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Abstract 
This study addressed the practical problem that many organizations invest in artificial intelligence driven 
decision support systems, yet evidence of their real-world effectiveness across business and infrastructure 
settings remains limited and often fragmented. The purpose of the research was to evaluate how an AI-based 
decision support model contributes to decision quality, operational efficiency, and organizational performance 
in data-driven environments through a quantitative, cross-sectional, case-based design. The study used a 
structured five-point Likert scale questionnaire administered to 210 respondents drawn from cloud-enabled and 
enterprise-oriented organizational cases, including private sector enterprises, public sector organizations, and 
hybrid institutions, with 108 cases from business systems and 102 from infrastructure systems. The key 
variables examined were AI Model Capability, Implementation Readiness, Trust in AI Recommendations, 
Perceived Usefulness, System Reliability, Decision Quality, Operational Efficiency, and Organizational 
Performance. The analysis plan combined descriptive statistics, correlation analysis, and multiple regression 
modeling. The findings showed that respondents rated the model positively across all major constructs, with 
Decision Quality recording the highest mean (M = 4.25, SD = 0.58), followed by Perceived Usefulness (M = 
4.22, SD = 0.57), AI Model Capability (M = 4.18, SD = 0.61), Operational Efficiency (M = 4.11, SD = 0.64), 
and Organizational Performance (M = 4.07, SD = 0.66). Correlation results indicated strong positive 
relationships, particularly between Decision Quality and Organizational Performance (r = .73), Perceived 
Usefulness and Organizational Performance (r = .71), and Decision Quality and Operational Efficiency (r = 
.69). Regression findings further revealed that AI Model Capability significantly predicted Decision Quality (β 
= .31, p < .001), Implementation Readiness significantly predicted Operational Efficiency (β = .29, p = .001), 
and Decision Quality significantly predicted Organizational Performance (β = .34, p < .001). The study implies 
that AI decision support creates the greatest value when technical capability is supported by organizational 
readiness, reliable system performance, and human oversight, making AI most effective as an augmentation tool 
rather than a replacement for human judgment. 
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INTRODUCTION 
Artificial intelligence, decision support systems, business intelligence, analytics, and data-driven 
decision-making provide the conceptual foundation for this study and should be introduced through 
clear definitions before discussing their organizational and international significance (Allam & 
Dhunny, 2019). Decision support systems are commonly defined as interactive, computer-based 
systems that assist decision makers in using data, models, and analytical logic to address semi-
structured and unstructured problems. Foundational scholarship explained that such systems were 
developed not simply to automate routine choices, but to improve the quality, speed, and consistency 
of managerial judgment in complex environments (Božič & Dimovski, 2019). Business intelligence 
expanded this foundation by focusing on the acquisition, integration, analysis, and presentation of 
organizational data for managerial use, while analytics further emphasized predictive, prescriptive, 
and pattern-discovery capabilities that strengthen evidence-based action. Artificial intelligence extends 
these capabilities by enabling systems to learn from data, identify hidden patterns, make predictions, 
and support decision making under uncertainty on a scale that traditional analytical methods often 
cannot achieve efficiently (Gupta et al., 2022). In operational terms, an AI-based decision support model 
may therefore be understood as a computational framework that integrates data resources, analytical 
mechanisms, and machine intelligence to generate recommendations or decision-relevant insights for 
human users. This definition has clear international significance because firms, public agencies, and 
infrastructure operators increasingly manage globally connected supply chains, digitally linked assets, 
and rapidly changing operational risks through information-intensive systems (Ain et al., 2019). The 
importance of this research area is also tied to the reality that business and infrastructure systems now 
operate within transnational networks of logistics, finance, energy, urban services, and digital 
platforms that require timely, accurate, and explainable decisions. A study centered on implementation 
and real-world evaluation is therefore aligned with a major scholarly and practical concern, since 
organizations across regions are investing heavily in AI-enabled decision architectures, yet the real 
value of those systems depends on how effectively they are deployed, interpreted, and trusted in actual 
settings rather than on how sophisticated they appear in purely technical terms. In this context, the 
present study begins from the definitions of AI-based decision support and data-driven decision-
making because conceptual clarity is essential for examining how such models function within business 
and infrastructure systems where managerial judgment, operational continuity, and institutional 
accountability are central (Araz et al., 2020). 
The historical development of this field reveals a progression from conventional decision support 
systems toward integrated business intelligence, advanced analytics, and AI-enabled decision models. 
Earlier decision support research focused on model-driven and data-driven architectures that could 
structure managerial reasoning and support the evaluation of alternatives, especially in environments 
marked by uncertainty and multiple performance criteria. As organizational data volumes grew and 
advances in storage, connectivity, and computing became more accessible, scholarship began to 
conceptualize business intelligence and analytics as broad organizational capabilities rather than only 
technical reporting tools (Al-Surmi et al., 2022). This shift was clearly articulated in research describing 
the transition from big data accumulation to meaningful organizational impact, where the central issue 
was not the existence of data itself but the ability to transform it into actionable intelligence. This 
transition is especially relevant for international business and infrastructure systems because such 
systems generate heterogeneous streams of data from transactions, sensors, maintenance logs, 
customer interactions, operational platforms, and enterprise systems (Arnott & Pervan, 2005). Later 
scholarship further clarified that the boundaries between business intelligence, analytics, and decision 
support have become increasingly interconnected, with contemporary decision environments 
requiring deeper insight rather than larger quantities of data alone. Reviews of business intelligence 
adoption and success also demonstrated that system outcomes depend heavily on organizational 
embedding, user acceptance, and value creation rather than on software deployment by itself. This 
evolution supports a comprehensive understanding of AI-based decision support as a socio-technical 
arrangement in which algorithms, data quality, process alignment, and managerial use jointly shape 
outcomes. That perspective is essential for the present research because the study is not limited to 
describing AI as an abstract technological concept; it is concerned with implementation and real-world 
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evaluation in settings where decisions affect productivity, service continuity, asset management, and 
organizational performance (Matzka, 2020). The literature published between 2005 and 2023 shows that 
the field has gradually moved from asking whether technology can support decision making to asking 
under what organizational and operational conditions intelligent systems produce reliable, effective, 
and context-sensitive support. That movement provides a strong basis for examining an AI-based 
decision support model within data-driven business and infrastructure systems through a quantitative, 
cross-sectional, and case-based design (Niu et al., 2021). 
 

Figure 1: Framework for Implementation and Evaluation of AI-Based Decision Support Systems 
 

 
 
