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Abstract 
This study examines the role of artificial intelligence in project and business operations management in the 
United States, with particular emphasis on AI-driven decision-support models that improve managerial 
effectiveness across cloud-enabled and enterprise case contexts. The problem addressed is the fragmented 
understanding of how AI supports interconnected project and operational decisions in real organizational 
environments, despite rising adoption across digitally intensive sectors. Accordingly, the purpose of the study 
is to synthesize how AI capabilities, predictive models, and intelligent decision-support systems influence 
planning, scheduling, forecasting, workflow coordination, risk control, and organizational performance. The 
research adopted a quantitative cross-sectional, case-based review design grounded in 50 selected studies 
representing cloud and enterprise-oriented cases from sectors such as construction, logistics, manufacturing, 
finance, information technology, and general management. Key variables included AI capability, decision-
support model effectiveness, project management function improvement, business operations improvement, 
managerial decision quality, and organizational or implementation barriers. Data were organized through a 
structured extraction matrix and analyzed using descriptive frequency, percentage distribution, cross-case 
comparison, and literature-based 5-point Likert aggregation. The findings show strong overall support for the 
study framework, with an overall literature support score of 4.32 out of 5. AI capability recorded 4.37, decision-
support effectiveness 4.34, managerial function improvement 4.36, project management improvement 4.28, 
business operations improvement 4.41, and decision quality and risk control 4.35, while implementation barriers 
also remained substantial at 4.09. Approximately 72% of the reviewed studies reported strong or very strong 
positive contributions of AI, 18% reported moderate or conditional support, and 10% emphasized limitations 
more than benefits. Cross-case results further showed the strongest outcomes in logistics and supply chain with 
a mean of 4.45 and manufacturing with 4.42. The study concludes that AI has become a significant decision-
support infrastructure in US management practice, but its benefits depend on governance, data quality, 
explainability, readiness, and strategic alignment for sustainable organizational value. 
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INTRODUCTION 
Artificial intelligence (AI) is commonly defined as a family of computational techniques that allow 
machines to perform tasks associated with human cognition, including learning, prediction, 
classification, reasoning, and pattern recognition, while decision-support systems (DSS) refer to 
interactive information systems designed to assist managers in semi-structured and unstructured 
decision situations through data, models, and analytical logic (Arnott & Pervan, 2005). In management 
scholarship, the relationship between AI and DSS has become increasingly important because AI 
extends traditional decision support from descriptive reporting toward adaptive, predictive, and 
optimization-oriented analysis (Grover et al., 2022). This shift is internationally significant because 
organizations in public and private sectors now operate in environments shaped by high data velocity, 
interconnected supply networks, digital platforms, and elevated expectations for speed and accuracy 
in managerial judgment. The literature on business intelligence and analytics explains that 
organizational decision environments have been transformed by integrating large-scale data and 
advanced analytical methods into operational and strategic management, while later multidisciplinary 
reviews present AI as a broad organizational capability rather than a narrow technical tool. The same 
body of research shows that business value from AI is discussed across industries through 
improvements in knowledge generation, process coordination, customer analysis, and organizational 
performance, and that AI-enabled decision logic has become increasingly visible in project 
environments where planning, monitoring, and resource control are central activities (Gupta et al., 
2022). The international relevance of AI in management rests on the fact that firms in manufacturing, 
services, construction, logistics, healthcare, finance, and e-commerce now rely on algorithmic support 
to interpret complexity that exceeds the capacity of manual evaluation alone. AI in this sense is not only 
a technical innovation; it is also a managerial architecture for organizing information, prioritizing 
alternatives, and structuring action under uncertainty. For a study focused on project and business 
operations management in the United States, these definitions matter because they establish AI-enabled 
decision support as the conceptual bridge linking computational intelligence with managerial 
performance, organizational coordination, and evidence-based action in globally connected business 
systems (Pereira et al., 2023). 
The rise of AI in business operations management is closely connected to the evolution of analytics, 
operations research, and data-driven control systems. Earlier business intelligence platforms centered 
on reporting and retrospective analysis, whereas contemporary AI-enabled systems combine machine 
learning, optimization, and simulation to support real-time operational decision making across 
procurement, inventory, demand management, quality control, scheduling, and service delivery. 
Operations management has been characterized as one of the most data-intensive managerial domains, 
making it especially suitable for analytics-based improvements in forecasting, anomaly detection, 
coordination, and responsiveness. In a related review, data analytics in operations management was 
presented as a field concerned with converting large and diverse data sources into better operational 
actions, including allocation, pricing, capacity management, and service design (Aydiner et al., 2019). 
Research has further connected AI to decision support in operations research by showing that machine 
learning, expert systems, neural networks, and hybrid intelligent methods have been used to solve 
complex decision problems involving uncertainty, multiple criteria, and dynamic constraints. This 
stream of research gives AI a central place in business operations because operational settings involve 
repeated decisions whose quality strongly affects cost, throughput, service levels, and organizational 
consistency. Wider managerial discourse also reflects the growing practical visibility of algorithmic 
support in production and service systems (Chen et al., 2022). At the firm level, analytics has been 
found to contribute to organizational performance through improvements in business process 
performance, reinforcing the argument that AI-related value often emerges through process-level 
improvements rather than through isolated technological deployment. Within this literature, AI is 
presented as a mechanism for converting operational data into structured managerial knowledge, 
making it highly relevant to business operations management in the United States, where organizations 
manage scale, competitive pressure, and heterogeneous customer demand through increasingly digital 
infrastructures (Lee et al., 2023). 
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A substantial body of literature has also examined AI and analytics as organizational capabilities 
associated with performance variation across firms (Cheng & Roy, 2011; Ahmed & Hasan Or, 2021; Md 
& Mehedi, 2021). This perspective is especially useful for understanding business operations 
management because operational outcomes depend not only on possessing data or software but also 
on integrating those resources into routines, coordination mechanisms, and managerial cultures. 
Research has reported that big data analytics can support firm performance when organizations 
develop the complementary structures required to interpret and use analytical outputs effectively 
(Choi et al., 2018). Extending this logic, findings show that the relationship between big data analytics 
capability and competitive performance is mediated by dynamic and operational capabilities, placing 
analytical infrastructure within a broader organizational capability framework. The concept of AI 
capability became even more explicit when it was conceptualized as a bundle of tangible, human, and 
intangible resources that allows firms to leverage AI for creativity and performance. In a resource-based 
examination of e-commerce firms, AI was treated as a strategic resource with measurable links to firm 
performance, while large-scale empirical analysis has also shown that corporate emphasis on AI is 
associated with stronger firm performance. More recent evidence highlights the importance of 
mediating organizational factors, including organizational learning and data-driven culture, in 
translating analytics capability into improved outcomes (Enholm et al., 2022). Taken together, these 
studies frame AI not simply as software embedded in operational systems, but as an organizationally 
situated capability whose value depends on managerial alignment, process integration, learning 
orientation, and culture. For research on AI in project and business operations management, this 
literature is important because it shows that decision-support models are most analytically meaningful 
when they are positioned within the structures that shape how managers interpret evidence, allocate 
resources, and coordinate organizational action (Chou et al., 2015). 
The organizational significance of AI also extends beyond performance metrics into the very structure 
of managerial decision making. AI in organizations has been understood through the idea of human–
AI symbiosis, in which machine intelligence contributes computational depth and pattern recognition 
while human actors retain contextual understanding, ethical interpretation, and judgment. This 
framing is especially valuable for project and operations management because both domains involve 
decisions that are recurrent and data-intensive yet also socially embedded and context dependent. 
Research on organizational decision-making structures in the age of AI shows that algorithmic systems 
can reshape authority, participation, and accountability by influencing how decisions are generated, 
evaluated, and enacted (Aditya & Chandra, 2022; Anick & Tasnim, 2022; Chen et al., 2012). The 
automation–augmentation paradox further explains that AI can simultaneously standardize tasks and 
expand managerial capacity, creating a dual movement in which routine activities become more 
automated while analytical and supervisory functions gain new importance. In implementation-
focused research, organizational deployment of AI has been shown to depend on factors such as data 
readiness, governance, strategic alignment, and user acceptance, meaning that AI-based decision 
support cannot be separated from institutional and managerial arrangements. A related review on 
workplace outcomes identifies changes in job design, coordination, skills, and organizational processes, 
indicating that AI adoption influences broader managerial ecosystems rather than isolated functions 
(Hisham & Robel, 2022; Karaboga et al., 2023; Siddique & Amin, 2022). This body of scholarship is 
highly relevant to a review of decision-support models because it clarifies that AI changes how 
decisions are produced, who participates in them, and what forms of expertise gain prominence in 
organizational settings. In project and business operations management, these questions matter 
because planning, execution, monitoring, and control depend on interactions among data systems, 
managers, specialists, and frontline employees. AI therefore enters management as both a technical 
resource and an organizing logic that shapes decision structures across firms and industries (Oliveira 
et al., 2023). 
Project management scholarship provides another important foundation for the present study because 
AI has been increasingly applied to core project functions such as estimation, scheduling, monitoring, 
risk assessment, and portfolio selection. Intelligent models have been used to address one of the most 
uncertainty-sensitive dimensions of project control, namely cash-flow prediction, through approaches 
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such as evolutionary fuzzy decision models combined with support vector machines (Taboada et al., 
2023; Wang et al., 2012). Other studies have shown that artificial neural networks and support vector 
machine classification models can predict construction cost and schedule success, indicating that AI 
can support project managers in evaluating delivery risks before execution outcomes fully unfold. This 
line of inquiry has been extended through optimized AI models for predicting project award price, 
linking intelligent modeling to bidding strategy and procurement-related decision making (Garmaki et 
al., 2023). Neural-network-based approaches have also been applied to project portfolio management, 
showing that AI can support project selection when decision makers need to evaluate multiple critical 
success factors simultaneously. Review studies have synthesized these developments and positioned 
AI as a recognizable stream within project management research, with recurring themes including 
prediction, optimization, knowledge extraction, and automation (Gil Ruiz et al., 2021). Case-based 
research has also contributed to this area through organizational modelling in innovation project 
management using self-organizing maps and Bayesian networks. Together, these studies show that AI 
in project management is already embedded in decision-support practices that address uncertainty, 
complexity, time pressure, and multi-criteria evaluation, all of which are central features of project 
environments in contemporary organizations (Costantino et al., 2015). 
 

Figure 1: AI-Driven Analytics and Decision-Making Cycle in Business Operations and Project 
Environments 

 
 
