
American Journal of Interdisciplinary Studies, December 2025, 173-214 

173 
 

 

 

Development of an AI-Driven Predictive Decision Support Model for 
Multi-Domain Business Analytics and Infrastructure Optimization 

 

Rajesh Paul1;    

Doi: 10.63125/ra93qz89 
Received: 21 September 2025; Revised: 27 October 2025; Accepted: 19 November 2025; Published: 28 December  2025 

Abstract 
This study addresses the persistent organizational problem that many firms possess growing volumes of business 
and infrastructure data but still lack an integrated AI-driven predictive decision support model capable of 
converting those data into high-quality decisions and optimization outcomes across multiple domains. Its 
purpose was to develop and empirically examine a unified model linking predictive analytics, business analytics 
capability, data integration, organizational readiness, decision quality, and infrastructure optimization within 
a quantitative, cross-sectional, case-based research design. Using survey data from 210 respondents drawn from 
cloud-enabled and enterprise-oriented operational contexts across operations, IT/data systems, 
finance/planning, infrastructure or asset management, and strategy or administration, the study measured six 
core variables: AI-Driven Predictive Analytics, Business Analytics Capability, Data Integration Capability, AI 
Decision Readiness, Decision-Making Quality, and Infrastructure Optimization. The analysis plan combined 
descriptive statistics, reliability testing, correlation analysis, and multiple regression modeling. Findings 
showed strong construct reliability with Cronbach’s alpha values ranging from 0.83 to 0.89, while all major 
variables recorded high mean scores, including AI-Driven Predictive Analytics at 4.18, Business Analytics 
Capability at 4.09, AI Decision Readiness at 4.05, Decision-Making Quality at 4.21, and Infrastructure 
Optimization at 4.12. Correlation results were positive and significant, with the strongest association found 
between Decision-Making Quality and Infrastructure Optimization at r = .71, p < .001. Regression results 
indicated that the model explained 56% of the variance in Decision-Making Quality and 62% of the variance in 
Infrastructure Optimization. AI-Driven Predictive Analytics significantly improved Decision-Making Quality 
(beta = .34, p < .001), while Decision-Making Quality was the strongest predictor of Infrastructure 
Optimization (beta = .38, p < .001). Overall, the study concludes that AI-driven predictive decision support 
becomes most effective when analytical capability, integrated data, and organizational readiness are aligned, 
producing measurable gains in decision quality and infrastructure performance. The implications are that 
organizations should treat AI decision support as an integrated capability system rather than as a standalone 
technical tool. 
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INTRODUCTION 
Artificial intelligence, predictive analytics, decision support systems, business analytics, and 
infrastructure optimization are closely related concepts, yet each carries a distinct analytical meaning 
that is necessary for framing this research. In contemporary management and information systems 
scholarship, artificial intelligence is generally understood as the set of computational techniques that 
allow machines to perform tasks associated with learning, pattern recognition, classification, 
forecasting, optimization, and adaptive reasoning in complex environments (Achouch et al., 2022). 
Predictive analytics refers more specifically to statistical and algorithmic methods that use historical 
and real-time data to estimate likely future outcomes, classify emerging patterns, and support 
anticipatory action (Ben Rjab et al., 2023). Decision support systems represent organized socio-technical 
arrangements that gather, process, model, and present information so that managers can evaluate 
alternatives and improve judgments under conditions of uncertainty. Business intelligence and 
business analytics extend this logic by combining data integration, reporting, visualization, statistical 
modeling, and increasingly machine-learning-based analysis so that organizations can convert 
dispersed data into actionable insight (Choi et al., 2018). Infrastructure optimization, in turn, concerns 
the efficient planning, operation, maintenance, and continuous improvement of physical and digital 
systems such as manufacturing assets, logistics networks, energy systems, transport systems, and 
urban service platforms (Akter et al., 2016). These concepts have acquired international significance 
because organizations across advanced and emerging economies now operate in environments shaped 
by digital transactions, sensor data, platform ecosystems, and increasingly data-intensive operational 
infrastructures. Early empirical work showed that business intelligence systems improved business 
process performance and organizational performance when they were linked to managerial processes 
rather than treated as isolated technical installations (Ahmad et al., 2021). Subsequent research clarified 
that predictive analytics is not only an analytical technique but also a managerial orientation toward 
foresight, practical relevance, and evidence-based decision making. Research on supply chains and 
logistics further demonstrated that analytical capabilities influence performance when they are 
embedded within process design and information system support, while work on AI in supply chain 
management established that algorithmic intelligence had already become an operational tool for 
procurement, production, logistics, and demand management in internationally dispersed business 
settings (Chen et al., 2012). Together, these studies establish that AI-driven predictive decision support 
is not a narrow software topic; it is an organizational capability with strategic, operational, and 
infrastructural relevance across regions and industries (Arinez et al., 2020).  
The international rise of AI-driven analytics has been accompanied by a major transformation in how 
organizations define information value, managerial judgment, and enterprise performance. During the 
earlier business intelligence era, firms primarily sought timely access to integrated reports and 
dashboards so that managers could understand operational history (Fang et al., 2023). The analytics era 
expanded this emphasis by privileging prediction, simulation, segmentation, anomaly detection, and 
optimization, allowing firms to move from retrospective awareness to proactive intervention. Research 
from information systems and operations domains shows that this shift occurred because data 
volumes, processing capacity, and modeling sophistication increased simultaneously, creating 
conditions in which firms could treat analytics as a core enterprise asset rather than a specialist support 
tool. Studies on big data analytics capability describe this asset as a combination of technological 
resources, data resources, managerial skills, organizational routines, and strategic alignment. In 
practical terms, the firm-level value of AI and analytics no longer depends only on owning data; it 
depends on combining high-quality data, domain knowledge, and model-enabled managerial action. 
This international pattern appears in manufacturing, logistics, marketing, finance, and digitally 
intensive service sectors, where analytical capabilities have been linked with stronger process 
performance, operational responsiveness, and competitive results. Evidence from large-scale empirical 
studies shows that business strategy alignment and dynamic capabilities help organizations translate 
data-driven capability into business performance (Popovič et al., 2012). Reviews of the field also show 
that big data analytics capability has matured into a recognized research stream because scholars now 
examine not merely technical adoption but the mechanisms through which analytics contributes to 
competitive advantage, agility, and process-level transformation. At the same time, data-driven 
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decision making has emerged as a distinctive managerial norm in which analytical culture, managerial 
support, and the use of evidence are treated as organizational features rather than isolated managerial 
preferences (Shmueli & Koppius, 2011). This broad shift is internationally significant because global 
competition increasingly rewards organizations that can sense patterns earlier, allocate resources faster, 
and coordinate complex infrastructures more effectively than rivals through analytics-enabled 
judgment (Szpilko, 2023).  
 

Figure 1: Simplified Architecture of AI-Driven Predictive Decision Support Systems 
 

 
 
