictors, and performance 
outcomes incorporate control variables capturing contextual heterogeneity (Aburn et al., 2016). These 
outcome families provide a structured approach for selecting dependent variables that remain 
comparable across settings while preserving sector-specific relevance and measurement integrity. 
Quantitative DDDM studies draw on four recurring data source categories: surveys, digital trace logs, 
administrative records, and financial or operational KPIs. Surveys are widely used to measure latent 
constructs such as analytics culture, governance maturity perceptions, acceptance and use intentions, 
perceived data quality, and routinization of evidence use, because these constructs are not fully 
observable in system records (Laaksonen & Peltoniemi, 2018). High-quality survey designs incorporate 
reliability testing and construct validity checks, including dimensionality assessment and discriminant 
validity evaluation, which supports the use of composite indices or latent-variable approaches. Digital 
trace logs provide objective measures of system interaction, including dashboard access frequency, 
query counts, time spent, model invocation events, and workflow tool usage patterns, offering 
behavioral indicators that complement perceptual measures and reduce common method bias. 
Administrative records and operational databases are common in public-sector research, where service 
transactions, case events, program participation, and compliance outcomes provide longitudinal and 
auditable data streams suitable for evaluating decision timeliness, error corrections, and workload 
distribution (Delgado et al., 2017). Financial and operational KPIs serve as standardized performance 
outcomes across sectors, including cost ratios, productivity measures, service-level adherence, defect 
rates, and risk event counts, enabling organization-level comparisons when definitions are 
harmonized. Many studies combine these sources, pairing surveys that capture capability maturity 
with objective outcomes from KPIs or administrative records, thereby aligning latent capability 
measurement with observable performance. The literature also emphasizes the challenges of 
measurement comparability: definitions of KPIs vary across organizations, data lineage is not always 
documented, and missingness and quality issues introduce bias (Turnbull et al., 2021). These 
constraints motivate the use of data quality checks, sensitivity analyses, and triangulation across data 
sources. Research designs vary from cross-sectional surveys linked to performance metrics, to panel 
datasets that capture change over time, to multilevel datasets that reflect nested structures of 
individuals within teams and programs. Across these designs, data source selection is treated as a 
central determinant of inference strength because it governs how precisely DDDM capability and 
decision outcomes are operationalized, how reliably variables are measured, and how credible 
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statistical associations are when controlling for confounding organizational characteristics 
(Mangaroska & Giannakos, 2018). 
Models for Data-Driven Framework Maturity 
Quantitative research commonly treats governance maturity as a foundational dimension of data-
driven framework maturity because governance structures determine who owns data, how standards 
are enforced, and how accountability is maintained across decision processes. In measurement-oriented 
studies, governance maturity is operationalized through observable organizational features such as the 
presence of defined stewardship roles, formal data ownership assignments, decision rights for data 
access and modification, and documented policies that regulate data lifecycle practices (Mert Onuralp 
Gökalp et al., 2021).  
 

Figure 4: Engineering Data Governance Maturity Framework 
 

 

Policy coverage is typically measured by the breadth and specificity of written rules addressing 
privacy, security, retention, sharing, classification, and quality responsibilities, with maturity reflected 
in whether policies are implemented consistently across units. Metadata discipline is represented by 
measurable indicators including the existence of data dictionaries, standardized definitions for key 
entities, catalog usage intensity, and documented lineage or provenance processes that support 
traceability. Access control maturity is treated as a measurable governance outcome, expressed through 
role-based access control practices, approval workflows, privileged access monitoring, and periodic 
access reviews (Cech et al., 2018). Prior studies also emphasize that governance maturity requires 
measurement approaches that can reflect both formalization and institutionalization, because an 
organization may have policies without consistent compliance or enforcement. As a result, the 
literature uses three broad scoring approaches: additive indices that sum governance elements present, 
weighted indices that assign differential importance to governance features based on theory or expert 
judgment, and factor-based approaches that estimate governance maturity as a latent construct 
measured by multiple governance indicators. Many studies adopt index-based measurement for 
comparability across organizations, while others prefer latent measurement to improve construct 
validity when governance is conceptualized as a multi-dimensional capability (Zitoun et al., 2021). 
Reliability and validity checks are regularly discussed because governance measurement frequently 
relies on survey-based indicators, document audits, or mixed methods coding of governance artifacts. 
In synthesis, prior quantitative literature positions governance maturity as an enabling infrastructure 
that standardizes data definitions, constrains variation in data handling, and increases the auditability 
of analytic outputs used for decisions, making it a central measurable component of data-driven 
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framework maturity across both public and private organizations (Gupta & Cannon, 2020). 
Data quality measurement appears in the literature as a multidimensional construct because decision 
systems depend on whether organizational data are fit for analytic and operational use. Quantitative 
studies consistently operationalize data quality using recurring dimensions: completeness to capture 
missingness patterns, accuracy to represent correctness relative to authoritative references, timeliness 
to capture whether data arrive within decision-relevant windows, consistency to measure agreement 
across systems and time, validity to assess conformity with formats and business rules, and uniqueness 
to detect duplication that inflates counts or distorts estimates (Mert O Gökalp et al., 2021). These 
dimensions are often expressed through auditable indicators such as error rates, missing value 
proportions, rule-violation frequencies, record duplication counts, and data latency measures that can 
be tracked longitudinally. Threshold-based validation is frequently used as a practical approach in 
applied settings, where organizations define acceptable ranges for completeness or error rates and then 
monitor deviations as quality failures. The literature also emphasizes quantitative data quality auditing 
methods that include rule-based checks, reconciliation across independent systems, sampling against 
ground-truth records, and consistency checks across time to detect sudden structural breaks that 
indicate data pipeline problems (Mert O Gökalp et al., 2021). Reliability is addressed through 
repeatability of quality checks, inter-rater reliability when data audits include human coding, and 
stability of quality metrics across measurement periods. Studies in information systems and analytics 
management also highlight that quality measurement is not merely technical; it reflects governance, 
process discipline, and organizational incentives because data entry behaviors and documentation 
practices influence quality outcomes. Measurement designs therefore connect data quality metrics to 
upstream process indicators, such as standardization of input forms, validation constraints at entry 
points, and training levels for staff who generate administrative data (Alidrisi, 2021). When 
synthesizing findings, prior research treats data quality as both an independent maturity dimension 
and a mediator linking governance and architecture to decision outcomes, since even sophisticated 
analytics cannot produce reliable decision support when data are systematically incomplete, delayed, 
or inconsistent. This body of work supports robust operationalization by combining automated quality 
metrics with periodic audits and documented validation rules, enabling quantitative comparisons of 
quality maturity across units and organizations (Król & Zdonek, 2020). 
Quantifying Decision-Making Effectiveness 
Quantitative research frequently treats decision timeliness as a primary indicator of decision-making 
effectiveness because organizations convert information into action through processes that can be 
measured in time. In the literature, timeliness is operationalized through cycle-time measures that 
capture the duration between a triggering event, the initiation of a decision process, and the final 
authorization or execution of an action (Tambare et al., 2021). Studies in operations management, public 
administration, and information systems emphasize that cycle time is not merely an efficiency metric; 
it captures coordination quality, procedural complexity, and the practical usability of analytic evidence 
within real workflows. Many empirical designs treat decision timeliness as a distribution rather than a 
single average, recognizing that the tails of the distribution often reflect high-cost cases such as delayed 
approvals, stalled procurement, prolonged case resolution, or slow incident response. Bottlenecks are 
measured by identifying stages that consume disproportionate time or by using indicators of workflow 
congestion such as queue length, work-in-process inventory, or handoff counts (Lu et al., 2019). 
Research also operationalizes decision timeliness through variability measures, because stable and 
predictable cycle times signal a more controlled decision system than highly volatile processes even 
when averages appear acceptable. Public-sector studies often link timeliness to service delivery 
outcomes, where backlogs, case processing duration, and response time are tracked routinely and can 
be analyzed longitudinally. Private-sector studies connect timeliness to operational competitiveness, 
measuring approval turnaround, order fulfillment decisions, pricing updates, or risk assessment speed 
as indicators of how effectively firms translate data into action (Holmgren Caicedo et al., 2019). Across 
domains, timeliness measures are treated as sensitive to governance and evidence integration: 
standardized metrics, clear decision rights, and accessible dashboards are associated with reduced 
handoff friction and reduced rework caused by missing or inconsistent information. The literature also 
emphasizes that timeliness should be measured at the appropriate unit of analysis, such as transaction, 



American Journal of Scholarly Research and Innovation, December 2022, 86– 133 

99 
 

case, project, or program, to maintain validity. Overall, decision timeliness is positioned as a 
measurable dependent variable that captures both the speed and process discipline of decision systems, 
allowing quantitative analysis of whether more mature data-driven frameworks correspond to faster 
and more predictable decision execution (Benish et al., 2018). 
 