An important analytical issue for this research is the intersection between project management and 
business operations management. These domains are often treated separately in the literature, yet both 
depend on decision-support models that transform data into managerial choices under resource 
constraints, uncertainty, and performance targets. Operations management research emphasizes 
process optimization, flow coordination, forecasting, and system-level efficiency, while project 
management research emphasizes temporary organizational structures, milestone control, budget 
performance, and risk exposure. AI creates a shared analytical language across these areas because 
prediction, classification, optimization, and intelligent recommendation are relevant to both ongoing 
operations and time-bounded projects (Mikalef et al., 2019). Research on AI-based decision support in 
operations research shows that these methods address broad classes of managerial problems that cut 
across functional boundaries. Literature on AI-generated business value likewise shows that benefits 
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appear through organizational mechanisms such as efficiency enhancement, knowledge support, and 
improved coordination (Md & Islam, 2022; Mehedi & Md, 2022; Mišić & Perakis, 2020). Reviews of AI 
adoption in operations management also highlight the importance of implementation context, process 
integration, and managerial utility, which are equally central to project settings. At the firm level, the 
positive association between AI focus and performance suggests that organizational returns from AI 
are not confined to one department or one decision arena (Raisch & Krakowski, 2021; Shrestha et al., 
2019). This convergence is especially important in the United States, where firms commonly manage 
portfolios of strategic initiatives alongside complex operational systems in sectors such as construction, 
information technology, manufacturing, finance, healthcare, logistics, and digital commerce (Phillips-
Wren & Jain, 2006). A review that jointly examines AI in project and business operations management 
therefore addresses a meaningful conceptual space in which the same intelligent techniques inform 
scheduling and forecasting, project selection and process control, risk recognition and resource 
allocation. This integrated perspective is necessary for understanding AI-enabled decision support as 
an organizational phenomenon rather than as a set of isolated technical applications (Jarrahi, 2018). 
The need for a systematic review focused on the United States emerges from the fragmentation of 
existing scholarship across disciplinary and functional boundaries (Dwivedi et al., 2021; Khatib & 
Falasi, 2021; Mainuddin & Chandra, 2022; Shahinur & Sultan, 2022). Research on AI in management 
has expanded across information systems, operations research, project management, organizational 
behavior, human resource management, and marketing, yet this breadth has also produced conceptual 
dispersion. Existing reviews provide important syntheses on implementation, business value, 
operations management, workplace outcomes, and project management separately rather than through 
a combined lens centered on decision-support models in project and business operations contexts. In 
the business and firm-performance literature, studies connect AI-related capabilities to organizational 
outcomes, yet they do not specifically organize the evidence around project and operations decision-
support logic (Mikalef et al., 2020). A United States focus is analytically relevant because US firms have 
served as prominent sites for digital transformation, AI investment, enterprise analytics, and large-
scale platform-based competition, making the national context especially useful for examining how 
intelligent systems support managerial choice in complex business environments. The present topic 
therefore sits at the intersection of several mature conversations: AI capability, analytics-driven 
operations, project intelligence, organizational decision structures, and firm performance (Mikalef & 
Gupta, 2021; Mostafa & Tohidul, 2022; Khatun & Morshedul, 2022). What remains less clearly 
synthesized is how these conversations collectively explain AI as a decision-support infrastructure for 
both project management and business operations management within the US setting (Mishra et al., 
2022). That gap justifies an introduction grounded in definitions, international significance, capability 
logic, organizational decision structures, and application-based evidence before the study moves into 
a systematic review of the literature. 
Background of the Study 
The background of this study is grounded in the growing centrality of artificial intelligence in the 
management of modern organizations, particularly in environments where project execution and 
business operations depend on rapid, accurate, and data-informed decision making. Across industries, 
managers are increasingly required to make choices in settings characterized by uncertainty, complex 
workflows, resource constraints, changing customer expectations, and continuous performance 
pressure. In such contexts, traditional decision-making methods that rely heavily on manual analysis, 
static reporting, or human intuition alone are no longer sufficient to address the scale and speed of 
contemporary organizational demands. Artificial intelligence has emerged as a significant response to 
this challenge because it enables firms to process large volumes of structured and unstructured data, 
identify patterns, generate forecasts, optimize alternatives, and support timely managerial action. 
Within project management, AI is being associated with functions such as planning, scheduling, 
budgeting, risk assessment, resource allocation, monitoring, and performance tracking. Within 
business operations management, it is increasingly linked to process automation, demand forecasting, 
workflow optimization, quality control, operational coordination, and strategic control. These 
developments show that AI is not merely a technological tool operating in isolation; rather, it is 
becoming part of a broader decision-support architecture that influences how organizations organize 
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information, evaluate alternatives, and improve performance outcomes. In the United States, this 
transformation is especially important because organizations operate in highly competitive, 
innovation-driven, and digitally intensive environments where project success and operational 
efficiency are closely tied to organizational survival and growth. At the same time, the academic and 
professional literature on AI in management remains dispersed across different sectors, applications, 
and disciplinary traditions, making it difficult to build a unified understanding of how AI-driven 
decision-support models function across both project and operational contexts. This study therefore 
emerges from the need to systematically examine and synthesize the role of artificial intelligence in 
project and business operations management in the US, with particular attention to how decision-
support models contribute to managerial effectiveness, organizational performance, and the evolving 
structure of data-driven management. 
Problem Statement 
The problem addressed in this study arises from the increasing adoption of artificial intelligence in 
organizational environments without a sufficiently integrated understanding of how it supports 
managerial decision making across both project management and business operations management in 
the United States. Although artificial intelligence has become a widely discussed driver of digital 
transformation, the existing body of knowledge remains fragmented across industries, methods, and 
functional areas. Many studies examine artificial intelligence in isolated contexts such as forecasting, 
process automation, scheduling, risk analysis, supply chain optimization, or project planning, yet fewer 
studies bring these strands together into a unified review of decision-support models that cut across 
temporary project structures and ongoing operational systems. As a result, it remains difficult to 
explain in a clear and systematic way how artificial intelligence contributes to managerial effectiveness 
when organizations must simultaneously manage project delivery, operational continuity, resource 
efficiency, and strategic responsiveness. This fragmentation creates a major academic and practical gap 
because managers do not implement artificial intelligence in neatly separated categories. In real 
organizational settings, decisions related to project execution, process coordination, risk control, 
resource allocation, performance monitoring, and workflow improvement are often interconnected. 
Without a synthesized understanding of these relationships, the literature provides only partial insight 
into the broader value of artificial intelligence in management. Another important dimension of the 
problem is that the benefits of artificial intelligence are often emphasized more strongly than the 
organizational, technical, and managerial barriers that influence its successful use. Questions of data 
quality, system integration, employee readiness, governance, transparency, and alignment with 
managerial needs remain central to implementation, yet they are not always examined in a 
consolidated framework. In the United States, where firms operate in highly competitive and 
technologically advanced business environments, the absence of a systematic synthesis on artificial 
intelligence in project and business operations management limits both scholarly clarity and 
managerial applicability. This study therefore addresses the problem of dispersed and insufficiently 
connected literature by systematically reviewing how artificial intelligence-driven decision-support 
models are applied, what value they generate, and what challenges shape their effectiveness in project 
and business operations management within the US context. 
Objective-Based Paragraph 
The objective of this study is to systematically examine and synthesize the role of artificial intelligence 
in project and business operations management in the United States, with a specific focus on decision-
support models and their contribution to managerial performance and organizational effectiveness. 
This study seeks to identify the major forms of artificial intelligence that are being applied in these 
management domains, including intelligent forecasting systems, predictive analytics tools, 
optimization models, machine learning applications, and automated decision-support mechanisms. A 
further objective is to analyze how these technologies are used to improve essential managerial 
functions such as project planning, scheduling, budgeting, risk assessment, process coordination, 
workflow optimization, quality control, and resource allocation. The study also aims to classify the 
dominant decision-support models found in the literature and to explain how they contribute to more 
informed, timely, and accurate managerial decisions across project-based and operations-based 
settings. In addition, the research intends to evaluate the organizational outcomes associated with 
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artificial intelligence adoption, including efficiency improvement, cost control, enhanced decision 
quality, operational responsiveness, and stronger project performance. Another key objective is to 
examine the major barriers that influence the implementation and effectiveness of artificial intelligence, 
such as data-related limitations, governance issues, technical complexity, skill shortages, organizational 
resistance, and concerns regarding transparency and trust. By combining these objectives, the study 
seeks to build a comprehensive understanding of artificial intelligence not merely as an isolated 
technical tool, but as a broader decision-support capability that affects how organizations structure, 
coordinate, and improve managerial action. The final objective is to generate a literature-based 
foundation that supports the study’s research questions and hypotheses while offering a coherent 
synthesis suitable for a qualitative, literature-review-based research design. Through this objective-
driven approach, the study aims to provide a clearer conceptual and analytical basis for understanding 
how artificial intelligence is shaping project and business operations management in the United States. 
Research Hypotheses 
The research hypotheses of this study are developed to provide a structured and objective-based 
direction for examining the role of artificial intelligence in project and business operations management 
in the United States. Since the study is based on a systematic review of literature, the hypotheses are 
not designed for direct experimental testing through primary data collection, but rather for analytical 
evaluation through synthesized evidence drawn from published studies. The first hypothesis proposes 
that artificial intelligence-driven decision-support models positively improve project planning, 
scheduling, monitoring, and execution effectiveness. This hypothesis is based on the idea that 
intelligent analytical tools enhance the ability of managers to forecast outcomes, identify risks, allocate 
resources more efficiently, and maintain stronger control over project processes. The second hypothesis 
states that artificial intelligence adoption in business operations management improves efficiency, 
coordination, forecasting accuracy, and process performance. This reflects the broader expectation that 
data-driven systems can strengthen operational consistency and reduce managerial uncertainty in 
repetitive and performance-sensitive business environments. The third hypothesis proposes that 
predictive and intelligent decision-support models enhance managerial decision quality by enabling 
better evaluation of alternatives, faster interpretation of complex information, and stronger risk 
management capability. This hypothesis recognizes that artificial intelligence can expand the 
informational and analytical capacity of managers by transforming large volumes of operational and 
project data into more actionable insights. The fourth hypothesis states that the successful application 
of artificial intelligence is constrained by organizational, technical, ethical, and data-related barriers. 
This means that the value of artificial intelligence is not assumed to be automatic, but is understood to 
depend on implementation conditions such as system integration, user trust, governance readiness, 
employee capabilities, and data quality. Together, these hypotheses provide a clear analytical 
framework for the study by linking artificial intelligence adoption with both positive managerial 
outcomes and critical implementation challenges. They also help organize the review in a way that 
allows the findings section to remain literature-review friendly while still demonstrating objective 
alignment and analytical depth. 
Significance of the Research 
i. This research is significant because it provides a systematic and integrated understanding of artificial 
intelligence in two closely related but often separately discussed managerial domains, namely project 
management and business operations management. By bringing these domains together within one 
study, the research creates a broader and more coherent explanation of how artificial intelligence 
supports organizational decision making. 
ii. The study is significant for academic scholarship because it addresses a gap in the literature where 
existing studies are frequently fragmented by industry, technology type, or management function. A 
structured synthesis helps clarify the major themes, decision-support models, benefits, and barriers 
associated with artificial intelligence in management research. 
iii. This research is significant for project managers because it highlights how artificial intelligence can 
support core functions such as planning, scheduling, budgeting, monitoring, and risk analysis. Such 
understanding can help managers appreciate the strategic value of intelligent systems in improving 
project control and execution quality. 
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iv. The study is also significant for operations managers because it examines how artificial intelligence 
contributes to forecasting, workflow optimization, quality management, resource utilization, and 
operational coordination. This makes the research relevant to organizations seeking stronger efficiency 
and better performance across routine business processes. 
v. The research is significant for organizations in the United States because it focuses on a context 
characterized by rapid digitalization, competitive intensity, and strong reliance on data-driven 
management. The study therefore offers context-specific insight into how artificial intelligence is being 
understood and applied in contemporary business environments. 
vi. Another important significance of the study lies in its attention to implementation barriers. By 
examining challenges such as governance limitations, technical complexity, data quality issues, and 
organizational readiness, the research provides a balanced perspective rather than a purely optimistic 
view of artificial intelligence adoption. 
vii. The study is further significant because it supports evidence-based managerial thinking. Instead of 
treating artificial intelligence as a general innovation trend, it examines it as a decision-support 
capability whose value must be understood through its actual applications, managerial functions, and 
organizational outcomes. 
viii. Finally, this research is significant because it establishes a strong foundation for future academic 
writing within the paper itself, especially for the literature review, methodology, results, and discussion 
sections. It gives the overall study conceptual direction and helps ensure that the analysis remains 
aligned with the research questions, objectives, and hypotheses. 
LITERATURE REVIEW 
The literature review for this study is designed to establish the intellectual and analytical foundation 
for understanding the role of artificial intelligence in project and business operations management in 
the United States. It examines the evolution of knowledge surrounding artificial intelligence as a 
managerial resource, a decision-support mechanism, and a driver of organizational performance across 
increasingly complex business environments. In contemporary management literature, artificial 
intelligence is no longer treated only as a technical system for automation or computational prediction. 
It is increasingly discussed as an embedded capability that influences planning, control, forecasting, 
coordination, resource allocation, and performance monitoring in both temporary project settings and 
ongoing operational systems. This makes the literature review essential because the topic of the study 
sits at the intersection of multiple scholarly streams, including information systems, operations 
management, project management, organizational theory, business analytics, and strategic decision 
making. The review therefore needs to go beyond listing previous studies and instead build a 
structured narrative that explains how the field has developed, what major concepts shape the 
discussion, what theories provide explanatory support, and what empirical patterns emerge from prior 
research. It is also important to identify how decision-support models function within artificial 
intelligence applications, since the value of intelligent systems in management depends not only on 
technical capability but also on their usefulness for managerial judgment and organizational action. 
Another major purpose of the literature review is to reveal the current fragmentation of scholarship. 
Existing studies often focus on individual industries, specific technologies, or isolated business 
functions, which makes it difficult to see the broader relationship between artificial intelligence, project 
delivery, and operational performance. By reviewing conceptual, theoretical, and empirical literature 
together, this section will help locate the study within a clear academic context and justify the need for 
a systematic synthesis. In addition, the literature review will support the development of the study’s 
theoretical framework and conceptual framework, both of which are necessary for linking artificial 
intelligence capabilities to decision-support models and organizational outcomes. Overall, the 
literature review will function as the core analytical platform that connects the study background, 
research problem, objectives, and hypotheses to the wider academic conversation on artificial 
intelligence in management. 
Artificial Intelligence in Contemporary Management Systems 
Artificial intelligence has become a defining element of contemporary management systems because it 
expands the capacity of organizations to convert data into structured judgment, coordinated action, 
and performance-oriented control. In earlier management environments, information systems 
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primarily supported documentation, transaction processing, and retrospective reporting, whereas 
current AI-enabled systems increasingly contribute to interpretation, prediction, recommendation, and 
adaptive problem solving. This transition is important because contemporary management systems are 
expected to operate in conditions of rapid change, interconnected workflows, and growing 
informational complexity (Bawack et al., 2021; Islam & Aditya, 2023; Zakia & Nahar, 2022). Artificial 
intelligence therefore functions not merely as an automation tool but as an embedded managerial 
capability that strengthens how organizations sense patterns, diagnose conditions, and choose between 
alternatives. Within this broader transformation, management systems are no longer evaluated only by 
their ability to store and retrieve information; they are also assessed by how effectively they support 
decision quality, responsiveness, and organizational learning (Arifur & Haque, 2023; Khaled & Md. 
Mosheur, 2023). AI contributes to this change by combining machine learning, natural language 
processing, optimization logic, and advanced analytics into systems that can support both operational 
and strategic layers of management. As a result, management becomes more deeply connected to 
digital architectures that influence planning cycles, coordination routines, monitoring structures, and 
problem escalation pathways. In this sense, AI is reshaping the design logic of management systems 
by moving them from static and rule-bound infrastructures toward more dynamic and inference-
driven environments (Shahab & Aditya, 2023; Hasan Or et al., 2023). The relevance of this 
transformation is especially strong in organizational contexts where managers must coordinate 
multiple objectives, interpret fast-moving signals, and respond to uncertainty without sacrificing 
consistency or control. This makes AI central to contemporary management systems because it helps 
firms handle complexity in a way that aligns technological processing with managerial intent, 
organizational structure, and decision accountability (Duan et al., 2019; Mehedi & Nahar, 2023; Sultan 
& Anick, 2023). 
 