Within this evolving landscape, AI-driven predictive analytics occupies a central position because it 
expands organizational decision support from descriptive visibility toward probabilistic evaluation 
and optimization-oriented action. Predictive models classify customers, forecast demand, estimate risk, 
detect anomalies, anticipate maintenance needs, and support resource allocation under uncertainty 
(Elbashir et al., 2008). For this reason, predictive analytics has been repeatedly described in information 
systems research as a bridge between theoretical rigor and practical usefulness, since models can be 
evaluated by their power to improve real decisions rather than by explanation alone. The literature also 
shows that predictive capability is rarely the result of algorithms alone. It emerges when managerial 
competence, operational processes, technological infrastructure, and data governance interact in a 
coherent way (Mikalef, Krogstie, et al., 2020). Empirical studies have found that big data analytics 
capability improves performance through mediating mechanisms such as dynamic capabilities, 
operational capabilities, disruptive business models, resource optimization, and resource bricolage 
(Mikalef et al., 2018). These findings are important because they indicate that AI-supported prediction 
adds value when it helps organizations reconfigure routines, strengthen market responsiveness, and 
improve the quality of organizational action. Research from banking and emerging-market firms 
reinforces the same point by showing that data analytics capability is associated with stronger decision-
making performance and higher productivity when decision processes actually incorporate analytical 
outputs. Accordingly, AI-driven predictive decision support can be understood as a layered capability: 
the algorithmic layer produces forecasts or classifications; the managerial layer interprets outputs; the 
organizational layer embeds those outputs into formal and informal routines; and the strategic layer 
aligns analytical use with business objectives (Min, 2010). Such a framing is essential for the present 
study because a predictive decision support model for multi-domain business analytics cannot be 
reduced to one machine-learning artifact. It must be theorized as an integrated capability system that 
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links data interpretation, managerial choice, and operational response across domains. The 
international literature now provides strong evidence that predictive analytics creates value when it 
improves decision quality, enhances competitive performance, and supports disciplined resource 
deployment across complex organizational settings (Olabode et al., 2022).  
The phrase multi-domain business analytics is particularly relevant to this study because organizations 
do not make important decisions within a single analytical silo. Strategic planning, finance, supply 
chain management, customer operations, production management, asset utilization, and service 
delivery increasingly share data streams and performance consequences. Research on supply chains 
showed early that analytical capability influences planning, sourcing, making, and delivery processes 
when it is embedded in process orientation and information system support (Toorajipour et al., 2021). 
Subsequent studies on AI in supply chain management documented a much broader spectrum of 
algorithmic applications, including demand planning, procurement, logistics, production, and 
inventory coordination. Operations management research also demonstrated that big data analytics 
can serve forecasting, transportation, risk analysis, revenue management, and supply chain visibility, 
creating a portfolio view of analytics across operational domains rather than a single-function 
perspective. Smart city and smart infrastructure studies carry the same insight into urban and inter-
organizational contexts, where artificial intelligence and machine learning are used in mobility, energy, 
cybersecurity, communications, and public service environments (Malekloo et al., 2022). Reviews of 
smart city applications emphasize that AI contributes to policy design, resource coordination, and 
digital service delivery through integrated data infrastructures rather than through isolated 
applications. Likewise, comprehensive reviews of AI adoption in smart cities map healthcare, mobility, 
security, environment, agriculture, and energy as interconnected application fields, underscoring the 
fact that multi-domain analytics is now a practical reality in public and private systems alike. For a 
study centered on an AI-driven predictive decision support model, this body of research matters 
because it demonstrates that multi-domain analytics is not simply a theoretical aspiration; it is the 
condition under which many contemporary organizations already operate (Lin & Kunnathur, 2019). 
Analytical decisions in one domain frequently affect costs, risk exposure, service quality, or 
infrastructure load in another domain, making integrated predictive support a necessary foundation 
for coherent optimization. This international evidence supports a research design that does not isolate 
business analytics from broader organizational systems, but instead treats it as a cross-domain 
capability that links managerial intelligence with operational coordination (Herath & Mittal, 2022).  
Infrastructure optimization introduces an additional layer of importance because organizations 
increasingly rely on AI and analytics not only to understand markets and processes but also to manage 
the performance of physical and digital assets. In manufacturing, AI has been reviewed as a 
transformative force for complex, highly connected production systems because it supports 
monitoring, modeling, quality control, and coordinated decision making across system, process, and 
material levels. In predictive maintenance research, the industrial literature has shown that sensor-rich 
environments enable maintenance strategies that move from reactive and preventive routines toward 
predictive, condition-based interventions (Mikalef et al., 2019). This shift is essential for infrastructure 
optimization because equipment availability, asset health, downtime, and service continuity shape 
both operational cost and strategic performance. Similar developments are visible in civil and urban 
infrastructure, where machine learning methods are increasingly used for structural health monitoring, 
anomaly detection, and near real-time damage assessment (Gul & Al-Faryan, 2023). Energy research 
also shows that AI is being used for supply-demand balancing, renewable integration, grid control, and 
building energy efficiency, all of which are directly tied to infrastructure performance and 
optimization. Urban and municipal studies extend the same logic into waste systems, mobility systems, 
and smart service networks, showing that AI can reduce transport distance, time, and cost while 
improving sorting, monitoring, and resource recovery processes. Reviews of AI in smart cities similarly 
document applications across smart mobility, environment, governance, and economy, indicating that 
optimization problems now span both enterprise infrastructures and wider socio-technical systems. 
What emerges from this literature is a consistent picture: infrastructure optimization is increasingly 
data-driven, prediction-enabled, and algorithmically supported. This makes the present research title 
highly contemporary because it joins two streams that are already converging internationally—
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business analytics on one side and infrastructure intelligence on the other. The convergence is visible 
in the shared reliance on real-time data, model-based forecasting, adaptive control, and optimization-
oriented managerial action across manufacturing, energy, urban systems, and asset-intensive 
operations (Huang et al., 2022).  
A major challenge in the literature is that the benefits of analytics are often documented in fragmented 
ways: one stream examines business intelligence success, another examines dynamic capabilities and 
firm performance, another examines decision-making culture, and another examines AI applications 
in infrastructure domains (Ahmed & Hasan Or, 2021). This fragmentation limits understanding of how 
predictive decision support functions when organizations must simultaneously coordinate managerial 
judgment, data integration, and infrastructure performance. Earlier business intelligence research 
made clear that analytical maturity and culture affect whether information is actually used in 
managerial decision making. Capability-oriented research later showed that analytics creates value 
through alignment, process reconfiguration, and dynamic capability development (Md & Md. Mehedi, 
2021; Shamim et al., 2020). Governance-oriented studies added that decision-making performance 
depends on the quality of analytical relationships, contractual arrangements, relational mechanisms, 
and data-driven culture. More recent work on data-driven decision making in banking and other 
contexts showed that even where analytics tools are available, productivity and performance gains 
arise when organizations institutionalize evidence use in routine managerial practice (Aditya & Palash 
Chandra, 2022; Huynh et al., 2023). Reviews of AI adoption in smart cities likewise highlight 
organizational, technological, and environmental barriers, showing that data-rich settings do not 
automatically produce optimized decisions. For infrastructure-intensive environments, this is 
particularly important because technical systems, operational constraints, and business objectives must 
be coordinated in real time and across domains (Anick & Tasnim, 2022; Hisham & Robel, 2022). The 
literature therefore points to a central analytical problem: organizational value is generated not by 
isolated AI models, not by data repositories alone, and not by dashboards in isolation, but by a 
coordinated system that links predictive capability, managerial readiness, decision quality, and 
optimization outcomes. This problem is directly related to the present study because a predictive 
decision support model for multi-domain business analytics and infrastructure optimization must 
account for both the informational and operational sides of organizational performance (Siddique & 
Amin, 2022; Md & Islam, 2022; Trkman et al., 2010). It must address how analytical capability becomes 
trusted managerial input, how that input is translated into action, and how action affects infrastructure-
related outcomes. The most useful reading of the literature is thus one that treats AI-driven predictive 
decision support as an integrative organizational architecture rather than a single technology artifact 
(Mehedi & Md, 2022; Mainuddin & Chandra, 2022; Ullah et al., 2020).  
The literature already confirms that predictive analytics improves forecasting, competitive 
performance, and decision quality under suitable organizational conditions. It also confirms that AI 
applications have become widespread in supply chains, operations, manufacturing systems, smart 
cities, energy infrastructures, and data-driven financial services. What remains less integrated is a 
model that explains how these developments can be connected within one coherent decision support 
logic spanning multiple business domains and infrastructure outcomes. Systematic reviews of big data 
analytics capabilities note conceptual patchiness and methodological concentration around survey-
based performance models, indicating that the field still benefits from integrative work that clarifies 
definitions, mechanisms, and measurable relationships (Shahinur & Sultan, 2022; Mostafa & Tohidul, 
2022; Wamba et al., 2017). Reviews of AI in supply chain management, smart city adoption, and waste 
or infrastructure applications show broad diffusion of algorithms across domains, yet they also reveal 
that organizational barriers, readiness conditions, and coordination challenges remain central. 
Empirical work on decision-making performance and productivity further shows that analytical 
capability must be linked with the actual use of data in managerial processes if organizations are to 
achieve measurable gains. For that reason, the present study is positioned to examine AI-driven 
predictive decision support not as an abstract technological promise but as a measurable organizational 
model operating across business analytics and infrastructure optimization contexts. Its quantitative, 
cross-sectional, and case-study-based orientation is suitable for capturing how respondents evaluate 
predictive capability, decision quality, readiness, and optimization outcomes within a structured 
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empirical design. In this sense, the introduction leads naturally to a study that investigates the 
interdependence of AI capability, analytical use, cross-domain coordination, and optimization 
performance within one research framework, grounded in contemporary international scholarship 
from 2008 through 2023. 
Background of the Study 
The background of this study emerges from the growing dependence of modern organizations on 
intelligent systems that can transform large volumes of data into timely, accurate, and actionable 
decisions across multiple operational domains. In today’s competitive environment, businesses no 
longer function through isolated departments or disconnected information flows; rather, finance, 
operations, logistics, customer management, digital systems, and infrastructure planning are 
increasingly interdependent, and each domain generates data that influences the others. This 
interconnected reality has created a strong need for decision support models that do more than 
summarize past performance, as organizations now require predictive capabilities that can anticipate 
risks, optimize resources, improve coordination, and guide strategic actions before problems escalate. 
Artificial intelligence has become highly relevant in this context because it offers the ability to detect 
hidden patterns, learn from historical and real-time data, and support complex analytical processes 
that exceed the speed and scope of conventional decision-making methods. At the same time, business 
analytics has evolved from descriptive reporting into a broader decision-oriented function that 
integrates statistical reasoning, predictive modeling, and performance intelligence for managerial use. 
Alongside this shift, infrastructure optimization has also gained prominence because the performance 
of physical and digital infrastructure directly shapes organizational efficiency, service quality, cost 
control, and operational resilience. Many organizations still struggle with fragmented systems in which 
business analytics tools operate separately from infrastructure management processes, resulting in 
delayed decisions, poor coordination, underutilized resources, and limited visibility across domains. 
Such fragmentation weakens the ability of decision makers to respond effectively to dynamic 
environments characterized by uncertainty, complexity, and rapid change. An AI-driven predictive 
decision support model is therefore important because it offers a structured means of connecting data 
intelligence, analytical capability, and infrastructure-related decision needs within one integrated 
framework. This study is grounded in the recognition that organizations need more than data access; 
they need a model that can support predictive insight, improve decision quality, and align analytical 
outputs with optimization goals across multiple business functions and infrastructure settings. The 
background of the study therefore reflects a broader organizational transformation in which 
intelligence, prediction, and optimization are becoming central to sustainable performance and 
effective managerial control. 
Problem Statement 
The problem addressed in this study lies in the growing gap between the increasing availability of 
organizational data and the limited ability of many institutions to transform that data into integrated, 
predictive, and optimization-oriented decisions across multiple business and infrastructure domains. 
Organizations today operate in environments where decision-making is no longer confined to one 
function or one isolated information source. Business analytics now influences finance, operations, 