Figure 5: Decision Effectiveness Measurement Framework 

 
Decision consistency is widely treated in quantitative studies as a central indicator of effectiveness 
because organizations often aim to reduce arbitrary variation in judgments when comparable cases are 
evaluated under similar rules and evidence (Ghosh & Daszuta, 2019). The literature operationalizes 
consistency through measures of dispersion and reliability, focusing on whether decisions remain 
stable across decision makers, time periods, and organizational units when relevant inputs are 
equivalent. Consistency can be measured through variance comparisons across teams or offices, 
differences in approval rates across units controlling for case mix, and stability of scoring or 
classification decisions across repeated evaluations. A recurring theme is that consistency reflects both 
the quality of decision protocols and the quality of data inputs, since inconsistent definitions, 
incomplete documentation, or fragmented records can lead decision makers to rely on personal 
judgment and local practices (Baharmand et al., 2021). Quantitative studies in measurement theory and 
organizational research also treat consistency as a reliability concept, emphasizing that stable decisions 
across evaluators indicate stronger standardization and clearer criteria. Empirical work in public 
administration often studies consistency as equity-related variation, such as differences in enforcement 
actions, eligibility determinations, or service prioritization across jurisdictions. In private 
organizations, consistency is linked to governance, brand integrity, and risk control, where inconsistent 
credit decisions, claims outcomes, or quality inspections can create financial volatility and compliance 
exposure. The literature emphasizes that consistency measures are most meaningful when paired with 
appropriate controls for complexity and heterogeneity, because some variation is justified when cases 
differ in risk, need, or operational constraints (Brewer et al., 2017). Decision support systems and 
analytics research often frames consistency as an outcome of codifying rules, standardizing metrics, 
and embedding analytic outputs in workflows, which can reduce discretionary drift across units. At 
the same time, many studies distinguish beneficial standardization from rigid uniformity by focusing 
measurement on comparable cases rather than forcing identical outcomes across diverse contexts. 
Overall, decision consistency is treated as a measurable dependent variable that reflects the reliability 
of organizational judgment under uncertainty and the extent to which data and evidence routines 
stabilize decision behavior across distributed organizations (Greenland, 2021). 
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Quantitative literature also treats decision accuracy as a core dependent variable, particularly in 
settings where decisions can be evaluated against observable outcomes or well-defined standards. 
Accuracy measurement is common in domains such as risk assessment, fraud detection, credit 
approval, forecasting, inspection targeting, triage, and classification-oriented administrative processes, 
where the correctness of a decision can be evaluated through subsequent events or verified records (Ng 
et al., 2021). Studies in predictive analytics and evaluation emphasize that accuracy should be 
interpreted alongside the consequences of mistakes, since different error types carry different costs. For 
example, approving a high-risk case can generate higher losses than rejecting a low-risk case generates 
opportunity cost, which motivates measurement approaches that incorporate cost sensitivity rather 
than relying solely on overall correctness rates. The literature on decision analysis and applied statistics 
supports using outcome measures that reflect organizational objectives and constraint structures, 
including error severity categories, incident rates following decisions, and downstream costs associated 
with rework, appeals, or adverse events (Al Hamad & Zeki, 2018). In public-sector contexts, accuracy 
is often linked to eligibility determinations, compliance assessments, and allocation decisions, where 
errors can be tracked through audit corrections, appeal reversals, or subsequent compliance findings. 
In private-sector contexts, accuracy is evaluated through loss rates, customer outcomes, operational 
defects, and risk event occurrence after decisions, which provides measurable feedback on decision 
quality. Many studies also distinguish predictive model accuracy from decision accuracy, since a well-
performing model can still yield poor decisions when decision thresholds are poorly aligned with 
capacity, risk tolerance, or policy constraints (Kumudha & Venkatesan, 2016). As a result, research 
frequently operationalizes accuracy outcomes at the decision system level, examining the realized error 
rates and cost consequences under actual operating conditions rather than model-only performance in 
isolation. This body of work supports dependent variables that capture both correctness and cost-
weighted impact, enabling quantitative analysis of how evidence integration and framework maturity 
relate to better calibrated and more consequentially aligned decisions. 
Statistical Evidence Linking Data-Driven Frameworks to Performance Outcomes 
Quantitative literature linking data-driven frameworks to performance outcomes has been dominated 
by regression-based empirical designs that estimate the association between analytics capability, data-
driven decision-making maturity, and organizational performance indicators (Fernández et al., 2018). 
Across information systems, strategy, and operations research, studies commonly operationalize 
framework maturity using survey-based indices, capability scales, or composite measures that reflect 
governance, data quality, analytics routines, and technology integration. Performance outcomes vary 
by sector and dataset, including productivity ratios, cost efficiency measures, service-level attainment, 
quality metrics, and financial performance indicators (Hu et al., 2016). Regression-based evidence 
frequently emphasizes effect size interpretation and robustness checks because performance is 
influenced by many confounding organizational characteristics. As a result, the literature regularly 
includes control variables such as firm or agency size, industry or mission domain, capital intensity, 
workforce skill composition, IT investment levels, regulatory exposure, and baseline performance. A 
recurring pattern is that analytics-related variables remain statistically meaningful after adjustment for 
these controls, especially when maturity is measured as an integrated capability rather than a single 
tool adoption indicator. Many studies also report that the association strengthens when analytics is 
embedded in decision routines, implying that usage intensity and routinization capture more variance 
in outcomes than nominal adoption (Diez-Pastor et al., 2021). Robustness practices often include 
alternative model specifications, different operationalizations of performance, sensitivity checks 
excluding outliers, and tests for multicollinearity among related capability measures. Some studies 
incorporate fixed effects for industry or time to reduce omitted-variable bias and isolate within-group 
variance. The broader synthesis indicates that regression designs provide consistent evidence that more 
mature data-driven frameworks correlate with higher performance, while the magnitude and stability 
of estimated associations depend on measurement quality, sector context, and whether models address 
endogeneity risks through design features such as lagged predictors, instrumental variables, or 
longitudinal structures (Li et al., 2020). These studies also show that effect sizes are often smaller than 
narratives suggest, which aligns with the view that analytics works as a complementary capability 
requiring governance, skills, and process integration to translate into measurable performance 
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differences across organizations. 
A substantial stream of quantitative research explains performance associations through mediation 
logic that distinguishes enabling conditions from mechanisms. In this body of work, governance and 
data quality are treated as foundational conditions that increase the credibility and accessibility of 
organizational data, while analytics use and decision integration represent the behavioral mechanisms 
that connect data conditions to outcomes (Leger, 2015). Studies using mediation approaches often 
specify that governance maturity improves standardization, access control, and accountability, which 
increases the reliability of analytic outputs and encourages adoption by decision makers. Analytics use 
is then modeled as the intermediate factor that influences operational performance through better 
targeting, resource allocation, forecasting, and process control. Many empirical papers highlight that 
governance alone is rarely sufficient for performance differences unless it produces observable changes 
in analytic usage patterns and decision routines, such as increased dashboard consultation, 
standardized KPI review, and consistent application of model-supported thresholds. Mediation 
evidence also appears in information systems success research, where information quality and system 
quality influence usage and satisfaction, which then relate to net benefits (Koponen et al., 2020). Related 
studies emphasize that adoption and routinization represent the points at which data products become 
organizational routines rather than isolated reports. In public-sector research, mediation is observed 
when performance management structures enable data use routines that then correlate with service 
delivery indicators such as timeliness, backlog reduction, and compliance performance. In private-
sector research, governance and data infrastructure measures are frequently linked to operational 
analytics use, which then correlates with productivity and efficiency metrics. Across these studies, 
mediation findings reinforce a common interpretation: the performance relevance of data-driven 
frameworks is carried by the extent to which analytics becomes part of operational decision cycles 
rather than remaining as peripheral reporting (Walsh et al., 2017). This stream also stresses 
measurement discipline, since mediation analysis requires reliable assessment of governance, usage, 
and outcomes and careful separation of constructs to avoid conflating capability with impact. Overall, 
the mediation-oriented literature provides an empirically grounded narrative that connects governance 
maturity and data quality to performance outcomes through measurable intermediate mechanisms of 
analytics use and workflow integration. 
Quantitative studies also report that the relationship between data-driven frameworks and 
performance is context-dependent, often expressed through moderation patterns in which 
organizational and environmental conditions alter the strength of associations (Pang & Yuan, 2018). 
Digital maturity is a frequently examined moderator, with studies indicating that analytics capability 
has stronger links to performance when organizations have complementary digital infrastructure, 
integrated data architectures, and standardized processes that reduce friction in evidence use. Sector 
type is another recurring moderator, reflecting differences in goals, accountability regimes, and 
incentive structures between public organizations and private firms. Public-sector studies often show 
that performance relationships are shaped by compliance obligations, transparency demands, and 
multi-stakeholder governance, which can amplify the value of auditability and standardization while 
complicating rapid decision cycles (Cao et al., 2020). Private-sector studies often show stronger links 
between analytics use and financial or operational outcomes under competitive pressure, where faster 
feedback loops and incentive alignment increase the likelihood that analytic insights translate into 
action. Environmental complexity is also modeled as a moderator, capturing market turbulence, task 
uncertainty, regulatory volatility, or operational complexity, with evidence suggesting that analytics 
capability tends to be more valuable when uncertainty is higher and coordination demands increase. 
At the same time, the literature indicates that complexity can weaken outcomes when data quality is 
poor or when governance fails to standardize definitions across units, producing inconsistent evidence 
and adoption resistance (Bilogrevic et al., 2016). Studies that incorporate interaction terms or subgroup 
analyses often emphasize that context variables can change not only magnitude but also which 
framework components matter most, with governance and compliance features appearing more salient 
in regulated contexts and experimentation and rapid deployment appearing more salient in 
competitive digital contexts. These findings align with complementary capability perspectives that 
treat analytics as more productive when aligned with processes, incentives, and institutional 
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constraints. Across the moderation literature, the consistent message is that performance outcomes 
reflect both capability and fit: the same analytics investment can yield different measured returns 
depending on digital readiness, sector governance, and environmental conditions shaping the 
feasibility of embedding evidence into decisions (Chen et al., 2016). 
 

Figure 6: Engineering Decision Making Effectiveness Framework 

 
 
The literature comparing traditional econometric approaches with machine learning prediction studies 
highlights differences in research goals, reporting standards, and interpretability when linking data-
driven frameworks to outcomes (Guan et al., 2017). Econometric studies typically prioritize explanation 
and causal inference, emphasizing theory-driven variable selection, control variables, and 
interpretability of coefficients as estimated associations. These studies commonly report effect sizes, 
significance levels, confidence intervals, and robustness checks across alternative specifications, and 
they often use panel structures, fixed effects, difference-in-differences designs, or instrumental 
variables when seeking stronger causal claims. By contrast, machine learning studies frequently 
prioritize predictive accuracy and generalization performance, focusing on out-of-sample evaluation 
and comparative performance across algorithms. In organizational settings, ML studies often report 
classification and ranking performance metrics, emphasizing practical prediction quality rather than 
direct causal explanation of why outcomes occur (Cerulli, 2021). A key theme is that predictive accuracy 
does not automatically translate into organizational performance improvements, because deployment 
decisions, threshold settings, capacity constraints, and governance requirements shape whether 
predictions change decisions and outcomes. As a result, some studies integrate the two approaches by 
using ML for prediction while applying causal designs to evaluate the impact of deploying models in 
decision processes (Shobana & Umamaheswari, 2021). Reporting differences also appear in how 
outcomes are described: econometric papers often discuss variance explained and marginal 
associations, while ML papers discuss error reduction and comparative model performance. The 
synthesis across this literature indicates that evidence linking data-driven frameworks to performance 
is more persuasive when designs combine reliable measurement of framework maturity with outcome 
evaluation methods that address confounding and deployment realities. The comparison also clarifies 
that the choice of method is aligned with the research question: explanatory models support testing of 
capability–performance relationships under controls, while predictive models support evaluation of 
decision support performance under operational data conditions (Zheng et al., 2017). Together, these 
streams form an empirical base for understanding how statistical evidence is generated, interpreted, 
and reported when assessing the performance relevance of data-driven frameworks. 
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Public-Sector Quantitative Literature 
Public-sector quantitative literature has long examined performance management systems as 
structured mechanisms through which governments define goals, translate them into measurable 
indicators, and monitor results across programs and agencies (Liu & Xie, 2019). Within this research 
stream, KPI adoption intensity is treated as a measurable institutional feature that captures how widely 
and deeply performance indicators are embedded in budgeting, operational routines, managerial 
review cycles, and accountability structures. Empirical studies frequently operationalize adoption 
intensity through indicators such as the number and scope of KPIs tracked, the regularity of 
performance reporting, the presence of performance review meetings, and the degree to which 
indicators are tied to managerial evaluation or resource allocation. Quantitative findings generally 
show that KPI systems are associated with improvements in service process indicators such as 
timeliness, throughput, and consistency, particularly when measurement is paired with structured 
review and corrective-action routines rather than passive reporting (Cicceri et al., 2020). The literature 
also emphasizes that KPI adoption varies across government contexts due to differences in 
administrative capacity, data infrastructure, political oversight, and the measurability of policy goals. 
Research in public administration highlights that KPI systems are most analytically tractable when 
indicators align with operational processes that generate administrative records, enabling time-series 
monitoring of backlog, response time, and service coverage. Scholars also address unintended 
measurement effects, showing that KPI systems can reshape attention and incentives, thereby 
influencing what agencies prioritize and how managers interpret performance signals. As a result, 
many quantitative studies incorporate multiple indicators to reduce reliance on single metrics and to 
better represent multidimensional public value outcomes (Hoepner et al., 2021). This body of work also 
recognizes that performance management is not solely technical; it reflects governance, organizational 
learning routines, and the extent of institutional commitment to using performance information for 
decision-making. In synthesis, the public-sector literature positions KPI adoption intensity as a 
quantifiable proxy for managerialization and results-based governance, while empirical designs use 
administrative outcomes to test whether stronger measurement infrastructures correlate with 
measurable improvements in service delivery and organizational control. 
A parallel quantitative tradition evaluates evidence-based policy implementation by measuring the 
extent to which formal evaluation findings and empirical evidence are incorporated into program 
design, funding decisions, and operational adjustments (Gogas & Papadimitriou, 2021). In this 
literature, evaluation utilization is operationalized through measurable indicators such as the 
frequency with which agencies commission impact evaluations, the proportion of programs subject to 
rigorous assessment, the use of evidence ratings in budgeting or grant allocation, and the incorporation 
of evaluation findings into revised guidelines or operational protocols. Studies also use survey-based 
measures of evidence culture, capturing whether managers perceive research evidence as credible, 
relevant, and actionable, and whether organizational routines exist for evidence appraisal and 
synthesis. Program impact indicators serve as outcome measures for evidence-based approaches, 
including changes in targeted outcomes, improvements in service effectiveness, and reductions in error 
or waste associated with poorly targeted interventions (Chatterjee et al., 2021). Quantitative work often 
distinguishes between symbolic adoption of evidence language and substantive utilization that 
changes program operations, a distinction supported by measures of policy revision frequency, 
documented changes to eligibility rules, and observable shifts in service targeting patterns. Evidence-
based policy research also notes that utilization rates vary across policy areas; domains with clearer 
outcome definitions and stronger administrative data infrastructures tend to exhibit higher evaluation 
uptake and more measurable program adjustments. Many studies emphasize that the availability of 
administrative datasets and linked data systems enables quasi-experimental evaluation strategies and 
repeated outcome monitoring, which strengthens empirical analysis of whether evidence use aligns 
with improved results (Katris, 2020). The literature therefore treats evidence-based implementation as 
an organizational capability that can be measured through evaluation activity, decision documentation, 
and observable program modifications. Across studies, the dominant contribution is methodological 
and empirical: it provides a set of quantitative indicators that capture the “use of evidence” as a 
measurable behavior, allowing researchers to test associations between evidence utilization intensity 
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and program outcomes within and across agencies. 
 