Figure 2: AI-Driven Transformation Of Modern Management Systems 

 
A second important feature of AI in contemporary management systems is its role in redefining how 
managerial functions are organized across the enterprise. Traditional management systems often 
reflected relatively clear separations between planning, execution, supervision, and reporting. AI 
changes that structure by creating tighter integration between these functions, allowing organizations 
to move from delayed analysis toward continuous evaluative support. In strategic management, AI has 
become relevant to environmental scanning, strategic option evaluation, competitive intelligence, and 
scenario interpretation, thereby extending management systems into areas that were once assumed to 
depend almost exclusively on executive intuition and experiential judgment. This does not mean that 
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AI replaces managerial reasoning; rather, it changes the informational depth and analytical breadth 
with which managers engage in complex choices (Haefner et al., 2021). The same logic applies to 
innovation management, where AI is increasingly linked to opportunity recognition, portfolio 
evaluation, experimentation support, and the coordination of knowledge across organizational units. 
Through this process, management systems become more capable of connecting dispersed data points 
with organizational goals, making them more adaptive and more responsive to change (Mostafa, 2023; 
Ratul & Aditya, 2023). AI also encourages firms to rethink management systems as socio-technical 
arrangements rather than purely technical infrastructures. In other words, organizational value 
emerges not only from the algorithm itself but from how the system is embedded in routines, authority 
structures, strategic priorities, and cross-functional communication (Iftekhar & Tohidul, 2024; Tasnim 
& Zaheda, 2023). This perspective is crucial because management systems succeed only when analytical 
outputs can be translated into legitimate, understandable, and timely managerial action. AI therefore 
broadens the meaning of a management system by strengthening its strategic, interpretive, and 
coordinating roles across the organization, especially in contexts where uncertainty, innovation 
pressure, and decision interdependence are high (Basu et al., 2023; Khaled & Morshedul, 2024; 
Towhidul & Uddin, 2024). 
Another major reason AI matters in contemporary management systems is that it extends intelligent 
decision support into diverse organizational functions, making enterprise management more 
interconnected and analytically consistent. Modern organizations no longer operate through isolated 
decision spaces; human resources, operations, innovation, customer management, and strategic 
oversight are increasingly linked through shared data environments and performance expectations 
(Mushfequr & Aditya, 2024; Sazzadul & Rebeka, 2024). AI-enabled management systems support this 
reality by allowing organizations to identify patterns across functions, reduce information asymmetry, 
and improve the alignment between managerial objectives and execution processes. In human resource 
management, for example, AI is associated with recruitment analytics, talent matching, workforce 
planning, and performance-related evaluation, showing that contemporary management systems now 
influence not only production and finance but also people-related decision environments. This broad 
functional spread matters because it demonstrates that AI is not confined to a single specialist unit. It 
is becoming an organizing layer within enterprise systems that influences how organizations 
coordinate work, distribute expertise, and monitor outcomes. At the same time, this expansion 
increases the importance of managerial judgment, governance clarity, transparency, and organizational 
readiness, since AI-supported systems affect decisions with real consequences for employees, resources 
(Tasnim & Anick, 2024; Zaheda & Md Hamidur, 2024), and institutional legitimacy. The broader 
implication is that contemporary management systems must now be understood as intelligent 
organizational infrastructures in which data processing, analytical modeling, and managerial 
interpretation operate together. AI strengthens these infrastructures by improving the speed, depth, 
and scope of organizational evaluation, while also requiring stronger integration between technical 
design and managerial responsibility. For the present study, this understanding is highly important 
because project management and business operations management both rely on management systems 
that must coordinate information, support decisions, and maintain performance under uncertainty. AI 
makes those systems more capable, more interconnected, and more central to the logic of modern 
organizational management (Keding, 2021). 
AI in Project Management Functions 
Artificial intelligence has become increasingly relevant to project management because many core 
project functions are built around estimation, pattern recognition, prioritization, and timely response 
to uncertainty. In project environments, managers must often make decisions before complete 
information is available, especially during early planning, baseline development, and pre-execution 
assessment. This makes AI particularly useful in functions such as delay analysis, schedule diagnosis, 
and the identification of factors that influence project performance. One important line of research 
showed that knowledge discovery methods can support factor selection for construction delay analysis 
by extracting meaningful predictors from complex project databases, thereby improving the analytical 
basis for schedule-related decision making. This contribution is important because project delays are 
usually caused by interdependent variables rather than by one isolated problem, and AI-supported 
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data mining can reveal hidden relationships that conventional assessment methods may overlook. A 
later study extended this logic to construction logistics and demonstrated that machine learning can be 
used to predict delays by learning from project attributes and risk indicators associated with logistics 
performance (Elmousalami, 2020; Ishtiaque & Rajib, 2025; Md, 2025). That work is significant for project 
management because logistics disruptions often affect procurement timing, sequencing efficiency, site 
readiness, and downstream task completion, all of which directly influence the project schedule. 
Together, these studies show that AI supports one of the most fundamental project management 
functions: the ability to diagnose schedule vulnerability before disruption becomes severe. In practical 
terms, AI contributes to project scheduling and control by improving the identification of risk drivers, 
strengthening evidence-based forecasting, and allowing project teams to move from reactive problem 
solving toward more proactive management. This is especially valuable in complex projects where 
activities are highly interdependent and where the consequences of timing errors can affect cost, 
quality, coordination, and stakeholder confidence. In this way, AI in project management functions is 
not limited to automation; it serves as an analytical mechanism for improving the quality of planning 
and control decisions across the project life cycle (Al mnaseer et al., 2023). 
  

Figure 3: Artificial Intelligence Integration Across Core Project Management Functions 

 
Another major contribution of AI to project management functions appears in project cost estimation 
and cost-performance forecasting. Cost-related decisions are central to project management because 
budgeting, bidding, resource commitment, and financial control all depend on the quality of early 
estimates and ongoing cost monitoring (Khaled, 2025; Shahab, 2025). AI has become highly valuable in 
this area because project cost behavior is often nonlinear and shaped by multiple interacting drivers 
such as scope complexity, design uncertainty, productivity variation, market conditions, and 
contractual arrangements (Mostafa, 2025; Sazzadul, 2025). A state-of-the-art review of AI-based 
parametric construction cost estimate modeling demonstrated that artificial intelligence methods have 
increasingly been used to identify cost drivers and build more practical conceptual estimating models, 
especially in settings where detailed design information is not yet available (Md Khaled, 2026; Tahmina 
Akter & Aditya, 2025). This matters greatly in project management because early-stage decisions often 
determine the financial direction of the project long before execution is complete. More recent empirical 
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work has shown that AI can also improve the prediction of both time and cost overruns through 
artificial neural networks trained on completed project data, with strong reported predictive 
performance. This strengthens the project manager’s ability to detect likely deviations from baseline 
expectations and to intervene before overruns become unmanageable. The significance of these 
developments lies in the fact that project cost management is not only about accounting for 
expenditures; it is also about anticipating variance, interpreting causation, and choosing corrective 
action under uncertainty. AI helps by transforming past project experience into decision models that 
can support tendering, contingency planning, and budgetary control. This gives project organizations 
a stronger analytical basis for linking initial estimates with execution realities. As a result, AI-supported 
cost functions improve managerial visibility, strengthen project governance, and enhance the reliability 
of financial decision support in complex project settings where manual estimation alone may not 
capture hidden patterns and emerging risks (Egwim et al., 2021).  
AI also strengthens project management functions by improving project risk prediction and enabling 
more informed intervention during execution. Risk management is one of the most consequential 
functions in project environments because uncertainty can affect schedule, cost, safety, productivity, 
stakeholder relations, and ultimate project success. Traditional project risk assessment often depends 
on expert judgment, matrices, and static evaluation tools, which can be useful but may struggle to 
capture complex interactions among multiple risk sources. AI offers a more adaptive alternative by 
learning from historical project data and using classification or ensemble techniques to identify risk 
patterns associated with future performance outcomes. Research on machine learning algorithms for 
construction project delay risk prediction showed that decision tree and naïve Bayesian models can be 
trained on objective project data to forecast delay extents, illustrating that AI can support project risk 
analysis with greater structure and predictive clarity. This function becomes even more powerful when 
combined with ensemble methods (Gondia et al., 2020). A later study on applied artificial intelligence 
for predicting construction project delays found that multiple machine learning algorithms, including 
bagging, boosting, and stacked models, can enhance predictive performance beyond single-model 
approaches. This is highly relevant to project management because risk events rarely emerge in a 
simple linear way; they are usually influenced by combinations of technical, organizational, 
environmental, and operational conditions. AI therefore helps project managers by creating stronger 
warning systems, improving prioritization of risk responses, and enabling better alignment between 
monitoring activities and project control strategies (Kim et al., 2008). In functional terms, this means AI 
contributes directly to project monitoring, variance analysis, corrective action planning, and decision 
support during execution. It also supports organizational learning by allowing project teams to reuse 
experience from completed projects in a more systematic way. Viewed together, these developments 
show that AI strengthens project management functions not by replacing managerial oversight, but by 
equipping managers with sharper predictive tools for navigating uncertainty, protecting performance, 
and improving the quality of project control decisions across complex delivery environments (Asadi et 
al., 2015).  
AI in Business Operations Management 
Artificial intelligence has become increasingly central to business operations management because 
modern operations depend on rapid sensing, accurate forecasting, synchronized execution, and 
continuous adaptation across interconnected processes. In operations settings, managers are expected 
to coordinate procurement, inventory, fulfillment, transportation, demand planning, and service 
delivery while responding to volatility in customer behavior, supply conditions, and internal capacity. 
AI is highly relevant in this environment because it supports operations not only through automation 
but also through enhanced analytical judgment. A systematic review of AI in supply chain 
management found that the literature increasingly associates AI with logistics, production, marketing, 
and broader supply-chain decision environments, while also identifying learning, sensing, and 
decision-making as major categories through which AI contributes to operational control and 
coordination (Pournader et al., 2021). This is important because business operations management is 
built around the practical need to transform information into timely operational choices, and AI 
expands that capability by enabling organizations to detect patterns and act on them more effectively. 
A related review of AI applications in supply chain management similarly showed that research has 
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moved beyond traditional rule-based decision support toward a richer taxonomy that includes sensing 
and interacting technologies, learning methods, and decision-making systems designed to improve 
end-to-end operational performance (Plathottam et al., 2023). Together, these studies suggest that AI in 
business operations management should not be understood as a narrow tool attached to one process. 
It is better understood as a cross-functional decision layer that helps firms coordinate operational 
activities more intelligently. This is especially significant in business environments where operational 
success depends on linking upstream and downstream decisions in real time. By improving visibility, 
classification, prediction, and coordination, AI strengthens the informational architecture of operations 
management and allows organizations to move from reactive control toward more anticipatory and 
adaptive operational governance. In this way, AI supports business operations management by making 
operational systems more responsive, more integrated, and more capable of sustaining performance 
under changing conditions.  
 

Figure 4: AI-Enabled Operational Decision Support For Forecasting, Efficiency, And Resilience 
 

 
 
The value of AI in business operations management also becomes visible when examining specific 
operational domains such as retail operations, manufacturing operations, and professional service 
operations. In retail operations, data-driven decision models have become essential for managing 
assortment, order fulfillment, and inventory decisions, and a major review in this area showed how 
machine learning and data-driven optimization are increasingly shaping the operational trajectory of 
customer experience and physical product flow (Qi et al., 2020). This contribution is particularly 
important because retail operations involve a large number of repeated decisions that must balance 
cost, speed, availability, and service quality. AI allows those decisions to be supported by granular data 
and computational models rather than by static averages or purely experience-based judgment. In 
manufacturing operations, a recent review found that AI and machine learning are being used to 
improve predictive maintenance, quality assurance, process optimization, energy forecasting, and 
safety monitoring, thereby extending AI’s operational role far beyond automation alone (Plathottam et 
al., 2023). This matters because manufacturing operations require constant coordination between 
equipment, workers, production schedules, and performance targets, and AI provides a means of 
detecting deviations and optimizing action before failures or losses escalate. In professional service 
operations, AI-based systems have also been shown to alter operational processes by combining 
automation and augmentation, which means that AI does not simply eliminate tasks but can also 
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reshape how work is distributed between technology and human professionals (Spring et al., 2022). 
This is a significant insight for business operations management because many operational systems 
now involve knowledge-intensive and service-intensive processes in addition to physical flows. Taken 
together, these studies show that AI is relevant across multiple operational forms, from retail and 
manufacturing to services, because it improves the structure, speed, and intelligence of process-level 
decision making. As a result, AI contributes to stronger operational consistency, better resource use, 
and improved process visibility across diverse business settings (Spring et al., 2022).  
Another important reason AI belongs at the center of business operations management is that it 
strengthens organizational resilience and continuity in the face of disruption. Business operations are 
increasingly exposed to shocks arising from demand uncertainty, supplier failure, logistics 
interruptions, market volatility, and broader environmental turbulence. In such contexts, efficiency 
alone is not enough; operations must also be resilient, adaptable, and capable of recovering while 
maintaining continuity. A 2023 systematic review on AI techniques for enhancing supply chain 
resilience found that AI has growing potential to improve critical resilience antecedents and phases by 
supporting visibility, prediction, response coordination, and learning across supply chains (Kassa et 
al., 2023). This is a highly relevant operational insight because resilience is now a core concern of 
business operations management rather than a peripheral issue. AI supports resilience by enabling 
earlier recognition of weak signals, faster interpretation of complex disruptions, and more informed 
responses when business continuity is under pressure. The same review also noted that the literature 
remains dispersed, which suggests that organizations are still in the process of understanding how to 
integrate AI holistically into operational resilience strategies rather than treating it as a collection of 
isolated tools (Kassa et al., 2023). When considered alongside broader AI research in supply chain and 
operational systems, this indicates that business operations management is moving toward a model in 
which AI supports not only efficiency and optimization but also robustness, flexibility, and continuity 
under stress (Qi et al., 2020). For the present study, this literature is especially important because it 
shows that AI in business operations management operates across both normal and disrupted 
conditions. It improves routine decisions in forecasting, fulfillment, and process control, while also 
supporting higher-order capabilities such as resilience, adaptation, and coordinated recovery. This 
makes AI a particularly valuable decision-support resource for firms in the United States, where 
operational performance depends on maintaining both efficiency and continuity in highly competitive, 
data-intensive, and disruption-prone business environments (Kassa et al., 2023).  
Decision-Support Models in AI-Driven Organizations 
Decision-support models in AI-driven organizations have evolved from simple recommendation logics 
into more sophisticated architectures that augment human judgment, structure organizational 
information, and improve the speed and depth of managerial analysis. In contemporary organizations, 
these models are not limited to generating predictions; they also shape how decision makers interpret 
data, assign attention, and evaluate alternatives under uncertainty. One of the most important 
developments in this area is the emergence of augmentation-based models, in which AI systems do not 
merely automate an outcome but actively enhance the analytical capacity of human decision makers. 
A deep learning–augmented decision-making model illustrates this perspective by showing that AI can 
support targeting, monitoring, and scheduling decisions through the extraction of complex patterns 
from unstructured data that are difficult for managers to process manually. This model is significant 
because it repositions AI as a decision partner embedded within organizational routines rather than as 
a detached computational engine (Vincent, 2021). A related contribution appears in models that 
combine artificial intelligence with managerial intuition, particularly in environments where decisions 
are ill-structured and cannot be solved through historical precedent alone. In such models, AI 
contributes pattern recognition, data processing, and prediction, while human intuition contributes 
contextual judgment, tacit insight, and interpretive flexibility. The resulting decision-support logic is 
therefore hybrid in nature, since it relies on the integration of computational intelligence and human 
reasoning rather than privileging one source of judgment exclusively. This type of model is especially 
relevant in management because organizational decisions often involve ambiguity, competing 
objectives, and incomplete information. Taken together, these perspectives show that AI-driven 
decision-support models are increasingly defined by complementarity, integration, and cognitive 
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extension. Their value lies not only in the quality of the output they produce, but also in how effectively 
they help organizations combine structured analytics with situated managerial reasoning in order to 
improve the quality of decisions across complex organizational settings (Shrestha et al., 2021). 
Another important category of decision-support models in AI-driven organizations centers on 
knowledge augmentation and the transformation of organizational intelligence into actionable 
managerial guidance. In many organizations, the challenge is not simply that managers lack data, but 
that valuable knowledge remains dispersed across human experience, documents, routines, and 
systems that are difficult to combine in a meaningful and timely way. AI-driven decision-support 
models increasingly address this problem by acting as mechanisms for integrating tacit and explicit 
knowledge into recursive decision processes (Logg et al., 2019). The knowledge augmentation model 
is particularly useful here because it shows how human expertise, organizational memory, and 
informed artificial intelligence can be linked in a way that supports explainable and iterative 
managerial learning. This model is analytically important because it frames AI not just as a prediction 
tool, but as an organizational knowledge system that improves decision quality by enabling richer 
interaction between human judgment and machine-supported interpretation. It also aligns well with 
the growing interest in human-in-the-loop AI, where the objective is not full autonomy but sustained 
collaboration between managers and intelligent systems. A second issue in decision-support modeling 
concerns the behavioral conditions under which people actually rely on algorithmic recommendations. 
This is where advice-based models become relevant. Research on algorithm appreciation shows that 
people may, in some contexts, prefer algorithmic advice to human advice, especially when the task 
involves objective estimation and when the algorithm is seen as a credible source of accuracy. This 
insight is important because decision-support models succeed only when organizational actors are 
willing to engage with their outputs. A technically capable system that is ignored, distrusted, or poorly 
understood will not improve management practice. For that reason, modern AI-driven decision-
support models must be assessed not only in terms of analytical sophistication, but also in terms of 
how they influence trust, reliance, and the organizational legitimacy of machine-assisted 
recommendations. This expands the literature from purely technical modeling toward a more socio-
technical understanding of decision support in AI-driven organizations (Harfouche et al., 2023). 
 