logistics, customer management, information systems, and infrastructure planning at the same time, 
yet many organizations still rely on fragmented analytical structures that separate data interpretation 
from actual decision support and separate business insight from infrastructure optimization. In many 
cases, analytics systems are used mainly for descriptive reporting, trend monitoring, and historical 
review rather than for predictive and forward-looking decision support. This limits the ability of 
managers and technical personnel to anticipate risks, coordinate resources, respond to dynamic 
operational changes, and optimize infrastructure performance in a consistent and timely manner. The 
absence of an integrated predictive decision support model creates several practical weaknesses, 
including inconsistent judgment across departments, delayed response to operational issues, 
duplication of data efforts, underuse of analytical capabilities, and weak alignment between strategic 
decisions and infrastructure outcomes. The challenge becomes more serious in multi-domain settings 
where decisions made in one area can directly influence performance, efficiency, or risk in another area. 
For example, weak coordination between business analytics and infrastructure planning can lead to 
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poor asset utilization, inefficient service delivery, and reduced organizational resilience. Although 
artificial intelligence offers promising capabilities for prediction, learning, pattern recognition, and 
optimization, many organizations still lack a structured model that translates these capabilities into a 
unified decision support mechanism that can be applied across diverse functional areas. Existing 
studies often address analytics performance, AI adoption, or infrastructure management separately, 
leaving limited empirical understanding of how an AI-driven predictive decision support model can 
connect these elements within one measurable framework. This study therefore addresses a clear 
research problem: the lack of an empirically grounded and practically relevant model that integrates 
AI-driven predictive analytics, decision support quality, and infrastructure optimization in a multi-
domain organizational context. 
Objectives of the Study 
The objective of this study is to develop and examine an AI-driven predictive decision support model 
that can improve decision quality and support infrastructure optimization across multiple business 
domains within a unified analytical framework. More specifically, the study seeks to investigate how 
key organizational and analytical factors contribute to the effectiveness of predictive decision support 
in complex environments where different departments, systems, and operational processes are 
interconnected. The study is designed to assess whether AI-driven predictive analytics can serve as a 
meaningful driver of better decision-making by enabling organizations to interpret data more 
intelligently, anticipate likely outcomes more accurately, and allocate resources more effectively. It also 
seeks to examine the extent to which business analytics capability strengthens infrastructure 
optimization by creating clearer relationships between analytical insight and operational action. 
Another important objective is to evaluate the role of data integration capability in improving 
organizational readiness for AI-driven decision support, since predictive systems depend not only on 
advanced models but also on the availability, accessibility, and coordination of relevant data across 
domains. In addition, the study aims to determine whether AI decision readiness contributes 
significantly to the adoption and practical usefulness of predictive decision support systems in 
organizational settings. The research also focuses on understanding whether improvements in 
decision-making quality are associated with measurable gains in infrastructure optimization outcomes, 
thereby establishing whether predictive intelligence translates into operational value rather than 
remaining an analytical exercise. Through this objective-based approach, the study is not limited to 
describing attitudes toward AI or analytics; it is intended to generate a structured explanation of how 
major variables interact in shaping the success of a predictive decision support model. The wider 
objective is to provide an empirically informed model that is academically grounded and practically 
useful for organizations seeking to improve managerial judgment, domain coordination, and 
optimization performance through intelligent analytics. In this way, the study aims to produce a 
coherent foundation for examining the relationships among predictive capability, readiness, decision 
effectiveness, and infrastructure improvement in a multi-domain environment. 
Research Hypotheses 
The research hypotheses of this study are formulated to test the expected relationships among the major 
variables that define the proposed AI-driven predictive decision support model for multi-domain 
business analytics and infrastructure optimization. These hypotheses are important because they 
convert the conceptual structure of the study into measurable propositions that can be examined 
statistically through descriptive analysis, correlation analysis, and regression modeling. The first 
hypothesis proposes that AI-driven predictive analytics has a significant positive effect on decision-
making quality. This hypothesis is based on the logic that stronger predictive capability should 
improve the accuracy, timeliness, and confidence of managerial choices. The second hypothesis states 
that business analytics capability has a significant positive relationship with infrastructure 
optimization. This assumes that when organizations possess stronger analytical competence, they are 
more able to convert data into actions that improve the performance and efficiency of operational and 
infrastructural systems. The third hypothesis proposes that data integration capability has a significant 
positive effect on AI decision readiness. This reflects the expectation that predictive decision systems 
depend on accessible, coordinated, and well-structured data environments in order to function 
effectively. The fourth hypothesis states that AI decision readiness has a significant positive effect on 
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the adoption and effectiveness of predictive decision support systems. This assumes that readiness at 
the organizational level, including technical preparedness, management support, and analytical 
maturity, plays an essential role in enabling successful use of AI-driven decision models. The fifth 
hypothesis proposes that decision-making quality has a significant positive effect on infrastructure 
optimization outcomes. This reflects the assumption that higher-quality decisions should produce 
better coordination, resource use, operational efficiency, and infrastructure performance. Taken 
together, these hypotheses form a logically connected structure in which predictive analytics, business 
analytics capability, and data integration capability serve as the key drivers, AI decision readiness acts 
as an enabling condition, and decision quality and infrastructure optimization represent the central 
outcomes. The hypotheses therefore provide the empirical backbone of the study by linking the title, 
objectives, and conceptual model into a testable research framework suitable for quantitative analysis. 
Significance of the Research 
The significance of this research can be understood from several important perspectives that reflect its 
academic, practical, analytical, and organizational value. 
i. Theoretical significance: This study contributes to academic knowledge by extending understanding 
of how artificial intelligence, predictive analytics, decision support, and infrastructure optimization can 
be integrated within one research framework. It helps position predictive decision support as a multi-
dimensional construct rather than a narrow technical tool. 
ii. Methodological significance: The study provides a structured quantitative model that can be tested 
through descriptive statistics, correlation analysis, and regression analysis using Likert-scale data. This 
offers a clear empirical approach for examining relationships among AI capability, decision readiness, 
decision quality, and optimization outcomes. 
iii. Practical significance for managers: The research is valuable for managers and decision makers 
because it offers a framework for understanding how predictive analytics can improve the quality of 
organizational decisions across interconnected functional areas. It supports more informed resource 
allocation, coordination, and planning. 
iv. Significance for business analytics professionals: For analysts, data teams, and digital transformation 
practitioners, the study highlights the importance of integrating analytical outputs with real decision 
environments rather than limiting analytics to reporting or isolated technical exercises. 
v. Significance for infrastructure planning and optimization: The research shows that infrastructure 
optimization should not be treated separately from business intelligence and predictive analysis. It 
emphasizes the operational value of linking analytical insight with infrastructure performance, 
efficiency, and resilience. 
vi. Organizational significance: The study is significant for organizations seeking to strengthen data-
driven culture, improve readiness for AI adoption, and create stronger alignment between strategy, 
operations, and infrastructure systems. 
vii. Policy and strategic significance: The findings may support institutional and strategic planning by 
showing why intelligent decision support should be considered an essential capability for 
organizations operating in complex and data-intensive environments. 
viii. Significance for future academic work: The study creates a foundation for later scholars to examine 
similar models in other industries, countries, or longitudinal settings, while also refining how multi-
domain predictive decision support is measured and interpreted. 
LITERATURE REVIEW 
Literature Review Introduction 
The literature review for this study is grounded in the growing scholarly recognition that artificial 
intelligence, predictive analytics, business analytics, and decision support systems have become central 
to the way modern organizations interpret data, allocate resources, manage uncertainty, and improve 
performance across interconnected domains. As organizations increasingly depend on digital 
platforms, integrated information systems, and data-rich infrastructures, the relationship between 
analytical capability and operational effectiveness has become more complex and more significant. The 
literature shows that traditional business intelligence approaches were initially focused on descriptive 
reporting and historical performance monitoring, but contemporary research has expanded toward 
predictive, adaptive, and optimization-oriented analytical models that support real-time and forward-
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looking managerial action. This shift has positioned AI-driven predictive decision support as a major 
topic in business, information systems, operations, and infrastructure-related research. At the same 
time, scholars have emphasized that analytical success depends not only on algorithms or software 
tools but also on broader organizational conditions such as data integration, technical readiness, 
management support, analytical culture, and strategic alignment. The literature also reveals that multi-
domain environments create a special need for integrated models because decisions in one domain 
often affect efficiency, service quality, cost, and performance in other domains. In this context, 
infrastructure optimization has emerged as an increasingly relevant outcome of business analytics, 
particularly in organizations where physical and digital systems shape operational continuity and 
resource efficiency. A careful review of the literature is therefore necessary to establish the conceptual 
boundaries of the study, identify the major variables, clarify the theoretical basis, and reveal the 
empirical gaps that justify the current research. This literature review is designed to synthesize the most 
relevant scholarship on AI-driven predictive analytics, business decision support, multi-domain 
analytical capability, and infrastructure optimization in order to create a coherent foundation for the 
proposed research model. It also aims to show how prior studies have treated the relationships among 
predictive capability, organizational readiness, decision quality, and optimization performance, while 
identifying the need for a more integrated framework that reflects the realities of complex 
organizational environments. In this way, the literature review serves as the intellectual bridge between 
the problem addressed in the study and the methodology used to test its hypotheses and objectives. 
AI-Driven Predictive Analytics in Business Decision Support 
AI-driven predictive analytics has become one of the most important developments in business 
decision support because it extends organizational analysis from static reporting toward model-based 
anticipation, classification, and action. In the decision support tradition, the central aim of analytical 
systems is not only to collect data but to convert data into insight that improves the quality, speed, and 
consistency of managerial judgment. Recent literature shows that this transition has accelerated as 
firms increasingly rely on machine learning, advanced analytics, and large-scale data infrastructures to 
guide operational and strategic choices (Cao et al., 2019; Khatun & Morshedul, 2022; Zakia & Nahar, 
2022). Duan et al. explained that AI-based decision systems in the big data era have evolved from 
narrow expert-oriented tools into more adaptive systems capable of supporting structured, semi-
structured, and complex decision contexts through pattern discovery, intelligent recommendation, and 
predictive inference. Their work is especially important because it treats AI not as an isolated technical 
innovation but as a decision-oriented capability whose usefulness depends on the interaction between 
data, algorithms, organizational context, and human interpretation. In a related way, Phillips-Wren et 
al. argued that business intelligence and analytics should be understood as part of the broader decision 
support systems tradition, since their main function is still to transform increasing volumes of data into 
deeper managerial insight (Islam & Aditya, 2023; Li et al., 2022; Arifur & Haque, 2023). This position is 
highly relevant for the present study because it clarifies that predictive analytics is not a replacement 
for decision support; rather, it is an advanced extension of it, combining data integration, model-based 
reasoning, and analytical presentation within a unified support architecture (Khaled & Mosheur, 2023; 
Shahab & Aditya, 2023). These arguments establish that AI-driven predictive analytics strengthens 
business decision support by allowing organizations to move beyond retrospective description and 
toward evidence-based anticipation, scenario evaluation, and improved managerial responsiveness. In 
this sense, predictive decision support becomes a socio-technical capability in which algorithms 
provide probabilistic intelligence, managers interpret patterns, and organizations translate those 
outputs into coordinated decisions that are more informed than conventional judgment alone (Hasan 
Or et al., 2023; Mehedi & Nahar, 2023).  
The literature also shows that the effectiveness of predictive analytics in business decision support 
depends on organizational capabilities that allow insights to be absorbed, interpreted, and converted 
into action. This means that the value of analytics does not emerge automatically from data access or 
computational power; it emerges when firms develop structures that support the meaningful use of 
analytical outputs in managerial processes. Božič and Dimovski demonstrated that business 
intelligence and analytics create organizational value when insights generated by analytical systems 
are transformed into valuable knowledge through absorptive capacity. Their findings are important 