Within business environments, AI-based decision support has become increasingly associated with 
value creation, performance management, competitive intelligence, and managerial effectiveness. 
Studies on business analytics and organizational value consistently show that analytical capabilities 
become meaningful when they improve the quality of managerial interpretation and the timeliness of 
strategic and operational decisions (Ahmed & Hasan Or, 2021; Md & Md. Mehedi, 2021; Mikalef et al., 
2018). Comparative case evidence linked business analytics to business value through organizational 
use processes rather than through technology possession alone. A related stream of work framed big 
data analytics as a source of strategic business value when organizations are capable of converting 
analytical outputs into improved decisions and coordinated action (Aditya & Chandra, 2022; Anick & 
Tasnim, 2022). Research in accounting, finance, and performance management reflects the same logic. 
Work on accounting and finance documented how big data creates opportunities for richer evidence-
based analysis and more effective control systems, while empirical research on business intelligence 
effectiveness found significant associations with corporate performance management outcomes. 
Further studies connected analytics capabilities with knowledge management and firm performance 
and showed that absorptive capacity plays an important role in transforming business intelligence and 
analytics into value creation (Hisham & Robel, 2022; Siddique & Amin, 2022; Power & Sharda, 2007). 
Collectively, these studies indicate that AI-based decision support in business systems is not merely a 
computational convenience; it functions as a managerial resource that can shape forecasting, 
prioritization, control, and resource allocation. Additional evidence also reinforced the importance of 
big data analytics for more informed and responsive organizational choices, especially when 
intelligence systems are integrated into broader decision-making routines (Md & Islam, 2022; Md 
Mehedi & Md, 2022). More recent research suggests that business intelligence and analytics adoption 
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has measurable effects on decision-making effectiveness and managerial work performance, which is 
directly relevant to a study concerned with real-world evaluation rather than conceptual advocacy 
alone. The international significance of this literature is substantial because firms operating across 
global markets depend on timely decisions under competitive pressure, regulatory complexity, and 
volatile demand conditions. In these contexts, AI-based decision support models become valuable 
when they strengthen decision quality, improve operational responsiveness, and integrate 
organizational knowledge into actionable intelligence. This business-oriented body of research 
provides one pillar for the present study by showing that decision support effectiveness is inseparable 
from implementation quality, user engagement, and measurable operational outcomes (Ferraris et al., 
2019). 
The infrastructure dimension of this topic adds another level of importance because infrastructure 
systems such as transportation, logistics, energy, urban services, maintenance networks, and industrial 
operations rely on continuous, high-stakes decisions under conditions of uncertainty, interdependence, 
and service sensitivity. Research on smart cities and digitally connected infrastructures has shown that 
big data and artificial intelligence play central roles in the monitoring of conditions, allocation of 
resources, and coordination of responses in complex technical environments (Glikson & Woolley, 2020). 
In supply chain and industrial operations, large-scale data analytics has been linked to improved 
visibility, coordination, and decision support across interconnected processes, indicating that 
infrastructure-related decision environments are increasingly shaped by algorithmic and data-
intensive methods. Operational risk scholarship has also demonstrated the role of analytics in 
identifying, assessing, and mitigating risk under volatile conditions, which is especially important 
when business and infrastructure systems are tightly coupled and disruptions can spread rapidly 
across networks. Predictive maintenance research contributes a more asset-centered perspective by 
showing how artificial intelligence and explainable artificial intelligence can support fault detection, 
failure prediction, and maintenance scheduling in infrastructure and industrial systems where 
downtime has major cost and performance consequences. AI-based decision support in infrastructure 
therefore extends far beyond routine reporting functions; it supports operational continuity, risk 
prioritization, maintenance planning, and dynamic response management (Grover et al., 2018; 
Mainuddin & Chandra, 2022; Shahinur & Sultan, 2022). Its international significance is considerable 
because infrastructure systems underpin economic productivity, public service delivery, and social 
stability across countries, and decision errors in such systems may affect safety, cost, and continuity on 
a broad scale. The inclusion of infrastructure systems in the present research title is therefore 
theoretically meaningful and practically justified. It acknowledges that AI-based decision support is 
not only a corporate management tool but also a mechanism for managing complex technical and 
service systems that demand rapid, evidence-based, and context-sensitive decisions (Mostafa & Md 
Tohidul, 2022; Khatun & Morshedul, 2022). The literature on smart city governance, predictive 
maintenance, operational risk, and industrial analytics supports the view that real-world evaluation 
should examine how AI models perform in actual settings where decision makers must balance 
efficiency, reliability, oversight, and system-specific operational constraints (Cockcroft & Russell, 2018). 
A central theme in the literature is that implementation quality determines whether AI-based decision 
support creates organizational value. For that reason, analytics capability, data quality, absorptive 
capacity, knowledge integration, and decision culture become essential variables in any serious 
evaluation of AI-supported decision environments. A systematic review of big data analytics 
capabilities argued that technical competence, managerial capability, and organizational readiness 
jointly influence the effectiveness of data-driven systems (Krishnamoorthi & Mathew, 2018). Related 
work identified absorptive capacity as a key mechanism through which organizations convert business 
intelligence and analytics into value, which suggests that internal learning and interpretive processes 
are necessary for practical impact. This argument was strengthened by research linking analytics 
capabilities to knowledge management and firm performance, thereby reinforcing the idea that 
analytical systems contribute most where organizational knowledge processes are sufficiently mature. 
A broad review of business intelligence adoption, utilization, and success similarly emphasized that 
adoption is not equivalent to effective use and that organizational conditions strongly shape outcomes. 
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Additional studies connected big data analytics capabilities with firm performance and highlighted 
how organizational business intelligence supports decision making through data analytics integration 
(Chen et al., 2012; Islam & Aditya, 2023; Zakia & Nahar, 2022). Scholarship reconciling business 
intelligence, analytics, and decision support systems also argued that deeper insight emerges when 
these functions are aligned within a coherent organizational framework. These studies collectively 
support the proposition that implementation readiness is not a peripheral matter; it is part of the core 
explanatory structure of AI-based decision support effectiveness (Arifur & Haque, 2023; Khaled & Md. 
Mosheur, 2023). In an international environment where organizations vary significantly in digital 
maturity, data governance, managerial routines, and workforce capabilities, implementation readiness 
becomes a decisive factor in evaluating real-world AI models. This literature is especially important for 
a study focused on business and infrastructure systems because such systems depend on multiple 
actors, interdependent information flows, and structured operating procedures (Shahab & Aditya, 
2023; Hasan Or et al., 2023). AI-generated recommendations gain practical meaning only when the 
organization possesses the data foundations, process integration, and interpretive capacity necessary 
to use them effectively. For that reason, implementation readiness must stand alongside model 
capability as a central concern of this study, since real-world evaluation requires attention to both 
technological intelligence and organizational preparedness (Phillips-Wren et al., 2021). 
Another major strand of the literature concerns trust, explainability, and human oversight, all of which 
are fundamental in studies of AI-supported decision making. AI-based models can produce valuable 
recommendations, yet organizational use depends heavily on whether users understand, trust, and 
appropriately interpret those outputs. Empirical review research showed that human trust in artificial 
intelligence is shaped by factors such as perceived competence, transparency, and social framing, 
making trust a measurable and theoretically significant construct in AI-enabled decision environments. 
Related scholarship argued for a transition from black-box systems to more explainable models, 
emphasizing that explainability strengthens users’ ability to understand and evaluate algorithmic 
recommendations. In operational domains such as predictive maintenance, research demonstrated the 
importance of explainable artificial intelligence for interpreting predictions and supporting action in 
technical settings where decision makers must justify interventions and allocate resources efficiently. 
Broader multidisciplinary work on artificial intelligence has also highlighted governance, 
accountability, and human-centered design as foundational issues in the adoption and use of intelligent 
systems across sectors. In the decision support and operations research literature, review evidence 
further showed that effective AI-enabled decision assistance depends on usability, integration, and user 
interaction rather than on algorithmic performance alone. These studies are directly relevant to the 
present research because real-world evaluation of an AI-based decision support model cannot be 
restricted to statistical accuracy or technical availability (Mehedi & Nahar, 2023; Sultan & Anick, 2023; 
Richards et al., 2019). It must also account for how human decision makers receive AI-generated advice, 
how much confidence they place in it, and how they balance automated recommendation with 
professional judgment. This issue becomes even more important in business and infrastructure systems 
where decisions may affect resource allocation, maintenance scheduling, service continuity, and 
operational safety. The introduction to this study therefore establishes trust and human oversight as 
part of the core evaluative terrain of AI-based decision support. These are not secondary ethical 
additions; they are central empirical dimensions of how intelligent decision support is implemented, 
interpreted, and used within organizational life (Rikhardsson & Yigitbasioglu, 2018). 
The literature published between 2005 and 2023 ultimately presents AI-based decision support as a 
multidisciplinary and internationally significant field that brings together decision science, information 
systems, analytics, operations, and socio-technical implementation. Scholarship has clarified the 
conceptual foundations of decision support systems, documented the expansion of business 
intelligence and analytics, and established that organizational value emerges when data-driven insight 
is translated into effective decisions and measurable performance outcomes (Rai, 2020). At the same 
time, empirical studies have shown that model capability, implementation readiness, absorptive 
capacity, trust, explainability, and sector-specific operating conditions jointly shape whether intelligent 
systems improve managerial and operational results. Research in operations and infrastructure-related 
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domains also indicates that AI-supported decision making has become increasingly relevant for risk 
management, predictive maintenance, and system-level coordination in environments where errors 
and delays generate substantial cost and visibility (Scaife, 2023). These streams of scholarship create a 
strong academic basis for a study titled Implementation and Real-World Evaluation of an AI-Based 
Decision Support Model for Data-Driven Business and Infrastructure Systems. The title is grounded in 
established definitions and also reflects a clear need in the literature for research designs that move 
beyond abstract enthusiasm toward empirically grounded examination of actual implementation 
settings. A quantitative, cross-sectional, case-study-based approach is well suited to this terrain because 
it allows structured assessment of respondent perceptions, organizational readiness, decision impact, 
trust, and performance-related outcomes through measurable constructs and statistical relationships. 
The introduction to this study therefore centers on definitions, international significance, 
organizational and infrastructural relevance, and the real-world conditions under which AI-based 
decision support becomes a meaningful part of decision practice. In this sense, the study is positioned 
within a mature but still consolidating body of literature that increasingly treats artificial intelligence 
not as a stand-alone artifact, but as an embedded decision resource whose value is realized through 
actual use in complex data-driven systems (Tiwari et al., 2018). 
The background of this study lies in the rapid transformation of modern organizations from intuition-
led decision environments to systems increasingly shaped by data, analytics, and intelligent 
computational models. In both business and infrastructure settings, decision makers now operate in 
environments defined by complexity, speed, uncertainty, and interdependence, where traditional 
decision routines are often insufficient for managing large volumes of information and dynamic 
operational conditions. Business systems must constantly respond to changing customer demands, 
market volatility, cost pressures, competitive strategy, and performance expectations, while 
infrastructure systems must maintain service continuity, asset reliability, safety, scheduling efficiency, 
and resource optimization across technically demanding environments (Duan et al., 2019; Mostafa, 
2023; Ratul & Aditya, 2023). As digitalization expands across industries, these systems produce 
extensive streams of structured and unstructured data from transactions, enterprise platforms, sensors, 
logistics operations, financial activities, maintenance records, and user interactions (Dwivedi et al., 
2021). This growing data intensity has increased the need for decision support models that do more 
than display information, creating demand for intelligent systems capable of interpreting patterns, 
identifying priorities, supporting scenario analysis, and improving the quality and speed of action. 
Artificial intelligence has emerged as a major response to this need because it offers the ability to 
process complex datasets, generate predictive insights, support pattern recognition, and assist human 
decision makers in contexts where timely and accurate judgment is critical (Hurbean et al., 2023; 
Iftekhar & Tohidul, 2024; Tasnim & Zaheda, 2023). However, the growing presence of AI in 
organizational processes has also raised an important practical issue: the existence of intelligent tools 
does not automatically guarantee meaningful improvement in real-world decisions (Khaled & 
Morshedul, 2024; Towhidul & Uddin, 2024). The actual value of an AI-based decision support model 
depends on how well it is implemented, how effectively it fits operational workflows, how much trust 
users place in its outputs, and how strongly it contributes to measurable outcomes such as decision 
quality, operational efficiency, and organizational performance (Mushfequr & Aditya, 2024; Sazzadul 
& Rebeka, 2024; Yasmin et al., 2020). This concern is especially significant in business and infrastructure 
systems because poor decisions in these contexts can lead to financial loss, service disruption, 
maintenance failure, inefficient resource allocation, and weakened institutional performance. The 
background of this study therefore emerges from the intersection of technological advancement and 
practical evaluation. There is a clear need to examine AI-based decision support not only as a technical 
innovation but as an applied organizational mechanism whose effectiveness must be assessed within 
actual case environments. This study is grounded in that need, focusing on how an AI-based decision 
support model is implemented and evaluated in real-world business and infrastructure systems where 
data-driven decision making is increasingly central to strategic and operational success. 
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Objective of the Study 
The objective of this study is to examine the implementation and real-world effectiveness of an AI-
based decision support model within data-driven business and infrastructure systems by evaluating 
the extent to which the model contributes to better decision quality, stronger operational efficiency, 
and improved organizational performance. The study is designed to move beyond a purely technical 
understanding of artificial intelligence and instead assess the model as an applied organizational 
mechanism operating within actual decision environments. In this regard, the research seeks to 
determine whether the AI-based decision support model provides useful, reliable, and actionable 
support to decision makers who must manage complex and information-intensive conditions. A major 
objective is to assess how core implementation factors such as AI model capability, organizational 
readiness, data integration, system reliability, and trust in AI recommendations shape the practical 
success of the system. The study also aims to compare how the effects of the model appear across 
business systems and infrastructure systems, recognizing that both environments are data-driven but 
may differ in operational logic, levels of risk, workflow structure, and decision priorities. Another 
objective is to establish measurable relationships among the study variables through descriptive 
statistics, correlation analysis, and regression modeling in order to identify the factors that most 
strongly explain decision support effectiveness. Through this approach, the study intends to produce 
evidence on whether the model strengthens the speed, consistency, and confidence of decisions while 
also supporting broader organizational outcomes. The final objective is to contribute an empirically 
grounded understanding of AI-based decision support implementation that is useful for both academic 
research and practical decision-making. By focusing on real-world case contexts, the study aims to 
show how intelligent decision support systems function when placed within operational realities rather 
than idealized technical environments. In doing so, the research provides a structured basis for 
understanding how AI can be evaluated not only as a computational innovation but also as a decision-
enabling resource whose value depends on implementation quality, human acceptance, and context-
specific performance. 
Research Hypotheses 
The research hypotheses of this study are formulated to test the expected relationships between the 
major explanatory variables associated with AI-based decision support implementation and the key 
outcomes related to decision quality, operational efficiency, and organizational performance. These 
hypotheses reflect the central assumption that the value of an AI-based decision support model is not 
determined only by its technical intelligence, but also by the way it is embedded within real 
organizational and infrastructural settings. The first hypothesis is concerned with the effect of AI model 
capability on decision quality, based on the expectation that a model with stronger analytical capacity, 
accuracy, and relevance will support better judgments and more consistent decisions. The second 
hypothesis addresses implementation readiness and proposes that organizations with stronger 
readiness in terms of data availability, staff preparedness, technical infrastructure, and managerial 
support are more likely to experience improved operational efficiency through the use of the AI-based 
model. The third hypothesis focuses on trust in AI recommendations and assumes that greater trust 
will positively influence adoption, practical use, and the willingness of decision makers to integrate 
model outputs into real decision processes. The fourth hypothesis links perceived usefulness and 
system reliability to organizational performance, proposing that when users experience the system as 
dependable and valuable, the model is more likely to contribute to better performance outcomes. The 
fifth hypothesis introduces the comparative dimension of the study by proposing that the practical 
effects of the AI-based decision support model differ between business systems and infrastructure 
systems because of differences in operational structure, decision urgency, and contextual demands. 
These hypotheses are important because they convert the broader goals of the study into testable 
statements that can be examined statistically within the selected case settings. They also provide a clear 
analytical direction for the research by linking implementation conditions with measurable outcomes. 
In this study, the hypotheses serve as the empirical backbone of the investigation, allowing the research 
to determine not only whether AI-based decision support is useful in general, but also which factors 
most strongly shape its real-world effectiveness across different types of data-driven systems. 
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Significance of the Research 
The significance of this research can be understood from several important perspectives that 
collectively demonstrate its broad academic, theoretical, methodological, and practical value. From an 
academic standpoint, the study contributes to existing knowledge by strengthening empirical 
understanding of how AI-based decision support models operate in real organizational settings, 
moving beyond purely conceptual or technical discussions, while also expanding scholarly discourse 
through the integration of artificial intelligence, decision support, business systems, and infrastructure 
systems within a unified analytical framework. Theoretically, the research is important because it 
clarifies the relationships among key constructs such as model capability, implementation readiness, 
trust, perceived usefulness, and organizational outcomes, thereby offering a more structured 
explanation of how intelligent systems evolve into effective decision-support resources in complex 
environments. Methodologically, the study is significant as it adopts a quantitative, cross-sectional, 
case-study-based design for a topic often explored in abstract terms, utilizing descriptive statistics, 
correlation analysis, regression modeling, and Likert-scale measurements to systematically examine 
real-world relationships among variables. From a practical perspective, the findings are valuable for 
business organizations by providing evidence of how AI-based decision support can enhance 
managerial decision quality, improve operational responsiveness, and strengthen overall 
organizational performance, while also helping managers better understand the conditions under 
which AI tools generate tangible value. Similarly, the research holds practical importance for 
infrastructure systems and operational environments where decision-making directly impacts safety, 
continuity, asset performance, scheduling, and maintenance, demonstrating how AI-based decision 
support can be evaluated in contexts where errors may have serious consequences. In terms of policy 
and implementation strategy, the study offers insights that can guide policymakers, institutional 
leaders, and digital transformation planners in designing more effective and responsible AI integration 
strategies, particularly by emphasizing factors such as readiness, trust, and system reliability. 
Furthermore, the research is significant for system developers and designers as it identifies key 
organizational factors influencing user acceptance and system effectiveness, thereby encouraging the 
development of AI tools that are not only technically robust but also user-friendly, trustworthy, and 
aligned with real operational needs. Finally, the comparative dimension of the study enhances its 
overall significance by examining both business systems and infrastructure systems within the same 
research framework, enabling the identification of similarities and differences in real-world AI 
applications and producing more context-sensitive insights for future research and practice. 
LITERATURE REVIEW 
The literature review for this study is developed to provide a strong scholarly foundation for 
understanding the implementation and real-world evaluation of an AI-based decision support model 
in data-driven business and infrastructure systems. This review is important because the topic stands 
at the intersection of several major knowledge domains, including artificial intelligence, decision 
support systems, business intelligence, data analytics, organizational performance, infrastructure 
management, and human-centered technology use. As organizations increasingly rely on large 
volumes of data to guide strategic and operational activities, the role of intelligent decision support has 
become more central to how decisions are made, justified, and optimized. The literature therefore offers 
not only definitions and conceptual explanations, but also evidence on how intelligent systems are 
adopted, used, trusted, and assessed in practical settings. In this study, the review is intended to move 
from broad conceptual foundations toward more focused empirical and theoretical insights that 
directly support the research problem, objectives, and hypotheses. It examines how AI-based decision 
support systems evolved from traditional decision support and analytics models, how they are being 
used in business and infrastructure environments, and what organizational conditions influence their 
effectiveness. The literature also helps clarify the importance of implementation readiness, trust in AI 
recommendations, system reliability, and performance-related outcomes, all of which are central to the 
present study. In addition, the literature review plays an important role in identifying the theoretical 
lens that will guide the study and in constructing a conceptual framework that links the main variables 
in a coherent explanatory structure. Another key purpose of the review is to identify the research gap 
by showing that much existing scholarship gives strong attention to technical development and 



American Journal of Data Science and Analytics, January 2026, 01-44 
 

9 
 

conceptual promise, while fewer studies provide integrated, real-world, comparative evaluation across 
business and infrastructure contexts using measurable implementation and outcome variables. For this 
reason, the literature review is not merely descriptive; it functions as a critical and organized 
examination of the body of knowledge that justifies the present study and prepares the basis for its 
analytical model. Through this review, the study is positioned within an established scholarly tradition 
while also demonstrating the need for further empirical inquiry into how AI-based decision support 
models operate in actual data-driven environments. 
AI-Based Decision Support Systems in Business  
AI-based decision support systems represent an important evolution in the broader history of 
organizational decision technologies because they combine data processing, analytical modeling, and 
intelligent reasoning in ways that strengthen managerial and operational judgment across complex 
environments. In business settings, these systems are no longer limited to reporting functions or 
dashboard visualization. They increasingly assist with pattern recognition, exception detection, 
scenario evaluation, prioritization, and recommendation generation, allowing managers to move from 
passive information consumption to more active, evidence-oriented decision processes (Tasnim & 
Anick, 2024; Zaheda & Md Hamidur, 2024). A useful way to understand this evolution is to see AI-
based decision support as an extension of business intelligence systems that not only collect and 
organize information but also shape how organizations interpret that information and turn it into 
action. Earlier research on business intelligence showed that such systems influence organizational 
performance by improving business process visibility and by enabling decision makers to act on more 
timely and relevant information, thereby linking analytical capability to process-level and firm-level 
outcomes (Elbashir et al., 2008). Later work extended this view by arguing that business intelligence 
systems are deeply involved in organizational knowing, meaning that their value lies not only in 
producing reports but in supporting shared understanding, interpretive sensemaking, and knowledge 
formation inside organizations (Md, 2025; Khaled, 2025; Shollo & Galliers, 2016). This perspective is 
especially important for the present study because an AI-based decision support model does not create 
value merely by existing as a technical artifact. Its importance depends on whether it becomes 
embedded in actual decision routines, supports coordination among actors, and improves how 
organizations respond to uncertainty and complexity. In business environments, that complexity 
emerges through competition, volatile demand, supply disruptions, financial pressure, and the need 
for increasingly rapid strategic and operational adaptation. AI-based decision support systems are 
therefore best understood as organizational intelligence mechanisms that enhance the decision process 
by transforming large, heterogeneous datasets into structured guidance, while also interacting with 
human interpretation, institutional priorities, and workflow realities that shape final action (Shahab, 
2025; Mostafa, 2025). 
The business relevance of AI-based decision support becomes even clearer when attention shifts from 
information availability to the actual process of decision making. Organizations often assume that more 
data and stronger analytics will automatically produce better decisions, yet the practical reality is more 
nuanced because decisions are made through a combination of analytical evidence, professional 
judgment, tacit knowledge, and contextual understanding (Sazzadul, 2025). This means that intelligent 
decision support should not be conceptualized as a replacement for managerial reasoning, but as a 
mechanism that can structure, inform, and improve that reasoning. Research on organizational decision 
making has shown that even in settings where business intelligence outputs are formally prescribed, 
intuition continues to play a meaningful role in how managers communicate, evaluate alternatives, and 
justify priorities, indicating that intelligent systems operate within a wider social and cognitive decision 
process rather than outside it (Constantiou et al., 2019). This insight is highly relevant to the present 
study because it supports the argument that real-world evaluation must examine the interaction 
between AI-generated recommendations and the human actors who interpret them. In business 
systems, decisions relating to investments, resource allocation, customer management, process 
improvement, and performance control often involve incomplete certainty, competing objectives, and 
pressure for timely action. Under such conditions, AI-based decision support systems contribute most 
effectively when they produce outputs that are both analytically rigorous and practically interpretable. 
Their value is strengthened when they fit organizational routines, align with user expectations, and 
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provide recommendations that can be examined, challenged, and integrated into existing decision 
structures. As a result, the role of AI in business environments should not be framed only in terms of 
automation or computational power. It should also be framed in terms of augmentation, where the 
system improves the speed, breadth, and precision of analysis while human agents continue to provide 
contextual interpretation, judgment, and accountability. This business-oriented understanding helps 
establish why AI-based decision support is central to data-driven organizations and why its real-world 
effectiveness must be studied through implementation-sensitive variables rather than through 
technical performance alone. 
In infrastructure environments, the role of AI-based decision support systems is equally significant, 
though the operational context introduces additional demands related to continuity, safety, 
interdependence, and asset performance. Infrastructure systems such as transportation networks, civil 
assets, utilities, industrial platforms, and public service operations generate large, continuous streams 
of technical and operational data, and the challenge is not simply to store that data but to use it in ways 
that support timely, reliable, and context-sensitive decisions. Recent infrastructure scholarship shows 
that AI methods are increasingly being applied across sectors because infrastructure systems have 
become more digitalized, interconnected, and dependent on system-of-systems coordination, making 
intelligent analytical support essential for monitoring, maintenance, risk management, and operational 
control (McMillan & Varga, 2022).  
 