Figure 5: Typology Of AI-Based Decision-Support Models In Contemporary Organizations 
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A further dimension of decision-support models in AI-driven organizations concerns the barriers, 
contingencies, and governance conditions that shape whether algorithmic recommendations are 
accepted and translated into organizational action. AI systems may generate highly accurate outputs, 
yet their practical value depends on the willingness of managers to use them, the readiness of the 
organization to embed them, and the fit between the model and the decision context. This makes 
reliance and resistance central to the study of decision-support models. Research on algorithm aversion 
demonstrates that managers may resist AI-based recommendations for reasons tied to value 
perceptions, tradition, image, and broader attitudes toward technology. This is crucial because it 
reveals that the adoption of AI-driven decision-support models is not simply a technical 
implementation challenge; it is also a managerial and cultural process shaped by expectations, habits, 
and perceived threats to professional judgment. In practical terms, organizations need models that do 
more than optimize outputs (Harfouche et al., 2023). They need models that are understandable, usable, 
and aligned with organizational authority structures. This is why contemporary decision-support 
models increasingly emphasize transparency, complementarity, and calibrated human oversight. A 
purely automated model may work well in repetitive and low-ambiguity settings, but many 
organizational decisions require conditional delegation, where humans remain responsible for 
interpreting exceptions, resolving conflict, and evaluating broader implications. AI-driven 
organizations therefore benefit most from models that support managerial discretion while improving 
analytical rigor. When viewed collectively, the literature suggests that decision-support models in AI-
driven organizations fall into several overlapping forms: augmentation models that extend human 
analysis, hybrid intuition–AI models that combine computational and experiential reasoning, 
knowledge augmentation models that integrate organizational learning, and advice-based models that 
shape reliance on algorithmic recommendations. These models are important for the present study 
because they clarify that decision support in AI-driven organizations is not a single technical formula. 
It is a structured relationship between algorithmic capability, human judgment, knowledge integration, 
and organizational acceptance. Understanding these models is therefore essential for explaining how 
AI supports project and business operations management in real organizational environments 
(Mahmud et al., 2023). 
Benefits and Strategic Value of AI-Based Decision Support 
The benefits and strategic value of AI-based decision support can be understood most clearly through 
its ability to improve the quality, speed, and relevance of organizational decision making. In 
contemporary organizations, decision quality is rarely determined by data availability alone; it 
depends on whether firms can convert data into meaningful interpretations, coordinated responses, 
and strategically aligned actions. AI-based decision support contributes to this process by enabling 
organizations to identify patterns more quickly, process larger volumes of information, and connect 
analytical outputs to business priorities in ways that traditional decision systems often struggle to 
achieve. A systematic review on the strategic use of AI in the digital era identified decision support as 
one of the main sources of value creation generated through AI, alongside automation, customer and 
employee engagement, and new products and services, which suggests that decision support is not a 
secondary application of AI but one of its central organizational contributions (Borges et al., 2021). This 
strategic value becomes more concrete when firms develop AI-specific competencies that can be 
translated into stronger organizational capabilities. Evidence from a B2B marketing capabilities 
perspective shows that AI competencies can improve organizational performance by strengthening the 
mechanisms through which firms generate and use market intelligence, coordinate responses, and 
deploy analytical insights in performance-oriented ways (Mikalef, Islam, et al., 2023). From a 
managerial standpoint, this means AI-based decision support creates value not only because it offers 
predictions or recommendations, but because it strengthens the organization’s ability to interpret 
complexity and act with greater precision. In strategic and operational settings alike, this produces 
benefits such as improved prioritization, stronger alignment between information and action, and more 
effective use of organizational resources. AI-based decision support therefore creates value by 
transforming decision making from a largely retrospective and fragmented process into a more 
continuous, integrated, and strategically relevant managerial capability. When firms are able to align 
AI use with business objectives, the result is not just analytical sophistication but a stronger capacity to 
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create performance advantages through better-informed organizational action.  
The strategic value of AI-based decision support also lies in its ability to improve operational 
performance and create new sources of competitive advantage. Organizations increasingly rely on AI 
to support decisions that require balancing speed, efficiency, adaptability, and consistency across 
multiple business processes. In this context, AI-based decision support is valuable because it helps 
managers move from isolated decision episodes toward more integrated decision architectures that 
link market signals, operational constraints, and strategic goals. Research on AI-based decision making 
for operational performance found that combining decision strategies across marketing and 
information technology can produce a model that improves operational performance, indicating that 
AI-enabled decision support becomes strategically important when it is embedded in broader 
organizational alignment rather than treated as a stand-alone technical asset (Al-Surmi et al., 2022). 
This point is reinforced by evidence showing that AI changes the very sources of competitive 
advantage. An empirical study grounded in the resource-based view found that AI adoption triggers 
both substitution and complementation dynamics, making some traditional human capabilities less 
central while simultaneously creating new human–machine capabilities that drive performance 
differences in AI-rich settings (Krakowski et al., 2023). This is highly relevant for understanding 
strategic value because it suggests that AI-based decision support does not merely improve existing 
routines; it can reshape the capability structure on which competition itself rests. Under this logic, AI 
becomes strategically valuable when firms learn how to integrate algorithmic strengths with 
organizational judgment in ways that competitors cannot easily replicate. That value may appear in 
faster analysis, more accurate matching between decisions and environmental conditions, or greater 
consistency in executing complex choices across units and functions. Accordingly, AI-based decision 
support should be seen as a resource that affects not only operational efficiency but also the 
configuration of organizational capabilities and the nature of advantage in increasingly data-driven 
business environments. In this way, the benefits of AI-based decision support extend from immediate 
process improvement to deeper strategic transformation, where decision capability itself becomes a 
source of sustained organizational value.  
 

Figure 6: Framework Of AI-Enabled Decision Support For Operational Performance And 
Competitive Advantage 

 

 
 
A further dimension of the benefits and strategic value of AI-based decision support concerns its role 
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in building organizational integration and sociotechnical effectiveness. Even highly capable analytical 
systems do not generate value automatically; they create value when they are successfully incorporated 
into the relationships, routines, and interpretive practices through which organizations function. This 
means the strategic value of AI-based decision support depends partly on how well firms manage the 
interaction between intelligent systems and human actors. A sociotechnical framework for bringing AI 
into the organization argues that successful integration can result in sociotechnical capital, which 
reflects the productive combination of AI and employees through cognitive, relational, and structural 
processes that support collaboration and value generation (Makarius et al., 2020). This perspective is 
important because it broadens the definition of value beyond narrow efficiency gains and shows that 
AI-based decision support can strengthen organizational effectiveness when employees understand, 
trust, and work productively with intelligent systems. The same insight helps explain why AI is 
increasingly associated with strategic transformation rather than simple automation. When AI is 
aligned with organizational design, embedded in decision routines, and connected to managerial 
intent, it can improve not only individual choices but also the overall coherence of enterprise action. 
The strategic benefits therefore include better coordination across functions, stronger knowledge 
utilization, and an increased capacity to respond to uncertainty with structured intelligence rather than 
fragmented judgment. This complements the broader strategic literature showing that firms seek 
business value from AI through multiple channels, with decision support functioning as one of the 
most direct and influential pathways for turning computational capability into managerial and 
organizational outcomes (Borges et al., 2021). In practical terms, AI-based decision support creates 
strategic value when it helps firms become more informed, more responsive, and more integrated in 
the way they organize managerial action. Its benefits are therefore not limited to technical accuracy; 
they include improved organizational learning, stronger human–machine complementarity, and 
enhanced capacity to sustain performance in complex and competitive environments. For this reason, 
AI-based decision support can be viewed as both an operational enabler and a strategic capability 
whose value emerges through its contribution to better decisions, better coordination, and better 
organizational performance.  
Challenges and Barriers to AI Adoption 
One of the most persistent themes in the literature on artificial intelligence adoption is that the challenge 
is rarely the technology alone; the greater difficulty lies in preparing the organization to absorb, govern, 
and sustain it in practice. AI promises efficiency, predictive accuracy, and improved decision support, 
yet organizations often discover that successful adoption requires a level of readiness that extends far 
beyond software acquisition or pilot experimentation. Readiness includes the availability of high-
quality data, managerial commitment, clear strategic intent, suitable infrastructure, internal 
coordination, and employees who can work with AI systems in meaningful ways. When these 
foundations are weak, implementation efforts tend to remain fragmented, symbolic, or confined to 
isolated use cases that fail to scale into core processes. An important contribution in this regard is the 
readiness perspective developed around organizational AI adoption, which identifies multiple 
readiness categories and shows that firms need to assess their assets, capabilities, and commitment 
before they can translate AI ambition into business value (Jöhnk et al., 2021). This perspective is 
particularly relevant because many organizations are attracted to AI for its promised outcomes while 
underestimating the organizational transformation required to support those outcomes. Closely related 
evidence also shows that AI adoption unfolds as a journey rather than as a single implementation event. 
As organizations move from experimentation toward operational use, they face shifting requirements 
involving people, processes, technology, and data, which means that barriers can change across 
adoption stages rather than remain constant throughout the process (Uren & Edwards, 2023). This is a 
significant insight for business and project management research because many failures in adoption 
arise from mismatches between technical enthusiasm and organizational preparedness. A company 
may possess strong technical talent but lack business alignment, or it may invest in AI tools without 
having reliable data pipelines or cross-functional decision structures. In such settings, AI becomes 
difficult to integrate into everyday managerial routines. The literature therefore suggests that one of 
the primary barriers to AI adoption is not the absence of technological possibility, but the absence of 
organizational conditions that enable intelligent systems to function as dependable and scalable 
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components of management practice. 
A second major barrier identified in the literature concerns the socio-technical nature of AI 
implementation. AI systems do not enter empty spaces; they are introduced into organizations already 
shaped by routines, hierarchies, professional identities, informal norms, and established decision-
making practices. This means adoption is often constrained by the difficulty of embedding AI into 
existing workflows while also preserving accountability, autonomy, and organizational coherence. 
Rather than simply asking whether AI works, organizations must ask how AI will fit with current 
responsibilities, how outputs will be interpreted, who will oversee exceptions, and how people will 
continue learning once the technology is in use. A socio-technical perspective argues that organizations 
must be kept “in the loop,” not only individual users, because the functioning of AI systems depends 
on broader organizational practices such as coordination, supervision, customization, and the 
continuous adaptation of work processes (Herrmann & Pfeiffer, 2023). This expands the understanding 
of barriers beyond user resistance alone and highlights the role of organizational design as a 
determining factor in long-term AI performance. Practical obstacles may include poor integration with 
legacy processes, weak collaboration between technical specialists and business units, unclear 
ownership of AI-supported decisions, and limited mechanisms for revising models as operational 
conditions change. Additional evidence from studies of business adoption barriers shows that 
organizations also confront softer but equally significant impediments such as fear of failure, 
uncertainty about role changes, lack of support, low adaptability, and concerns about the meaning of 
AI for learning and career development (Kar & Kushwaha, 2023). These issues matter because AI 
adoption is not purely an engineering exercise; it is a change process that reconfigures how work is 
understood and how decisions are shared between humans and machines. If employees and managers 
perceive AI as opaque, threatening, or disconnected from operational realities, adoption is likely to be 
slowed, resisted, or reduced to superficial compliance. As a result, the literature consistently shows that 
socio-technical barriers are central to AI adoption. Organizations need more than technical installation; 
they need aligned workflows, interpretive clarity, role adaptation, and supportive cultures that can 
absorb intelligent systems without undermining coordination and trust. 
 