American Journal of Interdisciplinary Studies, December 2025, 173-214 

182 
 

because they identify technological assets, human assets, and relational assets as key supports for 
converting analytical outputs into business value (Božič & Dimovski, 2019; Sultan & Anick, 2023; 
Mostafa, 2023). This perspective fits closely with business decision support because it shows that 
predictive models are only one part of the wider value chain; organizations must also possess the ability 
to recognize the significance of insights, assimilate them, and apply them in practical settings. A similar 
capability-oriented view appears in the work of Cao et al., who found that information processing 
capability contributes to competitive advantage through the mediating role of decision-making 
effectiveness (Ratul & Aditya, 2023; Tasnim & Zaheda, 2023). Their study opens the “black box” 
between analytics-related capability and organizational outcomes by showing that better information 
processing improves decisions, and improved decisions then support stronger organizational 
performance. For the present research, these studies are especially useful because they establish that 
predictive decision support should be analyzed as a capability system rather than a software feature. 
AI-driven analytics becomes influential when it is embedded in routines of information interpretation, 
problem diagnosis, alternative evaluation, and coordinated response across business functions. 
Therefore, the literature supports the view that predictive decision support is strengthened by 
absorptive capacity, information processing quality, and decision effectiveness, all of which help 
organizations translate analytical intelligence into actual managerial value (Duan et al., 2019; Iftekhar 
&Tohidul, 2024; Khaled & Morshedul, 2024).  
 

Figure 2: Conceptual Model of AI-Driven Predictive Decision Support Capability 
 

 
 
Another important strand of the literature emphasizes that predictive analytics affects decision support 
not only at the operational level but also at higher strategic levels where uncertainty, complexity, and 
organizational consequences are much greater. Research on big data and business analytics should 
move beyond simple technology-performance assumptions and focus on the mechanisms through 
which analytics generates business value in real organizational settings. Their framework is relevant 
because it encourages scholars to examine analytics as an organizational phenomenon shaped by 
implementation practices, contextual conditions, and value-creation pathways rather than as a neutral 
technical input (Towhidul & Uddin, 2024; Merendino et al., 2018; Mushfequr & Aditya, 2024). In line 
with this broader view, Li et al. showed that big data analytics usage can significantly improve decision-
making quality, with analytics capability acting as an important mediating mechanism. Their findings 
are particularly relevant to this study because they connect actual analytics use with the quality of 
organizational decisions, thereby reinforcing the central claim that decision support systems become 
more effective when predictive capability is meaningfully developed and used. At the strategic level, 
the consequences of analytics are also more complex. Merendino et al. found that big data changes 
board-level decision-making by increasing demands on cognitive capability, altering board cohesion, 
and requiring new ways of working at the senior management level (Mikalef, Pappas, et al., 2020; 
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Sazzadul & Rebeka, 2024; Tasnim & Anick, 2024). This contribution is valuable because it shows that 
data-rich decision environments do not simply make decisions easier; they also reshape the conditions 
under which decisions are interpreted, debated, and authorized. Taken together, these studies show 
that AI-driven predictive analytics enhances business decision support by improving decision quality, 
enriching evaluative capacity, and expanding the informational basis of managerial action, while also 
creating new organizational demands related to cognition, coordination, and analytical maturity. For 
this research, the literature therefore provides a strong basis for treating predictive decision support as 
an integrated organizational capability whose influence can be examined empirically across multiple 
business domains (Li et al., 2022).  
Multi-Domain Business Analytics and Infrastructure Optimization 
Multi-domain business analytics refers to the coordinated use of data, analytical tools, and decision 
logic across several functional areas of an organization rather than within a single isolated department. 
In contemporary organizations, finance, operations, supply chain, customer management, asset 
management, and digital service systems increasingly exchange information and generate 
interdependent performance outcomes. This makes multi-domain analytics an essential capability for 
organizations that seek consistent decision quality across complex environments. The literature shows 
that business analytics creates value not simply by generating insights, but by supporting a chain of 
organizational activities in which data are analyzed, interpreted, translated into decisions, and then 
transformed into action. This view is particularly important for the present study because it highlights 
that analytical success depends on cross-functional coordination. Business analytics has been shown to 
contribute to business value through an analyze–insight–decision–action process, which means that 
value emerges when analytics is integrated into organizational routines rather than treated as a stand-
alone technical output (Wixom et al., 2014). In a similar way, business analytics capability has been 
found to support business value through a combination of technology assets, organizational capability, 
and operational performance measures, demonstrating that analytics can influence different business 
functions simultaneously (Krishnamoorthi & Mathew, 2018). These studies are especially useful for 
understanding multi-domain business analytics because they move the discussion away from single-
function performance and toward the broader organizational architecture through which analytics 
supports planning, coordination, and control. In practical terms, when organizations connect predictive 
and descriptive insights across domains, they improve visibility into the interactions among 
commercial activity, operational efficiency, and resource utilization. For this reason, multi-domain 
business analytics should be understood as a capability for integrating analytical intelligence across 
business units so that decisions in one area are informed by consequences in others. Such a view 
supports the present study’s emphasis on a predictive decision support model that can operate across 
interconnected functional environments rather than within a narrow decision silo. 
The relevance of multi-domain analytics becomes even clearer when business value is linked to 
infrastructure-intensive settings in which operational systems, physical assets, and energy or service 
networks shape organizational performance. Infrastructure optimization is not limited to engineering 
efficiency; it also concerns how business goals are achieved through the effective use, monitoring, and 
coordination of physical and digital infrastructures. This is why the literature increasingly connects 
analytics with domains such as energy management, urban systems, and operations planning. Research 
on intelligent energy management in smart cities has shown how machine learning tools can be fused 
with building energy simulation to support more adaptive and optimized infrastructure decisions (Md, 
2025; Vázquez-Canteli et al., 2019; Zaheda & Hamidur, 2024). This work is significant because it 
demonstrates how predictive modeling can move beyond conventional reporting and actively optimize 
infrastructure-related decisions through simulation, control, and real-time responsiveness. In this 
context, analytics does not merely explain energy use; it supports actionable decisions about system 
behavior, resource allocation, and operational adjustment. That insight aligns well with the present 
research, where infrastructure optimization is treated as a decision outcome influenced by analytical 
capability. Multi-domain analytics is therefore not only a business intelligence concern; it is also a 
mechanism through which organizations can connect business priorities with infrastructure conditions. 
When organizations use predictive and integrated analytics across domains, they can better align 
demand patterns, cost structures, asset conditions, and system efficiency. This creates a more coherent 
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decision environment in which operational infrastructures are managed with stronger informational 
support. The significance of this relationship is especially high in data-intensive organizations where 
infrastructure performance directly affects service continuity, financial outcomes, and strategic 
flexibility. For that reason, literature on intelligent energy management and infrastructure-linked 
analytics provides strong support for the idea that business analytics should be studied together with 
infrastructure optimization rather than as an unrelated managerial topic (J. Liu et al., 2023). Multi-
domain business analytics, in this sense, is both a managerial and an operational capability that helps 
organizations align performance goals with the behavior of the infrastructures on which those goals 
depend. 
 