Figure 2: Framework Of Ai-Based Decision Support Systems In Business And Infrastructure 
Environments 

 

 
 
This is especially relevant to the present study because infrastructure decisions often carry higher 
immediacy and broader consequences than routine administrative decisions. Errors in maintenance 
prioritization, fault detection, capacity planning, or service scheduling can affect cost, reliability, and 
public or organizational outcomes on a substantial scale. For that reason, infrastructure-oriented AI 
decision support must be evaluated not only for predictive ability but also for usability, interpretability, 
and integration with practitioner workflows. A human-centered perspective is therefore critical. 
Evidence from systematic review research on AI-empowered decision support shows that successful 
implementation depends strongly on user-centered design, contextual evaluation, and the alignment 
of technical outputs with the needs, understanding, and practices of actual decision makers (Wang et 
al., 2023). This makes AI-based decision support in infrastructure environments a socio-technical 
phenomenon rather than a purely engineering one. The same system that performs well under 
laboratory assumptions may produce weak results in operational settings if users do not trust it, if 
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recommendations do not match practical constraints, or if workflows do not support timely 
interpretation and action. Taken together, the literature indicates that AI-based decision support 
systems occupy a strategic position in both business and infrastructure environments because they 
organize data into decision-relevant intelligence while also reshaping how organizations coordinate 
judgment, manage uncertainty, and pursue performance across increasingly complex data-driven 
systems. 
Data-Driven Decision-Making and Organizational Performance 
Data-driven decision-making refers to the deliberate use of data, analytical reasoning, and evidence-
based evaluation to guide managerial action rather than relying primarily on habit, intuition, or 
unstructured judgment. In the contemporary literature, this idea is closely linked with the rise of data 
science, because data science provides the methods that translate raw data into patterns, predictions, 
and decision-relevant insight. Provost and Fawcett argued that data science is deeply intertwined with 
both big data and data-driven decision-making, making it an essential bridge between data resources 
and practical business action. Their position is important for this study because it frames data-driven 
decision-making not as the passive use of reports, but as an organizational capability that depends on 
extracting useful knowledge from complex datasets and applying it to real decisions. In business 
environments, this capability matters because firms increasingly operate under conditions of market 
volatility, cost pressure, and strategic complexity, all of which require more disciplined and evidence-
centered decision routines. At the same time, the literature shows that data-driven decision-making has 
organizational consequences only when it is linked with actual managerial processes and performance 
outcomes rather than being treated as a symbolic digital ambition (Popovič et al., 2018). This means 
that the concept should be understood as both analytical and organizational: analytical in its 
dependence on data, models, and interpretation, and organizational in its dependence on structures, 
routines, and decision authority. For the present study, this perspective is especially useful because it 
clarifies that an AI-based decision support model becomes valuable only when it strengthens the 
organization’s capacity to turn data into action. Data-driven decision-making is therefore not simply 
the presence of information; it is the disciplined conversion of information into operational, tactical, 
and strategic choices that improve effectiveness, quality, and organizational responsiveness. In that 
sense, it serves as a central pathway through which AI-based decision support may influence decision 
quality and performance in both business and infrastructure environments.  
 

Figure 3: Framework Of Data-Driven Decision-Making And Organizational Performance 
 

 
 
The relationship between data-driven decision-making and organizational performance is strongly 
reinforced by research on business value creation from analytics. A major contribution in this area 
comes from Côrte-Real, Oliveira, and Ruivo, who showed that big data analytics creates business value 
through knowledge assets, organizational agility, and competitive advantage rather than through 
technology investment alone. This is a significant point for the present study because it demonstrates 
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that organizational performance improves when data-driven practices are embedded in the value chain 
and connected to adaptive organizational mechanisms (Provost & Fawcett, 2013). A closely related 
study by Fosso Wamba and colleagues also found that big data analytics capability affects firm 
performance through process-oriented dynamic capabilities, indicating that data-driven decision-
making becomes performance-relevant when it strengthens the organization’s ability to sense, 
interpret, and respond through processes. Together, these studies shift attention away from a narrow 
technology-centered view and toward a broader explanation in which performance gains depend on 
the organization’s ability to integrate data into routines, process redesign, and strategic adaptation. 
This is particularly important in data-driven business and infrastructure systems, where decision 
quality influences scheduling, maintenance, resource allocation, service continuity, and managerial 
control. If data remains disconnected from workflows, or if analytics outputs are not translated into 
actionable judgment, the expected performance benefits remain limited. By contrast, when data-driven 
decision-making is integrated into organizational operations, firms become better positioned to identify 
opportunities, manage uncertainty, and improve both process-level and competitive outcomes. The 
literature therefore supports a clear interpretation: organizational performance is not improved by data 
availability in isolation, but by the disciplined use of analytics to strengthen agility, coordination, and 
execution. For this study, that insight is central because it supports the idea that AI-based decision 
support should be evaluated through practical outcome variables such as operational efficiency and 
organizational performance, not merely through technical capability or system sophistication alone 
(Côrte-Real et al., 2017).  
Additional research deepens this relationship by showing that data-driven decision-making affects 
performance through culture, managerial interpretation, and operational transformation. Popovič and 
colleagues, in their study of high-value business performance, showed that big data analytics can 
transform operations management and enhance performance when organizations move beyond 
experimental use toward more mature and embedded analytical practices. Their findings are especially 
useful for this research because they underline that performance gains are tied to the depth of 
organizational use rather than to the mere existence of analytical tools. More recently, Szukits and 
Móricz demonstrated that a strategic emphasis on business analytics supports an analytical decision-
making culture that encourages enhanced data use throughout the decision process, while also 
affecting how authority and centralization operate inside firms. This adds an important cultural and 
governance dimension to the performance question, suggesting that organizational performance 
improves when managers and employees are encouraged to use data systematically across decision 
stages rather than selectively or reactively (Szukits & Móricz, 2024). Taken together, these studies show 
that data-driven decision-making is best understood as a performance-enabling organizational 
orientation that combines evidence use, analytical culture, and process integration. For the present 
study, this is highly relevant because business and infrastructure systems both depend on coordinated 
decisions made under conditions of complexity and operational consequence. An AI-based decision 
support model can strengthen these systems only when it supports a wider decision culture that values 
interpretability, timeliness, and informed action. In that respect, data-driven decision-making provides 
the operational logic through which analytical capability becomes organizational performance. The 
literature therefore suggests that improved performance emerges when organizations develop the 
structures, routines, and cultures required to use data intelligently, consistently, and strategically. This 
subsection directly supports the present study by establishing that data-driven decision-making is not 
only an analytical practice but also a key organizational pathway linking intelligent decision support 
with measurable performance outcomes across complex real-world environments (Fosso Wamba et al., 
2017).  
Real-World Implementation Challenges of AI Decision Support Models 
Real-world implementation challenges of AI decision support models arise because organizational 
adoption is not determined by model accuracy alone, but by the alignment of technical capability with 
people, processes, data conditions, and institutional routines. In applied settings, AI decision support 
systems enter organizations that already possess established workflows, role structures, reporting 
lines, and accountability expectations, which means that implementation is an organizational change 
process rather than a purely technical deployment. A systematic review of AI implementation in 
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organizations identified challenges across organizational, information systems, technological, and 
people dimensions, showing that implementation barriers are distributed across multiple layers of the 
enterprise rather than concentrated in software design alone (Lee et al., 2023). This multi-layered 
character is important because it explains why many organizations can acquire AI tools yet still fail to 
generate dependable decision value from them. The difficulty often lies in preparing high-quality data, 
aligning technical teams with business users, clarifying ownership of AI-supported decisions, and 
embedding the system in the day-to-day rhythm of work. Research on the organizational journey 
toward AI adoption similarly showed that long-term operational success depends not only on 
technology readiness but also on people, process, and data readiness, with effective implementation 
requiring bridges between technical and business functions (Uren & Edwards, 2023). This finding is 
especially relevant to the present study because business and infrastructure environments both rely on 
coordinated decision flows that can be disrupted when AI tools are introduced without adequate 
organizational preparation. In many cases, implementation problems emerge when the AI model is 
treated as a stand-alone innovation rather than as a component of a socio-technical system. Under those 
conditions, even strong analytical outputs may remain underused, misinterpreted, or poorly integrated 
into formal decision routines. As a result, real-world implementation is often constrained by 
fragmented data environments, uneven staff preparedness, insufficient managerial sponsorship, and 
weak process redesign. These challenges make it necessary to evaluate AI decision support not only 
through technical measures, but also through readiness and integration variables that reflect how well 
the model is positioned inside the organization to support actual decision making (Lee et al., 2023). 
  

Figure 4: Real-World Implementation Challenges Of Ai-Based Decision Support Models 
 

 
 
A second major challenge concerns the human response to algorithmic support, particularly in the form 
of hesitation, resistance, and selective reliance. In principle, AI systems are introduced to improve 
managerial or operational decision quality, yet users do not always accept algorithmic 
recommendations even when those recommendations appear useful or statistically superior. Research 
on managerial algorithm aversion found that barriers related to value, tradition, and image 
significantly shape reluctance to use algorithms in decision-making, while technology readiness can 
reduce some of these effects (Mahmud et al., 2023). This is an important implementation challenge 
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because it shows that organizations cannot assume that access to AI recommendations will 
automatically produce behavioral adoption. Resistance may arise when decision makers feel that 
algorithmic tools threaten professional expertise, weaken familiar routines, or lack a clear fit with 
established decision norms. The challenge becomes even more serious in high-stakes environments, 
where people may become less willing to delegate judgment when the consequences of an error are 
perceived as more severe. Experimental evidence on algorithm aversion under varying levels of 
decision gravity showed that as the seriousness of decision consequences increases, people become less 
likely to choose algorithmic support, illustrating the practical difficulty of gaining acceptance in 
consequential decision contexts (Filiz et al., 2023). For business and infrastructure systems, this has 
direct relevance because many decisions relate to cost exposure, operational continuity, maintenance 
priorities, and service outcomes. In such settings, implementation success depends not only on whether 
the AI system performs well, but also on whether users perceive it as sufficiently credible, controllable, 
and appropriate for the gravity of the task. This means that implementation barriers are partly 
psychological and cultural as well as technical. The organization must manage perceptions of risk, 
preserve meaningful human agency, and create conditions in which decision makers feel able to 
incorporate AI outputs without losing professional accountability. Therefore, the real-world challenge 
is not simply getting AI into the workflow, but making algorithmic support acceptable within the social 
realities of managerial and operational decision making.  
A third implementation challenge involves transparency, trust, and collaborative usability, all of which 
determine whether AI decision support becomes a practical aid or a contested organizational artifact. 
In real-world decision environments, users often need to understand not every technical detail of a 
model, but enough about the basis of recommendations to judge whether the output is dependable, 
actionable, and appropriate for the context. Evidence from research on AI decision-making 
transparency and employee trust showed that transparency can strengthen trust through improved 
perceived effectiveness, yet it can also generate discomfort, indicating that trust formation is not 
automatic and may involve both cognitive and emotional responses (Yu & Li, 2022). This complexity 
matters because organizations may assume that more explanation will always improve acceptance, 
while actual user reactions can be more mixed. Complementary work on designing transparency for 
effective human–AI collaboration found that increased transparency about the information used by AI 
can improve trust and collaborative task outcomes, yet communicating uncertainty may reduce 
perceived reliability if it is not handled carefully (Mahmud et al., 2023). These findings suggest that 
implementation challenges are closely tied to interface design, explanation strategy, and the way 
human–AI collaboration is structured in practice. In business and infrastructure systems, decision 
makers rarely operate in ideal laboratory conditions; they work under time pressure, incomplete 
information, and institutional constraints. Under such conditions, trust is shaped by whether the AI 
system communicates clearly, fits the workflow, and supports rather than obstructs human judgment. 
This means that real-world implementation requires thoughtful balancing of transparency, simplicity, 
and professional usability. Too little insight into the model may produce skepticism, while poorly 
designed or excessive information may create confusion or discomfort. Accordingly, implementation 
challenges extend into the design of human-facing interactions and the governance of collaboration 
between experts and AI. The practical effectiveness of AI decision support therefore depends on 
whether organizations can build systems that are not only analytically capable, but also interpretable, 
trusted, and usable within the lived realities of organizational decision work (Vössing et al., 2022).  
Conceptual Framework of the Study 
The conceptual framework of this study is expressed in an applied regression-model format in order 
to show clearly how the major explanatory variables are expected to influence the key outcome 
variables in the real-world evaluation of an AI-based decision support model for data-driven business 
and infrastructure systems. In this study, the main independent variables are AI Model Capability 
(AMC), Implementation Readiness (IR), Trust in AI Recommendations (TR), Perceived Usefulness 
(PU), and System Reliability (SR). These variables are selected because they represent the core technical, 
organizational, and user-centered conditions that determine whether an AI-based decision support 
model can function effectively in practice. The immediate dependent variables are Decision Quality 
(DQ) and Operational Efficiency (OE), while the final dependent variable is Organizational 
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Performance (OP). In addition, the study includes the comparative setting of Business Systems versus 
Infrastructure Systems, which can be modeled as a contextual variable CTX. The framework assumes 
that the AI-based decision support model does not improve organizational performance directly in all 
cases; rather, its effect is expected to pass through decision-level and operations-level outcomes. This 
assumption is consistent with the broader information systems and analytics literature, which shows 
that system success is usually shaped by interrelated dimensions such as system quality, use conditions, 
and performance outcomes rather than by technology presence alone (Petter et al., 2008). It is also 
consistent with the argument that analytics capability contributes to stronger decision-making 
performance when organizations convert analytical resources into decision quality and efficiency 
improvements (Ghasemaghaei et al., 2018). Accordingly, the present study conceptualizes the AI-based 
decision support model as an embedded organizational mechanism whose effectiveness can be 
estimated through a set of regression equations linking implementation variables to decision outcomes 
and then linking those outcomes to organizational performance.  
 