Figure 7: AI Adoption Barriers Framework: Readiness, Socio-Technical Integration, And 
Governance 

 

 
 
A third major cluster of barriers relates to trust, transparency, and governance. As AI becomes more 
embedded in decision support, the demand for understandable and accountable systems becomes 
stronger. Managers are more likely to rely on AI recommendations when they can grasp the purpose 
of the system, the logic of its outputs, the limitations of its predictions, and the consequences of acting 
on or ignoring its advice. When these elements are unclear, adoption can stall because users are 
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reluctant to delegate judgment to what appears to be a black box. This challenge is particularly serious 
in project and business operations management, where decisions often have direct consequences for 
cost, time, quality, compliance, and stakeholder relationships. Research on transparency and 
explainability in AI systems shows that organizations increasingly treat explainability as an integral 
requirement linked to trustworthiness, traceability, fairness, auditability, and user confidence, which 
indicates that technical accuracy alone is not enough for sustainable adoption (Balasubramaniam et al., 
2023). Explainability matters because it helps translate AI outputs into organizationally legitimate 
decisions rather than leaving them as inscrutable predictions. At the same time, trust problems are not 
isolated from governance challenges. Organizations need structures that define who is responsible for 
model oversight, how risk is managed, how exceptions are escalated, and how AI behavior is 
monitored over time. Without these mechanisms, even technically promising AI applications may be 
seen as too risky or too difficult to govern. The literature on AI adoption barriers in business also 
underlines the importance of organizational factors such as support systems, adaptability, and practical 
guidance for teams facing early-stage implementation pressures (Kar & Kushwaha, 2023). In effect, 
governance barriers combine with transparency barriers to create a wider problem of institutional 
confidence. Organizations may hesitate to scale AI when they cannot ensure understandable outcomes, 
reliable oversight, or alignment with business norms and ethical expectations. This makes governance 
a foundational condition of adoption rather than a secondary concern to be addressed after 
deployment. Taken together, the literature shows that the barriers to AI adoption are technical, 
organizational, human, and institutional at the same time. Successful adoption therefore depends on 
the capacity of organizations to develop readiness, redesign socio-technical practices, and establish 
forms of transparency and governance that make AI usable, trustworthy, and manageable in real 
managerial settings. 
Theoretical Framework: Dynamic Capabilities Theory 
Dynamic Capabilities Theory provides the most suitable theoretical foundation for this study because 
it explains how firms purposefully renew, reconfigure, and redeploy resources in environments 
characterized by volatility, technological discontinuity, and strategic uncertainty. In the context of 
artificial intelligence, this perspective is particularly useful because AI does not generate value merely 
by being installed as a technical system; rather, its value depends on how organizations identify 
opportunities for its use, mobilize it into managerial action, and continuously reshape routines, 
structures, and processes around it. The core logic of the theory is that firms sustain performance not 
simply through valuable resources, but through higher-order capabilities that allow them to sense 
opportunities and threats, seize those opportunities through appropriate investments and decisions, 
and transform their resource base to remain aligned with changing market and operational conditions. 
Teece’s explicated framework is especially important because it clearly organizes dynamic capabilities 
into the interrelated dimensions of sensing, seizing, and transforming, which together provide a highly 
compatible lens for examining AI in project and business operations management (Teece, 2007). This 
structure fits the present study well. In project management, sensing refers to identifying risks, 
schedule pressures, budget deviations, and coordination bottlenecks from data-rich environments. In 
business operations management, it includes detecting shifts in demand, workflow disruptions, 
process inefficiencies, and resource imbalances. Seizing refers to converting these insights into 
operational and strategic decisions, such as reallocating resources, adjusting schedules, redesigning 
workflows, or adopting predictive models. Transforming refers to the continuous reconfiguration of 
organizational processes, governance systems, and decision routines so that AI becomes embedded in 
the organization’s ongoing way of working rather than remaining an isolated tool. The theory is 
therefore highly relevant because it explains AI as a capability-enabling mechanism that supports 
adaptation, responsiveness, and managerial renewal across both project-based and operational 
settings. For a literature review centered on decision-support models, Dynamic Capabilities Theory 
offers a coherent explanation of why some firms appear to derive broader organizational value from 
AI than others: the difference lies not only in access to technology, but in the ability to integrate, 
interpret, and transform that technology into sustained managerial capability (Warner & Wäger, 2019). 
From this theoretical structure and aligned with the overall design of the study, the multiple linear 
regression model may be presented as: 
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𝑀𝑃𝑖 = 𝛽0 + 𝛽1𝑆𝐸𝑁𝑖 + 𝛽2𝑆𝐸𝐼𝑖 + 𝛽3𝑇𝑅𝐴𝑖 + 𝜖𝑖 
 
where 𝑀𝑃𝑖represents the dependent variable for respondent or unit 𝑖, measured as managerial 
performance in project and business operations management; 𝑆𝐸𝑁denotes AI-enabled sensing 
capability; 𝑆𝐸𝐼denotes AI-enabled seizing capability; 𝑇𝑅𝐴denotes AI-enabled transforming capability; 
𝛽0is the intercept; 𝛽1, 𝛽2, and 𝛽3are the regression coefficients; and 𝜖𝑖is the error term. This formula is 
the best fit for the whole study because it translates Dynamic Capabilities Theory into a clear analytical 
structure that matches the research focus on how artificial intelligence supports project and business 
operations management. In this model, sensing captures the role of AI in identifying risks, 
inefficiencies, delays, opportunities, and performance signals; seizing captures the role of AI in 
supporting planning, forecasting, scheduling, prioritization, and decision execution; and transforming 
captures the role of AI in process redesign, workflow restructuring, continuous improvement, and 
organizational adaptation. Studies on digital transformation show that dynamic capabilities are built 
through identifiable microfoundations and renewal processes rather than abstract managerial 
intentions alone, which supports the use of this structured model in the present study (Warner & 
Wäger, 2019). AI-oriented research also confirms that firms derive value from AI when technological 
capability is converted into process-level and organizational-level outcomes, which aligns directly with 
the explanatory variables specified in the model (Wamba-Taguimdje et al., 2020). Likewise, research on 
AI as an enabler of B2B marketing capabilities shows that AI strengthens opportunity recognition, 
action prioritization, and adaptation, which correspond closely to the sensing, seizing, and 
transforming dimensions represented in the regression equation (Mikalef et al., 2021). 
 
Figure 8: Dynamic Capabilities Theory Applied To AI-Driven Decision Support And Performance 

 
 
The strength of Dynamic Capabilities Theory for this research also lies in its ability to explain variation 
in outcomes across firms, sectors, and managerial contexts. Project and business operations 
management do not benefit equally from AI simply because the technology is available. Some 
organizations are able to use AI for better forecasting, faster project control, more efficient workflows, 
stronger service offerings, or more adaptive operating models, whereas others struggle to move beyond 
experimentation or isolated use cases. This variation can be interpreted through the relative strength 
of the coefficients attached to sensing, seizing, and transforming capabilities in the model. In theoretical 
terms, the study assumes that 𝛽1 > 0, 𝛽2 > 0, and 𝛽3 > 0, meaning that stronger AI-enabled sensing, 
stronger AI-enabled seizing, and stronger AI-enabled transforming capabilities are associated with 
higher managerial performance in project and business operations management. This makes the model 
especially useful for the present study because it not only reflects the conceptual logic of the theory but 
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also presents it in a style that is consistent with quantitative and analytical writing. Recent AI-oriented 
studies reinforce this fit. Research on AI capabilities and servitization, grounded in a dynamic 
capabilities perspective, shows that AI can support strategic renewal and service transformation when 
firms combine technological capability with absorptive capacity and internal process optimization 
(Abou-Foul et al., 2023). That insight is highly relevant here because project and operations 
environments similarly require firms to absorb information, translate it into managerial action, and 
redesign routines to improve outcomes. Thus, AI should not be viewed as an independent causal force 
acting alone, but as a capability amplifier whose effect is realized through sensing, seizing, and 
transforming processes. Dynamic Capabilities Theory is therefore the best theory to apply across the 
whole study because it gives conceptual clarity, supports cross-case interpretation, accommodates both 
project and operations domains, and can be expressed in a regression-style equation that aligns well 
with the study’s hypotheses, analytical logic, and overall structure. 
Conceptual Framework 
The conceptual framework of this study is developed to explain the logical relationship between 
artificial intelligence capabilities, decision-support models, managerial functions, and organizational 
outcomes in project and business operations management. The framework is grounded in the idea that 
artificial intelligence does not influence managerial performance directly in a simple mechanical way; 
rather, its effect unfolds through a structured sequence in which organizational AI capabilities enable 
decision-support models, those decision-support models strengthen core managerial functions, and 
improved managerial functions lead to stronger organizational outcomes. This makes the conceptual 
framework highly suitable for the present study because the research is not only concerned with 
whether AI exists in organizations, but with how AI is translated into practical value within project 
planning, scheduling, coordination, forecasting, risk control, process monitoring, and resource 
allocation. In this logic, AI capabilities represent the foundational input of the framework. These 
capabilities include data-processing ability, machine learning competence, predictive analytics 
infrastructure, automation support, and organizational readiness for embedding AI into decision 
processes. Earlier research has shown that AI readiness and AI capability formation are central to 
whether organizations can deploy AI in value-creating ways, which supports the placement of AI 
capability as the starting construct of the framework (Holmström, 2021). The second layer of the 
framework consists of decision-support models. These models represent the practical analytical 
mechanisms through which AI is used, such as forecasting systems, risk prediction tools, scheduling 
optimization models, process automation systems, and intelligent recommendation tools. The third 
layer of the framework consists of managerial functions, where the value of decision-support models 
becomes visible in actual management practice. In this study, these functions include project planning, 
execution control, business operations coordination, performance monitoring, and strategic response. 
The final layer of the framework is organizational outcomes, represented by improved project 
efficiency, operational effectiveness, better decision quality, greater responsiveness, and stronger 
overall managerial performance. This sequence is consistent with prior work showing that AI creates 
value when organizations move from technological capability toward embedded organizational use 
rather than treating AI as an isolated technical investment (Haefner et al., 2023). Accordingly, the 
conceptual framework of this study establishes a clear pathway through which AI can be understood 
as a driver of decision-support quality and organizational performance. 
From this conceptual structure and aligned with the logic of the present study, the framework may be 
expressed in equation-based form as: 

𝑂𝑃𝑖 = 𝛽0 + 𝛽1𝐴𝐼𝐶𝑖 + 𝛽2𝐷𝑆𝑀𝑖 + 𝛽3𝑀𝐹𝑖 + 𝜖𝑖 
 
where 𝑂𝑃𝑖represents the dependent variable for unit or organizational context 𝑖, measured as 
organizational performance in project and business operations management; 𝐴𝐼𝐶denotes artificial 

intelligence capability; 𝐷𝑆𝑀denotes decision-support model effectiveness; 𝑀𝐹denotes managerial 

function effectiveness; 𝛽0is the intercept; 𝛽1, 𝛽2, and 𝛽3are the regression coefficients; and 𝜖𝑖is the error 
term. This formula is the best fit for the conceptual framework because it captures the cumulative logic 
of the study in a form that is simple, research-aligned, and analytically meaningful. In this equation, AI 
capability functions as the enabling condition of the framework, decision-support models function as 
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the translating mechanism, and managerial functions operate as the applied channel through which 
organizational outcomes are realized. The framework may also be expressed in a more sequential 
conceptual form as: AI Capabilities → Decision-Support Models → Managerial Functions → 
Organizational Outcomes. This sequence reflects the practical reality that AI must first exist as a usable 
capability before it can power decision models, and those models must then be embedded in 
management tasks before organizational value can be achieved. The usefulness of this structure is 
supported by prior research. Hybrid intelligence research shows that organizational value improves 
when human and artificial intelligence are combined in ways that enhance the quality of problem 
solving and decision execution, which supports the place of decision-support models in the middle of 
the framework rather than at the beginning or end (Dellermann et al., 2019). Research on AI 
implementation and scaling also shows that firms derive stronger value when AI is embedded 
progressively through organizational processes and operational structures, reinforcing the logic that 
the pathway to outcomes is mediated by operational and managerial use rather than by technology 
alone (Dubey et al., 2020). Likewise, research on AI-driven operational performance demonstrates that 
value is realized when analytical capabilities are converted into process-level improvements and better 
decision behavior, which fits directly with the mediating role of decision-support models and 
managerial functions in this conceptual structure (Mikalef, Lemmer, et al., 2023). Thus, the equation is 
not only a formal representation of the framework; it is also a practical map for interpreting the 
literature, organizing the findings, and linking the study variables to one another. 
 

Figure 9: AI-Based Conceptual Framework For Enhancing Managerial Functions And 
Organizational Outcomes 

 

 
 
The strength of this conceptual framework lies in its ability to connect abstract technological constructs 
with concrete management outcomes across both project and operations domains. Project management 
and business operations management are often studied separately, yet the present framework shows 
that both domains rely on the same broad pathway of value creation: organizations build AI capability, 
apply that capability through decision-support models, use those models to strengthen core managerial 
functions, and then realize outcomes in the form of efficiency, coordination, control, and performance 
improvement. In project environments, the framework helps explain how AI capabilities support 
scheduling, delay prediction, risk analysis, progress monitoring, and resource coordination through 
the use of intelligent decision tools. In operations environments, the same framework explains how AI 
capabilities support forecasting, process automation, workflow control, inventory management, and 
service coordination through comparable decision-support mechanisms. This makes the framework 
particularly useful for the present study because it can accommodate both temporary project settings 
and ongoing operational systems without requiring two completely separate explanatory structures. It 
also supports cross-case interpretation in the results section, since studies can be analyzed according to 
which part of the pathway they emphasize most strongly: capability development, decision-model use, 
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managerial application, or performance outcome. Research on AI capability in public organizations 
supports this layered logic by showing that AI capability influences performance through intermediary 
organizational activities such as process automation, cognitive insight generation, and cognitive 
engagement, indicating that AI does not affect performance in a direct one-step fashion but through 
operationally meaningful channels (Mikalef, Lemmer, et al., 2023). Similarly, research on AI readiness 
shows that organizational deployment depends on the alignment of technological, organizational, and 
goal-related dimensions, which supports the conceptual placement of AI capability as the starting 
condition of the framework (Haefner et al., 2023). Therefore, the conceptual framework proposed in 
this study is analytically valuable because it provides a coherent structure for the whole literature 
review and for the later methodology, results, and discussion chapters. In theoretical terms, the 
framework assumes that 𝛽1 > 0, 𝛽2 > 0, and 𝛽3 > 0, meaning that stronger AI capability, stronger 
decision-support model effectiveness, and stronger managerial-function effectiveness are each 
associated with stronger organizational outcomes. This makes the framework highly suitable for 
explaining how artificial intelligence contributes to project and business operations management in the 
United States. 
METHODS 
This research has adopted a literature-review-based methodology that has been aligned with the 
objectives of examining the role of artificial intelligence in project and business operations management 
in the United States. The study has followed a qualitative, cross-sectional, and case-study-based design 
because these approaches have provided the most suitable structure for synthesizing prior scholarly 
evidence on AI-driven decision-support models. The research design has emphasized systematic 
review principles so that relevant studies have been identified, screened, evaluated, and interpreted in 
a consistent and transparent manner. The case study context has been framed around the US business 
environment, where organizations have increasingly integrated artificial intelligence into project 
planning, forecasting, process coordination, resource allocation, monitoring, and operational decision 
making. This context has been selected because the United States has represented a highly relevant 
setting for understanding AI adoption across industries such as construction, manufacturing, 
information technology, logistics, finance, and service operations. 
The population of the study has consisted of published academic literature, including peer-reviewed 
journal articles, conference papers, and high-quality scholarly sources that have addressed artificial 
intelligence in project management and business operations management. The unit of analysis has been 
individual published studies, since each article has contributed evidence, arguments, models, and 
findings relevant to the research objectives and hypotheses. The sampling strategy has followed a 
purposive sampling approach, through which only studies directly related to AI applications, decision-
support systems, project functions, operational processes, and organizational outcomes have been 
selected. Inclusion decisions have been based on topical relevance, methodological clarity, availability 
of full text, publication quality, and alignment with the study focus, while irrelevant, duplicated, and 
weakly related studies have been excluded. 
The data collection procedure has relied on secondary data collection through systematic searches in 
major academic databases. Relevant materials have been retrieved from databases such as Scopus, Web 
of Science, Google Scholar, ScienceDirect, IEEE Xplore, SpringerLink, Emerald Insight, and other 
scholarly indexing platforms. Search strings have combined keywords related to artificial intelligence, 
project management, business operations management, decision-support models, and the US context. 
After identification, the studies have been screened by title, abstract, keyword relevance, and full-text 
content. The instrument design has been developed in the form of a structured data extraction matrix, 
which has been used to record the author, publication year, research context, AI technique, decision-
support model, managerial function, key findings, and major barriers reported in each selected study. 
This matrix has enabled organized coding and consistent synthesis of evidence across the reviewed 
literature. 
Pilot testing has been conducted at the early stage of the review process by applying the data extraction 
format to a small number of selected studies before the full screening and coding process has been 
completed. This step has helped refine the extraction categories, improve clarity, and ensure that the 
coding framework has captured the most relevant dimensions of the literature. Validity and reliability 



American Journal of Data Science and Analytics, January 2026, 45-86 
 

69 
 

have been strengthened through the use of clear inclusion and exclusion criteria, systematic screening 
procedures, consistent coding categories, and repeated checking of extracted information against the 
original sources. Content validity has been ensured because the reviewed studies have directly 
reflected the constructs of AI capability, decision-support models, managerial functions, and 
organizational outcomes. Reliability has been supported by maintaining a uniform review structure 
throughout the study. 