Figure 3: Analytical Integration Model for Business and Infrastructure Performance 
 

 
 
The infrastructure side of this relationship has also been strengthened by recent work on structural 
monitoring, digital twins, and intelligent maintenance systems, all of which show that optimization 
increasingly depends on integrated data environments and predictive reasoning. In civil and industrial 
contexts, infrastructure optimization requires continuous information about asset condition, system 
behavior, and maintenance needs so that decisions can be made before failures or inefficiencies become 
severe. Machine learning has become an important method in structural health monitoring because it 
can support regression, classification, clustering, and damage detection across diverse civil 
infrastructure systems (Flah et al., 2021; Khaled, 2025; Shahab, 2025). This is highly relevant to this 
study because it demonstrates that predictive analytics now plays a direct role in infrastructure 
performance management rather than remaining an abstract analytical concept. Similarly, digital twin 
technologies are increasingly used in civil infrastructure because they improve real-time monitoring, 
model integration, and system understanding across smart cities, transport systems, and energy 
systems (Liu et al., 2023; Mostafa, 2025; Sazzadul, 2025). This is particularly important for multi-domain 
research because digital twins connect multiple streams of infrastructure and operational data into one 
analytical environment. The same logic appears in recent maintenance research, where digital twin 
qualification has been linked with fidelity, timeliness, integration, and performance improvement 
across industrial domains. More standardized approaches are needed so that digital twins can become 
more trustworthy and useful in maintenance optimization, a point that strengthens the case for 
studying infrastructure optimization as a structured outcome of analytical readiness and decision 
support (Shakil, 2025; Shakil et al., 2025). Taken together, these studies show that infrastructure 
optimization now depends on predictive, integrated, and cross-domain analytics capable of supporting 
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maintenance planning, asset monitoring, and coordinated operational decisions. This literature 
provides a strong basis for the present study because it confirms that multi-domain analytics is 
increasingly inseparable from infrastructure intelligence. Business analytics and infrastructure 
optimization therefore belong in the same analytical conversation, especially in organizations where 
decision quality, system performance, and resource efficiency are tightly connected (Flah et al., 2021). 
Determinants of Predictive Decision Support Effectiveness 
The effectiveness of predictive decision support is determined by a combination of technological, 
organizational, and process-related conditions that shape whether analytical outputs are transformed 
into dependable managerial action. Predictive systems may generate sophisticated forecasts, 
classifications, and recommendations, yet their organizational value depends on the quality of the 
environment in which they are developed and used. One important determinant is the strength of 
business analytics capability itself, because organizations need not only software tools but also data 
management routines, analytical skills, and process integration to make predictive outputs useful in 
practice. When analytical capability is weak, predictive models often remain disconnected from 
operational decisions, and when capability is strong, they are more likely to be embedded in business 
processes where they can influence planning, coordination, and performance. Evidence from firm-level 
research shows that business analytics adoption contributes to better firm performance through 
improvements in business process performance, indicating that predictive decision support becomes 
more effective when analytics is linked to the processes through which decisions are implemented 
rather than treated as a separate technical activity (Zaim, et al., 2019). Another major determinant is the 
organizational ability to capture business value from analytics investments. Research on European 
firms shows that big data analytics creates value through a chain that includes knowledge resources, 
organizational agility, and process-level outcomes, suggesting that predictive decision support 
effectiveness depends on the broader organizational capacity to interpret and mobilize analytical 
outputs within real business settings (Côrte-Real et al., 2017). These findings are highly relevant to the 
present study because they show that predictive decision support is not simply a property of an 
algorithm. It is an outcome of capability alignment, process readiness, and organizational use. In this 
sense, effectiveness depends on whether the organization has the structures, routines, and performance 
mechanisms needed to connect predictive insight with actual managerial choice. Predictive decision 
support therefore works best when technical capability and business process capability reinforce each 
other in a coordinated way, creating a reliable path from data analysis to decision quality and 
organizational optimization. 
A second major determinant of predictive decision support effectiveness is data quality and the broader 
condition of data integration, because predictive outputs are only as useful as the data foundations on 
which they are built. In organizations that operate across multiple domains, data often come from 
different departments, systems, formats, and time horizons, which creates substantial challenges for 
consistency, interoperability, completeness, and accuracy. Predictive decision support becomes less 
effective when data are fragmented, poorly governed, or weakly integrated, since model outputs may 
then lack trustworthiness, timeliness, or contextual relevance. Research examining firms in Europe and 
the United States has shown that the business value derived from Internet of Things and big data 
analytics initiatives is significantly influenced by data quality, demonstrating that data quality is not a 
peripheral technical issue but a direct condition for extracting usable value from advanced analytics 
investments (Côrte-Real et al., 2020). This insight is particularly significant for predictive decision 
support because organizations increasingly depend on real-time and cross-functional data flows when 
making operational and strategic decisions. Another determinant closely related to data quality is 
organizational data-driven culture. Predictive decision support is more effective in organizations 
where analytical outputs are taken seriously, where employees and managers regard data as a core 
asset, and where exploration and learning are supported by analytical thinking. Empirical work has 
shown that business analytics capability strengthens competitive advantage by enhancing data-driven 
culture and exploratory behavior, indicating that predictive effectiveness is increased when 
organizations cultivate a culture that encourages the active interpretation and use of analytical evidence 
in managerial work (Almazmomi et al., 2022). This suggests that data quality alone is not sufficient. 
Organizations also require a cultural environment in which clean, integrated, and well-governed data 
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are matched by a willingness to use them for inquiry, experimentation, and evidence-based choice. 
Predictive decision support is therefore strengthened when data quality and analytical culture are 
jointly developed, allowing model outputs to be both technically credible and socially accepted within 
the organization. 
 