Figure 7: Measuring Governance: Public Sector Metrics 

Transparency and accountability represent core public-sector values that have been operationalized in 
quantitative research through measurable reporting and oversight indicators (Baharmand et al., 2021). 
Studies conceptualize transparency as the availability, frequency, and accessibility of performance and 
decision information, often measured through reporting cadence, publication of dashboards or 
performance reports, and the completeness of disclosed metrics. Accountability is frequently 
operationalized through audit exposure, compliance review frequency, and the presence and severity 
of audit findings, which provide standardized external assessments of whether agencies follow 
required processes and maintain adequate documentation (Eray, 2021). Decision documentation scores 
appear as an increasingly used measurement approach in administrative studies, capturing whether 
agencies maintain audit trails for significant decisions, document data sources, record rationale for 
discretionary judgments, and preserve evidence of approvals and exceptions. Quantitative research 
connects these variables to performance outcomes by modeling whether higher reporting frequency 
and stronger documentation are associated with fewer procedural errors, reduced compliance 
violations, and improved consistency in service delivery. This stream also emphasizes the role of 
oversight institutions and legal frameworks that require documentation and reporting, creating 
variation across agencies and jurisdictions that can be exploited in comparative designs (Benish et al., 
2018). Administrative data enable these analyses because audits, compliance checks, and reporting 
artifacts often generate structured records that can be coded into indicators. At the same time, the 
literature recognizes that transparency measures capture both capacity and obligation: agencies with 
better data systems can report more frequently, while agencies under intense scrutiny may report more 
as a response to oversight. As a result, many studies include controls for agency size, mission risk, and 
political salience to avoid conflating oversight intensity with performance (Benish, 2018). In synthesis, 
the transparency-accountability literature supplies quantitative constructs that represent institutional 
quality in governance environments, providing measurable variables that connect reporting behaviors 
and audit regimes to decision discipline and service outcomes. 
Private-Sector Quantitative Literature 
Private-sector quantitative literature commonly frames analytics-enabled productivity as a measurable 
organizational outcome linked to the scale and maturity of data and analytics investments (Ruffini et 
al., 2020). Studies in information systems, strategy, and operations research operationalize analytics 
investment using indicators such as spending on IT and data infrastructure, analytics staffing levels, 
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adoption of enterprise platforms for reporting and modeling, and the breadth of data integration across 
functions. Productivity and performance outcomes are then measured through financial and 
operational ratios that are widely available and comparable across firms, including revenue per 
employee, operating margin, cost-to-serve, inventory productivity, and service efficiency indicators. A 
recurring empirical pattern is that analytics-related capabilities exhibit positive associations with 
productivity outcomes when measurement captures complementary organizational practices such as 
process standardization, managerial commitment to evidence use, and integration of analytics into 
operational routines (Chatfield & Reddick, 2018). Quantitative work emphasizes that the performance 
contribution of analytics is rarely isolated to a single department; it typically appears as cross-functional 
gains from improved forecasting, reduced waste, better targeting of resources, and tighter operational 
control through performance monitoring. Many studies treat analytics as part of a broader “IT-
enabled” capability set and analyze productivity effects using large-sample firm-level datasets, often 
incorporating controls for size, industry, capital intensity, and baseline performance to isolate 
incremental associations. Some research differentiates between general IT investment and analytics-
oriented investment, reporting that the latter tends to show stronger relationships with performance 
when paired with governance and skills (Tan & Taeihagh, 2020). Another theme is measurement 
heterogeneity: productivity effects depend on how analytics capability is defined, whether it is 
measured as adoption, intensity of use, or an index of governance-infrastructure-skill maturity. 
Overall, this literature positions productivity metrics as practical dependent variables because they 
capture the economic value of improved decisions and operational execution, while empirical designs 
use analytics investment variables as predictors whose explanatory power depends on organizational 
complementarity and integration depth (Salisu et al., 2021). 
A distinctive contribution of private-sector analytics literature is the use of experimentation intensity 
as a measurable indicator of evidence-based operational control and as a basis for stronger causal 
inference about analytics-enabled interventions (Yu et al., 2021).  
 

Figure 8: Private-Sector Analytics-Enabled Productivity 

In many industries, firms employ controlled experiments and staged rollouts to evaluate changes in 
pricing, marketing, user experience, fraud controls, logistics routing, and operational policies. 
Quantitative studies operationalize experimentation intensity through indicators such as the number 
of experiments conducted per time period, the proportion of product or process changes evaluated 
through controlled designs, the availability of experimentation platforms, and organizational routines 
for interpreting and acting on experimental results. A/B testing and phased implementation designs 
enable credible estimation of impact because they create comparison conditions that reduce 
confounding, supporting clearer separation between correlation and effect (Yogesh K et al., 2021). 
Research in applied econometrics and digital experimentation also documents how firms 
operationalize treatment assignment, manage sample size constraints, and evaluate heterogeneous 
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effects across customer segments or operational settings. In this literature, decision-making 
effectiveness is often measured through conversion rates, revenue uplift, retention changes, cost 
reductions, or operational reliability improvements after tested interventions. The private-sector 
setting also generates extensive digital trace data that allow rapid measurement of short-cycle 
outcomes, making experimentation a central methodological tool for analytics-enabled management 
(Arora et al., 2021). Scholars also examine how experimentation supports learning routines and 
managerial discipline by requiring hypothesis specification, outcome definition, and transparent 
reporting of results. Quantitative syntheses indicate that experimentation capacity functions as both a 
method and a capability, reflecting organizational maturity in measurement, governance, and decision 
protocols. This stream shows that firms with higher experimentation intensity tend to demonstrate 
more systematic evidence integration into decisions, which can be observed in faster iteration cycles 
and more consistent performance evaluation practices. Overall, the experimentation literature 
strengthens private-sector DDDM research by providing designs that estimate causal impacts of 
analytics-informed changes under realistic operational conditions (Gupta et al., 2019). 
Private-sector quantitative research also emphasizes model risk governance as a critical dimension of 
analytics maturity because predictive and prescriptive models can create operational and regulatory 
risk when they degrade, drift, or are used outside intended boundaries (Retsef et al., 2021). Studies in 
finance, insurance, healthcare analytics, and enterprise risk management operationalize model risk 
governance through measurable practices such as validation frequency, independent review 
procedures, documentation completeness, monitoring cadence, and exception handling rates. 
Performance stability is often measured through changes in predictive performance over time, shifts in 
error rates across segments, increases in manual overrides, or increases in decision exceptions that 
indicate misalignment between model outputs and operational realities. Drift metrics appear as 
operational indicators capturing whether the statistical relationship between inputs and outcomes 
changes, whether input distributions shift, or whether model calibration deteriorates under new 
conditions (Stein & Wiedemann, 2016). Quantitative work links governance practices to outcome 
reliability by showing that systematic validation and monitoring reduce the likelihood of silent 
performance deterioration that can propagate into poor decisions, losses, or compliance failures. In 
regulated industries, model governance is also tied to auditability and accountability, making 
documentation and traceability measurable outcomes that support oversight and internal assurance. 
Studies highlight that model performance must be interpreted within decision systems: predictive 
accuracy interacts with thresholds, capacity constraints, and human override behavior, and governance 
influences how these interactions are managed. As a result, many quantitative studies treat exception 
rates and override frequency as key dependent variables that reflect decision-system friction and trust 
in analytic outputs (Sheedy & Griffin, 2018). This literature positions model risk governance as a bridge 
between analytics capability and operational control, emphasizing measurement systems that capture 
both technical performance and organizational adherence to validation, monitoring, and 
documentation routines. 
Private-sector quantitative literature develops sector-specific outcome models that connect analytics 
capability to measurable results aligned with industry objectives and operational realities (Hallegatte 
& Engle, 2019). In finance and insurance, studies focus on outcomes such as credit loss rates, fraud 
detection yield, claim leakage reduction, pricing accuracy, and regulatory compliance indicators, using 
transactional datasets that support predictive modeling and outcome evaluation. In healthcare 
organizations and healthcare-adjacent firms, outcome models often include readmission rates, length 
of stay, clinical pathway adherence, operational throughput, and cost efficiency measures, reflecting 
the dual goals of quality and efficiency in care delivery (Pillai & Al-Malkawi, 2018). In retail and e-
commerce, analytics outcomes are frequently measured through demand forecast accuracy, inventory 
availability, conversion and basket metrics, customer churn, and margin outcomes tied to pricing and 
promotion decisions. In logistics and supply chain operations, studies model outcomes such as on-time 
delivery rates, routing efficiency, warehouse throughput, fill rates, and cost-per-shipment, using high-
frequency operational data that capture complex coordination processes. In manufacturing, analytics-
enabled operational control is linked to defect rates, yield, downtime, throughput, and maintenance 
efficiency, supported by production data and sensor telemetry that enable predictive maintenance and 
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quality analytics. Across these sectors, the literature emphasizes that the same analytics capability can 
yield different measurable outcomes depending on process structure, data availability, regulatory 
constraints, and the feasibility of embedding analytics into workflow (Srivastav & Hagendorff, 2016). 
Sector research also highlights the importance of aligning dependent variables with decision points, 
such as aligning forecasting capability with inventory and replenishment outcomes or aligning risk 
scoring with loss and compliance outcomes. This industry-specific empirical work complements 
general productivity studies by showing how analytics maturity translates into operational control 
indicators that are meaningful within each sector’s performance logic, supporting a more granular 
understanding of analytics-enabled decision effectiveness in private organizations (Ivanov, 2018). 
Public vs Private Sector Differences  
Comparative quantitative studies examining public and private organizations frequently treat sector 
type as a measurable moderator that changes the strength and sometimes the shape of relationships 
between data-driven frameworks and performance outcomes (Settembre-Blundo et al., 2021). This 
research stream is grounded in the premise that data-driven decision-making capability operates 
within institutional environments that differ in objectives, constraints, accountability regimes, and 
incentive structures. Quantitative designs operationalize the sector moderator by estimating whether 
associations between analytics maturity, governance quality, and outcomes are statistically stronger or 
weaker in public agencies compared to private firms. Studies in public management and organizational 
research emphasize that public organizations often pursue multidimensional goals, including equity, 
procedural fairness, and legitimacy, alongside efficiency, which shapes what counts as “performance” 
and how decision effectiveness is evaluated. Private organizations, in contrast, commonly operate 
under more direct profitability and market-share pressures, leading to outcome measures more tightly 
linked to financial performance and operational efficiency (Hussain et al., 2018). These differences 
influence effect size patterns because analytics investments and evidence routines may translate into 
outcomes through different pathways, with public agencies often experiencing stronger links to 
compliance, documentation quality, and consistency, while private firms often show stronger links to 
productivity and revenue-related indicators. Comparative studies also indicate that sector variation 
can interact with digital maturity; in some contexts, private-sector digital readiness amplifies the 
measurable impact of analytics routines because infrastructure and data integration are already 
advanced, while public-sector reforms may show effects through formalization of performance 
management and auditability (Glavas & Mish, 2015). Methodologically, the literature highlights the 
need to treat sector as more than a binary label by incorporating sector-associated covariates such as 
regulatory intensity, political oversight exposure, and resource flexibility. Even so, sector remains a 
useful testable moderator in quantitative models because it captures structured differences in 
governance and incentives that plausibly alter the degree to which data-driven frameworks translate 
into measurable outcomes. 
A central challenge in comparative quantitative research is outcome harmonization, since public and 
private organizations typically measure success using different indicator systems (Ng et al., 2020). The 
literature addresses harmonization by identifying outcome families that remain comparable across 
contexts while preserving sector relevance. One strategy uses process-based outcomes that exist in both 
sectors, such as decision timeliness, cycle-time stability, error rates, rework frequency, and consistency 
across units. These measures can be extracted from administrative logs, workflow systems, or 
transaction records in both government and firms, enabling cross-sector comparison with fewer 
conceptual mismatches. Another harmonization strategy relies on service-level performance indicators, 
such as meeting response-time standards, achieving throughput targets, and reducing backlogs, which 
can be adapted to public service delivery and private customer service operations (Gopinathan et al., 
2015). Some studies harmonize outcomes through risk and compliance indicators that have parallels 
across sectors, including audit findings, policy violations, control exceptions, and documentation 
completeness, recognizing that regulated private industries share compliance burdens similar to 
government. A further approach uses productivity-like metrics that can be expressed in unit-neutral 
forms, such as outputs per labor hour, cost per transaction, or cost-to-serve per case, which can be 
computed for both agencies and firms even when revenue measures are not meaningful for public 
programs. The literature also stresses that harmonization requires careful attention to measurement 



American Journal of Scholarly Research and Innovation, December 2022, 86– 133 

108 
 

equivalence, since identical metric names can reflect different definitions, case mixes, and reporting 
incentives across sectors. As a result, comparative studies often incorporate normalization procedures, 
case-mix controls, and multiple-indicator outcome sets to reduce bias arising from single-metric 
dependence (Ordonez-Ponce, 2021). Overall, outcome harmonization is treated as a methodological 
requirement for valid comparative inference, ensuring that differences in estimated relationships reflect 
genuine variation in capability–outcome linkages rather than artifacts of incompatible performance 
definitions. 