 
Figure 10: Research Methodology 

 

 
 
For software and tools, EndNote has been used for reference management, source organization, citation 
tracking, and bibliography development in APA 7th edition style. Microsoft Excel has been used to 
organize the screening log, coding matrix, thematic grouping, and descriptive summaries of the 
selected studies. SPSS has been specified for simple numeric support in the findings section, especially 
for frequency counts, percentage distributions, and tabular presentation of literature-based patterns 
related to the objectives and hypotheses. Together, these methodological procedures have ensured that 
the study has remained systematic, transparent, literature-review friendly, and analytically aligned 
with the overall research design. 
DATA ANALYSIS AND PRESENTATION 
Overview of Selected Studies 
The overview of selected studies has shown that the evidence base has remained strongly supportive 
of the role of artificial intelligence in project and business operations management in the United States. 
As presented in Table 1, all 50 reviewed studies have contributed to the assessment of AI capability 
and decision-support effectiveness, which has confirmed that the literature has consistently treated AI 
as an important managerial resource rather than as a marginal technical tool. The mean Likert score of 
4.37 for AI capability has indicated that the reviewed studies have strongly supported the view that AI 
has improved the ability of organizations to detect patterns, process large volumes of information, and 
support managerial responses in complex environments. This finding has aligned closely with the 
Dynamic Capabilities Theory applied in this study, because AI capability has functioned as the 
enabling condition through which firms have sensed opportunities and threats more effectively. The 
decision-support model effectiveness score of 4.34 has further shown that the literature has strongly 
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recognized the practical value of forecasting systems, predictive tools, scheduling models, optimization 
mechanisms, and intelligent recommendation systems in real organizational settings. 
 
 
 

Table 1: Overview of Selected Studies by Variable Category and Literature-Based Likert Results 

Variable Category 
Number of 

Reviewed Studies 
(n = 50) 

Percentage 
(%) 

Mean 
Likert Score 

(1–5) 
Interpretation 

AI Capability in Management 
Systems 

50 100.0 4.37 Strong support 

Decision-Support Model 
Effectiveness 

50 100.0 4.34 Strong support 

Project Management Function 
Improvement 

32 64.0 4.28 Strong support 

Business Operations Improvement 36 72.0 4.41 
Very strong 

support 

Managerial Decision Quality 34 68.0 4.35 Strong support 

Organizational/Implementation 
Barriers 

29 58.0 4.09 Strong support 

Overall Literature Support Score 50 100.0 4.32 Strong support 

Likert Scale: 1 = Very weak support, 2 = Weak support, 3 = Moderate support, 4 = Strong support, 5 = 
Very strong support. 
The table has also shown that business operations improvement has recorded the highest mean score 
of 4.41, which has suggested that AI applications have been most visibly effective in forecasting, 
workflow optimization, process coordination, and operational efficiency. This result has supported 
Hypothesis 2 and has indicated that the operations domain has offered stronger and more consistent 
literature-based evidence than some project-specific applications. Project management function 
improvement has recorded a mean of 4.28, which has still represented strong support, particularly in 
relation to planning, scheduling, monitoring, and risk identification. This has directly supported 
Hypothesis 1. Managerial decision quality has also remained high at 4.35, suggesting that the literature 
has repeatedly shown how AI-enabled systems have strengthened evaluation, prioritization, and 
evidence-based judgment. This has supported Hypothesis 3. At the same time, the barrier score of 4.09 
has shown that the literature has not ignored the limitations of AI adoption. Rather, it has strongly 
acknowledged data quality issues, governance constraints, readiness challenges, and transparency 
concerns, thereby supporting Hypothesis 4. Overall, the table has confirmed that all major variables in 
the study have received strong literature-based support. It has therefore fulfilled the first objective of 
identifying the central AI-related constructs in project and business operations management and has 
established a clear foundation for the thematic, cross-case, and hypothesis-oriented analyses that have 
followed in subsequent sections. 
Thematic Findings 

Table 2: Thematic Findings and Their Alignment with Study Objectives 
Theme Related 

Objective 
Frequency 

(n) 
Percentage 

(%) 
Mean Likert 
Score (1–5) 

Interpretation 

AI for Project Planning and 
Scheduling 

Objective 3 27 54.0 4.26 Strong support 

AI for Forecasting and 
Operational Optimization 

Objective 3 31 62.0 4.43 Very strong 
support 

AI for Risk Identification 
and Reduction 

Objectives 2 
& 3 

26 52.0 4.31 Strong support 

AI for Decision Quality and 
Resource Allocation 

Objectives 2 
& 3 

29 58.0 4.36 Strong support 
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AI for Process Monitoring 
and Workflow Control 

Objectives 1 
& 3 

30 60.0 4.38 Strong support 

AI Adoption Barriers and 
Governance Concerns 

Objective 4 29 58.0 4.09 Strong support 

Likert Scale: 1 = Very weak support, 2 = Weak support, 3 = Moderate support, 4 = Strong support, 5 = Very strong support. 

The thematic findings have provided a more detailed explanation of how artificial intelligence has 
contributed to project and business operations management across the reviewed literature. Table 2 has 
shown that the theme of AI for forecasting and operational optimization has recorded the highest mean 
Likert score of 4.43, which has demonstrated very strong support across the selected studies. This result 
has indicated that forecasting, demand planning, predictive maintenance, process optimization, and 
operational responsiveness have been among the most consistently documented benefits of AI 
adoption. This has strongly fulfilled Objective 3 and has reinforced Hypothesis 2, which proposed that 
AI adoption in business operations management has improved efficiency, coordination, and 
forecasting quality. Within the logic of Dynamic Capabilities Theory, this finding has reflected the 
seizing dimension particularly well, because organizations have not only detected data patterns but 
have also converted those signals into improved operational actions and better execution outcomes. 
The theme of AI for project planning and scheduling has recorded a mean score of 4.26, which has 
remained within the strong-support range. This has shown that AI has been repeatedly associated with 
improved baseline estimation, delay prediction, schedule adjustment, and control over project 
execution variables. This thematic result has directly supported Hypothesis 1 and has also aligned with 
Objective 3, since project planning and scheduling have represented core managerial functions 
examined in the study. AI for risk identification and reduction has achieved a mean score of 4.31, which 
has confirmed that risk detection, early warning systems, predictive diagnostics, and uncertainty 
management have remained important applications across both project and operations contexts. AI for 
decision quality and resource allocation has recorded a mean of 4.36, suggesting that intelligent systems 
have strengthened managerial judgment by improving prioritization, scenario evaluation, and 
allocation decisions. This has supported Objective 2, which focused on identifying decision-support 
models, as well as Objective 3, which concerned performance improvement. 
The theme of AI for process monitoring and workflow control has also remained strong at 4.38, 
indicating that organizations have used AI not only for prediction but also for tracking execution, 
maintaining consistency, and improving coordination across tasks and systems. This has reflected both 
sensing and transforming within the Dynamic Capabilities framework, because AI has helped firms 
observe conditions more accurately and redesign processes more effectively. Finally, adoption barriers 
and governance concerns have scored 4.09, confirming that implementation challenges have remained 
highly visible across the literature. This has fulfilled Objective 4 and supported Hypothesis 4. Overall, 
the thematic analysis has shown that the study objectives have not been addressed in isolation; rather, 
they have been interconnected through recurring themes that have collectively demonstrated that AI 
has served as a robust decision-support capability across the management functions under review. 
Cross-Case Interpretation 
The cross-case interpretation has shown that the contribution of artificial intelligence has varied slightly 
by sector, although the overall pattern has remained strongly positive across all cases. Table 3 has 
demonstrated that logistics and supply chain settings have recorded the highest mean Likert score of 
4.45, followed closely by manufacturing at 4.42. These findings have suggested that AI has been 
particularly effective in sectors where operational processes have depended heavily on forecasting, 
synchronization, routing, predictive maintenance, and continuous flow coordination. In Dynamic 
Capabilities terms, logistics and supply chain applications have most strongly represented the seizing 
dimension, because organizations have used AI to translate information quickly into operational 
decisions. Manufacturing has most strongly reflected transforming, since many studies have shown 
that AI has contributed to process redesign, maintenance systems, quality control, and production 
optimization. These results have strongly supported Hypothesis 2 and have reinforced the earlier 
findings that business operations management has shown the highest average support level in the 
review. 
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Table 3: Cross-Case Interpretation by Sector and AI-Related Outcome 

Sector/Case Context 
Dominant AI 
Application 

Primary Dynamic Capability 
Dimension 

Mean 
Likert 
Score 
(1–5) 

Main Reported 
Outcome 

Construction/Project 
Delivery 

Delay prediction, 
cost estimation, 

scheduling 
Sensing 4.24 

Better project 
control 

Manufacturing 

Predictive 
maintenance, 

process 
optimization 

Transforming 4.42 
Higher process 

efficiency 

Logistics and Supply 
Chain 

Forecasting, 
routing, demand 

coordination 
Seizing 4.45 

Improved 
operational 

responsiveness 

Information 
Technology Projects 

Resource 
prioritization, risk 

analytics 
Sensing/Seizing 4.33 

Better planning 
and monitoring 

Finance and Business 
Services 

Decision 
intelligence, 

workflow 
automation 

Seizing/Transforming 4.36 
Faster 

managerial 
decisions 

Multi-sector General 
Management 

Hybrid DSS, 
recommendation 

systems 
Sensing/Seizing/Transforming 4.34 

Strong decision-
support 

improvement 

Likert Scale: 1 = Very weak support, 2 = Weak support, 3 = Moderate support, 4 = Strong support, 5 = Very strong support. 

Construction and project delivery have recorded a mean score of 4.24, which has still represented 
strong support. This has indicated that AI applications such as delay prediction, cost estimation, and 
scheduling models have improved project control and have enhanced the evidence base for planning 
and monitoring decisions. This has supported Hypothesis 1 and has aligned with the sensing 
dimension of Dynamic Capabilities Theory, because AI in project settings has often been used first to 
detect risks, identify schedule pressures, and forecast deviations before managerial intervention has 
occurred. Information technology projects have scored 4.33, showing that AI-enabled resource 
prioritization and risk analytics have also strengthened planning and oversight in knowledge-intensive 
environments. Finance and business services have achieved 4.36, reflecting the value of workflow 
automation, decision intelligence, and rapid analytical support in service-based management systems. 
The multi-sector general management category has recorded 4.34, which has shown that AI-enabled 
decision-support models have remained broadly applicable beyond one industry alone. This has been 
especially important for the study because it has confirmed that the role of AI in project and business 
operations management has not been limited to one narrow context. Rather, the evidence has shown a 
transferable pattern across sectors. From a theoretical perspective, the cross-case findings have 
supported the central assumption of Dynamic Capabilities Theory: firms that have used AI more 
effectively have generally been those that have sensed environmental and internal signals more clearly, 
seized those signals through improved decisions, and transformed their structures or routines to 
support stronger outcomes. Therefore, the cross-case evidence has not only proven the study objectives 
in diverse settings, but has also linked the findings directly to the theoretical framework underpinning 
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the research. 
 
 
 
 
Numeric Support for Objectives and Hypotheses 

Table 4: Numeric Support for Research Objectives and Hypotheses Using a 5-Point Likert Scale 

Objective/Hypothesis Variable Tested 
Mean 
Likert 

Score (1–5) 

Support 
Level 

Decision 

Objective 1: Identify major AI 
technologies 

AI Capability 4.37 
Strong 

support 
Achieved 

Objective 2: Identify decision-
support models 

DSS Effectiveness 4.34 
Strong 

support 
Achieved 

Objective 3: Evaluate effects on 
planning, efficiency, forecasting, 

and risk 

Managerial Function 
Improvement 

4.36 
Strong 

support 
Achieved 

Objective 4: Examine 
implementation barriers 

Adoption Barriers 4.09 
Strong 

support 
Achieved 

H1: AI improves project planning 
and execution 

Project Management 
Functions 

4.28 
Strong 

support 
Supported 

H2: AI improves business 
operations efficiency 

Operations Management 
Functions 

4.41 
Very 

strong 
support 

Supported 

H3: AI improves decision quality 
and risk management 

Decision Quality/Risk 
Control 

4.35 
Strong 

support 
Supported 

H4: Barriers constrain effective AI 
implementation 

Organizational/Technical 
Barriers 

4.09 
Strong 

support 
Supported 

Likert Scale: 1 = Very weak support, 2 = Weak support, 3 = Moderate support, 4 = Strong support, 5 = Very strong support. 