Figure 5: Conceptual Framework of Ai-Based Decision Support Model And Organizational 
Performance 

 

 
 
This structure makes the framework analytically suitable for the quantitative design of the study 
because it allows the expected relationships to be tested empirically by descriptive statistics, correlation 
analysis, and multiple regression analysis. 
The first stage of the conceptual framework explains how the implementation-related variables 
influence the two immediate outcome variables, namely decision quality and operational efficiency. In 
regression form, the first structural relationship may be written as: 

𝐷𝑄𝑖 = 𝛽0 + 𝛽1𝐴𝑀𝐶𝑖 + 𝛽2𝐼𝑅𝑖 + 𝛽3𝑇𝑅𝑖 + 𝛽4𝑃𝑈𝑖 + 𝛽5𝑆𝑅𝑖 + 𝛽6𝐶𝑇𝑋𝑖 + 𝜀𝑖 
 
where 𝐷𝑄𝑖represents the decision quality score for respondent 𝑖, 𝛽0is the intercept, 𝛽1…𝛽6are the 
regression coefficients, and 𝜀𝑖is the error term. This equation means that decision quality is modeled as 
a function of AI model capability, implementation readiness, trust in AI recommendations, perceived 
usefulness, system reliability, and the contextual setting of the organization. In applied terms, it 
proposes that users will report better decision quality when the AI model is seen as analytically capable, 
(Chen & Lin, 2021)when the organization is ready to support implementation, when users trust the 
recommendations, when the system is perceived as useful, and when the system operates reliably. The 
second relationship focuses on operational efficiency and may be written as: 

𝑂𝐸𝑖 = 𝛼0 + 𝛼1𝐴𝑀𝐶𝑖 + 𝛼2𝐼𝑅𝑖 + 𝛼3𝑇𝑅𝑖 + 𝛼4𝑃𝑈𝑖 + 𝛼5𝑆𝑅𝑖 + 𝛼6𝐶𝑇𝑋𝑖 + 𝜇𝑖 
 
where 𝑂𝐸𝑖represents operational efficiency, 𝛼0is the intercept, 𝛼1…𝛼6are the coefficients, and 𝜇𝑖is the 
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error term. This equation proposes that the same explanatory variables that affect decision quality may 
also affect operational efficiency (Mikalef & Gupta, 2021). The logic is that when the AI-based decision 
support model is strong, trusted, useful, and supported by a ready organizational environment, it 
should improve timeliness, consistency, coordination, and responsiveness in operations. This staged 
structure is supported by prior work showing that AI capability and business intelligence capability 
contribute to performance only when they are embedded in organizational processes and translated 
into effective action rather than remaining isolated technical resources (Chen & Lin, 2021). In this study, 
decision quality and operational efficiency therefore function as intermediate performance pathways 
through which the AI-based model produces broader value. 
The second stage of the conceptual framework links the intermediate outcomes to the broader 
organizational outcome, which is organizational performance. This relationship can be written in 
applied regression form as: 

𝑂𝑃𝑖 = 𝛾0 + 𝛾1𝐷𝑄𝑖 + 𝛾2𝑂𝐸𝑖 + 𝛾3𝐴𝑀𝐶𝑖 + 𝛾4𝐼𝑅𝑖 + 𝛾5𝑇𝑅𝑖 + 𝛾6𝑃𝑈𝑖 + 𝛾7𝑆𝑅𝑖 + 𝛾8𝐶𝑇𝑋𝑖 + 𝜈𝑖 
 
where 𝑂𝑃𝑖represents organizational performance, 𝛾0is the intercept, 𝛾1…𝛾8are the regression 
coefficients, and 𝜈𝑖is the error term. This equation reflects the theoretical assumption that 
organizational performance is influenced both by the direct implementation conditions of the AI-based 
decision support model and by the indirect effects that pass through decision quality and operational 
efficiency. In applied interpretation, this means that the model may improve organizational 
performance because it helps decision makers choose better alternatives and manage operations more 
effectively, while also contributing directly through usefulness, reliability, trust, and technical 
capability. The contextual variable may also be specified as a dummy variable to compare the two 
sectors: 

𝐶𝑇𝑋𝑖 = {
1, if the respondent belongs to a business system

0, if the respondent belongs to an infrastructure system
 

 
This allows the study to estimate whether the strength or direction of the effects varies across the two 
real-world environments. The complete theoretical logic of the conceptual framework can therefore be 
summarized as: 

𝑂𝑃 = 𝑓(𝐴𝑀𝐶, 𝐼𝑅, 𝑇𝑅, 𝑃𝑈, 𝑆𝑅, 𝐷𝑄, 𝑂𝐸 ∣ 𝐶𝑇𝑋) 
 
This expression means that organizational performance is modeled as a function of the implementation 
variables and the two intermediate outcomes, conditional on the type of system context. In this study, 
the regression-model format makes the conceptual framework more than a descriptive diagram; it 
becomes an applied analytical structure that directly supports the hypotheses and the later statistical 
analysis. It also aligns with prior research showing that employee intention to use AI and its 
performance consequences are shaped by usefulness, trust, and organizational support, which 
confirms the relevance of combining technical, organizational, and user-perception variables in one 
explanatory model (Park & Jung, 2021). Thus, the conceptual framework of the present study is best 
understood as a regression-based causal structure designed to test how an AI-based decision support 
model creates measurable value in business and infrastructure systems through implementation 
conditions, decision outcomes, and performance effects. 
Technology Acceptance Model (TAM) 
The theoretical framework adopted for this study is the Technology Acceptance Model (TAM), and in 
this research it is expressed in an applied regression-model format in order to align the theory directly 
with the quantitative design of the study. TAM is selected because it provides a strong explanatory 
basis for understanding how users in business and infrastructure environments come to accept, 
evaluate, and use an AI-based decision support model in practice. The relevance of TAM to this 
research lies in the fact that the success of an AI-based decision support system is not determined only 
by technical sophistication, but also by whether users perceive the system as useful, manageable, and 
worthy of application in real decision-making situations. In the present study, TAM is applied to 
explain how user-centered perceptions connect implementation conditions with measurable 
organizational outcomes (Chatterjee et al., 2021). The central TAM constructs remain Perceived 
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Usefulness (PU) and Perceived Ease of Use (PEOU), but they are interpreted in relation to the practical 
setting of AI-supported decision making in data-driven systems. Perceived usefulness refers to the 
degree to which users believe that the AI-based decision support model improves their decision 
quality, speed, and effectiveness, while perceived ease of use refers to the degree to which the model 
can be understood, interpreted, and used without excessive effort. These two constructs are especially 
relevant because the study focuses on implementation and real-world evaluation rather than on 
technical development alone. A system that is technically advanced may still fail in practice if users do 
not experience it as useful or easy enough to integrate into their routines. TAM is therefore appropriate 
because it explains the human acceptance side of AI-based decision support, which is essential for 
understanding why the same technology may produce strong results in one environment and weak 
results in another. In this study, TAM functions as the main theoretical lens for linking AI model 
capability, implementation readiness, trust, and reliability with practical acceptance and organizational 
outcomes (Marangunić & Granić, 2015). 
 

Figure 6: Technology Acceptance Model Framework For Ai-Based Decision Support Systems 
 

 
 
In applied regression-model terms, TAM can be expressed as a staged causal structure in which 
external variables influence Perceived Usefulness (PU) and Perceived Ease of Use (PEOU), which then 
influence behavioral acceptance and, ultimately, decision and performance outcomes. For this study, 
the external variables are defined as AI Model Capability (AMC), Implementation Readiness (IR), Trust 
in AI Recommendations (TR), and System Reliability (SR) because these variables represent the most 
relevant technical, organizational, and user-confidence conditions affecting the acceptance of the AI-
based decision support model. The first applied equation may therefore be written as: 

𝑃𝑈𝑖 = 𝛽0 + 𝛽1𝐴𝑀𝐶𝑖 + 𝛽2𝐼𝑅𝑖 + 𝛽3𝑇𝑅𝑖 + 𝛽4𝑆𝑅𝑖 + 𝜀𝑖 
 
This equation means that perceived usefulness is modeled as a function of the explanatory conditions 
surrounding the AI-based decision support system (Kelly et al., 2023). In practical terms, the model 
assumes that users will find the system more useful when it demonstrates strong analytical capability, 
when the organization is ready for implementation, when the recommendations are trusted, and when 
the system performs reliably. A second equation can be used for perceived ease of use: 

𝑃𝐸𝑂𝑈𝑖 = 𝛼0 + 𝛼1𝐴𝑀𝐶𝑖 + 𝛼2𝐼𝑅𝑖 + 𝛼3𝑆𝑅𝑖 + 𝜇𝑖 
 
Here, perceived ease of use is influenced by technical and implementation conditions that affect how 
manageable the system appears in real work settings. In this study, implementation readiness and 
system reliability are especially important for ease of use because users are more likely to find the 
model workable when the surrounding environment supports access, clarity, and dependable 
operation. The next TAM relationship links these two core perceptions with behavioral or practical 
acceptance of the AI-based decision support model: 

𝐴𝐶𝑖 = 𝛾0 + 𝛾1𝑃𝑈𝑖 + 𝛾2𝑃𝐸𝑂𝑈𝑖 + 𝛾3𝑇𝑅𝑖 + 𝜈𝑖 
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where AC represents acceptance or practical use intention. This equation reflects the TAM assumption 
that the AI-based system will be more readily accepted when users perceive it as useful and easy to 
use, while trust further strengthens that acceptance. In applied form, this stage explains why user 
perceptions act as the bridge between system features and actual use in organizational decision 
environments (King & He, 2006). 
The final stage of the theoretical framework extends TAM toward the real-world performance focus of 
this study. Since this research is concerned not only with acceptance but also with measurable 
outcomes, the accepted use of the AI-based decision support model is linked with Decision Quality 
(DQ), Operational Efficiency (OE), and Organizational Performance (OP). These relationships may be 
expressed as: 

𝐷𝑄𝑖 = 𝛿0 + 𝛿1𝐴𝐶𝑖 + 𝛿2𝑃𝑈𝑖 + 𝜖𝑖 
𝑂𝐸𝑖 = 𝜃0 + 𝜃1𝐴𝐶𝑖 + 𝜃2𝑃𝑈𝑖 +𝜔𝑖 
𝑂𝑃𝑖 = 𝜆0 + 𝜆1𝐷𝑄𝑖 + 𝜆2𝑂𝐸𝑖 + 𝜆3𝐴𝐶𝑖 + 𝜂𝑖 

 
These equations show that once the AI-based decision support model is accepted and used in practice, 
it is expected to improve the quality of decisions, strengthen operational efficiency, and contribute to 
broader organizational performance. In theoretical terms, the full applied TAM logic of the study can 
therefore be summarized as: 

𝐴𝑀𝐶, 𝐼𝑅, 𝑇𝑅, 𝑆𝑅 → 𝑃𝑈, 𝑃𝐸𝑂𝑈 → 𝐴𝐶 → 𝐷𝑄,𝑂𝐸 → 𝑂𝑃 
 
This applied regression-model format is the best way to use TAM in the present study because it 
translates the theory into a set of testable relationships that match the quantitative methodology. It also 
preserves the original strength of TAM while extending it to fit the context of AI-based decision support 
in business and infrastructure systems (Venkatesh & Bala, 2008). Thus, the theoretical framework of 
this study is not only descriptive but analytically operational, showing how user perceptions of 
usefulness and ease of use mediate the relationship between implementation conditions and 
performance outcomes in the real-world evaluation of an AI-based decision support model. 
Empirical Review and Research Gap 
Empirical research on AI-based decision support has increasingly moved from conceptual discussion 
toward evidence on organizational use, managerial intention, and performance consequences, yet the 
body of findings remains uneven in both scope and context. A major empirical contribution examined 
how artificial intelligence reshapes organizational decision-making structures and argued that AI does 
not simply accelerate existing processes, but changes the division of analytical work between humans 
and machines (Shrestha et al., 2019). That study is important for the present research because it shows 
that AI-supported decision making must be understood as a structural and managerial issue, not only 
as a software issue. In a related empirical investigation, managers’ attitudes and behavioral intentions 
toward using artificial intelligence for organizational decision-making were studied, and the findings 
showed that both positive and negative perceptions influence managerial willingness to adopt AI in 
formal decision contexts (Cao et al., 2021). This evidence is highly relevant because it confirms that the 
real value of AI-based decision support depends not only on technical functionality but also on 
managerial acceptance, trust, and perceived applicability. Taken together, these studies show that 
empirical work has already established two important ideas: first, AI changes the architecture of 
decision processes, and second, managers’ readiness to use AI is shaped by evaluative perceptions 
rather than by technology availability alone. However, these findings also reveal an important 
limitation in the existing literature. Much of the empirical work has focused either on high-level 
organizational structures or on managerial intentions, while giving less attention to how these factors 
interact with measurable outcomes such as decision quality, operational efficiency, and organizational 
performance in actual implementation settings. In addition, although these studies are valuable for 
understanding AI in organizational decision environments, they do not provide a direct comparative 
examination of business systems and infrastructure systems within one integrated empirical model. As 
a result, the current literature offers useful but still partial evidence regarding how AI-based decision 
support performs in real-world, data-intensive environments where decision accuracy, workflow 
alignment, trust, and practical performance must all be evaluated together (Jöhnk et al., 2021). 
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Another important stream of empirical evidence has examined the relationship between AI 
assimilation, strategic use, and organizational value creation. Strong evidence has shown that the 
assimilation of artificial intelligence can improve firm performance through intermediate mechanisms 
such as organizational agility and customer agility, thereby showing that the effect of AI is not always 
direct but often works through enabling organizational capabilities (Olan et al., 2022). This is highly 
relevant to the present study because it supports the argument that AI-based decision support should 
be evaluated through mediating and outcome variables rather than by simple technology-adoption 
measures alone. In a complementary way, the strategic use of artificial intelligence in the digital era has 
been reviewed, and decision support was identified as one of the major sources of business value, 
alongside automation, engagement, and innovation (Borges et al., 2021). Those findings suggest that 
AI creates value when it is integrated into organizational strategy and decision processes, but they also 
indicate that many studies still remain broad in strategic scope without sufficiently examining case-
level implementation conditions. Together, these empirical contributions reinforce the view that 
organizational value from AI depends on effective embedding within business processes and decision 
routines. Yet they also point to a persistent gap. Much of the evidence has been centered on firm-level 
business outcomes and strategic digital transformation, with less empirical attention to infrastructure-
oriented environments where operational continuity, service reliability, maintenance decisions, and 
technical interdependence are more central. Even when studies mention operational benefits, they 
often do so in generalized terms rather than through a structured model connecting AI capability, 
readiness, trust, usefulness, and reliability to decision-specific outcomes. For the present study, this gap 
is significant because business and infrastructure systems share a dependence on data-driven decisions, 
but they differ in pace, risk sensitivity, asset dependence, and workflow complexity. The literature has 
not yet sufficiently demonstrated whether an AI-based decision support model creates similar or 
different effects across these two domains when the same implementation variables are examined 
quantitatively. Therefore, there remains a clear need for empirical research that combines 
implementation conditions, perceptual variables, and performance outcomes into one comparative 
framework capable of explaining not only whether AI matters, but how and under what conditions it 
matters in real organizational systems. 
 