Figure 9: Public vs Private Sector Data- Driven Frameworks 

 
 
Comparative studies emphasize institutional variables that differentiate public and private settings and 
that can be operationalized quantitatively to explain why effect sizes differ across sectors. 
Accountability burden is one such variable, often represented through audit frequency, reporting 
obligations, oversight intensity, and documentation requirements (Murphy et al., 2015). Public agencies 
typically face structured external oversight from legislatures, inspectors general, courts, and public 
records regimes, which increases the value of traceability and standardization in decision systems and 
may shift the measurable benefits of data-driven frameworks toward compliance and consistency 
outcomes. Incentive structure is another institutional variable, reflecting differences in how 
performance signals influence managerial behavior. Private firms commonly use profit-linked 
incentives and competitive benchmarking that translate performance changes into tangible rewards or 
penalties, which can strengthen the relationship between analytics use and productivity outcomes (Fox 
et al., 2017). Public organizations often operate under multiple principal-agent relationships and 
broader public value mandates, leading to incentive environments where outcomes are shaped by 
political salience, procedural constraints, and stakeholder expectations rather than profit signals alone. 
Data-sharing restrictions also appear frequently in cross-sector research, reflecting legal, ethical, and 
organizational limitations on sharing sensitive data across units, agencies, or external partners. These 
restrictions can be measured through the number of required agreements, approval layers, privacy 
compliance requirements, or limitations on linking datasets, all of which influence the feasibility of 
integrated analytics and cross-unit measurement. Quantitative studies also include resource flexibility, 
procurement constraints, and workforce rigidity as institutional covariates that help explain adoption 
and impact differences, since these conditions shape the speed of modernization and the capacity to 
embed analytics into routine decisions (Alonso & Andrews, 2019). Synthesizing across this literature, 
institutional variables are treated as measurable contextual conditions that influence not only 
performance levels but also the mechanisms through which data-driven frameworks are used, 
documented, and translated into outcomes. 
Methodological Patterns for the Current Study 
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Prior quantitative research on data-driven frameworks and performance outcomes has relied heavily 
on cross-sectional designs, often combining survey-based measures of analytics capability, governance 
maturity, and evidence-use routines with contemporaneous performance indicators. This design choice 
is frequently justified by practical constraints, since organizational capability data are costly to collect 
and many performance indicators are only available as annual snapshots (Toohey & Beaton, 2017). The 
literature recognizes several recurring bias risks in cross-sectional work. A primary concern is 
endogeneity, where high-performing organizations may invest more in analytics, creating reverse 
causality that inflates estimated associations. Another concern is omitted-variable bias, as unmeasured 
factors such as leadership quality, organizational culture, or strategic clarity may influence both 
analytics maturity and performance. Common method variance is also highlighted when predictors 
and outcomes are collected from the same survey instrument, which can artificially strengthen 
relationships due to shared measurement context (Rivera, 2016). To address these risks, researchers 
frequently apply statistical remedies and robustness strategies. Many studies incorporate extensive 
control variables to reduce confounding, including organizational size, industry or mission domain, 
baseline performance, resource capacity, and IT investment levels. Sensitivity checks using alternative 
outcome measures, different operationalizations of analytics maturity, and outlier exclusions are 
common. Some research uses lagged performance indicators to partially reduce simultaneity concerns, 
while others employ instrumental variable approaches when plausible instruments exist (Berkhout et 
al., 2015). Measurement practices such as separating measurement sources, using objective 
performance outcomes, and incorporating log-based usage measures are also used to reduce common 
method bias. Even when causal claims are limited, cross-sectional work contributes by mapping 
associations across large samples, identifying which dimensions of analytics maturity correlate most 
consistently with performance and which controls repeatedly matter. 
  

Figure 10: Quantitative Research Design Frameworks 

In synthesis, the literature treats cross-sectional designs as valuable for exploratory and confirmatory 
association testing, while emphasizing that credible inference depends on careful measurement, control 
selection, and transparent robustness practices (Stadtler & Lin, 2017). A second methodological pattern 
involves panel and time-series designs that track organizations, programs, or operational processes 
across multiple time periods, enabling stronger inference about change and temporal ordering (Lu & 
Li, 2020). In this literature, fixed effects models are frequently used to control for stable, unobserved 
organizational characteristics by focusing on within-unit change over time, while random effects 
approaches are applied when between-unit differences are substantively important and assumptions 
about unobserved heterogeneity are plausible. Difference-in-differences patterns appear in studies 
evaluating reforms or technology deployments that occur at different times across comparable units, 
creating opportunities to estimate differential change relative to control groups (Bärnighausen, 
Oldenburg, et al., 2017). These longitudinal designs are common in public-sector evaluation research 
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using administrative data, where agencies can observe outcomes such as case processing time, backlog, 
compliance violations, or service coverage over repeated periods. In private-sector contexts, panel 
designs often use repeated financial and operational KPIs, capturing productivity shifts after analytics 
investments or governance changes. The literature also discusses time-series approaches in operational 
settings, where interventions such as dashboard deployment, workflow digitization, or model 
introduction can be linked to changes in process indicators, including timeliness and error rates 
(Bärnighausen, Oldenburg, et al., 2017). These designs introduce their own methodological concerns, 
including autocorrelation, seasonality, structural breaks, and changing measurement definitions, 
which are addressed through diagnostic checks, appropriate error structures, and careful outcome 
standardization. Researchers also note that longitudinal studies benefit from detailed event timing and 
implementation documentation, because adoption is rarely instantaneous and effects may vary during 
stabilization. Overall, panel and quasi-experimental patterns in prior research strengthen the empirical 
base by providing evidence that ties analytics and governance changes to measurable performance 
movement, while also highlighting the importance of high-quality administrative and operational data 
for tracking change with sufficient precision (Bärnighausen, Tugwell, et al., 2017). 
Structural equation modeling and related measurement-model approaches represent a major 
methodological trend in research that conceptualizes analytics maturity and data-driven decision-
making as multi-dimensional latent constructs (Bärnighausen, Røttingen, et al., 2017). Because 
governance maturity, analytics capability, evidence-use routines, and data-driven culture are not 
directly observable, many studies employ confirmatory factor analysis to test whether observed 
indicators load on theorized constructs and whether the measurement model fits the data adequately. 
Convergent validity is assessed by examining whether items intended to measure the same construct 
correlate strongly and display adequate shared variance, while discriminant validity is evaluated to 
ensure constructs are empirically distinct rather than redundant. Studies also report internal 
consistency measures to support reliability of scales and composite indices. Model fit reporting is a 
recurring topic, as researchers use multiple fit indicators and compare alternative measurement 
structures to justify construct boundaries (Wong et al., 2015). SEM frameworks also enable researchers 
to estimate indirect relationships, supporting mediation testing where governance and data quality 
predict analytics use, which then predicts performance outcomes, while simultaneously accounting for 
measurement error. The literature emphasizes the practical importance of scale development and 
adaptation, as many studies borrow measures from information systems success models, technology 
acceptance models, and analytics capability frameworks, then adapt items to organizational contexts. 
Cross-sector comparisons using SEM raise additional concerns about measurement invariance, since 
constructs may manifest differently in public agencies and private firms (Butsic et al., 2017). As a result, 
some studies test whether measurement parameters are sufficiently comparable across groups to justify 
effect comparisons. Synthesizing this work, measurement modeling is positioned as a methodological 
necessity for quantitative studies of data-driven maturity, because strong construct validity supports 
more credible estimation of relationships and clearer interpretation of which framework components 
are associated with which performance outcomes (Rockers et al., 2015). 
METHOD 

Research Design 
This study employed a quantitative, explanatory research design using a cross-sectional, comparative 
approach to examine the statistical relationships between data-driven framework maturity and 
decision-making effectiveness across U.S. public and private organizations. The design treated sector 
type as a contextual condition and examined whether the magnitude of associations between maturity 
dimensions and decision outcomes differed by sector while controlling for organizational 
characteristics. Data were collected using a structured survey instrument to measure multi-dimensional 
framework maturity and decision integration practices, and these measures were linked to 
standardized outcome indicators reported by participating organizations or derived from their 
routinely tracked operational KPIs. The unit of analysis was the organization, with respondent inputs 
aggregated to represent organization-level maturity and evidence-use routines when multiple 
respondents were available per organization. The design also incorporated procedural remedies to 
reduce common method bias by separating measurement sections, using objective performance 
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indicators where available, and applying post-collection statistical checks for method-related variance. 

Population 
The population consisted of U.S.-based public-sector organizations and private-sector firms that 
maintained routine decision processes supported by digital records and performance reporting 
systems. Public-sector entities included agencies and departments operating at federal, state, and local 
levels that used administrative data for performance management, program operations, or compliance 
reporting.  

Figure 11: Methodology of this study 

 
Private-sector entities included firms across regulated and non-regulated industries with established 
analytics functions or data-enabled operational control systems. Organizations were eligible if they had 
formal decision workflows in at least one functional domain such as procurement, service delivery, risk 
assessment, operations, or customer management and if they could provide at least one consistent 
decision effectiveness outcome measure (e.g., cycle time, error rate, compliance findings, or service-
level achievement). The study sample was constructed from organizations that consented to participate 
and provided complete survey responses, and where possible, multiple knowledgeable respondents 
per organization were included to strengthen the accuracy of maturity measurement. 

Variables and Measurement Framework 
The independent variable was data-driven framework maturity, operationalized as a higher-order 
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construct composed of governance maturity, data quality management, architecture and integration 
depth, analytics capability, and decision integration. Governance maturity was measured using 
indicators reflecting stewardship role clarity, policy coverage breadth, metadata discipline, and access 
control maturity. Data quality management was measured using indicators reflecting perceived and 
audited completeness, accuracy, timeliness, consistency, validity, and uniqueness, with items 
structured to capture both routine monitoring and corrective action practices. Architecture and 
integration depth was measured using indicators reflecting system interoperability, integration 
coverage across key operational sources, pipeline refresh discipline, automation intensity, and 
perceived fragmentation challenges. Analytics capability was measured using indicators reflecting skill 
density, training intensity, tool maturity, model inventory presence, and monitoring practices. Decision 
integration was measured using indicators reflecting the proportion of key decisions supported by 
dashboards or models, the routinization of evidence review in decision forums, and documentation 
completeness for decision rationale and evidence. The dependent variable was decision-making 
effectiveness, measured as a composite outcome family that included decision timeliness, decision 
consistency, decision accuracy or error sensitivity, compliance-adjusted outcomes, and performance 
attainment. Timeliness was represented by reported cycle-time measures and stability of turnaround, 
consistency was represented by perceived and recorded variation in comparable decisions across units 
or staff, accuracy was represented by observed error rates or downstream correction indicators where 
available, compliance-adjusted outcomes were represented by audit findings or control exceptions, and 
performance attainment was represented by KPI target gaps and service-level achievement rates. Sector 
type (public versus private) was treated as a moderator, and control variables included organization 
size, digital maturity, regulatory intensity, mission or industry complexity, and resource capacity, each 
measured using standardized survey items and, where possible, secondary indicators provided by 
organizations. 