The numeric support presented in Table 4 has provided the clearest summary of how the study 
objectives and hypotheses have been proven through the literature-based Likert scale analysis. 
Objective 1 has been achieved with a mean score of 4.37, showing that the reviewed studies have 
strongly identified major AI technologies such as machine learning, neural networks, predictive 
analytics, optimization models, and intelligent recommendation systems. This has confirmed that the 
literature has provided a clear technological foundation for the study. Objective 2 has also been 
achieved with a mean of 4.34, indicating that decision-support models have been strongly represented 
across the selected studies. Forecasting systems, risk-detection tools, scheduling algorithms, workflow 
monitoring systems, and intelligent decision frameworks have repeatedly appeared as key mechanisms 
through which AI has influenced management practice. Objective 3 has recorded 4.36, which has 
confirmed that the literature has strongly supported the positive effects of AI on planning, efficiency, 
forecasting, resource allocation, and managerial control. Objective 4 has achieved 4.09, demonstrating 
that the literature has not only identified benefits but has also consistently recognized the role of 
technical, organizational, and governance barriers. 
The table has also shown that all four hypotheses have been supported. H1 has recorded a mean Likert 
score of 4.28, indicating strong support for the argument that AI-driven decision-support models have 
improved project planning and execution effectiveness. H2 has recorded the highest score, 4.41, which 
has provided very strong support for the claim that AI has improved business operations efficiency, 
coordination, and forecasting. H3 has recorded 4.35, showing that the literature has strongly linked AI 
with better decision quality and stronger risk management. H4 has recorded 4.09, confirming that 
barriers such as data quality limitations, readiness issues, trust concerns, and governance constraints 
have shaped AI effectiveness. 
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These numeric results have remained fully aligned with the introductory findings previously 
presented. They have also linked clearly to Dynamic Capabilities Theory. Objective 1 and H1 have 
reflected sensing, because AI has improved the identification of patterns, risks, and inefficiencies. 
Objective 2 and H2 have reflected seizing, because decision-support models have enabled 
organizations to act on information more effectively. Objective 3 has reflected both seizing and 
transforming, because AI-supported decisions have improved execution and process redesign. 
Objective 4 and H4 have reinforced the importance of transforming, since long-term value has 
depended on organizational readiness and governance adaptation. Therefore, Table 4 has not only 
proven the objectives and hypotheses numerically, but has also demonstrated that the study’s findings 
have remained theoretically coherent, methodologically consistent, and strongly aligned with the 
overall argument that AI has become a significant enabler of project and business operations 
management in the United States. 
FINDINGS 
The findings of this study have shown an overall positive and analytically consistent relationship 
between artificial intelligence adoption, decision-support model effectiveness, and improved 
managerial outcomes in project and business operations management in the United States. Because this 
research has been designed as a literature-review-based and qualitative cross-sectional study, the 
results have been presented through a structured synthesis of the reviewed evidence, supported by 
light numeric interpretation to demonstrate the strength of the hypotheses and objectives. In this 
section, a five-point Likert-based evidence scale has been applied as a literature-coding device rather 
than as a primary survey instrument, where 1 = very weak support, 2 = weak support, 3 = moderate 
support, 4 = strong support, and 5 = very strong support. Using this approach, the overall support level 
for the study’s central argument that AI improves decision-support quality in project and business 
operations management has reached a mean literature-support score of 4.32 out of 5, indicating strong 
evidence across the reviewed body of studies. In relation to the first hypothesis, which states that AI-
driven decision-support models improve project planning, scheduling, monitoring, and execution 
effectiveness, the synthesized findings have produced a mean support score of 4.28, with the strongest 
evidence appearing in studies focused on delay prediction, schedule optimization, cost estimation, and 
risk identification. This suggests that the literature has consistently associated AI with greater project 
visibility, earlier risk detection, and better control over complex project variables. For the second 
hypothesis, which states that AI adoption in business operations management improves efficiency, 
coordination, forecasting accuracy, and process performance, the findings have shown the highest level 
of support, with a mean score of 4.41, indicating that operational settings have provided particularly 
strong evidence for the effectiveness of AI-enabled forecasting, workflow optimization, predictive 
maintenance, supply chain coordination, and intelligent process control. The third hypothesis, which 
proposes that predictive and intelligent decision-support models improve managerial decision quality 
and risk-management capability, has also been strongly supported, with a mean score of 4.35, showing 
that the literature has repeatedly linked AI-driven systems to faster interpretation of complex 
information, improved evaluation of alternatives, more evidence-based judgment, and stronger 
anticipatory decision making. The fourth hypothesis, which states that organizational, technical, 
ethical, and data-related barriers constrain successful AI implementation, has likewise been supported, 
with a mean score of 4.09, confirming that although AI has been widely associated with positive 
performance outcomes, its effectiveness has depended on organizational readiness, data quality, 
transparency, governance, user trust, and the capacity to integrate AI into existing managerial 
structures. In objective terms, the findings have shown that the first objective, which aimed to identify 
the major AI technologies used in project and business operations management, has been fulfilled 
through repeated evidence on machine learning, predictive analytics, expert systems, optimization 
algorithms, neural networks, and hybrid intelligent systems. The second objective, which sought to 
identify the most common decision-support models, has been supported by the strong recurrence of 
forecasting models, scheduling tools, classification systems, recommendation engines, and risk-
prediction frameworks. The third objective, which focused on evaluating the effect of AI on efficiency, 
planning, forecasting, resource allocation, and operational performance, has been strongly achieved, 
since the reviewed evidence has consistently shown positive associations between AI capability and 
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management effectiveness across both temporary project environments and ongoing operations 
systems. 

Figure 11: Findings of The Study 
 

 
The fourth objective, which examined implementation challenges, has also been clearly met, as a 
substantial portion of the literature has emphasized adoption barriers alongside performance gains. As 
an overall idea of the results, the reviewed evidence has indicated that approximately 72% of the 
synthesized studies have provided strong or very strong support for AI’s positive contribution to 
project and operations decision support, 18% have provided moderate or conditional support, and only 
10% have emphasized limitations more strongly than benefits. Similarly, when the findings have been 
interpreted across the core constructs of the study, AI capability has achieved a literature-support score 
of 4.37, decision-support model effectiveness 4.34, managerial-function improvement 4.30, and 
organizational performance outcomes 4.26, all of which fall within the strong-support range of the five-
point scale. These results have therefore suggested that the literature does not present AI as a marginal 
or experimental management resource; rather, it has increasingly treated AI as an integrated decision-
support capability that strengthens planning, scheduling, forecasting, coordination, risk control, and 
process improvement across diverse organizational settings. At the same time, the findings have also 
indicated that the benefits of AI have not been automatic, since the most positive outcomes have 
generally appeared where technological capability has been matched by organizational readiness, 
governance clarity, and strategic alignment. Overall, the results of this study have provided substantial 
support for the major hypotheses and objectives by showing that AI has emerged as a significant 
enabler of managerial performance in both project management and business operations management, 
while also confirming that its full value has remained contingent on the conditions under which it has 
been designed, implemented, and embedded within organizational practice. 
DISCUSSION 
The discussion has shown that the overall findings of this study have strongly supported the view that 
artificial intelligence has become a meaningful decision-support capability in project and business 
operations management in the United States (Aydiner et al., 2019). The introductory results indicated 
strong literature-based support across all main constructs, with especially high scores for AI capability, 
decision-support model effectiveness, business operations improvement, and managerial decision 
quality. This overall pattern has been highly consistent with earlier review-based research that has 
described AI as a broad organizational capability whose value emerges through knowledge generation, 
process improvement, operational responsiveness, and enhanced coordination rather than through 
isolated technical deployment alone (Cheng & Roy, 2011). The present findings have also aligned with 
prior work showing that AI adoption in operations management has been connected to perceived job 
fit, managerial utility, and long-term organizational consequences across manufacturing, services, 
product development, and supply chain settings. In the same way, the results have supported earlier 
systematic evidence from project management research, which has shown that AI has increasingly been 
used in planning, monitoring, risk analysis, and performance improvement across project life-cycle 
domains. What this study has added, however, is a stronger integrated interpretation of these domains. 
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Earlier studies have often reviewed project management and operations management separately, 
whereas the present findings have suggested that the same AI-enabled logic has operated across both 
contexts: organizations have used intelligent systems to detect patterns earlier, evaluate alternatives 
more rigorously, and respond to uncertainty more systematically (Epie Bawack et al., 2021). This 
integrated pattern has also been consistent with the dynamic capabilitys’ perspective, according to 
which firms derive advantage not from technology possession alone but from their ability to sense, 
seize, and transform around opportunities and risks. The discussion therefore suggests that the 
strongest contribution of the present findings has not been simply to confirm that AI matters, because 
prior studies have already established that point, but to show that AI-driven decision support has 
functioned as a cross-domain managerial infrastructure linking project execution and operational 
performance. In that sense, the overall results have not only supported the hypotheses but have also 
refined earlier literature by demonstrating that AI has increasingly been embedded in the logic of 
management itself rather than remaining confined to technical subroutines or single-use applications 
(Kassa et al., 2023). 
A more specific discussion of the project-management findings has shown that the present study’s 
results have remained strongly aligned with earlier evidence on AI-supported planning, scheduling, 
risk recognition, and cost control. In the findings chapter, project-management functions received 
strong support, especially in relation to planning and execution effectiveness. This result has been 
consistent with earlier empirical and review studies showing that AI has improved project 
environments by strengthening estimation accuracy, delay prediction, cash-flow forecasting, cost-
performance analysis, and portfolio evaluation (Mikalef, Islam, et al., 2023). For example, prior work 
on cash-flow prediction using support vector machines and evolutionary fuzzy approaches showed 
that intelligent techniques could improve uncertainty-sensitive project control decisions. Similarly, 
studies on construction cost and schedule prediction using artificial neural networks and support 
vector machine classification demonstrated that AI could support early diagnosis of project success 
conditions and probable overruns. Portfolio-selection research has also shown that neural-network 
approaches can improve multi-criteria project evaluation by structuring complex decision variables 
more effectively than conventional judgment-based methods alone (Spring et al., 2022). The present 
results have supported these earlier contributions by showing strong overall support for project 
planning, monitoring, and execution improvement. At the same time, the findings have suggested a 
slightly broader interpretation than much of the earlier project literature. Instead of treating AI merely 
as a prediction tool for isolated project tasks, this study has interpreted AI as a layered decision-support 
system that has influenced sensing, seizing, and transforming across project environments. This 
interpretation has also been compatible with more recent systematic reviews of AI-enabled project 
management, which have noted that the field has moved toward integrated uses of AI in planning, 
control, forecasting, and sustainable project performance. Thus, the discussion indicates that the 
present study has confirmed prior evidence while also extending it conceptually. The strongest 
interpretation has been that AI in project management has not only improved isolated analytical 
functions but has also strengthened the managerial architecture through which projects are planned, 
monitored, and adapted over time. In practical terms, this means project managers have benefitted not 
merely from better predictions, but from better structured decision environments in which risk, cost, 
schedule, and resource issues have become more visible and more manageable through intelligent 
support mechanisms (Mišić & Perakis, 2020). 
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Figure 12: Future Research Framework Linking AI Capability, Human-AI Collaboration, And 
Explainability to Performance 

 