Figure 4: Organizational And Data-Driven Determinants Of Predictive Decision Support 
 

 
 
A third determinant of predictive decision support effectiveness is organizational readiness, including 
top management support, implementation preparedness, and adoption conditions that enable 
analytical systems to move from aspiration to sustained use. Even when firms possess data and 
analytics tools, predictive decision support remains limited if leadership commitment is weak, if 
decision authority is not aligned with analytics use, or if organizations lack the readiness to absorb and 
institutionalize analytical change. Studies of small and medium-sized enterprises show that 
technological, organizational, and environmental factors significantly influence big data analytics 
adoption, while top management support serves as an important mediating mechanism in turning 
these conditions into actual adoption behavior (Maroufkhani et al., 2023). This makes readiness a 
central determinant because predictive decision support cannot become effective unless the 
organization is prepared to invest in adoption, training, coordination, and sustained managerial use. 
Related evidence from managerial contexts further shows that business intelligence and analytics 
adoption improves decision-making effectiveness and managerial work performance, reinforcing the 
idea that predictive systems become useful when organizations support their use in routine managerial 
activities rather than limiting them to isolated technical functions (Hurbean et al., 2023). Together, these 
studies highlight that readiness is both structural and behavioral. It includes leadership endorsement, 
strategic commitment, implementation support, and the normalization of analytics within daily 
decision processes. For the present research, this is especially important because an AI-driven 
predictive decision support model for multi-domain business analytics and infrastructure optimization 
requires not only analytical capability and high-quality data but also an organization willing and able 
to adopt, trust, and apply predictive outputs across interconnected domains. Effectiveness therefore 
rests on a cumulative set of determinants: capable analytics processes, strong data quality, supportive 
analytical culture, and organizational readiness backed by managerial commitment. When these 
determinants are present together, predictive decision support is more likely to improve decision 
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quality, strengthen operational coordination, and support optimization outcomes across diverse 
organizational environments. 
Technology–Organization–Environment (TOE) Framework 
The theoretical foundation most suitable for this study is the Technology–Organization–Environment 
(TOE) framework because it explains organizational technology adoption as the product of three 
interrelated contexts: the technological context, the organizational context, and the environmental 
context. This framework is especially appropriate for a study on an AI-driven predictive decision 
support model because the model being proposed is not merely a technical artifact; it is an 
organizational capability that depends on technological readiness, internal managerial and structural 
support, and external pressures or industry conditions. Firm-level adoption research has consistently 
treated TOE as one of the most robust frameworks for explaining why organizations accept, implement, 
and routinize advanced technologies, since it captures the interaction between technical characteristics, 
organizational resources, and external influence in a single explanatory lens (Gangwar et al., 2015). In 
the context of this research, the technological dimension can explain the relevance of AI-driven 
predictive analytics, data integration capability, model compatibility, and information infrastructure. 
The organizational dimension helps explain business analytics capability, managerial support, 
analytical culture, human competence, and AI decision readiness. The environmental dimension 
contributes a wider explanation by recognizing that organizations do not adopt predictive systems in 
isolation; they operate under competitive pressures, sector expectations, partner demands, and 
regulatory conditions that shape how advanced analytics and decision support systems are used (Bany 
Mohammad et al., 2022).   
The TOE framework is therefore theoretically valuable because it aligns with the multi-domain 
character of the present study. Business analytics and infrastructure optimization occur across finance, 
operations, logistics, IT, and service systems, meaning that predictive decision support must be 
understood as an organizational response to interconnected internal and external conditions. This 
makes TOE more suitable than narrower individual-level acceptance models, because the present 
research focuses on organizational readiness, cross-domain analytical capability, and optimization 
performance rather than on personal attitudes alone. As a result, TOE provides a strong theoretical 
base for explaining the factors that influence the development, adoption, and practical effectiveness of 
AI-driven predictive decision support in organizational settings (Gangwar et al., 2015).  
A major strength of the TOE framework is that it can be directly mapped onto the core constructs of 
this study in a conceptually coherent way. Within the technological context, AI-driven predictive 
analytics represents the organization’s ability to use advanced analytical techniques, machine learning, 
and predictive reasoning to support better decisions. Data integration capability also belongs to this 
context because predictive decision systems require accessible, compatible, and well-structured data 
from multiple domains. Earlier TOE-based studies on cloud computing, big data, and business 
analytics adoption have shown that perceived technological benefits, compatibility, and complexity 
strongly influence whether organizations adopt advanced analytical systems and how effectively they 
use them (AL-khatib, 2023). Within the organizational context, business analytics capability and AI 
decision readiness are especially important because they reflect the internal competencies, structures, 
management commitment, and resource arrangements that allow predictive systems to move from 
technical possibility to operational reality. TOE-based research in business analytics has emphasized 
that organizational data environment, human resource competency, and management support are 
critical to adoption and meaningful use, which is highly consistent with the logic of the present study 
(Horani et al., 2023). The environmental context is also relevant because organizations develop 
predictive decision support within competitive industries and evolving digital ecosystems. External 
pressures often influence whether firms accelerate AI use, invest in analytics, or improve infrastructure 
intelligence. Recent TOE-based AI research has further shown that customer pressures, competitive 
pressures, and sectoral expectations can shape the adoption of generative AI and related intelligent 
systems, confirming that environmental conditions remain relevant even when the technology itself 
appears internally driven (Kumar & Krishnamoorthy, 2020). For this reason, TOE does not merely 
justify technology adoption in a general sense; it helps explain how predictive decision support 
becomes viable when technological capability, organizational readiness, and environmental relevance 
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reinforce each other. This is precisely why the framework fits a study concerned with multi-domain 
business analytics and infrastructure optimization.  
 

Figure 5: Integrated TOE Model For AI-Driven Decision Support Systems 
 

 
 
The TOE framework also supports the analytical structure of this study by providing a logical basis for 
the regression model that will be applied in the methodology and results chapters. Since this research 
is quantitative and aims to test how several explanatory factors influence decision-making quality and 
infrastructure optimization, the most appropriate general formula is the multiple linear regression 
model: Y = β₀ + β₁X₁ + β₂X₂ + β₃X₃ + … + βₙXₙ + ε. In the context of this research, the model can be 
adapted as: IO = β₀ + β₁AIPA + β₂BAC + β₃DIC + β₄AIDR + β₅DMQ + ε, where IO represents 
infrastructure optimization, AIPA represents AI-driven predictive analytics, BAC represents business 
analytics capability, DIC represents data integration capability, AIDR represents AI decision readiness, 
and DMQ represents decision-making quality. A related model can also be used for decision-making 
quality as a dependent variable: DMQ = β₀ + β₁AIPA + β₂BAC + β₃DIC + β₄AIDR + ε. These equations 
are theoretically defensible under TOE because the independent variables largely represent 
technological and organizational conditions that shape organizational outcomes. The framework is 
therefore not only descriptive but operational, since it guides the selection of variables, the direction of 
hypotheses, and the statistical testing strategy. Recent literature reviews and empirical studies on 
business analytics adoption at the organizational level support this application by showing that TOE-
derived factors remain central in explaining business analytics uptake, organizational use, and 
resulting innovation or performance effects (Sun et al., 2016). In this study, TOE will therefore function 
as the main theory underpinning the whole research by explaining why predictive decision support 
effectiveness depends on technological strength, organizational preparedness, and contextual 
pressures, while the regression formula will serve as the main empirical tool for testing those 
relationships within the proposed model.  
Conceptual Framework 
The conceptual framework of this study is designed to explain how an AI-driven predictive decision 
support model can strengthen decision-making quality and infrastructure optimization across multiple 
business domains by linking analytical capability, data conditions, and organizational readiness within 
one integrated structure. A conceptual framework is important because it converts the broad ideas of 
a study into a logically connected set of constructs that can be examined empirically. In the present 
research, the framework is centered on six major constructs: AI-driven predictive analytics, business 
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analytics capability, data integration capability, AI decision readiness, decision-making quality, and 
infrastructure optimization. The first three constructs are treated as the major input or enabling 
variables because they represent the conditions through which predictive decision support is generated 
and sustained in organizations. AI-driven predictive analytics reflects the organization’s use of 
intelligent analytical methods to identify patterns, forecast outcomes, and support evidence-based 
managerial choices. Business analytics capability refers to the broader ability of the organization to 
manage data resources, apply analytical tools, and embed insight into business processes. Data 
integration capability captures the extent to which data from multiple sources and domains can be 
consolidated, structured, and made accessible for timely analysis. This structure is strongly supported 
by prior work showing that big data analytics capability is not a single technical asset but a composite 
organizational capability built from tangible, human, and intangible resources that jointly improve 
performance (Gupta & George, 2016). The framework also draws support from research showing that 
analytics capability and sensing capability improve operational performance when they are embedded 
in organizational routines and supported by data-driven culture (Wong & Ngai, 2023). In conceptual 
terms, this means that the proposed framework does not treat predictive decision support as a stand-
alone software outcome. Instead, it treats it as the result of an organizational system in which data, 
analytical competence, and strategic use reinforce one another. This is especially appropriate for the 
present study because multi-domain business analytics requires organizations to connect different 
functional areas, while infrastructure optimization requires those insights to be translated into 
coordinated operational outcomes. The conceptual framework therefore provides a coherent map of 
how analytical inputs become decision-oriented outputs in complex organizational environments 
(Gupta & George, 2016). 
The second layer of the conceptual framework focuses on the mediating and outcome relationships 
through which the value of predictive decision support is realized. In this study, AI decision readiness 
is positioned as an important mediating construct because the presence of data and analytics capability 
does not automatically guarantee effective use of AI-driven systems. Readiness captures the 
organization’s technical preparedness, managerial support, human competence, and willingness to 
embed predictive systems into actual decision processes. This positioning is supported by evidence 
showing that firms create value from big data analytics only when they possess both structural 
readiness, such as infrastructure capability and tool functionality, and psychological readiness, such as 
a proactive climate toward analytics use (Ghasemaghaei, 2019b). The framework then links AI decision 
readiness to decision-making quality, which is one of the central dependent variables of the study. 
Decision-making quality refers to the extent to which organizational decisions are timely, accurate, 
informed, and consistent with available evidence. This relationship is reinforced by research 
demonstrating that data analytics competency significantly improves decision quality and decision 
efficiency when firms possess strong data quality, analytical skills, domain knowledge, and tool 
sophistication (Ghasemaghaei et al., 2018). In addition, studies on analytics usage show that the effect 
of data analytics on decision quality becomes stronger when organizations facilitate knowledge sharing 
and embed analytics use into their decision routines, which further supports the logic that readiness 
and competency act as intervening mechanisms between analytics inputs and decision outcomes 
(Ghasemaghaei, 2019a). In the context of this study, decision-making quality is not treated as the final 
endpoint. It is an intermediate performance outcome that also influences infrastructure optimization, 
because better business decisions are expected to improve coordination, resource allocation, 
operational efficiency, and the management of physical or digital infrastructures. The conceptual 
framework therefore reflects a chain logic: predictive capability and data integration shape readiness, 
readiness strengthens decision quality, and stronger decision quality improves optimization outcomes. 
This gives the study a more rigorous internal structure by showing that infrastructure optimization is 
not merely associated with analytics in a general way, but is connected through identifiable 
intermediate mechanisms grounded in the literature. 
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Figure 6: Analytical Framework Linking AI Capability, Decision Quality, And Infrastructure 
Optimization 