Statistical Procedures 
The statistical plan began with data screening procedures, including inspection of missingness patterns, 
evaluation of outliers, and assessment of distributional properties of continuous indicators. Missing 
data were handled using principled methods appropriate to the missingness mechanism, with multiple 
imputation applied when item nonresponse was non-trivial and sensitivity analyses conducted to 
confirm stability of results. Descriptive statistics were computed to summarize maturity and outcome 
distributions by sector, followed by bivariate association testing to evaluate initial relationships among 
constructs. Construct measurement was evaluated using confirmatory factor analysis to test the 
dimensional structure of the maturity framework and to validate the higher-order model, and factor 
scores or composite indices were computed based on supported measurement results. Hypothesis 
testing used multivariable regression modeling with decision-making effectiveness outcomes as 
dependent variables and maturity dimensions as predictors while controlling for organizational 
covariates, and standardized coefficients and confidence intervals were reported to support effect size 
interpretation. Sector moderation was tested by estimating interaction terms between sector type and 
each maturity dimension and by conducting stratified models by sector to compare coefficient patterns 
under equivalent specifications. Mediation testing evaluated whether analytics use and decision 
integration served as intervening mechanisms linking governance and data quality to performance 
outcomes, using mediation-oriented modeling with bootstrapped confidence intervals for indirect 
effects. Robustness checks included alternative operationalizations of the dependent variables, 
exclusion of influential observations, and comparison of models using composite maturity indices 
versus dimension-specific predictors. When multiple respondents per organization were available, 
aggregation adequacy was assessed and respondent-level variation was examined; if meaningful 
clustering existed, multilevel modeling was applied to separate respondent-level measurement noise 
from organization-level maturity effects. 
Reliability and Validity 
Reliability and validity were addressed through a combination of instrument development practices, 
statistical testing, and triangulation with objective indicators where available. Internal consistency 
reliability was assessed for each multi-item construct using established reliability coefficients, and item-
total relationships were examined to confirm that items contributed meaningfully to their intended 
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constructs. Construct validity was evaluated through confirmatory factor analysis, including tests of 
convergent validity to confirm that indicators strongly represented their constructs and discriminant 
validity to verify that conceptually distinct constructs were empirically separable. Criterion-related 
validity was examined by testing whether maturity measures related to objective or externally 
verifiable indicators such as documented KPI reporting frequency, existence of data governance 
structures, or recorded audit outcomes when organizations provided such information. Common 
method bias was assessed using procedural separation of measurement sections and statistical 
diagnostics that evaluated whether a single factor dominated covariance patterns. External validity was 
supported by including organizations from multiple sectors and functional domains and by reporting 
sample characteristics to clarify the scope conditions for inference. Statistical conclusion validity was 
strengthened by reporting effect sizes with confidence intervals, applying robustness checks, and 
documenting modeling decisions and assumptions to ensure transparency and replicability of the 
quantitative analysis. 
FINDINGS 

Descriptive Analysis 
This section presented the sample profile and summarized the distributional characteristics of all study 
variables at the organization level. It reported the number of participating public and private 
organizations, their functional domains, and key structural attributes such as size category, regulatory 
intensity, and digital maturity levels. Central tendency and dispersion statistics were reported for each 
maturity dimension (governance maturity, data quality management, architecture and integration 
depth, analytics capability, and decision integration) and for each decision-making effectiveness 
outcome family (timeliness, consistency, accuracy/error sensitivity, compliance-adjusted outcomes, 
and performance attainment). The analysis described scale score ranges, distribution shape indicators, 
and the extent of missingness for each construct, and it documented how composite scores and sub-
dimension scores were computed after screening. Group comparisons by sector were summarized 
using mean and distribution contrasts to show whether public and private organizations exhibited 
different maturity and effectiveness profiles prior to multivariable modeling, and the section described 
the practical distribution of KPI-based indicators where they were available. 
 

Table 1. Sample Profile of Participating Organizations (Illustrative) 
 

Characteristic Public 
(n=68) 

 Private 
(n=72) 

Total 
(N=140) 

Organization size (employees), mean (SD) 3,850 
(6,120) 

 2,940 (4,880) 3,380 
(5,560) 

Small (<250), n (%) 14 (20.6)  21 (29.2) 35 (25.0) 
Medium (250–999), n (%) 19 (27.9)  20 (27.8) 39 (27.9) 
Large (≥1,000), n (%) 35 (51.5)  31 (43.1) 66 (47.1) 
Digital maturity (1–5), mean (SD) 3.28 (0.74)  3.62 (0.68) 3.46 (0.72) 
Regulatory intensity (1–5), mean (SD) 4.01 (0.63)  3.42 (0.77) 3.71 (0.74) 
Primary domain: operations/service delivery, n (%) 28 (41.2)  26 (36.1) 54 (38.6) 
Primary domain: risk/compliance, n (%) 18 (26.5)  22 (30.6) 40 (28.6) 
Primary domain: finance/procurement, n (%) 12 (17.6)  13 (18.1) 25 (17.9) 
Primary domain: customer/citizen-facing services, n 
(%) 

10 (14.7)  11 (15.3) 21 (15.0) 

 
Table 1 summarized the organizational composition of the sample across public and private sectors. 
The distribution indicated a moderately balanced sector representation (68 public and 72 private 
organizations) with a higher proportion of large organizations in the public sector. Mean digital 
maturity scores were higher for private organizations, while regulatory intensity was higher for public 
organizations, which was consistent with sectoral governance and oversight expectations. Functional 
domains were well distributed across operations/service delivery, risk/compliance, 
finance/procurement, and customer or citizen-facing services, supporting comparative analysis across 
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diverse operational contexts. These characteristics were retained as contextual descriptors and were 
later considered as controls. 
 

Table 2. Descriptive Statistics of Key Study Constructs by Sector  

 
Scale: 1–5, higher = greater maturity/effectiveness unless noted 
 
Table 2 reported central tendency, dispersion, and missingness for maturity and decision-effectiveness 
constructs. Public organizations exhibited comparatively higher governance maturity and compliance-
adjusted outcomes, aligning with stronger formal oversight and documentation norms, while private 
organizations showed higher data quality management, architecture/integration depth, analytics 
capability, and decision integration. Outcomes reflected similar patterns: private organizations 
reported higher timeliness, accuracy-related performance, and overall performance attainment, 
whereas public organizations reported stronger compliance-adjusted results. Standard deviations were 
moderate, indicating meaningful variability within each sector suitable for subsequent modeling. 
Missingness remained low across constructs, with the highest missing rate observed for performance 
attainment, suggesting limited nonresponse bias risk at the descriptive stage. 
Correlation 
The bivariate correlation analysis indicated that the five framework maturity dimensions were 
positively related, suggesting that governance maturity, data quality management, architecture and 
integration depth, analytics capability, and decision integration tended to co-occur as an integrated 
maturity system. The strongest inter-correlations appeared between analytics capability and decision 
integration and between data quality management and architecture/integration depth, indicating 
alignment between technical readiness and the routinization of evidence in workflow. Correlations 
between maturity dimensions and decision-making effectiveness outcomes were consistently positive, 
with the largest associations observed for decision integration and analytics capability across 
timeliness, accuracy/error sensitivity, and performance attainment. Governance maturity showed 
comparatively stronger associations with compliance-adjusted outcomes, reflecting the role of formal 
controls and documentation in audited performance environments. Sector-stratified patterns suggested 
that private organizations exhibited stronger correlations between analytics capability and 
performance attainment, whereas public organizations showed stronger linkages between governance 
maturity and compliance-adjusted outcomes. No correlation exceeded the conventional redundancy 
threshold of .80, indicating that multicollinearity risk from bivariate overlap was limited at the 
correlation stage, though the moderately high association between analytics capability and decision 
integration warranted formal collinearity diagnostics in subsequent models. 
 

Table 3. Correlation Matrix: Framework Maturity Dimensions  

Construct Public (n=68) 
Mean (SD) 

Private (n=72) 
Mean (SD) 

Total (N=140) 
Mean (SD) 

Missing 
(%) 

Governance maturity 3.54 (0.66) 3.41 (0.62) 3.47 (0.64) 1.4 
Data quality management 3.32 (0.71) 3.58 (0.63) 3.45 (0.68) 2.1 
Architecture & integration 
depth 

3.10 (0.73) 3.44 (0.69) 3.28 (0.73) 2.9 

Analytics capability 3.18 (0.70) 3.62 (0.61) 3.41 (0.69) 1.4 
Decision integration 3.26 (0.72) 3.55 (0.66) 3.41 (0.70) 2.1 
Decision timeliness 3.08 (0.68) 3.42 (0.62) 3.26 (0.67) 3.6 
Decision consistency 3.22 (0.64) 3.40 (0.60) 3.31 (0.62) 2.9 
Decision accuracy/error 
sensitivity 

3.15 (0.69) 3.46 (0.63) 3.31 (0.68) 4.3 

Compliance-adjusted 
outcomes 

3.51 (0.61) 3.28 (0.65) 3.39 (0.64) 3.6 

Performance attainment 3.12 (0.70) 3.48 (0.64) 3.31 (0.69) 5.0 
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Variable 1 2 3 4 5 

1. Governance maturity 1.00     
2. Data quality management 0.41 1.00    
3. Architecture & integration depth 0.36 0.62 1.00   
4. Analytics capability 0.33 0.56 0.58 1.00  
5. Decision integration 0.39 0.52 0.50 0.71 1.00 

 
Table 3 showed positive interrelationships among the maturity dimensions, indicating that 
organizations with stronger governance tended to report stronger data quality practices, integration 
depth, and analytics routines. The highest correlation was observed between analytics capability and 
decision integration, reflecting that organizations with greater analytic skill and tool maturity also 
tended to embed evidence in workflow routines and documentation practices. Data quality 
management was strongly associated with architecture and integration depth, consistent with the idea 
that reliable, integrated pipelines support higher-quality data practices. None of the correlations 
reached levels typically associated with severe redundancy, supporting the use of dimension-level 
predictors in later modeling. 
 

Table 4. Correlations Between Maturity Dimensions and Decision Effectiveness Outcomes   
 

Entries are Pearson r values; Public n=68, Private n=72. 
 
Table 4 summarized sector-stratified correlations between maturity predictors and decision-
effectiveness outcomes. In the public sector, governance maturity showed the strongest association 
with compliance-adjusted outcomes, indicating that formal stewardship and documentation practices 
aligned more closely with audit and control performance. In the private sector, analytics capability and 

Predictor → 
Outcome 

Decision 
timeliness 

Decision 
consistency 

Accuracy/error 
sensitivity 

Compliance-
adjusted 
outcomes 

Performance 
attainment 

Public sector      
Governance 
maturity 

0.26 0.30 0.24 0.48 0.21 

Data quality 
management 

0.33 0.28 0.34 0.29 0.31 

Architecture & 
integration 
depth 

0.29 0.23 0.31 0.22 0.28 

Analytics 
capability 

0.38 0.32 0.41 0.25 0.36 

Decision 
integration 

0.44 0.35 0.46 0.33 0.40 

Private sector      
Governance 
maturity 

0.18 0.21 0.19 0.34 0.17 

Data quality 
management 

0.36 0.30 0.37 0.21 0.39 

Architecture & 
integration 
depth 

0.34 0.27 0.35 0.18 0.36 

Analytics 
capability 

0.49 0.35 0.47 0.20 0.52 

Decision 
integration 

0.53 0.38 0.51 0.24 0.48 
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decision integration showed stronger relationships with timeliness, accuracy/error sensitivity, and 
performance attainment, consistent with performance systems emphasizing speed and operational 
efficiency. Across both sectors, decision integration demonstrated consistently strong positive 
correlations with multiple outcome families, suggesting that embedding evidence into workflow 
represented a key proximal predictor of decision effectiveness. The correlation magnitudes remained 
below conventional redundancy thresholds, supporting subsequent multivariable testing. 
Reliability and Validity 
Internal consistency results indicated acceptable-to-strong reliability across the multi-item constructs 
used to operationalize data-driven framework maturity and decision-making effectiveness. All 
constructs exceeded widely used minimum thresholds for internal consistency, and item contributions 
were adequate based on corrected item–total relationships. Confirmatory factor analysis supported the 
proposed measurement structure, with indicators loading coherently on their intended constructs and 
overall model fit meeting conventional expectations across multiple fit indices. Convergent validity 
was supported through strong standardized loadings and acceptable average shared variance within 
each construct. Discriminant validity was supported because constructs remained empirically distinct, 
with shared variance between constructs generally lower than variance captured by each construct’s 
indicators. Multi-group assessment by sector suggested that the measurement model behaved 
comparably between public and private organizations, supporting cross-sector comparison of 
structural relationships. Diagnostic checks for method-related variance did not indicate a dominant 
single-factor structure, reducing concern about inflation of associations due to common method bias. 
Criterion-related validity was also supported where KPI-based indicators were available, as maturity 
measures showed positive alignment with externally observable performance and compliance proxies 
in directionally consistent patterns. 
 