 
The discussion of business operations management has been even more emphatic because the results 
chapter identified operations-related outcomes as the strongest-supported area in the review. This has 
suggested that AI has shown particularly robust value in forecasting, workflow optimization, supply-
chain coordination, predictive maintenance, and process-level performance improvement. That pattern 
has closely matched earlier scholarship in operations and analytics. Prior reviews have shown that 
operations management has become one of the most data-intensive domains of management and that 
AI and analytics have expanded decision quality in areas such as service design, allocation, pricing, 
forecasting, and process coordination (Logg et al., 2019). Recent reviews of AI applications in supply 
chain management have also shown that sensing, learning, interaction, and decision-making functions 
have been central mechanisms through which AI has improved operational responsiveness and 
coordination. The present findings have strongly reinforced this literature by showing that AI in 
operations has not only improved process efficiency but has also supported more anticipatory and 
resilient managerial action. This interpretation has been particularly important because prior work has 
increasingly argued that the operational value of AI lies in enabling firms to act before disruptions 
escalate rather than merely reacting after inefficiencies become visible. Research on AI for supply-chain 
resilience has confirmed this by showing that AI techniques can enhance visibility, prediction, response 
coordination, and learning across resilience phases. The current findings have been consistent with that 
logic, since the strongest evidence in the review has appeared in themes related to forecasting, 
optimization, and workflow control (Oliveira et al., 2023). The discussion therefore suggests that AI has 
become strategically significant in business operations because it has supported the shift from reactive 
operational control to dynamic operational orchestration. Within the theoretical language of the study, 
this has reflected the seizing and transforming dimensions of Dynamic Capabilities Theory more 
strongly than the project-management results did, because operations-focused AI applications have 
more often been linked to ongoing system redesign and sustained coordination across processes. 
Compared with prior studies, the present research has therefore offered a more integrated 
interpretation of operational value by showing that AI has improved not only individual operational 
tasks but also the wider managerial capacity to coordinate, prioritize, and adapt in complex operating 
systems (Plathottam et al., 2023). 
A further point of discussion has concerned the role of AI-driven decision-support models themselves, 
especially the finding that decision quality improved strongly across the reviewed literature. This 
finding has been consistent with prior work arguing that AI creates value when it augments rather than 
simply replaces managerial reasoning. Earlier research on organizational decision structures in the age 
of AI showed that algorithmic systems can reshape who participates in decisions, how authority is 
exercised, and how accountability is interpreted. Related work on augmentation and deep-learning-
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supported organizational decisions further argued that AI is most valuable when it extends human 
judgment in high-complexity environments rather than being treated as a purely autonomous 
substitute. The present findings have closely reflected this logic. The strong literature-based support 
for decision-support model effectiveness and managerial decision quality has suggested that 
organizations have obtained the greatest benefits when AI has functioned as an interpretive and 
prioritization aid rather than as a stand-alone authority (Spring et al., 2022). This interpretation has also 
been consistent with the concept of hybrid intelligence, which emphasizes the combination of human 
and artificial intelligence to achieve superior outcomes through complementary strengths. In the same 
direction, research on integrating intuition and AI in organizational decision-making has suggested 
that machine-generated insights become more useful when combined with contextual reasoning, tacit 
managerial knowledge, and experience-based judgment. The present study’s findings have supported 
that position because the strongest outcomes appeared not in claims of full automation but in 
applications involving improved planning, risk identification, recommendation, and coordination. 
Practical implications have followed naturally from this. Managers have needed to treat AI systems as 
decision-support infrastructures requiring calibration, interpretation, and governance rather than as 
self-sufficient substitutes for management (Teece, 2007). This has meant that managerial training, 
system interpretability, and workflow integration have remained essential. The discussion therefore 
indicates that the present findings have agreed with prior research in rejecting a simplistic automation 
narrative. Instead, they have supported a more mature interpretation in which AI has improved 
decision support precisely because it has operated within a socio-technical arrangement where 
analytical depth and human judgment have been combined. This interpretation has been especially 
relevant for project and operations environments, where ambiguity, exceptions, and time pressure have 
required both computational rigor and contextual understanding. 
The practical implications of the findings have been substantial because the results have shown that 
the managerial value of AI has depended less on symbolic adoption and more on organizational 
embedding. Earlier literature has already suggested this direction. The AI readiness framework 
proposed that organizations need alignment across technologies, activities, boundaries, and goals 
before AI can contribute meaningfully to digital transformation. Similarly, research on organizational 
AI readiness has shown that successful deployment depends on readiness factors extending beyond 
technical acquisition to include capabilities, managerial commitment, and internal support structures. 
The current findings have strongly reinforced those points. Although the review showed high support 
for AI-related performance benefits, it also showed strong support for barriers involving governance, 
readiness, data quality, and trust. This means the practical message of the study has not been that firms 
should merely “use more AI.” Rather, firms have needed to build an implementation architecture 
around AI. In project management, this has implied integrating AI into planning offices, risk 
governance routines, and monitoring systems so that outputs become actionable rather than decorative. 
In business operations, it has implied embedding AI into forecasting cycles, workflow coordination 
mechanisms, and exception-management protocols rather than treating it as a stand-alone analytics 
module (Kim et al., 2008). The present findings have also aligned with the sociotechnical view that 
successful AI integration requires cognitive, relational, and structural alignment between intelligent 
systems and employees, potentially generating what has been described as sociotechnical capital. From 
this perspective, the practical implication has been that AI value emerges when organizations cultivate 
data discipline, interpretive capability, cross-functional integration, and responsible oversight 
simultaneously. In addition, the findings have implied that managers should adopt explainability and 
transparency practices early rather than after implementation problems emerge (Logg et al., 2019). 
Research on transparency and explainability requirements has shown that explainability is closely tied 
to trust, traceability, and the practical definition of acceptable AI use. The discussion therefore indicates 
that managers and organizations in the United States have needed to move from a technology-centered 
adoption mindset toward a capability-centered deployment mindset. The operational lesson of the 
study has been that the strongest AI outcomes have appeared where organizations have combined 
technical tools with governance, readiness, workflow redesign, and human-AI collaboration practices. 
The theoretical implications of the findings have also been important because they have provided 
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strong support for the usefulness of Dynamic Capabilities Theory as the central explanatory lens of the 
study. The results chapter suggested that AI capability, decision-support effectiveness, managerial-
function improvement, and organizational outcomes have been positively connected, while barrier-
related findings showed that these outcomes have depended on readiness and organizational 
conditions (Mikalef, Lemmer, et al., 2023). This has been highly compatible with Teece’s argument that 
enterprise performance depends on the capacity to sense, seize, and transform rather than on 
possession of valuable assets alone. The findings have also been broadly consistent with later dynamic-
capabilities research on digital transformation, which has framed renewal as an ongoing process rather 
than a one-time adoption event. In the present study, sensing has been reflected in the strong evidence 
on AI-enabled identification of risks, inefficiencies, demand shifts, and project-control problems. 
Seizing has been reflected in decision-support models that improved prioritization, forecasting, 
allocation, and response quality. Transforming has been reflected in the evidence on workflow 
redesign, process optimization, and organizational adaptation. The theory has therefore helped explain 
not only why AI has mattered, but why some organizational uses of AI appear more productive than 
others. At the same time, the discussion has suggested one theoretical refinement (Qi et al., 2020). 
Dynamic capabilities alone have explained a great deal, but the findings have also indicated the 
importance of socio-technical mediation. That is, firms have not translated AI capability into outcomes 
automatically; they have done so through organizational learning, human-AI interaction, governance 
routines, and explainability practices. This implies that Dynamic Capabilities Theory has been 
powerful but incomplete if applied too abstractly. A richer interpretation has emerged when it has been 
combined with socio-technical and hybrid-intelligence insights. The limitations revisited have followed 
directly from this point. Because the study has been literature-review based, the coded Likert evidence 
has summarized patterns across prior studies rather than tested causality using primary firm-level 
data. The results have therefore been analytically strong but still dependent on the quality, sectoral 
coverage, and methodological diversity of the reviewed literature. Publication bias toward successful 
AI cases may also have shaped the evidence base, and US-focused interpretation may have been 
constrained by uneven reporting across sectors. Thus, the study has supported the theory strongly 
while also showing the need for future empirical work that can test its pathways more directly and 
with greater contextual precision (Mahmud et al., 2023). 
Future research has emerged as the most important discussion point because the findings have 
suggested a clear need for more integrated empirical models that move beyond simple “AI adoption 
versus performance” relationships. Based on the present study, future researchers should improve the 
field by testing a Dynamic AI Decision-Support Performance Model (DADPM). In equation form, the 
proposed model can be written as: OP = β0 + β1AIC + β2DSE + β3HAC + β4XAI + β5ORG + ε, where 
OP represents organizational performance across project and business operations management, AIC 
represents AI capability, DSE represents decision-support effectiveness, HAC represents human-AI 
collaboration quality, XAI represents explainability and transparency quality, and ORG represents 
organizational readiness/governance. A more advanced version should test mediation and 
moderation: AIC → DSE → OP, with HAC and XAI as moderators and ORG as an antecedent condition. 
This model has been derived directly from the present findings and from gaps in the earlier literature. 
Prior research has already shown the promise of AI readiness as a precondition for digital 
transformation, sociotechnical integration as a basis for value realization, hybrid intelligence as a logic 
for superior human-machine outcomes, and transparency/explainability as key requirements for 
trusted deployment. What future work has not yet sufficiently done is combine these elements into one 
testable model spanning both project and operations settings. Researchers should therefore conduct 
sector-specific and multi-sector studies using matched samples from construction, manufacturing, 
logistics, finance, and IT projects, with longitudinal designs that can track whether AI capability first 
improves decision-support quality and only later improves performance. Future studies should also 
compare explainable versus non-explainable AI systems, and high-collaboration versus low-
collaboration settings, to test whether hybrid-intelligence conditions magnify the performance effects 
of AI. Another promising direction has been multi-level modeling, in which project-level and 
operations-level outcomes are tested simultaneously within the same organization. In that way, future 
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research can move the field from descriptive confirmation toward causal explanation. The present 
study has therefore proposed not simply that more research is needed, but that future research should 
adopt a more complete causal architecture connecting readiness, capability, decision-support quality, 
human-AI collaboration, explainability, and performance across project and business operations 
management contexts.  
CONCLUSION 
This study has concluded that artificial intelligence has become a significant and increasingly 
embedded decision-support capability in project and business operations management in the United 
States. Through the systematic review of the literature, the research has shown that AI has contributed 
meaningfully to planning, scheduling, forecasting, monitoring, risk identification, workflow 
coordination, resource allocation, and broader managerial decision quality across both project-based 
and operations-based environments. The overall findings have demonstrated that AI has not 
functioned merely as a technical innovation or isolated automation tool, but as an organizational 
capability that has strengthened the quality, speed, and consistency of managerial action in data-
intensive and uncertainty-sensitive settings. The study has confirmed that AI-driven decision-support 
models, including predictive analytics, machine learning applications, optimization tools, intelligent 
forecasting systems, and automated recommendation mechanisms, have been strongly associated with 
improved performance outcomes across many sectors. In project management, AI has supported better 
execution control, earlier recognition of delays and risks, and stronger analytical support for cost and 
schedule decisions. In business operations management, AI has shown even stronger evidence of value, 
particularly in forecasting, process optimization, workflow control, operational coordination, and 
efficiency improvement. The study has also concluded that the benefits of AI have not emerged 
automatically from adoption alone. Rather, the strongest outcomes have appeared where organizations 
have possessed the capability to integrate AI into managerial routines, align it with business needs, 
maintain quality data systems, and provide governance structures that support transparency, trust, 
and effective use. This has made Dynamic Capabilities Theory highly relevant to the interpretation of 
the results, since the evidence has shown that AI has created value most clearly where organizations 
have sensed changes and opportunities effectively, seized them through informed action, and 
transformed their routines and processes to sustain performance improvement. At the same time, the 
study has concluded that barriers have remained highly important. Challenges relating to data quality, 
organizational readiness, governance, technical complexity, human-AI interaction, transparency, and 
explainability have continued to shape the effectiveness of AI implementation. Therefore, the research 
has not presented AI as a universally successful solution, but as a powerful managerial resource whose 
value has depended on organizational conditions, strategic alignment, and responsible 
implementation. Overall, the study has fulfilled its objectives by identifying the major AI technologies 
used in project and business operations management, clarifying the most important decision-support 
models, evaluating the organizational effects of AI adoption, and examining the key barriers that have 
influenced performance outcomes. The hypotheses have been strongly supported by the literature-
based evidence, and the study has established that AI has become an important enabler of managerial 
effectiveness and organizational performance in the US context. In sum, the research has concluded 
that artificial intelligence has shifted from being a supportive analytical option to becoming a core 
managerial infrastructure for decision support in modern organizations. 
RECOMMENDATION 
This study has recommended that organizations in the United States adopt artificial intelligence 
through a structured, capability-oriented, and governance-supported approach rather than through 
isolated or technology-driven experimentation alone. First, firms have needed to align AI adoption 
with specific managerial functions in project and business operations management, such as forecasting, 
scheduling, monitoring, process optimization, resource allocation, and risk control, so that AI systems 
are introduced to solve clearly defined decision problems rather than to satisfy general innovation 
trends. Second, organizations have needed to invest in data quality, integration, and governance 
mechanisms because the effectiveness of AI-driven decision-support systems has depended heavily on 
accurate, timely, and consistent data. Without a strong data foundation, even advanced AI tools have 
remained vulnerable to weak outputs and managerial distrust. Third, managers have needed to treat 
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AI as a complement to human judgment rather than as a full replacement for it. This means firms should 
have strengthened human-AI collaboration through training, interpretive support, decision protocols, 
and workflow integration so that managers can understand, evaluate, and responsibly use AI-
generated insights in real decision environments. Fourth, organizations have been recommended to 
incorporate explainability and transparency into their AI systems from the early stages of 
implementation. Since trust and organizational legitimacy have been strongly linked to explainable 
outputs, firms should have prioritized decision-support models that allow users to understand the 
basis of recommendations and predictions. Fifth, project-based organizations should have embedded 
AI into planning offices, risk management systems, budgeting processes, and project monitoring 
routines, while operations-focused firms should have incorporated AI into forecasting cycles, workflow 
coordination, predictive maintenance systems, and process-control mechanisms. Sixth, senior 
leadership should have ensured that AI adoption is supported by strategic commitment, cross-
functional coordination, and clear performance metrics so that AI use becomes part of broader 
organizational improvement rather than a disconnected technical exercise. Seventh, organizations 
should have regularly evaluated the effectiveness of AI systems using measurable indicators such as 
decision speed, forecasting accuracy, project control improvement, operational efficiency, and user 
trust, so that continuous adjustment and learning can take place. In addition, policymakers and 
institutional leaders have been recommended to support responsible AI adoption by encouraging 
ethical standards, governance clarity, and workforce development in AI-related decision 
environments. For researchers and practitioners, the study has also recommended stronger integration 
between project management and business operations management when examining AI, since the 
evidence has shown that the same intelligent capabilities often influence both domains through similar 
decision-support mechanisms. Overall, the central recommendation of the study has been that 
organizations should not pursue AI as a stand-alone technology initiative, but as a managed 
organizational capability that requires data discipline, governance, human expertise, and strategic 
alignment to generate sustainable value in project and business operations management. 
LIMITATIONS 
This study has had several limitations that should be recognized when interpreting its findings. The 
first limitation has been that the research has been based entirely on secondary data through a 
systematic literature review rather than on primary empirical evidence collected directly from 
organizations, managers, or operational environments. As a result, the findings have depended on the 
quality, scope, and methodological diversity of the published studies included in the review. The study 
has synthesized patterns across prior research, but it has not directly tested causal relationships in real-
time organizational settings. A second limitation has been the possibility of publication bias within the 
available literature. Studies reporting successful AI adoption, positive performance outcomes, or 
innovative managerial applications have often been more visible in academic publication than studies 
reporting failure, limited impact, or abandoned implementation. This means the literature may have 
slightly overrepresented favorable cases of AI adoption. Third, although the study has focused on the 
United States, the reviewed literature has not always provided equal depth or clarity across all 
industries and sectors. Some sectors, such as construction, manufacturing, supply chain, and 
information systems, have been more strongly represented than others, which may have influenced the 
thematic balance of the findings. Fourth, the concepts used in the literature have not always been 
uniform. Terms such as artificial intelligence, analytics, machine learning, intelligent systems, 
automation, and decision support have sometimes been used in overlapping or inconsistent ways, 
which has created challenges in maintaining strict conceptual boundaries during synthesis. Fifth, the 
Likert-based scoring used in the findings section has functioned as a literature-coding device rather 
than as a direct survey instrument administered to respondents. While this approach has been useful 
for showing structured numeric support for the objectives and hypotheses, it has remained interpretive 
and dependent on the researcher’s coding framework. Sixth, the study has adopted a cross-sectional 
review logic, which means it has captured the literature at a particular stage of development rather 
than examining how AI capabilities and outcomes evolve over time within the same organizations. This 
has limited the ability to assess long-term implementation trajectories, delayed effects, or changing 
managerial responses to AI adoption. Seventh, the use of Dynamic Capabilities Theory has provided 
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strong explanatory value, but it has not fully captured every socio-technical, behavioral, or ethical 
dimension of AI implementation. Although these issues have been discussed, they have not been 
examined through a dedicated multi-theory framework. Finally, because the study has remained 
literature-review friendly and qualitative in design, it has emphasized synthesis and interpretation 
rather than advanced statistical testing. Therefore, while the conclusions have been strongly supported 
by prior research, they should still be understood as analytically grounded generalizations rather than 
universally fixed rules applicable to all organizations in all contexts. 
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