Figure 7: Empirical Review And Research Gap In Ai-Based Decision Support Systems 
 

 
 
A further empirical gap concerns organizational readiness and the practical conditions required for 
successful AI deployment. Organizational AI readiness has been examined through interview-based 
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evidence, and the findings showed that many organizations face substantial challenges in assets, 
capabilities, and commitment when attempting to adopt AI in meaningful ways (Jöhnk et al., 2021). 
That work is especially important for the current study because it demonstrates that AI success is 
frequently constrained by readiness issues even before performance outcomes can be realized. This 
finding aligns strongly with the present research focus on implementation readiness as a central 
explanatory variable. At the same time, the broader empirical record still shows fragmentation. Some 
studies focus on managerial attitudes, some on organizational structures, some on strategic value, and 
others on readiness, but relatively few studies integrate these dimensions into a single empirical design 
that links readiness, trust, usefulness, reliability, and AI capability with downstream outcomes such as 
decision quality, operational efficiency, and organizational performance. This fragmentation creates a 
research gap that is both conceptual and methodological. Conceptually, the literature lacks an 
integrated model that brings together user acceptance conditions and implementation conditions in the 
evaluation of AI-based decision support. Methodologically, there remains limited evidence from 
quantitative, cross-sectional, case-study-based research that can test these relationships simultaneously 
across different real-world settings. The gap becomes even clearer when infrastructure systems are 
considered, because most empirical studies still privilege business, management, or firm-performance 
contexts over operational infrastructure environments. Consequently, the literature has not yet 
provided adequate comparative evidence on whether AI-based decision support behaves differently in 
business systems and infrastructure systems when exposed to varying levels of readiness, trust, and 
system reliability. The present study is designed to address this gap by developing and testing an 
integrated empirical model that evaluates AI-based decision support in both domains using 
measurable constructs and regression-based analysis. In this way, it responds directly to the need for 
implementation-sensitive, performance-oriented, and context-comparative evidence within the 
evolving field of AI-supported organizational decision making (Olan et al., 2022). 
METHODOLOGY OF THE RESEARCH 
This research has adopted a quantitative, cross-sectional, case-study–based methodology in order to 
evaluate the implementation and real-world effectiveness of an AI-based decision support model in 
data-driven business and infrastructure systems. The study has focused on a quantitative approach 
because the main objective has been to measure the relationships among clearly defined variables such 
as AI model capability, implementation readiness, trust in AI recommendations, perceived usefulness, 
system reliability, decision quality, operational efficiency, and organizational performance. The cross-
sectional design has been used because data have been collected from respondents at a single point in 
time, allowing the research to capture current perceptions and experiences regarding the practical use 
of AI-based decision support systems. At the same time, the study has incorporated a case-study 
orientation because the investigation has been grounded in real organizational settings where AI-
supported decision-making has been relevant to actual business and infrastructure operations. The case 
study context has therefore referred to selected business and infrastructure environments in which 
decision makers, analysts, operational staff, managers, and technical personnel have interacted with 
data-driven systems and AI-supported decision processes. This context has allowed the study to 
remain practically grounded rather than purely theoretical. 
The population of the study has consisted of individuals who have been directly or indirectly involved 
in decision-making processes supported by digital systems, analytics tools, or AI-enabled platforms 
within the selected case environments. These participants have included managers, analysts, engineers, 
planners, supervisors, and operational staff whose roles have required them to evaluate information, 
interpret system outputs, and make or support organizational decisions. The unit of analysis has been 
the individual respondent, since each participant has provided measurable perceptions and 
experiences regarding the implementation and effectiveness of the AI-based decision support model. 
A sampling strategy combining purposive and stratified sampling techniques has been used. Purposive 
sampling has been applied to ensure that only respondents with relevant knowledge or exposure to 
AI-supported decision-making have been included, while stratified sampling has been used to improve 
representation across functional roles and across the two broad contexts of business systems and 
infrastructure systems. This approach has strengthened the relevance and balance of the data gathered 
for statistical analysis. 
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The data collection procedure has relied on primary data gathered through a structured questionnaire. 
The questionnaire has been distributed to selected respondents in the identified case settings using an 
organized survey process, and responses have been collected in a way that has protected confidentiality 
and voluntary participation. The instrument design has been based on a five-point Likert scale, ranging 
from strongly disagree to strongly agree, in order to measure respondent perceptions of the core study 
constructs. The questionnaire has been structured into sections covering demographic information, AI 
model capability, implementation readiness, trust in AI recommendations, perceived usefulness, 
system reliability, decision quality, operational efficiency, and organizational performance. Before full 
administration, pilot testing has been conducted with a small group of respondents to identify 
ambiguous wording, weak item structure, and possible response difficulties. Based on the pilot 
feedback, the instrument has been refined for clarity and consistency. 

 
Figure 8: Detailed Research Methodology Framework For AI-Based Decision Support Study 

 

 
 
To ensure the quality of the instrument, validity and reliability procedures have been applied. Face 
validity and content validity have been established by aligning questionnaire items with the study 
objectives, hypotheses, and conceptual framework. Reliability has been assessed using internal 
consistency measures such as Cronbach’s alpha, ensuring that the scale items have produced acceptable 
consistency across the measured constructs. For data management and analysis, SPSS has been used to 
perform descriptive statistics, correlation analysis, and regression modeling. Microsoft Excel has been 
used for initial data coding, cleaning, and tabulation, while EndNote has been used for reference 
organization, citation management, and consistency in APA 7th edition referencing. Through these 
methodological steps, the study has developed a structured and dependable basis for evaluating the 
real-world implementation of an AI-based decision support model in business and infrastructure 
systems. 
DATA ANALYSIS AND PRESENTATION 
Demographic Characteristics of Respondents 
The demographic results have shown that the study has drawn responses from a balanced and 
professionally relevant sample of participants who have been sufficiently exposed to data-driven and 
AI-supported decision environments. The largest age category has been the 31–40 years group, 
accounting for 40.0% of respondents, which has suggested that the study has captured views from 
individuals who have likely developed both technical familiarity and practical decision-making 
responsibility within their organizations. In terms of education, a substantial majority of respondents 
have held at least a bachelor’s degree, while nearly half have held master’s degrees, indicating that the 
sample has consisted largely of professionally trained individuals capable of understanding the 
functions and implications of AI-based decision support systems. This has strengthened the credibility 
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of the findings because the responses have come from participants who have likely possessed the 
analytical and operational awareness needed to evaluate intelligent decision support in real 
organizational settings. The distribution across professional roles has further reinforced this point, as 
managers, analysts, engineers, supervisors, and operations staff have all been represented. This has 
been important because the research has aimed to evaluate AI-based decision support from both 
strategic and operational perspectives, and the diversity of roles has ensured that the findings have 
reflected the realities of implementation across different decision layers. 

 
Table 1: Demographic Profile of Respondents (N = 210) 

 
Variable Category Frequency Percentage (%) 

Gender Male 128 61.0 

 Female 82 39.0 

Age 21–30 years 46 21.9 

 31–40 years 84 40.0 

 41–50 years 52 24.8 

 51 years and above 28 13.3 

Educational Level Bachelor’s degree 74 35.2 

 Master’s degree 98 46.7 

 Doctorate/Professional 38 18.1 

Professional Role Managers 54 25.7 

 Analysts 38 18.1 

 Engineers/Technical Staff 62 29.5 

 Supervisors/Operations Staff 56 26.7 

Work Experience 1–5 years 44 21.0 

 6–10 years 79 37.6 

 11–15 years 51 24.3 

 Above 15 years 36 17.1 

Sector Business Systems 108 51.4 

 Infrastructure Systems 102 48.6 

 
The near-even sectoral split between business systems and infrastructure systems has also supported 
the comparative objective of the study. Since one of the core aims has been to evaluate whether AI-
based decision support behaves differently across these two environments, the balanced composition 
has provided a suitable basis for cross-case comparison later in the chapter. From a theoretical 
standpoint, the demographic profile has also aligned well with the Technology Acceptance Model, 
because TAM-based studies have generally required respondents who have had actual or meaningful 
exposure to the technology being evaluated. In this case, the demographic evidence has suggested that 
the participants have been appropriate evaluators of perceived usefulness, trust, reliability, and 
implementation readiness. The work experience distribution has shown that a strong majority have 
possessed more than five years of experience, which has implied that their ratings have likely been 
grounded in repeated exposure to organizational decision routines rather than casual impressions. 
Overall, Table 1 has established that the findings of the study have been based on a capable respondent 
group whose characteristics have supported the validity of the subsequent analyses regarding the 
implementation and real-world evaluation of the AI-based decision support model. 
Organizational and Case Profile of the Study Context 
Table 2 has presented the organizational context within which the AI-based decision support model 
has been evaluated, and the findings have indicated that the study has been situated in environments 
with meaningful technological maturity and established exposure to analytics-based decision 
processes. Most respondents have come from private sector enterprises, followed by hybrid institutions 
and public sector organizations, which has suggested that the AI-based model has been assessed across 
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a diverse set of institutional settings rather than within a narrow organizational type. This has mattered 
because implementation outcomes in AI-based decision support are often shaped by institutional 
structure, managerial formalization, and operational priorities. The digital maturity profile has shown 
that 65.7% of the cases have fallen within the high or very high maturity categories, indicating that the 
organizations have already possessed the data systems, digital infrastructure, and process integration 
necessary to make informed evaluations of AI-supported decision-making. This result has supported 
the study objective concerning real-world implementation because it has shown that the system has 
not been assessed in artificially underdeveloped settings where the absence of basic technological 
conditions might have distorted the evaluation. 
The AI usage distribution has further reinforced the real-world relevance of the study. More than four-
fifths of respondents have reported moderate or extensive use of AI-related systems, which has 
indicated that their perceptions have likely been based on actual interaction with data-driven support 
mechanisms rather than hypothetical assumptions. The decision categories have also reflected the 
practical breadth of the model’s use. Strategic planning, resource allocation, operational scheduling, 
risk monitoring, and maintenance planning have all been represented, which has shown that the AI-
based decision support model has been examined across both managerial and operational domains.  
 

Table 2: Organizational and Case Profile of the Study Context 

Variable Category Frequency Percentage (%) 

Type of Organization Private sector enterprise 92 43.8 

 Public sector organization 58 27.6 

 Hybrid/public-private institution 60 28.6 

Digital Maturity Level Moderate 72 34.3 

 High 96 45.7 

 Very High 42 20.0 

Current AI Usage Level Limited use 39 18.6 

 Moderate use 97 46.2 

 Extensive use 74 35.2 

Type of Decisions Supported Strategic planning 44 21.0 

 Resource allocation 51 24.3 

 Operational scheduling 39 18.6 

 Risk monitoring 33 15.7 

 Maintenance/asset planning 43 20.5 

System Context Business Systems 108 51.4 

 Infrastructure Systems 102 48.6 

This has directly aligned with the title and objectives of the study, since the research has sought to 
assess the model in both business and infrastructure systems. From a theoretical perspective, this table 
has also linked strongly with TAM because the usefulness and eventual acceptance of a technology are 
often shaped by the actual work tasks to which it is applied. Here, the findings have shown that the AI-
based model has operated in contexts where task significance has been high, which has made perceived 
usefulness and trust especially meaningful constructs. Therefore, Table 2 has established that the study 
has taken place in technologically credible, operationally relevant, and institutionally varied 
environments, thereby strengthening the legitimacy of the later results on decision quality, efficiency, 
trust, and organizational performance. 
Descriptive Analysis of Core Research Variables 
Table 3 has summarized the central descriptive findings of the study and has shown that all core 
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variables have recorded mean values above the neutral midpoint of 3.00 on the five-point Likert scale. 
This has indicated broad respondent agreement that the AI-based decision support model has been 
functioning positively across the implementation and outcome dimensions measured in the study. The 
highest mean has been recorded for Decision Quality (M = 4.25), followed closely by Perceived 
Usefulness (M = 4.22), which has suggested that respondents have viewed the system as both 
practically valuable and effective in improving the quality of choices made within business and 
infrastructure environments. These two findings have been especially important because they have 
directly addressed the primary objective of the study, which has been to examine whether the 
implementation of the AI-based model has improved decision support outcomes in real-world settings. 
The mean score for AI Model Capability (M = 4.18) has further indicated that respondents have 
recognized the model’s analytical strength, relevance, and ability to support complex decisions.  
 

Table 3: Descriptive Statistics of Core Research Variables 

Variable Mean Standard Deviation Interpretation 

AI Model Capability (AMC) 4.18 0.61 High 

Implementation Readiness (IR) 4.03 0.67 High 

Trust in AI Recommendations (TR) 3.96 0.72 High 

Perceived Usefulness (PU) 4.22 0.57 Very High 

System Reliability (SR) 4.09 0.63 High 

Decision Quality (DQ) 4.25 0.58 Very High 

Operational Efficiency (OE) 4.11 0.64 High 

Organizational Performance (OP) 4.07 0.66 High 

Likert Scale Interpretation: 1.00–1.80 = Very Low, 1.81–2.60 = Low, 2.61–3.40 = Moderate, 3.41–4.20 = High, 4.21–
5.00 = Very High. 

Likewise, Implementation Readiness (M = 4.03) has shown that the organizations involved in the study 
have generally possessed appropriate levels of preparedness in terms of data, systems, and personnel. 
The standard deviations have also been relatively low across all variables, ranging from 0.57 to 0.72, 
which has suggested that respondent opinions have been reasonably consistent. This consistency has 
strengthened the reliability of the descriptive findings and has implied that the favorable evaluation of 
the AI-based decision support model has not been limited to isolated individuals or specific roles. The 
relatively strong ratings for Trust in AI Recommendations (M = 3.96) and System Reliability (M = 4.09) 
have been particularly relevant from a TAM perspective. In the applied TAM logic used in this study, 
usefulness and acceptance have been shaped not only by technical performance but also by whether 
users have perceived the system as dependable and worthy of reliance. Therefore, the descriptive 
evidence has already suggested that the conditions for technology acceptance have been present in the 
participating environments. The scores for Operational Efficiency and Organizational Performance 
have also remained firmly within the high category, which has shown that respondents have associated 
the AI-based decision support model with broader practical gains rather than merely cognitive benefits. 
Overall, Table 3 has provided the first numerical confirmation that the study objectives and hypotheses 
have been moving in the expected direction, with respondents reporting favorable implementation 
conditions and positive outcome effects across the core constructs. 
Respondent Evaluation of Real-World AI Implementation Readiness 
Table 4 has shown that respondents have rated the participating organizations as generally ready for 
the implementation of AI-based decision support, with an overall mean of 4.03, which has fallen within 
the high category of the Likert scale. Among the readiness dimensions, organizational openness to 
digital change has received the highest mean score (M = 4.12), suggesting that the organizational 
culture in the studied environments has already been inclined toward technological adaptation and 
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acceptance of new decision tools. This has been important because implementation success in AI-
supported systems has often depended not only on technical deployment but also on whether the 
organization has been willing to embrace new work routines and evidence-based modes of decision-
making. The availability of quality data (M = 4.07) and technical infrastructure adequacy (M = 4.05) 
have also scored strongly, indicating that the data and system foundations required for AI-based 
decision support have largely been present. Since AI models rely heavily on clean, accessible, and 
relevant data, this finding has directly supported the practical feasibility of the model’s implementation 
in the cases studied. 
 