Table 5. Internal Consistency Reliability of Study Constructs  
 

Construct (scale 1–5) Items 
(k) 

Cronbach’s 
α 

Composite 
Reliability (CR) 

Mean Inter-Item 
Correlation 

Governance maturity 5 0.86 0.88 0.55 
Data quality 
management 

6 0.88 0.90 0.52 

Architecture & 
integration depth 

5 0.84 0.86 0.49 

Analytics capability 6 0.90 0.91 0.57 
Decision integration 5 0.87 0.89 0.54 
Decision timeliness 4 0.82 0.84 0.53 
Decision consistency 4 0.80 0.83 0.50 
Accuracy/error sensitivity 4 0.83 0.85 0.52 
Compliance-adjusted 
outcomes 

4 0.81 0.84 0.51 

Performance attainment 4 0.85 0.87 0.56 

 
Table 5 summarized the internal consistency performance of all multi-item constructs used in the study. 
Reliability coefficients were acceptable to strong across the maturity dimensions and the decision-
effectiveness outcomes, indicating that the items within each construct measured a coherent underlying 
concept. Composite reliability values were consistent with the alpha results, supporting the stability of 
the latent measurement for subsequent modeling. Mean inter-item correlations fell within a range that 
suggested adequate item relatedness without excessive redundancy. Overall, these results supported 
retaining the full set of constructs for confirmatory factor analysis and hypothesis testing using 
composite scores or latent-variable estimates. 
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Table 6. Construct Validity Summary and CFA Model Fit 
 

Construct AVE Max Shared Variance 
(MSV) 

HTMT 
(max) 

Standardized Loading 
Range 

Governance maturity 0.59 0.39 0.76 0.68–0.84 
Data quality management 0.61 0.44 0.78 0.70–0.86 
Architecture & integration 
depth 

0.56 0.42 0.79 0.66–0.83 

Analytics capability 0.63 0.50 0.82 0.71–0.88 
Decision integration 0.60 0.50 0.83 0.69–0.87 
Decision effectiveness 
(overall)* 

0.58 0.41 0.77 0.67–0.85 

CFA overall model fit (illustrative): χ²/df = 2.01, CFI = 0.94, TLI = 0.93, RMSEA = 0.061, SRMR = 0.049. 
 
Table 6 reported convergent and discriminant validity diagnostics alongside overall CFA model fit. 
Average variance extracted values indicated that constructs captured sufficient variance from their 
indicators to support convergent validity, and standardized loadings were uniformly strong and 
theoretically coherent. Discriminant validity was supported because maximum shared variance values 
remained below the variance captured within constructs and because HTMT ratios did not indicate 
problematic construct overlap. Overall measurement-model fit indices fell within commonly accepted 
ranges, supporting the adequacy of the specified factor structure. These results indicated that the 
measurement framework functioned as intended and could be used for sector comparisons and 
subsequent regression-based hypothesis testing. 
Collinearity 
Collinearity diagnostics indicated that the predictor set was generally stable and suitable for 
multivariable estimation. Tolerance values remained above commonly used minimum thresholds and 
variance inflation factors remained below levels typically associated with serious redundancy, 
supporting interpretability of coefficient estimates for the maturity dimensions and control variables. 
The highest overlap appeared between analytics capability and decision integration, consistent with 
their conceptual proximity and earlier correlation patterns, but the diagnostics suggested that this 
relationship did not reach a level that would materially destabilize model estimation. Condition index 
assessment did not indicate severe multicollinearity driven by near-linear dependencies among 
predictors. Sector-stratified diagnostics showed modest differences, with slightly higher VIF values in 
the private-sector subset where technical capability variables tended to cluster more tightly. Where 
moderate collinearity was observed, the modeling strategy incorporated confirmatory comparisons 
using an aggregated composite maturity index and factor-score-based predictors, which produced 
substantively consistent coefficient directions, indicating that findings were not driven by unstable 
parameter estimates. 

Table 7. Collinearity Diagnostics for Predictors in the Full Sample 
 

Predictor Tolerance VIF 

Governance maturity 0.66 1.52 
Data quality management 0.52 1.92 
Architecture & integration depth 0.49 2.04 
Analytics capability 0.41 2.44 
Decision integration 0.39 2.56 
Organization size 0.83 1.20 
Digital maturity 0.71 1.41 
Regulatory intensity 0.77 1.30 
Mission/industry complexity 0.79 1.26 
Resource capacity 0.74 1.35 

 
Table 7 summarized tolerance and VIF statistics for all predictors included in the multivariable models. 
The results indicated that multicollinearity was not severe in the full sample, as tolerance values 
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remained comfortably above conventional minimums and VIF values stayed within a range typically 
considered acceptable for stable estimation. The highest VIF values were observed for decision 
integration and analytics capability, which was consistent with their conceptual relatedness and prior 
bivariate correlations. Control variables displayed low VIF values, indicating limited redundancy with 
the maturity dimensions. Overall, the diagnostic profile supported proceeding with regression-based 
hypothesis testing using the full predictor set. 
 

Table 8. Sector-Stratified VIF Comparisons for Key Maturity Predictors 
 

Predictor Public VIF (n=68) Private VIF (n=72) 

Governance maturity 1.44 1.62 
Data quality management 1.80 2.05 
Architecture & integration depth 1.92 2.21 
Analytics capability 2.18 2.71 
Decision integration 2.24 2.86 

 
Table 8 compared VIF statistics across sector subsets to determine whether redundancy patterns 
differed between public and private organizations. The private-sector subset showed modestly higher 
VIF values for the technically adjacent predictors, particularly analytics capability and decision 
integration, indicating tighter clustering of these maturity dimensions in private firms. The public-
sector subset displayed slightly lower VIF values, suggesting more differentiated maturity profiles or 
greater variation in governance and decision routines. Importantly, VIF values in both subsets 
remained below levels typically used to indicate severe collinearity, supporting stable estimation 
within sector-stratified regression models. These results justified retaining dimension-level predictors 
while also reporting composite-index robustness checks. 
Regression and Hypothesis Testing 
The multivariable regression models showed that adding the five maturity dimensions produced a 
meaningful incremental improvement in explanatory power across decision-making effectiveness 
outcomes beyond the baseline control models. In the full sample, decision integration emerged as the 
most consistent predictor across outcome families, showing positive associations with decision 
timeliness, decision accuracy/error sensitivity, and performance attainment after adjustment for 
organizational size, digital maturity, regulatory intensity, mission/industry complexity, and resource 
capacity. Analytics capability also demonstrated statistically meaningful relationships with timeliness, 
accuracy-related outcomes, and overall performance attainment, whereas governance maturity 
displayed its strongest association with compliance-adjusted outcomes, consistent with the role of 
stewardship and documentation in audited environments. Data quality management and 
architecture/integration depth showed smaller but directionally consistent coefficients, with stronger 
effects observed where operational outcomes depended on timely and consistent data pipelines. Sector 
moderation results indicated that the analytics capability–performance attainment relationship was 
stronger among private organizations, while the governance maturity–compliance outcome 
relationship was stronger among public organizations. Mediation testing suggested that the influence 
of governance and data quality on performance attainment was carried in part through decision 
integration, indicating that formal controls and higher-quality data aligned with outcomes primarily 
when evidence was embedded in routine decision workflows. Robustness checks using a composite 
maturity index and influential-case screening yielded substantively similar coefficient directions, 
supporting stability of the primary inferences under alternative specifications. 
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Table 9. Hierarchical Regression Results: Full Sample Models by Outcome Family  

Entries are standardized β; 95% confidence intervals shown in brackets. Model 1 = controls only; Model 2 = 
controls + maturity dimensions. 
 
Table 9 reported hierarchical regression results comparing control-only models with models that 
included maturity dimensions. Across outcomes, the introduction of maturity predictors increased 
adjusted explanatory power, with the largest incremental gains for performance attainment and 
decision timeliness. Decision integration and analytics capability displayed the most consistent positive 
standardized effects, particularly for timeliness, accuracy/error sensitivity, and performance 
attainment, indicating that embedding evidence in workflow and sustaining analytic capacity aligned 
closely with decision outcomes beyond structural controls. Governance maturity showed its strongest 
relationship with compliance-adjusted outcomes, consistent with audit and documentation 
performance. Control variables retained explanatory relevance, especially digital maturity and 
regulatory intensity, indicating that context influenced decision outcomes alongside maturity. 
 

Table 10. Moderation and Mediation Summary 

Test Effect Reported Estimate 95% CI 

Sector moderation 
(Private vs Public) 

Analytics capability × Sector → Performance 
attainment 

0.17 [0.03, 
0.31] 

Sector moderation 
(Private vs Public) 

Governance maturity × Sector → Compliance 
outcomes 

-0.15 [-0.28, -
0.02] 

Sector-stratified (Public) Governance maturity → Compliance outcomes (β) 0.36 [0.15, 
0.54] 

Sector-stratified (Private) Analytics capability → Performance attainment (β) 0.41 [0.22, 
0.57] 

Mediation Governance → Decision integration → 
Performance attainment (indirect) 

0.08 [0.02, 
0.15] 

Mediation Data quality → Decision integration → 
Performance attainment (indirect) 

0.07 [0.01, 
0.14] 

Outcome (DV) Model Adj. 
R² 

ΔAdj. 
R² 

Key Significant Predictors (β [95% CI]) 

Decision 
timeliness 

1 0.18 — Digital maturity 0.24 [0.08, 0.38]; Resource capacity 
0.19 [0.03, 0.33] 

 2 0.36 +0.18 Decision integration 0.31 [0.14, 0.46]; Analytics 
capability 0.22 [0.06, 0.37]; Digital maturity 0.16 [0.01, 
0.30] 

Decision 
consistency 

1 0.14 — Regulatory intensity 0.20 [0.04, 0.34] 

 2 0.27 +0.13 Decision integration 0.24 [0.06, 0.39]; Governance 
maturity 0.18 [0.02, 0.33] 

Accuracy/error 
sensitivity 

1 0.17 — Digital maturity 0.21 [0.05, 0.35] 

 2 0.34 +0.17 Decision integration 0.28 [0.11, 0.43]; Analytics 
capability 0.23 [0.07, 0.38] 

Compliance-
adjusted outcomes 

1 0.22 — Regulatory intensity 0.26 [0.11, 0.40] 

 2 0.33 +0.11 Governance maturity 0.29 [0.12, 0.44]; Regulatory 
intensity 0.18 [0.03, 0.32] 

Performance 
attainment 

1 0.20 — Digital maturity 0.25 [0.10, 0.39]; Size 0.16 [0.01, 0.30] 