 

 
 
The third layer of the conceptual framework concerns the empirical representation of these 
relationships and the formulas that can be used to test them in the study. Since the proposed model is 
quantitative and seeks to examine the influence of several independent and mediating variables on two 
major outcomes, the most appropriate analytical expression is a set of multiple regression equations. 
The first equation models decision-making quality as a function of the principal explanatory variables: 
DMQ = β₀ + β₁AIPA + β₂BAC + β₃DIC + β₄AIDR + ε. In this formula, DMQ represents decision-making 
quality, AIPA represents AI-driven predictive analytics, BAC represents business analytics capability, 
DIC represents data integration capability, AIDR represents AI decision readiness, β₀ is the intercept, 
β₁–β₄ are regression coefficients, and ε is the error term. The second equation models infrastructure 
optimization as the broader operational outcome of the framework: IO = β₀ + β₁AIPA + β₂BAC + β₃DIC 
+ β₄AIDR + β₅DMQ + ε. Here, IO represents infrastructure optimization, and the inclusion of DMQ 
reflects the conceptual claim that high-quality decisions help translate analytical capability into 
operational and infrastructural improvement. These formulas fit the conceptual framework because 
they mirror its causal ordering and allow the study to test both direct and indirect relationships among 
variables. The suitability of this approach is strengthened by studies showing that analytics culture 
mediates the effect of analytics-enabled sensing capability on organizational outcomes and that the 
benefits of analytical emphasis are realized through analytical decision-making culture and stronger 
data use in decision processes (Fosso Wamba et al., 2024). Together, these findings support the 
framework’s basic proposition that predictive decision support effectiveness is produced through a 
structured interaction of capability, culture, readiness, and decision behavior. Accordingly, the 
conceptual framework for this study is not only a visual or descriptive guide; it is a theory-informed 
analytical model that identifies the constructs, specifies their expected relationships, and provides the 
basis for statistical testing in later chapters (Koschmider et al., 2024). 
Empirical Review and Research Gap 
The empirical literature provides strong evidence that analytics-related capabilities can improve 
organizational decision making and performance, yet the findings also show that value creation is 
conditional rather than automatic. One stream of work demonstrates that business and information-
system capabilities affect firm outcomes through decision-centered mechanisms. A firm-level study in 
Turkey found that information system capabilities influenced firm performance through decision-
making performance and business-process performance, showing that technical capability is most 
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valuable when it improves the quality and effectiveness of managerial action rather than operating as 
an isolated technological resource (Aydiner, Tatoglu, Bayraktar, & Zaim, 2019). A second line of 
evidence has focused more directly on predictive analytics. Using large-scale survey data from more 
than 30,000 U.S. manufacturing establishments, one study reported that establishments using 
predictive analytics exhibited higher productivity, while also showing that the gains were strongest 
when predictive analytics was combined with workplace complements such as IT capital, educated 
workers, and flow-efficient production systems (Brynjolfsson et al., 2021). This empirical result is highly 
important for the present study because it suggests that predictive analytics does not create value 
uniformly across organizations; instead, its effects depend on whether supporting organizational 
conditions are in place. A related empirical pattern appears in research on big data analytics diffusion. 
A multiple-case study of 27 European firms found that organizational inertia can hinder the 
development of sensing, seizing, and transforming capabilities during big data analytics deployment, 
indicating that even when organizations invest in analytics, internal resistance and structural rigidity 
may block capability development and reduce realized benefits (Mikalef et al., 2021). Taken together, 
these empirical studies show that predictive and analytics-enabled decision support can strengthen 
performance, productivity, and managerial effectiveness, yet they also demonstrate that 
complementary assets, process integration, and organizational adaptability are central to success. For 
this research, that body of evidence is useful because it confirms that the relationship between AI-
driven predictive analytics and business outcomes should be examined through intermediate 
mechanisms such as readiness, decision quality, and process alignment rather than through a simple 
direct-effect assumption.  
A second group of empirical studies is especially relevant because it examines analytics use in contexts 
closer to practical decision support and cross-functional implementation. Research on software and 
systems development projects found that business analytics adoption and continuance are shaped by 
factors connected to usefulness, compatibility, and effective usage, reinforcing the idea that 
organizations benefit from analytics when it becomes embedded in operational work rather than 
remaining an abstract strategic intention (Ahmad et al., 2023). Although this project-based context 
differs from the broader multi-domain context of the present study, it still offers an important empirical 
lesson: analytics capabilities need user acceptance, workflow fit, and sustained usage if they are to 
improve organizational decisions. Another recent empirical study of Chinese firms examined the role 
of big data analytics in corporate decision making and found positive effects on rational decision-
making outcomes such as productivity and profitability, while also showing that human capital at the 
executive level partially mediates the relationship between analytics and performance (Shao, 2023). 
This finding is important because it links analytics directly to decision rationality and indicates that 
leadership competence remains a decisive element in the conversion of data processing into measurable 
organizational gains. When these studies are read alongside the broader performance literature, a 
consistent message emerges: analytics systems can improve decisions, but the pathway from analytics 
usage to organizational value is mediated by contextual factors such as executive capability, 
implementation quality, and process fit. At the same time, these empirical contributions reveal a 
limitation in the existing literature. Most studies examine one setting at a time, such as manufacturing 
plants, software development projects, or single-country firm samples, and they typically focus on one 
dominant dependent variable, such as productivity, firm performance, or project effectiveness 
(Aydiner, Tatoglu, Bayraktar, & Zaim, 2019). There is far less empirical work that simultaneously 
captures predictive analytics capability, organizational readiness, decision-making quality, and 
infrastructure-related outcomes within one integrated model. This limitation is especially important 
for the current research because organizations increasingly make decisions across interconnected 
business and infrastructure domains rather than within isolated projects or functions.  
The main research gap therefore lies in the limited integration of empirical findings across analytics 
capability, decision support quality, and optimization outcomes in multi-domain organizational 
environments. Existing studies provide valuable evidence on separate links in the chain. Some 
demonstrate that information-system capability works through decision-making and process 
performance (Brynjolfsson et al., 2021), some show that predictive analytics raises productivity when 
organizational complements are present (Ahmad et al., 2023), some highlight how inertia constrains 
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capability development during analytics deployment (Mikalef et al., 2021), and others show that usage 
quality, executive human capital, and contextual fit matter greatly for analytics success (Aydiner, 
Tatoglu, Bayraktar, & Zaim, 2019).  
 