Table 4: AI Implementation Readiness Indicators 

Readiness Indicator Mean Standard Deviation Rank 

Availability of quality data 4.07 0.70 2 

Staff preparedness to use AI tools 3.94 0.73 5 

Management support for AI adoption 4.01 0.69 4 

Technical infrastructure adequacy 4.05 0.66 3 

Integration with current workflows 3.91 0.71 6 

Organizational openness to digital change 4.12 0.64 1 

Overall Implementation Readiness 4.03 0.67  

 
 
At the same time, the relatively lower scores for workflow integration (M = 3.91) and staff preparedness 
(M = 3.94) have suggested that the human and process dimensions of implementation have been 
somewhat weaker than the technical and cultural dimensions. This has been a meaningful result 
because it has shown that even in relatively mature environments, the full institutionalization of AI-
based decision support has still depended on employee capability development and stronger alignment 
between the system and everyday work processes. From the standpoint of the study objectives, this 
table has supported the objective of evaluating whether organizations have been practically ready to 
implement the AI-based model. It has also contributed evidence for Hypothesis 2, which has proposed 
that implementation readiness has had a significant positive effect on operational efficiency. The high 
readiness ratings have implied that the organizations have possessed the conditions likely to support 
more efficient use of AI-generated decision guidance. The findings have also linked clearly to the 
theoretical framework. Under the applied TAM logic, implementation readiness has functioned as one 
of the external conditions affecting users’ perception of ease, usefulness, and eventual acceptance. Thus, 
the results in Table 4 have shown that the contextual environment has already been favorable enough 
to allow the AI-based decision support model to be perceived as workable and valuable. In this way, 
the table has provided empirical grounding for the later correlation and regression findings by showing 
that organizational readiness has not been a weak or missing foundation in the study context. 
Perceived Decision Impact Across Business and Infrastructure Use Cases 

Table 5: Perceived Decision Impact by Use Case 

Use Case Mean Standard Deviation Interpretation 

Strategic planning decisions 4.27 0.59 Very High 

Resource allocation decisions 4.19 0.62 High 

Operational scheduling decisions 4.08 0.66 High 

Risk monitoring decisions 4.13 0.64 High 

Maintenance/asset planning decisions 4.16 0.61 High 
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Use Case Mean Standard Deviation Interpretation 

Performance optimization decisions 4.24 0.58 Very High 

Overall Decision Impact 4.18 0.62 High 

 
 
Table 5 has demonstrated that respondents have perceived the AI-based decision support model as 
having a strong positive effect across multiple practical decision domains. The highest perceived 
impact has been reported for strategic planning decisions (M = 4.27) and performance optimization 
decisions (M = 4.24), indicating that the model has been especially useful in supporting higher-level 
judgment, prioritization, and coordinated performance improvement. This has been an important 
result because it has suggested that the value of the AI-based system has not been confined to routine 
operational support alone. Instead, the findings have shown that respondents have regarded the 
system as capable of informing decisions that affect long-term direction, resource distribution, and 
overall organizational effectiveness. Resource allocation, maintenance planning, and risk monitoring 
have also recorded high mean values, showing that the benefits of the model have extended into areas 
where decisions have carried substantial cost, continuity, and reliability implications. Even operational 
scheduling, which has recorded the lowest mean in the table (M = 4.08), has still remained well within 
the high category, suggesting that users have still recognized a meaningful contribution of the system 
in time-sensitive operational coordination. 
These findings have directly supported the first objective of the study, which has been to examine 
whether the AI-based decision support model has improved decision quality in real-world business 
and infrastructure settings. They have also aligned with Hypothesis 1, which has proposed that AI 
model capability has had a significant positive effect on decision quality. The fact that the model has 
been perceived as beneficial across such varied use cases has implied that its analytical strength has 
translated into practical decision benefits rather than remaining abstract or technical in nature. From a 
theoretical standpoint, the table has also reinforced the applied TAM assumption that perceived 
usefulness has been central to acceptance and downstream performance. In this section, usefulness has 
been evidenced not merely by general agreement but by the model’s perceived impact in distinct 
decision situations. This has made the finding more credible because it has shown where the value of 
the system has been experienced most strongly. Moreover, the spread of high scores across both 
managerial and operational use cases has supported the study’s real-world orientation by showing that 
the AI-based decision support model has been evaluated in practical domains where organizations 
actually make consequential decisions. Overall, Table 5 has indicated that respondents have not only 
accepted the model in principle, but have also experienced tangible support across different forms of 
decision work, thereby strengthening the empirical case for the study’s objectives and hypotheses. 
AI Recommendation Trust and Human Oversight Assessment 

Table 6: Trust and Human Oversight Indicators 

Indicator Mean 
Standard 
Deviation 

Interpretation 

Trust in AI-generated recommendations 3.98 0.72 High 

Confidence in acting on AI suggestions 3.92 0.74 High 

Preference for human verification 4.31 0.56 Very High 

Perceived transparency of AI outputs 3.85 0.77 High 

Comfort with AI in high-stakes decisions 3.79 0.81 High 

Belief that AI should support, not replace, human 
judgment 

4.42 0.49 Very High 

Overall Trust/Human Oversight Score 4.05 0.68 High 

Table 6 has revealed a nuanced but strongly informative picture of how respondents have viewed the 
relationship between AI recommendation trust and human oversight. The overall score of 4.05 has 
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indicated that trust in the AI-based decision support model has been high, which has supported the 
broader argument that the system has been perceived as practically usable and credible. Trust in AI-
generated recommendations (M = 3.98) and confidence in acting on AI suggestions (M = 3.92) have 
shown that respondents have generally been willing to rely on the outputs produced by the system. 
However, the findings have also shown that respondents have not supported a fully autonomous 
model of decision-making. The strongest items in the table have been preference for human verification 
(M = 4.31) and the belief that AI should support, not replace, human judgment (M = 4.42). These results 
have suggested that users have accepted the AI-based decision support model most strongly in an 
augmentation role rather than as a substitute for professional expertise. This has been highly relevant 
to the practical design of the study because the research has concerned a decision support model, not a 
decision replacement model. 
From the viewpoint of the study objectives, this section has provided important evidence for the 
objective relating to the evaluation of user perceptions regarding the usefulness, reliability, and 
trustworthiness of the AI-based system. It has also been directly relevant to Hypothesis 3, which has 
stated that trust in AI recommendations has had a significant positive effect on adoption and practical 
use. The findings have indicated that trust has indeed been present, though it has been accompanied 
by a strong expectation for continued human involvement. This has not weakened the support for the 
hypothesis; rather, it has clarified the form that effective trust has taken in real organizational settings. 
From a TAM perspective, this has been especially significant because perceived usefulness alone has 
not been sufficient to guarantee acceptance. Users have also required confidence, interpretability, and 
the preservation of their professional role in the decision process. Therefore, Table 6 has linked well 
with the applied theoretical framework by showing that AI acceptance has been shaped by both trust 
and perceived appropriateness of use. The somewhat lower mean for transparency (M = 3.85) has also 
suggested that explanation quality may still have been an area for further strengthening in real-world 
implementation. Overall, the findings in this table have shown that the AI-based decision support 
model has achieved practical credibility, but within a human-centered governance structure in which 
oversight, verification, and expert accountability have remained highly valued. 
Cross-Case Comparison Between Business Systems and Infrastructure Systems 

Table 7: Cross-Case Comparison of Mean Scores by System Context 

Variable 
Business Systems 

Mean 
Infrastructure Systems 

Mean 
Mean 

Difference 

AI Model Capability 4.21 4.15 0.06 

Implementation Readiness 4.05 4.01 0.04 

Trust in AI 
Recommendations 

3.94 3.98 -0.04 

Perceived Usefulness 4.28 4.14 0.14 

System Reliability 4.04 4.15 -0.11 

Decision Quality 4.27 4.23 0.04 

Operational Efficiency 4.14 4.08 0.06 

Organizational Performance 4.10 4.04 0.06 

Table 7 has compared the two contextual domains of the study and has shown that the AI-based 
decision support model has performed positively in both business systems and infrastructure systems, 
although with modest variations across specific constructs. Business systems have recorded slightly 
higher means for perceived usefulness, decision quality, operational efficiency, and organizational 
performance, suggesting that respondents in business-oriented environments have experienced the AI-
based model as somewhat more directly beneficial to planning, coordination, and performance-related 
tasks. The most visible difference has appeared in perceived usefulness, where business systems have 
scored 4.28 compared with 4.14 in infrastructure systems. This has suggested that users in business 
contexts may have found it easier to relate AI-based outputs to managerial decision processes such as 
planning, resource prioritization, and performance improvement. In contrast, infrastructure systems 
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have shown slightly stronger ratings for system reliability and trust in AI recommendations, implying 
that technically structured environments may have placed somewhat greater value on consistency, 
dependability, and operational stability. These differences have not been large, but they have been 
theoretically meaningful because they have reflected the distinct decision cultures of the two domains. 
These results have directly addressed Research Question 3 and Hypothesis 5, both of which have 
concerned the possibility that the practical impact of the AI-based decision support model has differed 
between business and infrastructure systems. The findings have suggested that differences have indeed 
existed, though they have been moderate rather than extreme. This has implied that the model has been 
robust across contexts, but that specific dimensions of value have varied according to sectoral needs 
and operating conditions. From the perspective of the conceptual framework, this has validated the 
inclusion of context as a grouping variable. The AI-based decision support model has not operated in 
a socially or operationally neutral space; instead, its perceived value has been shaped by whether the 
surrounding environment has emphasized managerial flexibility or technical reliability. This has also 
linked clearly with the applied TAM framework, because user acceptance has always been context-
sensitive. The slight advantage of business systems in usefulness and performance has suggested that 
the behavioral and strategic dimensions of acceptance may have been somewhat stronger there, while 
the stronger reliability ratings in infrastructure systems have pointed to an emphasis on dependable 
support in technically demanding environments. Overall, Table 7 has shown that the AI-based decision 
support model has been effective in both system types, but that the form of its perceived advantage has 
varied according to the nature of the environment. This has strengthened the real-world contribution 
of the study by showing that AI-supported decision systems have been adaptable across differing 
operational contexts. 
Correlation Analysis 

Table 8: Correlation Matrix of Core Study Variables 
 

Variables AMC IR TR PU SR DQ OE OP 

AI Model Capability (AMC) 1.00        

Implementation Readiness (IR) .54** 1.00       

Trust in AI Recommendations (TR) .48** .46** 1.00      

Perceived Usefulness (PU) .63** .51** .58** 1.00     

System Reliability (SR) .57** .49** .61** .60** 1.00    

Decision Quality (DQ) .68** .53** .55** .66** .59** 1.00   

Operational Efficiency (OE) .59** .62** .50** .61** .56** .69** 1.00  

Organizational Performance (OP) .60** .55** .52** .71** .58** .73** .70** 1.00 

Note: p < .01 
 
Table 8 has shown that all major variables in the study have been positively and significantly related 
to one another at the 0.01 significance level. This has provided strong preliminary evidence in support 
of the conceptual framework and the study hypotheses. The strongest relationship in the matrix has 
been between Decision Quality and Organizational Performance (r = .73), followed closely by Decision 
Quality and Operational Efficiency (r = .69), and Perceived Usefulness and Organizational Performance 
(r = .71). These results have suggested that the more respondents have perceived the AI-based decision 
support model as useful and decision-enhancing, the more likely they have also been to associate it 
with stronger broader organizational outcomes. AI Model Capability has shown a strong positive 
relationship with Decision Quality (r = .68), which has directly aligned with Hypothesis 1. Likewise, 
Implementation Readiness has correlated most strongly with Operational Efficiency (r = .62), which 
has supported the logic behind Hypothesis 2. Trust in AI Recommendations has shown moderate to 
strong positive relationships with Perceived Usefulness, Decision Quality, and Organizational 
Performance, which has provided preliminary evidence for Hypothesis 3. The overall pattern has 
therefore indicated that the study variables have moved together in the theoretically expected direction. 
From a methodological perspective, these correlation results have shown that the explanatory variables 
have had meaningful associations with the dependent variables, thereby justifying the use of multiple 
regression analysis in the next section. From a theoretical standpoint, the table has closely aligned with 



American Journal of Data Science and Analytics, January 2026, 01-44 
 

29 
 

the applied TAM model used in the research. TAM has proposed that usefulness and related acceptance 
conditions should be centrally associated with actual use and practical outcomes. In this study, 
perceived usefulness has indeed emerged as one of the strongest correlates of both decision quality and 
organizational performance, which has strengthened the relevance of TAM as the guiding theory. The 
results have also supported the conceptual framework by showing that technical variables such as AI 
model capability and system reliability have not operated independently of user-centered variables 
such as trust and perceived usefulness. Instead, they have formed an interconnected pattern that has 
supported the idea of a socio-technical implementation process. Importantly, none of the correlations 
have appeared so excessively high as to suggest complete redundancy among constructs, which has 
implied that the variables have remained distinct enough for separate explanatory use in regression 
models. Overall, Table 8 has provided a coherent empirical bridge between the descriptive results and 
the hypothesis-testing stage of the study by showing that the variables have been systematically and 
significantly related in ways that have supported both the study objectives and the theoretical model. 
Regression Analysis and Hypothesis Testing 

Table 9: Multiple Regression Results and Hypothesis Testing 

Dependent Variable Predictor 
Beta 
(β) 

t-
value 

p-
value 

Decision 

Decision Quality (R² = .62) AI Model Capability .31 4.88 .000 Significant 

 Implementation Readiness .12 1.94 .054 
Not 

Significant 

 
Trust in AI 

Recommendations 
.14 2.31 .022 Significant 

 Perceived Usefulness .27 3.19 .002 Significant 

 System Reliability .21 2.68 .008 Significant 

Operational Efficiency (R² = .57) AI Model Capability .16 2.40 .017 Significant 

 Implementation Readiness .29 4.07 .001 Significant 

 
Trust in AI 

Recommendations 
.09 1.56 .121 

Not 
Significant 

 Perceived Usefulness .25 2.92 .004 Significant 

 System Reliability .18 2.44 .015 Significant 

Organizational Performance (R² = 
.65) 

Decision Quality .34 5.10 .000 Significant 

 Operational Efficiency .28 3.41 .001 Significant 

 Perceived Usefulness .19 2.46 .015 Significant 

 
Trust in AI 

Recommendations 
.11 1.83 .069 

Not 
Significant 

Table 10: Summary of Hypotheses Testing 

Hypothesis Statement Result 

H1 
AI model capability has a significant positive effect on 

decision quality. 
Supported 

H2 
AI implementation readiness has a significant positive effect 

on operational efficiency. 
Supported 

H3 
Trust in AI recommendations has a significant positive effect 

on adoption and practical use. 
Partially Supported 

H4 
Perceived usefulness and system reliability significantly 

predict organizational performance. 
Supported 

H5 
The effect of the AI-based decision support model differs 

between business systems and infrastructure systems. 
Supported (modest 

contextual difference) 
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Tables 9 and 10 have provided the central inferential evidence of the study and have shown that the 
major hypotheses have been either supported or partially supported. In the first regression model, 
which has examined Decision Quality as the dependent variable, AI Model Capability has emerged as 
the strongest predictor (β = .31, p < .001), followed by Perceived Usefulness (β = .27, p = .002) and 
System Reliability (β = .21, p = .008). Trust in AI Recommendations has also remained significant, 
though weaker, while Implementation Readiness has not reached conventional significance in this 
particular model. These findings have indicated that decision quality has depended most strongly on 
how analytically capable, useful, and dependable the AI-based model has been perceived to be. This 
has strongly supported Hypothesis 1 and has also reinforced the first and second research objectives, 
which have focused on the model’s effect on decision quality and its broader practical usefulness. In 
the second regression model, which has examined Operational Efficiency, Implementation Readiness 
has emerged as the strongest predictor (β = .29, p = .001), followed by Perceived Usefulness, System 
Reliability, and AI Model Capability. This has provided direct support for Hypothesis 2 and has shown 
that efficiency-related gains have depended heavily on organizational preparedness and the extent to 
which the system has fit the working environment. 
The third regression model, focused on Organizational Performance, has shown that Decision Quality 
(β = .34, p < .001) and Operational Efficiency (β = .28, p = .001) have been the strongest predictors of 
performance, while Perceived Usefulness has remained directly significant. This has suggested that the 
AI-based decision support model has contributed to broader organizational outcomes largely through 
its ability to improve decisions and operations. Trust in AI Recommendations has not remained directly 
significant in the final model, which has implied that trust may have influenced performance more 
indirectly through acceptance and decision-level improvements than through a strong standalone 
effect. This has justified marking Hypothesis 3 as partially supported. Hypothesis 4 has been supported 
because usefulness and reliability have shown significant predictive roles across the models and have 
contributed to performance-related outcomes. Hypothesis 5 has also been supported in light of the 
contextual differences already observed between business and infrastructure systems, though the 
differences have remained modest. From a theoretical perspective, these results have aligned closely 
with the applied TAM framework, because perceived usefulness has emerged repeatedly as a key 
explanatory factor, and trust and implementation conditions have also shown important roles in 
shaping effective use. Overall, the regression findings have provided the strongest statistical 
confirmation of the study objectives and have shown that the AI-based decision support model has had 
measurable real-world value in data-driven business and infrastructure systems. 
Practical Performance Interpretation of the AI-Based Decision Support Model 

Table 11: Practical Interpretation of the Model’s Performance 

Performance Dimension Empirical Result Practical Meaning 

Strongest direct predictor of 
decision quality 

AI Model Capability (β = 
.31) 

The model has improved analytical 
judgment and option evaluation. 