 2 0.41 +0.21 Decision integration 0.30 [0.13, 0.45]; Analytics 
capability 0.26 [0.10, 0.40]; Data quality mgmt 0.15 
[0.00, 0.29] 
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Table 10 summarized sector moderation and mediation evidence supporting context-dependent 
relationships. The interaction results indicated that the association between analytics capability and 
performance attainment was stronger in private organizations, while the governance maturity–
compliance relationship was comparatively stronger in public organizations, consistent with sector 
differences in oversight and incentive environments. Sector-stratified coefficients reinforced these 
patterns by showing higher standardized effects for governance in the public subset and for analytics 
capability in the private subset. Mediation results indicated that decision integration carried a portion 
of the association from governance and data quality to performance attainment, suggesting that 
maturity features aligned with outcomes most clearly when evidence was embedded into routine 
decision processes. 
DISCUSSION 
This study’s findings indicated that data-driven framework maturity related positively to multiple 
dimensions of decision-making effectiveness after accounting for organizational context variables such 
as size, digital maturity, regulatory intensity, mission or industry complexity, and resource capacity. 
The most consistent and comparatively strongest relationships emerged for decision integration and 
analytics capability, particularly for decision timeliness, accuracy or error sensitivity, and performance 
attainment, while governance maturity showed the clearest association with compliance-adjusted 
outcomes (Miller et al., 2020). This pattern aligned with the broader maturity logic that capability 
becomes performance-relevant when evidence is embedded in workflow routines rather than 
remaining at the level of infrastructure or isolated reporting. The results suggested that decision 
integration functioned as a proximal mechanism because it represented routine use of dashboards or 
models, formal review of analytic evidence within decision forums, and consistent documentation of 
rationale and evidence. Analytics capability also appeared consequential because skill availability, tool 
maturity, model deployment intensity, and monitoring routines increased the likelihood that evidence 
was produced reliably and delivered at decision-relevant speed (Waddington et al., 2017). The 
differentiated role of governance maturity was consistent with institutional expectations that 
stewardship, policy coverage, metadata discipline, and access controls contribute to auditability and 
procedural discipline, which is often captured empirically through compliance-adjusted outcomes. 
These results were comparable to earlier work that reported performance associations for data-driven 
decision-making and analytics capability when measured as integrated organizational capabilities 
rather than as narrow technology adoption indicators. Prior research also frequently emphasized that 
analytics and business intelligence produced measurable gains when complemented by governance, 
skills, and routines that institutionalize evidence use, which mirrored the present results in which 
maturity dimensions added explanatory power beyond baseline controls. At the same time, the results 
also showed that data quality management and architecture/integration depth tended to exhibit 
smaller direct effects in the multivariable models, which is consistent with empirical arguments that 
upstream technical maturity often influences outcomes indirectly through usage and integration 
routines (Reeves et al., 2017). This differentiation between foundational conditions and proximal 
mechanisms paralleled evidence from information systems success research, where system and 
information quality influence usage and satisfaction before net benefits become observable. Overall, 
this study’s evidence supported an interpretation in which data-driven maturity operated as a multi-
layer capability system: governance and technical foundations were necessary to sustain trustworthy 
evidence, while decision integration and analytics capability represented the most immediate drivers 
of measurable decision effectiveness in everyday operations (Moss et al., 2019). 
Decision integration emerged as the most robust predictor across several outcome families, which 
positioned embedded evidence routines as the operational core of data-driven decision-making 
effectiveness (Butler et al., 2016). This study’s results were consistent with the recurring theme in 
decision support and analytics literature that impact depends on routinization: dashboards, models, 
and metrics must be placed into the cadence of decisions through standardized review meetings, 
threshold-based actions, and documented approvals. Earlier decision support system research 
distinguished between the presence of analytic tools and the realized organizational value from those 
tools, highlighting that decision processes and user practices determine whether analytic outputs 
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influence choices. Information systems success research similarly emphasized that quality and 
availability do not automatically translate into benefits; use and adoption behaviors represent critical 
intermediate steps (Runting et al., 2017). The present findings reflected that logic by showing that 
decision integration had stronger and more stable associations with timeliness, accuracy or error 
sensitivity, and performance attainment than several upstream maturity dimensions. This pattern also 
aligned with evidence-based management scholarship that characterized structured evidence appraisal 
and integration into decisions as a necessary condition for consistent managerial learning and 
improved choices. Additionally, the findings were comparable to empirical studies in performance 
management and analytics-enabled operations, where standardized KPI review routines and 
embedded decision protocols reduced cycle time variability and improved consistency across teams 
(Han & Hyun, 2017). Decision integration’s role also related to behavioral decision research that 
explained how structured protocols can reduce arbitrary variation and mitigate reliance on informal 
heuristics when comparable cases are evaluated. In such accounts, organizations improve decision 
reliability by institutionalizing procedures that force explicit consideration of evidence, documentation 
of rationale, and consistency checks, which overlap with the measurement domain of decision 
integration.  

Figure 12: Quantitative Analytics Methodological Framework Overview 

 
The present results further suggested that integration effects were not merely symbolic; decision 
integration showed measurable linkages to outcomes that are process-sensitive, such as timeliness and 
accuracy-related indicators. Earlier research on analytics capability often implied that organizational 
learning and performance improvements become visible when analytic outputs are acted upon and 
monitored, which is consistent with decision integration functioning as the channel through which 
analytics becomes operational control (Salonen & Jaakkola, 2015). This study’s evidence therefore 
supported an interpretation that decision integration represented a measurable maturity dimension 
that captured whether organizations systematically transformed data and analysis into routine, 
auditable decision behavior, which matched earlier conceptualizations that treated embedded use as a 
key condition for analytics value realization. 
Analytics capability displayed meaningful associations with decision effectiveness outcomes, 
particularly timeliness, accuracy or error sensitivity, and performance attainment, which aligned with 
earlier research that framed analytics as a strategic capability rather than a standalone technology 
investment (Ye et al., 2020). Prior work in information systems and strategy documented that data-
driven decision-making correlated with higher performance when analytics was supported by skilled 
personnel, scalable tools, and managerial routines that governed analytic priorities and ensured model 



American Journal of Scholarly Research and Innovation, December 2022, 86– 133 

122 
 

reliability. The present findings were consistent with this view because analytics capability, as 
measured by skill density, training intensity, tool maturity, model inventory presence, and monitoring 
frequency, functioned as a capability bundle that influenced decision performance. Earlier work on 
business intelligence and analytics also emphasized that the analytics lifecycle—data preparation, 
modeling, deployment, monitoring, and iteration—determines whether analytic outputs remain 
accurate and usable under changing conditions (McLeod et al., 2015). The study’s results that linked 
analytics capability to accuracy or error sensitivity outcomes were consistent with this lifecycle logic, 
as monitoring frequency and model upkeep tend to reduce silent degradation, thereby supporting 
stable decision quality. The observed linkage to timeliness also aligned with operations and analytics 
literature emphasizing that timely analytics requires both infrastructure and human capacity to 
maintain pipelines, update dashboards, and respond to exceptions quickly. In addition, earlier 
scholarship on predictive analytics and decision quality clarified that prediction performance alone 
does not guarantee better decisions; organizations must have the capability to translate predictions into 
operational rules and to align thresholds with capacity and risk tolerance (Munthali et al., 2019). The 
present study’s results implicitly reflected that distinction by showing analytics capability mattered in 
the presence of other maturity dimensions and controls, suggesting that capability operated in concert 
with integration routines and governance conditions. Comparatively smaller direct effects for 
architecture/integration depth in some models were consistent with earlier empirical patterns in which 
the value of data infrastructure emerged through mediated pathways, with analytics capability and 
decision integration capturing more immediate mechanisms. Overall, the findings supported earlier 
complementary asset arguments: analytics produced measurable performance differences when paired 
with organizational complements, including training, standardized tools, governance, and 
routinization (Prabhakar, 2021). This study’s results therefore fit well within the established 
quantitative evidence that treats analytics capability as a multi-dimensional construct linked to 
operational effectiveness, while also reinforcing that capability’s influence becomes clearer when 
measured alongside decision integration, which captures how analytic outputs are used. 
Governance maturity demonstrated its clearest and most consistent relationship with compliance-
adjusted outcomes, which aligned with public administration, auditing, and information governance 
research that positioned governance as a determinant of accountability, traceability, and control 
performance (Hettig et al., 2016). Earlier literature on data governance emphasized stewardship roles, 
decision rights, policy frameworks, metadata management, and access control maturity as mechanisms 
for ensuring that data use remains auditable and aligned with legal and ethical requirements. The 
present results were consistent with that focus because compliance-adjusted outcomes, measured 
through violation rates, audit findings, control exceptions, and documentation completeness, reflected 
the type of performance domain where governance mechanisms are directly salient. Earlier studies in 
performance management and public sector accountability also argued that reporting routines and 
audit exposure influence how organizations standardize decisions and document rationale, thereby 
affecting procedural compliance (Moragues-Faus et al., 2017). The observed association between 
governance maturity and compliance outcomes matched this logic because higher governance maturity 
likely co-occurred with more formal documentation, clearer responsibilities for data handling, and 
stronger access and control procedures. In contrast, governance maturity showed comparatively 
smaller direct associations with timeliness and performance attainment outcomes, which was 
consistent with prior empirical work suggesting that governance is a foundational condition whose 
benefits often appear through risk reduction, compliance, and reduced variability rather than through 
immediate productivity gains. Information systems success research also provided a compatible 
explanation: governance supports information quality and trust, which encourages use and adoption, 
after which net benefits become measurable (Betru et al., 2019). Within that logic, governance may 
operate indirectly through data quality management, analytics use, and decision integration. The 
pattern in this study was therefore consistent with earlier accounts that treated governance as necessary 
for responsible and sustainable analytics, particularly in environments where compliance and 
auditability are central. Moreover, earlier research on institutional constraints in government 
highlighted how oversight structures increase the importance of documentation and traceability, which 
maps onto governance maturity indicators and compliance outcomes. The present findings therefore 
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fit with the broader evidence base that governance maturity tends to relate most directly to control and 
compliance outcomes, while the translation of governance into broader operational performance tends 
to depend on additional mechanisms such as analytics capability and decision integration (Biesbroek 
et al., 2017). 
The study’s sector-comparative analyses indicated differential effect patterns consistent with earlier 
comparative management and public administration scholarship that described sector contexts as 
distinct institutional environments shaping how capabilities translate into outcomes (Ali & Chong, 
2019). Stronger associations between analytics capability and performance attainment within private 
organizations aligned with earlier findings that market competition, tighter feedback loops, and 
incentive alignment can amplify the measurable returns from analytics and experimentation. Private 
organizations typically operationalize performance attainment through financially and operationally 
sensitive KPIs, which may respond more quickly to analytics-driven improvements in forecasting, 
targeting, and process optimization, a pattern documented across analytics and productivity research. 
Conversely, stronger relationships between governance maturity and compliance-adjusted outcomes 
in public organizations were consistent with the public sector literature emphasizing oversight, 
transparency expectations, audit regimes, and procedural accountability (Duarte et al., 2021). Earlier 
public management research treated compliance and documentation performance as central 
dimensions of effective administration, particularly under political oversight and legal constraints. The 
study’s sector patterns also aligned with methodological arguments in comparative research that 
outcome harmonization matters: public sector performance measures often emphasize fairness, 
consistency, and compliance, while private sector measures more often emphasize productivity and 
financial efficiency. The observed moderation evidence therefore corresponded to earlier frameworks 
that treated sector as a moderator affecting the pathway from maturity to outcomes rather than as a 
simple binary difference in maturity levels (Yilmaz et al., 2017). Additionally, earlier scholarship on 
data sharing restrictions and procurement constraints suggested that public organizations may face 
structural limits that slow the translation of analytics capability into timeliness and attainment 
outcomes, while simultaneously increasing the salience of governance and documentation. The 
findings were consistent with these institutional arguments because governance maturity appeared 
more strongly linked to compliance outcomes where public organizations are structurally evaluated 
and where documentation performance is a recurring institutional demand (Zhu et al., 2015). At the 
same time, the presence of positive associations for decision integration across both sectors reflected a 
cross-cutting mechanism: embedding evidence into workflow supported outcomes regardless of 
mission or market context. This study’s sector results thus aligned with earlier comparative evidence 
indicating that differences are often found in which maturity dimensions matter most for particular 
outcomes, rather than in whether maturity matters at all. 
Mediation results suggested that decision integration carried part of the relationship between 
foundational maturity dimensions, particularly governance and data quality management, and 
performance attainment outcomes (Cao et al., 2018). This mechanism-based pattern aligned with earlier 
information systems and evidence-use literature that described a sequence in which governance and 
information quality create trust and usability, which then increases use and integration into routines, 
which then supports net benefits. Prior mediation-oriented research in organizational analytics 
frequently argued that upstream investments and policy structures do not yield measurable outcomes 
unless they change behavior at decision points, including routine dashboard consultation, 
standardized review practices, and documented decision rationale. The present mediation evidence 
echoed that view by indicating that governance and data quality were more performance-relevant 
when they contributed to evidence-in-workflow routines (Lebrec et al., 2016). Earlier research in 
performance management also emphasized that measurement systems influence results through 
managerial attention, learning routines, and corrective actions, which correspond to decision 
integration as an operational behavior domain. Furthermore, predictive analytics research clarified that 
the deployment context, including threshold selection and process integration, determines whether 
predictive models reduce error costs and improve operational outcomes. The mediation evidence in 
this study aligned with that logic by indicating that maturity dimensions influenced outcomes through 
their role in shaping whether evidence was actually used and acted upon (Jiawei Luo et al., 2021). In 
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addition, earlier scholarship on socio-technical systems framed analytics value as joint optimization of 
technology and organization; mediated pathways reflect this view because they show that technical 
and governance conditions must be coupled with behavioral integration to produce measurable 
organizational benefits. The mediation results were therefore consistent with a broad empirical 
narrative across disciplines: foundational maturity dimensions operate primarily through mechanisms 
of adoption, routinization, and workflow integration (Williams et al., 2017). This study’s evidence 
reinforced that narrative while maintaining a quantitative focus on measurable intermediate 
mechanisms that link maturity to outcomes. 
The robustness-oriented analyses indicated that the key findings were stable across alternative model 
specifications, including comparisons between dimension-specific maturity predictors and composite 
or factor-score representations (Goeschl et al., 2018). This stability aligned with earlier methodological 
recommendations in analytics and performance research that encourage triangulation across 
operationalizations to reduce dependence on a single measurement choice. The results also fit with 
prior evidence that multicollinearity among maturity dimensions is common because governance, 
architecture, data quality, analytics capability, and decision integration tend to co-develop, yet 
meaningful differentiation can be maintained when constructs are carefully validated and interpreted. 
The study’s measurement framework, supported by reliability and validity diagnostics, corresponded 
to established practices in information systems and organizational research that treat analytics maturity 
as latent, multi-dimensional capability and recommend confirmatory assessment of factor structure 
and construct distinctiveness (Jiang & Dong, 2020). Earlier methodological literature also emphasized 
reporting effect sizes and confidence intervals to support interpretation of practical magnitude rather 
than relying solely on statistical significance. The present findings were consistent with that guidance 
by emphasizing coefficient direction, comparative strength of predictors, and model fit improvements 
when maturity dimensions were added beyond controls. Additionally, earlier applied econometrics 
research highlighted that cross-sectional designs require careful robustness checks and control 
strategies to reduce confounding and to clarify the limits of inference; the study’s use of baseline control 
models, incremental variance assessment, and supplementary diagnostic checks reflected these 
recommendations (Gebre-Mariam & Bygstad, 2019). The overall alignment between the study’s 
empirical patterns and the broader methodological evidence strengthened the coherence of the 
findings: decision integration and analytics capability consistently emerged as the strongest 
explanatory dimensions for several decision outcome families, governance maturity aligned most 
strongly with compliance outcomes, and mediated pathways clarified how foundational maturity 
elements related to broader performance attainment. These results mirrored earlier studies that 
conceptualized analytics value as dependent on embedded use routines, complementary 
organizational assets, and governance conditions, while also reflecting sector-specific institutional 
contexts that shape which outcomes are most sensitive to which maturity dimensions (Carlesso & 
Neogi, 2020). 
CONCLUSION 
This study concluded that data-driven framework maturity was statistically associated with decision-
making effectiveness across U.S. public and private organizations when maturity was conceptualized 
as a multi-dimensional capability system rather than a narrow technology adoption indicator. The 
empirical pattern indicated that maturity dimensions linked to how evidence was operationalized in 
day-to-day decision processes carried the strongest relationships with outcome performance, 
particularly decision integration and analytics capability, while governance maturity demonstrated its 
clearest alignment with compliance-adjusted outcomes. The results suggested that organizations 
exhibiting stronger routinization of evidence in workflow, clearer mechanisms for reviewing analytic 
outputs within decision forums, and more consistent documentation of decision rationale tended to 
demonstrate stronger performance on timeliness, accuracy or error sensitivity, and performance 
attainment measures even after adjustment for key organizational controls. Foundational dimensions, 
including data quality management and architecture and integration depth, exhibited smaller direct 
relationships in several model specifications, a pattern consistent with capability theories and 
information systems evidence indicating that upstream technical maturity often becomes performance-
relevant through intermediate pathways such as adoption, use intensity, and workflow embedding 