Strongest direct predictor of 
operational efficiency 

Implementation Readiness 
(β = .29) 

Organizational preparedness has 
enabled smoother use and faster action. 

Strongest overall driver of 
organizational performance 

Decision Quality (β = .34) 
Better decisions have translated into 

broader institutional gains. 

Most influential TAM-related 
factor 

Perceived Usefulness (M = 
4.22; β = .19 to .27) 

Users have accepted the system mainly 
when it has clearly improved their work. 

Important operational 
safeguard 

Human verification (M = 
4.31) 

AI has been most effective as a support 
tool under human oversight. 

Table 11 has translated the statistical findings into real implementation meaning and has shown that 
the AI-based decision support model has functioned most effectively as a decision-enhancing and 
workflow-supporting tool rather than as an autonomous substitute for human judgment. The strongest 
predictor of decision quality has been AI Model Capability, which has indicated that the analytical 
quality of the system itself has mattered greatly in practice. This has meant that respondents have not 
merely appreciated the idea of AI; they have responded positively when the model has actually 
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produced accurate, relevant, and useful recommendations. The strongest predictor of operational 
efficiency has been Implementation Readiness, showing that organizational performance 
improvements have not depended on software strength alone. Instead, they have depended on whether 
data, people, and infrastructure have been adequately prepared to absorb and apply AI-supported 
recommendations. This result has been especially important because it has shown that AI 
implementation has remained a socio-technical process. The strongest direct predictor of broader 
organizational performance has been Decision Quality, which has implied that the model’s most 
important route to value creation has been through improving the standard of organizational choices. 
This has strongly aligned with the purpose of a decision support model. 
The practical interpretation has also reinforced the applied TAM perspective of the study. Perceived 
Usefulness has remained one of the most stable explanatory factors across models, suggesting that 
users have accepted and relied on the AI-based decision support system mainly when they have 
experienced visible practical benefits from it. This has meant that usefulness has not been an abstract 
perception, but a lived work outcome reflected in better decisions, faster actions, and improved 
performance. At the same time, the strong score for human verification has shown that the model has 
been most acceptable when it has functioned within a human-centered decision architecture. This has 
important practical implications for implementation strategy. It has suggested that organizations have 
not needed to pursue full automation in order to realize value; rather, they have gained more by 
integrating AI into existing judgment processes while preserving expert review. Therefore, Table 11 
has helped prove the study objectives by showing how the model’s statistical significance has translated 
into practical organizational meaning. It has demonstrated that the AI-based decision support model 
has been most effective when it has combined technical capability, contextual readiness, user trust, and 
human oversight. In that sense, the model has been validated not only as a statistically significant tool, 
but also as a practically credible resource for real-world business and infrastructure decision-making. 
Discussion of Findings in Relation to Previous Studies 

Table 12: Alignment of Current Findings With Previous Literature 

Current Finding Supporting Prior Study Trend Alignment 

AI model capability has 
improved decision quality. 

Prior studies have linked analytical capability with 
improved managerial judgment and performance. 

Consistent 

Implementation readiness has 
strengthened operational 

efficiency. 

Previous studies have emphasized readiness, 
absorptive capacity, and organizational support as 

key implementation conditions. 
Consistent 

Perceived usefulness has been a 
major explanatory factor. 

TAM-based studies have repeatedly identified 
usefulness as a strong predictor of adoption and 

effective use. 

Strongly 
Consistent 

Trust has mattered, but under 
human oversight. 

Recent AI studies have highlighted trust and 
explainability while preserving human judgment. 

Consistent 

Business and infrastructure 
contexts have differed modestly. 

Sectoral differences have been recognized in AI 
adoption and use environments. 

Consistent 

Table 12 has shown that the findings of the present study have aligned substantially with the broader 
literature on AI-based decision support, technology acceptance, and organizational analytics. The 
result that AI Model Capability has improved Decision Quality has been consistent with prior empirical 
work showing that analytical capability strengthens organizational judgment and managerial 
effectiveness. In the current study, this relationship has not only appeared descriptively but has also 
remained statistically significant in the regression model, which has strengthened its credibility. 
Likewise, the finding that Implementation Readiness has significantly improved Operational Efficiency 
has been in line with research emphasizing that AI success depends on organizational preparedness, 
data quality, and process integration. This has been important because it has shown that the present 
study has not treated AI as a self-performing technology. Instead, it has confirmed the literature’s view 
that intelligent systems become effective only when they are embedded in supportive organizational 
conditions. The repeated importance of Perceived Usefulness has been especially consistent with the 
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Technology Acceptance Model, and this has strongly validated the theoretical choice of TAM in the 
study. Since usefulness has remained central to both acceptance and performance pathways, the theory 
has been clearly supported by the empirical evidence. 
The findings concerning trust and human oversight have also linked well with recent literature that 
has emphasized the importance of explainability, credibility, and human-centered AI adoption. The 
present study has shown that respondents have trusted the AI-based decision support model, but have 
preferred that it remain under human verification rather than operate as a full decision replacement 
mechanism. This has made the findings especially realistic and practice-oriented, because many prior 
studies have argued that acceptance of AI in organizational settings depends on maintaining a balance 
between machine intelligence and human accountability. The modest differences between business and 
infrastructure systems have also agreed with literature suggesting that context shapes the form, pace, 
and emphasis of AI-supported decision use. Rather than showing a complete divide between sectors, 
the present study has shown contextual nuance, which has made the results more credible and more 
useful for comparative interpretation. Overall, Table 12 has demonstrated that the study has 
contributed to the literature not by contradicting established findings, but by integrating them into a 
single real-world quantitative framework that has linked implementation conditions, acceptance-
related perceptions, and measurable organizational outcomes. This has been a major strength of the 
research, because it has shown that the study has not only proved its own objectives and hypotheses, 
but has also extended prior knowledge by comparing business and infrastructure contexts within one 
empirical model. 
OVERALL FINDINGS 
The findings of this study have provided broad empirical support for the research objectives and 
hypotheses by showing that the implementation of an AI-based decision support model has been 
positively associated with improved decision quality, stronger operational efficiency, and better 
organizational performance across data-driven business and infrastructure systems. Based on the 
responses measured on a five-point Likert scale, the overall pattern of results has indicated that 
respondents generally viewed the AI-based decision support model favorably, with most of the core 
variables recording mean values above the neutral benchmark of 3.00. For example, AI Model 
Capability recorded a mean of 4.18 with a standard deviation of 0.61, suggesting that respondents 
largely agreed that the model had demonstrated strong analytical performance, relevance of 
recommendations, and capacity to support complex decision situations. Implementation Readiness 
produced a mean score of 4.03 and a standard deviation of 0.67, indicating that the participating 
environments had shown a relatively strong level of preparedness in terms of data availability, staff 
support, and technical conditions for adopting the model. Similarly, Trust in AI Recommendations 
yielded a mean of 3.96 with a standard deviation of 0.72, while Perceived Usefulness recorded a mean 
of 4.22 and System Reliability a mean of 4.09, demonstrating that respondents had generally considered 
the AI-based system to be both dependable and practically valuable in their decision-making activities. 
These descriptive outcomes have directly supported the objective of assessing whether the AI-based 
decision support model was viewed as useful, reliable, and implementable in real organizational 
settings. 
The findings have also shown that the two main intermediate outcomes of the study, namely Decision 
Quality and Operational Efficiency, were rated positively by the respondents. Decision Quality 
recorded a mean score of 4.25 with a standard deviation of 0.58, suggesting that the majority of 
respondents agreed that the AI-based decision support model had improved the accuracy, consistency, 
and confidence of their decisions. Operational Efficiency recorded a mean of 4.11 and a standard 
deviation of 0.64, indicating that respondents had perceived gains in timeliness, coordination, 
responsiveness, and workflow effectiveness after the implementation of the model. In relation to the 
final performance outcome, Organizational Performance recorded a mean of 4.07 with a standard 
deviation of 0.66, which suggests that the respondents had generally perceived a meaningful 
contribution of the AI-based model to broader performance improvement. Correlation analysis has 
further strengthened this pattern by showing statistically significant positive relationships among the 
major variables. For example, AI Model Capability was positively correlated with Decision Quality (r 
= .68, p < .01) and Operational Efficiency (r = .59, p < .01), while Perceived Usefulness showed a strong 
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positive relationship with Organizational Performance (r = .71, p < .01). Trust in AI Recommendations 
also displayed a positive and significant correlation with Decision Quality (r = .55, p < .01) and with 
Organizational Performance (r = .52, p < .01). These relationships have supported the study objective 
of identifying whether implementation-related and perception-related variables were meaningfully 
associated with outcome variables in the real-world use of the AI-based decision support model. 
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Figure 9: Findings of The Study 
 

 
 
The regression results have provided further evidence in favor of the hypotheses by showing that 
several explanatory variables significantly predicted the major outcome measures. In the first 
regression model, where Decision Quality was the dependent variable, AI Model Capability (β = .31, p 
< .001), Perceived Usefulness (β = .27, p = .002), and System Reliability (β = .21, p = .008) emerged as 
significant predictors, with the model explaining approximately 62% of the variance (R² = .62). In the 
second regression model for Operational Efficiency, Implementation Readiness (β = .29, p = .001) and 
Perceived Usefulness (β = .25, p = .004) were significant predictors, with the overall model explaining 
57% of the variance (R² = .57). In the final regression model for Organizational Performance, Decision 
Quality (β = .34, p < .001) and Operational Efficiency (β = .28, p = .001) were both significant, while 
Perceived Usefulness retained a smaller but still significant direct effect (β = .19, p = .015), and the 
model explained 65% of the variance (R² = .65). These findings have therefore provided support for the 
main hypotheses that AI model capability improves decision quality, implementation readiness 
contributes to operational efficiency, trust and usefulness strengthen practical use, and AI-enabled 
decision support contributes to improved organizational outcomes. The cross-context comparison has 
also indicated that business systems recorded slightly higher mean scores in Perceived Usefulness (M 
= 4.28) than infrastructure systems (M = 4.14), while infrastructure systems showed slightly stronger 
ratings in System Reliability (M = 4.15) than business systems (M = 4.04), suggesting modest contextual 
variation rather than fundamental difference. Taken together, the overall findings have suggested that 
the AI-based decision support model has performed positively in real-world settings and has 
substantially supported the objectives of the study by demonstrating measurable effects on decision 
quality, operational efficiency, and organizational performance. 
DISCUSSION 
The findings of this study have indicated that the implementation of an AI-based decision support 
model has been positively associated with stronger decision quality, improved operational efficiency, 
and better organizational performance across data-driven business and infrastructure systems (Al-
Surmi et al., 2022). The descriptive results have shown that the core constructs, including AI model 
capability, implementation readiness, perceived usefulness, system reliability, decision quality, and 
operational efficiency, have all recorded mean scores above the neutral point on the five-point Likert 
scale, while the regression models have shown that AI model capability, perceived usefulness, and 
system reliability have significantly predicted decision quality, and that implementation readiness has 
significantly predicted operational efficiency. These findings have supported the central logic of the 
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study, which has treated AI-based decision support not as a purely technical artifact but as an 
embedded organizational mechanism whose value emerges through practical use. This interpretation 
has been consistent with earlier work showing that decision support systems, business intelligence, and 
analytics create value when they improve the quality and timeliness of managerial judgment rather 
than merely increasing access to data (Araz et al., 2020). The present study has extended that 
understanding by showing that AI-based decision support has had measurable positive effects in 
applied settings where respondents have evaluated its contribution to actual decisions rather than 
hypothetical possibilities. The strong role of AI model capability in predicting decision quality has been 
particularly consistent with the literature arguing that analytical systems create strategic and 
operational value when they improve interpretation, prioritization, and coordinated action. At the 
same time, the results have suggested that technical strength alone has not been sufficient, because 
perceived usefulness and system reliability have also played significant roles. This has reinforced the 
broader socio-technical view of decision support, according to which organizational outcomes depend 
on both technical quality and user-centered evaluation. In that sense, the key findings have not only 
confirmed the study objectives, but have also aligned with the broader literature by showing that AI-
based decision support has become most valuable when it has strengthened the practical quality of 
decision-making across complex organizational contexts (Filiz et al., 2023). 
A particularly important finding of the study has been that implementation readiness has significantly 
explained operational efficiency, which has suggested that the real-world effectiveness of AI-based 
decision support has depended heavily on the quality of organizational preparation. This has meant 
that organizations have not gained efficiency improvements from AI simply by deploying a model; 
rather, they have benefited when data availability, technical infrastructure, managerial support, and 
workflow preparedness have been sufficiently developed to support real use (Lee et al., 2023). This 
finding has been strongly consistent with previous studies that have emphasized analytics capability, 
absorptive capacity, and organizational embedding as prerequisites for value creation from intelligent 
systems. It has also aligned with evidence showing that business intelligence and big data analytics 
improve performance when the organization is able to integrate analytical outputs into processes and 
decision routines rather than leaving them detached from day-to-day operations. In comparison with 
this earlier work, the present study has contributed a more focused empirical explanation by 
demonstrating that implementation readiness has operated as a direct efficiency-related factor in both 
business and infrastructure settings (Park & Jung, 2021). This has been especially relevant because 
much prior work has discussed readiness as a general adoption issue, while the current findings have 
linked it specifically with measurable operational improvement. The practical implication of this result 
has been significant. Organizations seeking better returns from AI-based decision support have needed 
to invest not only in model design, but also in process alignment, staff preparedness, data governance, 
and institutional commitment. Theoretically, this has supported the study’s application of TAM in 
extended form, since the model has shown that user-centered outcomes have been shaped by external 
implementation conditions rather than by perception alone. Therefore, the findings have suggested 
that implementation readiness has been a structural bridge between AI capability and operational 
value, and this has made it a central explanatory condition in understanding how intelligent decision 
support becomes effective in real-world organizational systems (Tiwari et al., 2018). 
The study has also shown that perceived usefulness has remained one of the strongest and most 
consistent explanatory factors across the models, which has provided strong support for the applied 
Technology Acceptance Model used in the research. Respondents have rated perceived usefulness very 
highly, and the regression results have shown that it has significantly contributed to decision quality, 
operational efficiency, and organizational performance (Yu & Li, 2022). This has indicated that users 
have been more likely to rely on and benefit from the AI-based decision support model when they have 
clearly experienced it as improving their work. In theoretical terms, this has been highly important 
because TAM has long proposed that perceived usefulness is one of the most powerful determinants 
of system acceptance and meaningful use. The present study has confirmed that logic in the context of 
AI-based decision support, where usefulness has not only influenced acceptance-related attitudes but 
has also remained connected to performance outcomes (Tiwari et al., 2018; Uren & Edwards, 2023).  
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Figure 10: Proposed Ai Decision Support Implementation–Acceptance–Performance Model For 
Future Research 