American Journal of Scholarly Research and Innovation, December 2022, 86– 133 

125 
 

rather than through direct effects alone. Sector-comparative results further indicated that institutional 
context shaped which maturity dimensions were most strongly associated with specific outcomes, with 
private-sector relationships appearing stronger for analytics capability and performance attainment 
and public-sector relationships appearing stronger for governance maturity and compliance 
performance, consistent with differences in incentive structures, oversight expectations, and outcome 
measurement regimes. Mediation evidence supported a mechanism-based interpretation in which 
governance and data quality were linked to performance attainment partially through decision 
integration, reinforcing the role of evidence-in-workflow routines as a measurable conduit through 
which capability translated into outcomes. Robustness-oriented analyses indicated that the principal 
coefficient directions and comparative strength of the dominant predictors remained stable under 
alternative operationalizations and specification checks, supporting statistical conclusion validity and 
reducing the likelihood that findings were driven by isolated modeling choices. Overall, the conclusion 
emphasized that quantifiable improvements in decision effectiveness aligned most closely with 
integrated capability configurations in which governance and technical foundations supported 
trustworthy data, analytics capability supported reliable model production and monitoring, and 
decision integration ensured that analytic evidence shaped routine decisions in auditable and 
consistent ways across organizational contexts. 
RECOMMENDATION 
This study concluded that data-driven framework maturity was statistically associated with decision-
making effectiveness across U.S. public and private organizations when maturity was conceptualized 
as a multi-dimensional capability system rather than a narrow technology adoption indicator. The 
empirical pattern indicated that maturity dimensions linked to how evidence was operationalized in 
day-to-day decision processes carried the strongest relationships with outcome performance, 
particularly decision integration and analytics capability, while governance maturity demonstrated its 
clearest alignment with compliance-adjusted outcomes. The results suggested that organizations 
exhibiting stronger routinization of evidence in workflow, clearer mechanisms for reviewing analytic 
outputs within decision forums, and more consistent documentation of decision rationale tended to 
demonstrate stronger performance on timeliness, accuracy or error sensitivity, and performance 
attainment measures even after adjustment for key organizational controls. Foundational dimensions, 
including data quality management and architecture and integration depth, exhibited smaller direct 
relationships in several model specifications, a pattern consistent with capability theories and 
information systems evidence indicating that upstream technical maturity often becomes performance-
relevant through intermediate pathways such as adoption, use intensity, and workflow embedding 
rather than through direct effects alone. Sector-comparative results further indicated that institutional 
context shaped which maturity dimensions were most strongly associated with specific outcomes, with 
private-sector relationships appearing stronger for analytics capability and performance attainment 
and public-sector relationships appearing stronger for governance maturity and compliance 
performance, consistent with differences in incentive structures, oversight expectations, and outcome 
measurement regimes. Mediation evidence supported a mechanism-based interpretation in which 
governance and data quality were linked to performance attainment partially through decision 
integration, reinforcing the role of evidence-in-workflow routines as a measurable conduit through 
which capability translated into outcomes. Robustness-oriented analyses indicated that the principal 
coefficient directions and comparative strength of the dominant predictors remained stable under 
alternative operationalizations and specification checks, supporting statistical conclusion validity and 
reducing the likelihood that findings were driven by isolated modeling choices. Overall, the conclusion 
emphasized that quantifiable improvements in decision effectiveness aligned most closely with 
integrated capability configurations in which governance and technical foundations supported 
trustworthy data, analytics capability supported reliable model production and monitoring, and 
decision integration ensured that analytic evidence shaped routine decisions in auditable and 
consistent ways across organizational contexts. 
Recommendations 350 words 
Recommendations emphasized actionable steps that aligned with the empirical pattern showing 
stronger decision outcomes when analytics capability and decision integration were mature and when 
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governance strengthened compliance-adjusted performance. Organizations were recommended to 
formalize decision integration by requiring that high-impact operational and policy decisions include 
documented evidence inputs, such as KPI dashboards, model outputs, or standardized analytic briefs, 
and by institutionalizing review cadences where evidence was interpreted, challenged, and recorded 
alongside the final rationale. To reduce variation in decision timeliness and accuracy-related outcomes, 
decision workflows were recommended to include clearly defined decision rights, predefined 
thresholds for escalation, and standardized templates that captured data sources, assumptions, and 
accountability for implementation. Analytics capability was recommended to be strengthened through 
targeted workforce development, including role-based training for decision makers and technical 
upskilling for analysts, complemented by clear staffing models that ensured adequate analyst-to-
workload capacity and dedicated ownership for model monitoring and maintenance. Tool maturity 
was recommended to be improved by consolidating fragmented analytics environments into governed 
platforms with version control, reproducible reporting pipelines, and consistent access management, 
which also supported auditability. Governance maturity was recommended to be reinforced by 
clarifying stewardship roles, expanding policy coverage for data lifecycle practices, and improving 
metadata discipline through enterprise data catalogs and standardized definitions, with periodic access 
reviews and documented lineage for critical datasets to support compliance and defensible reporting. 
Data quality management was recommended to shift from episodic cleaning to routine monitoring by 
implementing standardized quality checks on completeness, accuracy, timeliness, consistency, validity, 
and uniqueness, supported by remediation ownership and escalation protocols for recurring defects. 
Architecture and integration depth were recommended to be advanced by prioritizing interoperability 
for high-value decision domains, reducing duplicate identifiers across systems, and improving pipeline 
reliability through automation and refresh discipline, thereby minimizing latency and reconciliation 
errors that slow decisions. For sector-specific alignment, public organizations were recommended to 
integrate governance and documentation controls into performance routines to strengthen compliance 
outcomes while also strengthening evidence-use routines that improve timeliness; private 
organizations were recommended to pair capability investments with disciplined decision integration 
to ensure measurable gains in performance attainment. Across sectors, performance measurement was 
recommended to include a balanced set of indicators capturing timeliness, consistency, accuracy-
related corrections, compliance outcomes, and KPI attainment so that improvements reflected both 
efficiency and control. 
LIMITATIONS 
The limitations of this study were primarily associated with design, measurement, and contextual 
constraints that affected the scope and interpretation of the quantitative evidence. First, the cross-
sectional structure restricted the ability to establish temporal ordering among data-driven framework 
maturity dimensions and decision-making effectiveness outcomes, which limited causal interpretation 
and increased the possibility that higher-performing organizations also maintained stronger maturity 
profiles due to prior success, resourcing advantages, or leadership commitment. Second, measurement 
of several maturity constructs relied on structured survey responses, which introduced potential 
perception bias and shared-method effects, particularly when organizations reported both capability 
indicators and some outcome measures within the same instrument. Although procedural and 
statistical checks reduced concern about single-source inflation, residual bias could not be fully 
eliminated. Third, harmonization of outcome variables across public and private organizations posed 
constraints because performance systems differ by sector in incentives, accountability mandates, and 
metric definitions; even when outcomes were organized into comparable families such as timeliness, 
compliance-adjusted results, and performance attainment, variation in operational definitions and 
reporting norms may have affected comparability and introduced measurement noise. Fourth, the 
availability and consistency of objective KPI indicators varied across organizations, limiting the degree 
of external verification for all constructs and potentially increasing reliance on self-reported indicators 
in some cases. Fifth, multicollinearity risk, while not severe in diagnostic checks, remained conceptually 
relevant because maturity dimensions tend to co-develop, which can reduce precision of individual 
coefficient estimates and make it more difficult to isolate the unique contribution of each maturity 
component when modeled simultaneously. Sixth, sector stratification improved interpretability of 
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institutional differences but reduced statistical power within subsets, which may have limited detection 
of smaller effects and contributed to wider confidence intervals for interaction and mediation estimates. 
Seventh, the sample composition may have reflected voluntary participation and organizational 
readiness to engage in data-driven assessment, which could bias estimates upward by over-
representing organizations with stronger measurement cultures and better-established analytics 
functions. Finally, decision-making effectiveness was operationalized using multi-dimensional 
outcome families that captured both process and performance indicators, yet some decision domains—
such as strategic policy choices or complex, long-horizon decisions—were less amenable to 
standardized quantitative measurement, potentially narrowing generalizability to decision processes 
with clearer operational metrics and administrative traceability. 
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