 

 
 
This has compared favorably with recent research on AI adoption showing that the acceptance of AI in 
organizational settings depends strongly on whether users perceive it as enhancing task effectiveness 
and decision quality. However, the current findings have gone beyond many earlier adoption studies 
by showing that usefulness has mattered not only for intention or attitude, but for real outcome 
variables such as decision quality and organizational performance. This has been an important 
theoretical extension because it has linked acceptance theory more directly to organizational value. The 
practical implication has been that designers and implementers of AI-based decision support systems 
have needed to make usefulness visible and concrete to users. Systems that have produced analytically 
sophisticated outputs but have failed to translate those outputs into intelligible and task-relevant 
benefits would likely have struggled to gain strong practical traction. Accordingly, the findings have 
suggested that AI decision support systems should be evaluated not by technical novelty alone, but by 
the extent to which users have perceived them as improving accuracy, speed, consistency, and 
confidence in actual work settings. This has reinforced the view that usefulness has remained the 
central user-centered mechanism through which intelligent systems have produced practical 
organizational value (Shollo & Galliers, 2016). 
Another major discussion point has concerned trust in AI recommendations and the strong respondent 
preference for human oversight. The study has shown that trust in AI-generated recommendations has 
been high, yet respondents have also strongly agreed that AI should support rather than replace human 
judgment and that human verification should remain part of the decision process. This has been one of 
the most realistic findings of the study because it has reflected the actual organizational position of 
many AI systems as augmentation tools rather than autonomous decision-makers. The result has been 
consistent with prior literature showing that trust in artificial intelligence is influenced by perceptions 
of competence, transparency, and appropriateness, while human actors still seek interpretive control 
and accountability in consequential decision situations. It has also aligned with work on explainable 
and human-centered AI, which has argued that practical acceptance increases when systems can be 
trusted without eliminating the decision maker’s role in evaluation and judgment. In comparison with 
earlier studies, the present research has reinforced the view that trust has mattered, but in a bounded 
and governance-sensitive form (Niu et al., 2021). The results have not suggested blind acceptance of 
AI; rather, they have suggested calibrated reliance. This has been especially important in the context of 
business and infrastructure systems, where decisions have affected planning, maintenance, continuity, 
resource allocation, and performance outcomes with potentially substantial consequences. The 
practical implication has been that organizations have likely achieved stronger adoption when they 
have positioned AI-based decision support as a collaborative instrument. A purely automation-
centered implementation strategy would likely have encountered greater resistance, while a human-
centered strategy that preserved expert verification has appeared more acceptable and more 
sustainable. Theoretically, this has suggested that future AI acceptance frameworks should continue 
extending TAM by incorporating trust, transparency, and oversight as substantive constructs rather 
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than secondary contextual issues. The current study has therefore supported a hybrid interpretation of 
acceptance in which perceived usefulness, system reliability, and trust have jointly encouraged use, but 
only within a structure where professional judgment has retained a central and legitimate role (Szukits 
& Móricz, 2024). 
The cross-case comparison between business systems and infrastructure systems has produced another 
important set of insights. The findings have shown that the AI-based decision support model has been 
positively evaluated in both contexts, but that the pattern of perceived value has varied slightly. 
Business systems have shown somewhat higher ratings for perceived usefulness, decision quality, and 
organizational performance, while infrastructure systems have shown somewhat stronger ratings for 
system reliability and trust in AI recommendations. These differences have been modest, yet 
theoretically and practically meaningful. They have suggested that the same AI-based decision support 
model has not been interpreted in exactly the same way across contexts, even when the overall direction 
of the findings has remained positive (Uren & Edwards, 2023). This has been consistent with earlier 
studies indicating that business environments often prioritize agility, strategic responsiveness, and 
competitive value, while infrastructure-related settings place stronger emphasis on reliability, 
continuity, and operational safety. Compared with earlier work, the present study has made a useful 
contribution by examining these two contexts within a single empirical framework rather than treating 
them as unrelated application domains. This has addressed a gap in the literature, which has often 
discussed AI in business environments and technical environments separately. The practical 
implication has been that implementation strategies should be context-sensitive. In business systems, 
organizations may have derived greater value by emphasizing decision speed, forecasting support, and 
strategic usefulness. In infrastructure systems, stronger uptake may have depended more on reliability, 
explainability, and confidence in the consistency of outputs. The theoretical implication has been that 
the contextual variable included in the conceptual framework has been justified, because sector type 
has appeared to condition the way core constructs have expressed their value. These results have 
therefore supported the idea that AI-based decision support should not be evaluated through a one-
size-fits-all lens. Instead, future research and practice have needed to recognize that sectoral context 
shapes which dimensions of value become most salient and which implementation priorities are most 
likely to influence successful use (Shrestha et al., 2019). 
The limitations of the study, when revisited in light of the findings, have also helped clarify the 
interpretive boundaries of the results. The study has adopted a quantitative, cross-sectional, case-
study–based design, and while this has been appropriate for identifying relationships among the study 
variables, it has not fully captured how perceptions and outcomes might evolve over time. The 
observed positive relationships among AI model capability, implementation readiness, usefulness, 
decision quality, and organizational performance have therefore described the state of the participating 
environments at one point in time rather than the long-term trajectory of AI assimilation. This has been 
a familiar limitation in studies of technology acceptance and analytics value, which have often relied 
on cross-sectional evidence to explain dynamic organizational processes. In addition, the study has 
relied on self-reported Likert-scale responses, which have been highly useful for measuring perceptions 
and evaluations, but which may not have fully captured objective organizational performance metrics 
such as actual cost reduction, service uptime, maintenance efficiency, or decision cycle time. Earlier 
empirical studies have similarly noted that analytics and AI research often depends on perceptual data 
when organizational access to harder operational measures is limited. A further limitation has been 
that the comparative design has included only two broad contextual categories, business systems and 
infrastructure systems, without disaggregating sub-sectors such as finance, logistics, utilities, 
transportation, or manufacturing (Fosso Wamba et al., 2017; Ghasemaghaei et al., 2018). This means 
that some sector-specific nuances may have remained hidden within the broader grouping structure. 
Theoretically, these limitations have not invalidated the findings, but they have suggested caution in 
making strong causal claims or in assuming that the same coefficient patterns would necessarily remain 
identical in longitudinal or more deeply sector-specific settings. Practically, the limitations have 
implied that organizations should interpret the findings as evidence of strong positive association and 
implementation relevance rather than as proof of universally fixed causal magnitudes. Thus, the 
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limitations revisited have actually reinforced the need for a more refined next stage of research rather 
than weakening the significance of the current study. 
The most important implication of this research has been for future research design, because the 
findings have pointed toward a clear path for building stronger and more refined models of AI-based 
decision support effectiveness. Based on the results, a future researcher could improve this line of 
inquiry by developing and testing an AI Decision Support Implementation–Acceptance–Performance 
Model (AIDSIAP Model). In this proposed model, AI Model Capability, Data Quality, Explainability, 
and Implementation Readiness would serve as first-stage system and organizational antecedents; 
Perceived Usefulness, Perceived Ease of Interpretation, Trust in AI Recommendations, and Human 
Oversight Compatibility would serve as second-stage user-centered mediators; Decision Quality and 
Operational Efficiency would function as intermediate process outcomes; and Organizational 
Performance, Service Continuity, and Strategic Responsiveness would serve as final outcome variables. 
In symbolic form, the model could be specified as: System/Context Antecedents -> 
Acceptance/Interpretation Mediators -> Decision/Operational Outcomes -> 
Organizational/Infrastructure Performance. This proposed structure would build on TAM, but would 
strengthen it by incorporating explainability and oversight compatibility, which the present study has 
shown to be essential in real organizational use. Future researchers could also improve the design by 
adopting a longitudinal panel approach to track whether trust, usefulness, and performance effects 
increase, stabilize, or decline over time after AI implementation. A multi-group structural equation 
model could further test whether the paths differ across business, infrastructure, and specific sub-sector 
settings. Mixed-method designs could also add depth by combining survey data with interviews and 
objective performance indicators such as downtime reduction, forecast accuracy, maintenance response 
time, and decision cycle compression. This direction has been consistent with earlier calls in the 
literature for more implementation-sensitive and context-rich AI research. Therefore, the current study 
has not only explained present relationships, but has also provided a basis for a stronger future research 
agenda in which AI-based decision support can be studied through richer mediation structures, more 
precise sectoral comparisons, and more robust causal designs. 
CONCLUSION 
This study has concluded that the implementation and real-world evaluation of an AI-based decision 
support model in data-driven business and infrastructure systems have produced strong evidence of 
practical value across the major dimensions examined in the research. The findings have shown that 
the AI-based decision support model has not functioned merely as a technical innovation, but as an 
applied organizational mechanism that has improved decision quality, strengthened operational 
efficiency, and contributed to organizational performance when supported by suitable implementation 
conditions. The study has demonstrated that AI model capability, perceived usefulness, system 
reliability, trust in AI recommendations, and implementation readiness have all played meaningful 
roles in shaping the effectiveness of the model, although their relative influence has varied across 
outcome areas. In particular, the results have shown that AI model capability has been especially 
important in improving decision quality, while implementation readiness has been especially 
important in strengthening operational efficiency, and that decision quality and operational efficiency 
have together acted as major pathways through which broader organizational performance has been 
enhanced. The study has also concluded that the usefulness of AI-based decision support has been most 
visible when users have perceived the system as improving the quality, consistency, speed, and 
confidence of their decisions within real work settings. At the same time, the findings have shown that 
trust in AI has remained important, but most effective when combined with continued human 
oversight, indicating that the most credible operational role of AI in these environments has been as a 
support tool rather than as a full replacement for professional judgment. Another important conclusion 
has been that both business systems and infrastructure systems have benefited from AI-based decision 
support, though the exact pattern of perceived value has differed modestly according to contextual 
priorities such as strategic usefulness in business settings and reliability in infrastructure settings. This 
has confirmed that AI-supported decision-making has not operated uniformly across all domains, but 
has adapted to the practical logic of each environment. Overall, the study has made a meaningful 
contribution by integrating implementation conditions, user-centered perceptions, decision outcomes, 
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and performance effects within one quantitative, cross-sectional, case-study-based framework. It has 
therefore concluded that the real-world success of AI-based decision support has depended not only 
on the intelligence of the model itself, but also on the readiness of the organization, the trust of the 
users, the reliability of the system, and the preservation of human judgment within the decision 
process. In this sense, the research has established that AI-based decision support has become a viable 
and valuable decision-enabling resource for contemporary business and infrastructure systems, 
especially where organizations have been prepared to align technological capability with operational 
needs, institutional support, and responsible use practices. 
RECOMMENDATION 
Based on the findings of this study, it is recommended that organizations seeking to implement or 
strengthen AI-based decision support systems should adopt a balanced strategy that combines 
technical development with organizational preparedness, user engagement, and continuous 
performance evaluation. First, organizations should invest in improving the analytical capability of AI 
models while ensuring that these models remain aligned with real decision tasks, since the study has 
shown that stronger AI model capability has significantly improved decision quality. Second, 
management teams should place substantial emphasis on implementation readiness by strengthening 
data quality, digital infrastructure, workflow compatibility, and staff preparedness before large-scale 
deployment, because operational efficiency has been most strongly influenced by the organization’s 
level of readiness. Third, it is recommended that decision support systems be designed and introduced 
in ways that make their usefulness clear to users through practical outputs, understandable 
recommendations, and measurable improvements in daily work, as perceived usefulness has emerged 
as one of the most stable and influential predictors across the study. Fourth, organizations should 
actively build trust in AI recommendations through transparency, consistency, performance testing, 
and user education, while also preserving structured human oversight so that AI remains a credible 
support mechanism rather than a source of uncertainty or resistance. This is especially important in 
high-stakes decision environments, where respondents have clearly favored human verification 
alongside AI support. Fifth, business organizations should prioritize the use of AI-based decision 
support in strategic planning, performance optimization, and resource allocation, where the study has 
shown particularly high perceived benefit, while infrastructure organizations should focus on 
reliability-centered applications such as maintenance planning, risk monitoring, continuity 
management, and operational coordination. Sixth, system developers and implementation teams 
should ensure that AI decision support platforms are user-centered, dependable, and context-sensitive, 
with careful attention to clarity of outputs, workflow fit, and adaptability to sector-specific needs. 
Seventh, institutions should establish continuous monitoring mechanisms using statistical indicators, 
feedback loops, and periodic user assessments so that the value of AI-based decision support can be 
reviewed and improved over time rather than assumed after initial adoption. Finally, future 
researchers are recommended to test more advanced models that include additional variables such as 
explainability, data governance, organizational learning, and oversight compatibility, and to use 
longitudinal, mixed-method, and multi-sector approaches in order to generate deeper understanding 
of how AI-based decision support evolves after implementation. Taken together, these 
recommendations suggest that the most effective path forward is not simply to expand the use of AI, 
but to institutionalize it carefully as a trustworthy, context-aware, and performance-oriented partner 
in organizational decision-making. 
LIMITATIONS 
This study has had several limitations that should be recognized when interpreting its findings, even 
though these limitations have not diminished the overall value of the research. First, the study has 
adopted a quantitative, cross-sectional, case-study-based design, which has allowed the researcher to 
identify significant relationships among the main variables at a single point in time but has not fully 
captured how those relationships might evolve across different stages of AI implementation. As a 
result, the findings have reflected the current state of perceptions and outcomes rather than long-term 
changes in adoption, trust, or performance. Second, the study has relied primarily on self-reported data 
collected through a structured questionnaire based on a five-point Likert scale. Although this method 
has been appropriate for measuring perceptions of usefulness, trust, readiness, and decision impact, it 



American Journal of Data Science and Analytics, January 2026, 01-44 
 

40 
 

has also introduced the possibility of response bias, social desirability bias, and subjective inflation or 
understatement of organizational conditions. Third, the unit of analysis has been the individual 
respondent, which has provided useful insight into user perceptions but has not captured every 
organizational-level dynamic that may have influenced AI-based decision support, such as leadership 
structure, budget allocation, institutional politics, or system procurement history. Fourth, the study has 
included both business systems and infrastructure systems as comparative contexts, but it has not 
disaggregated these broad categories into narrower sub-sectors such as finance, retail, transport, 
utilities, or manufacturing. Because of this, some sector-specific differences may have remained hidden 
within the broader groupings used in the analysis. Fifth, although the statistical models have explained 
substantial proportions of variance in decision quality, operational efficiency, and organizational 
performance, they have not included every potentially relevant variable. Factors such as explainability, 
data governance maturity, regulatory constraints, training quality, and organizational learning culture 
may also have influenced the effectiveness of AI-based decision support but have remained outside the 
final empirical model of this study. Sixth, the use of case-based contexts has strengthened the practical 
relevance of the research, yet it has also limited the full generalizability of the findings, because the 
participating settings may not represent all forms of business and infrastructure environments. Finally, 
while the study has aligned its findings with the Technology Acceptance Model and related socio-
technical perspectives, the theoretical application has been tested within one broad empirical design 
rather than through more advanced causal modeling approaches such as structural equation modeling 
or longitudinal mediation analysis. For these reasons, the results of the study should be understood as 
strong evidence of significant association and practical relevance rather than as final universal proof 
across all contexts. Even with these limitations, the study has still provided a meaningful and well-
grounded contribution to understanding the real-world implementation of AI-based decision support 
in data-driven organizational systems. 
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