Figure 7: Research Gap Model In AI-Driven Predictive Decision Support Literature 
 

 
 
Even so, the literature remains fragmented in three ways. First, most empirical studies are organized 
around firm performance, productivity, or adoption outcomes, while giving less direct attention to 
decision-making quality as a central dependent construct. Second, infrastructure optimization is rarely 
modeled together with business analytics, even though operational and digital infrastructures 
increasingly shape the feasibility and value of organizational decisions. Third, most prior studies are 
context-specific and do not offer a unified empirical structure capable of explaining how AI-driven 
predictive analytics, business analytics capability, data integration conditions, and decision readiness 
jointly influence both decision quality and optimization outcomes across multiple domains. This study 
is designed to address those gaps by developing an integrated quantitative model in which AI-driven 
predictive analytics, business analytics capability, and data integration capability act as major 
explanatory variables, AI decision readiness operates as an enabling condition, and decision-making 
quality and infrastructure optimization are treated as linked outcome variables. In that sense, the 
present research extends prior empirical work by connecting separate insights into one framework that 
is better suited to contemporary organizations operating across finance, operations, digital systems, 
and infrastructure-intensive processes. The study also responds to the literature’s need for cross-
domain empirical evidence that moves beyond adoption alone and examines whether predictive 
decision support produces decision quality that is sufficiently strong to support broader optimization 
goals in complex organizational settings (Mikalef et al., 2021).  
RESEARCH METHODOLOGY 
This methodology chapter has presented the overall research procedures that have guided the study 
titled Development of an AI-Driven Predictive Decision Support Model for Multi-Domain Business Analytics 
and Infrastructure Optimization. The chapter has been structured to explain how the research has been 
designed, how the study context has been defined, how the respondents have been identified, and how 
the data have been collected and analyzed in a systematic and academically rigorous way. Since the 
purpose of the study has been to examine the relationships among AI-driven predictive analytics, 
business analytics capability, data integration capability, AI decision readiness, decision-making 
quality, and infrastructure optimization, a quantitative methodology has been selected as the most 
appropriate approach for producing measurable and statistically testable findings. The methodology 
has also reflected the cross-sectional and case-study–based nature of the research, since the study has 
investigated the phenomenon within a defined organizational setting at a single point in time while 
focusing on structured responses from relevant participants. This chapter has therefore served as the 
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bridge between the conceptual and theoretical discussions in the literature review and the empirical 
findings presented in the results chapter. 
 

Figure 8: Structured Research Methodology Process For Quantitative Analysis 
 

 
 
The methodological structure of this study has been built around the use of a survey-based instrument 
designed with a five-point Likert scale in order to gather quantifiable responses on the key study 
constructs. The research process has included the identification of the target population, the selection 
of a suitable sampling strategy, the development of the questionnaire, the conduct of pilot testing, and 
the assessment of validity and reliability before the final analysis has been undertaken. The 
methodology has also clarified the unit of analysis, which has focused on individual respondents 
occupying roles related to analytics, operations, management, information systems, and infrastructure 
decision environments. In addition, the chapter has outlined the procedures through which the data 
have been collected, coded, screened, and prepared for statistical analysis. Emphasis has been placed 
on ensuring consistency, ethical responsibility, and analytical clarity throughout the research process 
so that the findings have remained dependable and relevant to the study objectives. 
Furthermore, this chapter has explained the software and tools that have supported the implementation 
of the study, including the programs used for data entry, statistical testing, reference management, and 
document preparation. The chosen methodology has made it possible to examine the hypotheses 
through descriptive statistics, correlation analysis, and regression modeling, thereby aligning the 
empirical procedures with the study objectives and theoretical framework. Overall, the methodology 
has established a clear procedural foundation for investigating how AI-driven predictive decision 
support has been associated with business analytics and infrastructure optimization in a multi-domain 
context. 
Research Design 
The research design of this study has been structured as a quantitative, cross-sectional, and case-study–
based design in order to examine the relationships among the major variables in a measurable and 
systematic manner. A quantitative approach has been adopted because the study has aimed to test 
hypotheses, measure respondent perceptions numerically, and analyze the strength and direction of 
relationships among constructs using statistical techniques. The cross-sectional design has been 
selected because the research has collected data from respondents at a single point in time rather than 
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across multiple periods. This design has suited the purpose of the study, since the intention has been 
to capture the current state of AI-driven predictive decision support, business analytics capability, and 
infrastructure optimization within the selected context. At the same time, a case-study orientation has 
been incorporated because the investigation has focused on a defined organizational environment 
where the phenomenon has been examined in relation to real decision-making and operational 
conditions. 
Case Study Context 
The case study context of this research has been defined around an organizational environment in 
which business analytics activities and infrastructure-related decision processes have operated in an 
interconnected manner. The study has focused on a context where decision makers, analysts, managers, 
and operational personnel have engaged with data-driven systems to support planning, coordination, 
performance monitoring, and optimization across multiple domains. This context has been chosen 
because it has provided a suitable setting for examining how AI-driven predictive decision support has 
been understood and applied within practical organizational operations. The case-based orientation 
has enabled the study to remain grounded in a real-world decision environment rather than treating 
the subject as a purely abstract analytical issue. By locating the study within a specific case context, the 
research has been able to explore how predictive analytics, readiness conditions, and decision quality 
have related to infrastructure optimization in an integrated setting, thereby making the study more 
focused, relevant, and empirically meaningful. 
Population and Unit of Analysis 
The population of this study has consisted of individuals who have been directly involved in data-
related decision processes, analytics functions, managerial planning, operational coordination, and 
infrastructure-oriented activities within the selected case context. The target participants have included 
managers, business analysts, IT personnel, operations officers, infrastructure planners, and other 
professionals whose roles have required engagement with data interpretation, decision support 
systems, and resource optimization processes. This population has been considered suitable because 
the research has aimed to capture informed responses from individuals who have had relevant 
exposure to the constructs under investigation. The unit of analysis has been the individual respondent 
rather than the organization as a whole, since the study has measured perceptions, experiences, and 
evaluations using a structured questionnaire. By focusing on individuals as the unit of analysis, the 
research has been able to generate quantifiable evidence regarding how organizational members have 
perceived AI-driven predictive analytics, readiness, decision quality, and infrastructure optimization 
within the broader case environment. 
Sampling Strategy 
The sampling strategy of this study has been designed to select respondents who have possessed 
sufficient knowledge and practical exposure to the themes of business analytics, predictive decision 
support, and infrastructure-related decision environments. A probability-oriented or structured 
sampling approach has been considered appropriate because the research has aimed to obtain 
responses that have been representative of the defined study population. The sample has been drawn 
from participants who have occupied roles relevant to managerial decision making, analytics use, 
operational planning, and system coordination. In determining the sample, attention has been given to 
accessibility, relevance, and the ability of respondents to provide meaningful information on the 
variables measured in the study. The sampling strategy has therefore supported the quantitative nature 
of the research by enabling the collection of standardized responses from a defined group of 
participants. Through this approach, the study has sought to ensure that the final dataset has been 
sufficiently reliable for descriptive, correlational, and regression-based statistical analysis. 
Data Collection Procedure 
The data collection procedure of this study has been organized in a systematic manner to ensure 
accuracy, consistency, and ethical responsibility throughout the research process. Data have been 
collected primarily through a structured questionnaire designed to measure the major constructs of the 
study using a five-point Likert scale. Before the questionnaire has been distributed, the items have been 
reviewed carefully to ensure clarity, relevance, and alignment with the study objectives and 
hypotheses. The instrument has then been administered to the selected respondents within the defined 
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case context through an organized distribution process. Participants have been informed of the purpose 
of the study, and their voluntary participation, confidentiality, and anonymity have been respected 
throughout the process. After collection, the responses have been screened, coded, and prepared for 
statistical analysis. This procedure has helped the study maintain methodological consistency while 
ensuring that the data obtained have been suitable for testing the relationships among predictive 
analytics, readiness, decision quality, and infrastructure optimization. 
Instrument Design 
The research instrument used in this study has been designed as a structured questionnaire containing 
items that have measured the principal variables of the research in a clear and consistent manner. The 
questionnaire has been based on the conceptual framework of the study and has been organized into 
sections reflecting AI-driven predictive analytics, business analytics capability, data integration 
capability, AI decision readiness, decision-making quality, and infrastructure optimization. A five-
point Likert scale has been used for all close-ended items, with response options ranging from strongly 
disagree to strongly agree. This format has been selected because it has enabled respondents to express 
the degree of their agreement with each statement in a simple and quantifiable form. The wording of 
the items has been kept direct, relevant, and aligned with the study objectives so that the instrument 
has remained easy to understand and suitable for statistical analysis. The design of the instrument has 
therefore supported the quantitative nature of the study and has provided a structured basis for 
measuring respondent perceptions across the major constructs. 
Pilot Testing 
Pilot testing has been conducted in this study to examine the clarity, consistency, and practical 
suitability of the questionnaire before the full data collection process has been carried out. A small 
group of respondents with characteristics similar to those of the main study participants has been 
selected to complete the preliminary version of the instrument. This process has made it possible to 
identify ambiguous wording, repetitive items, unclear instructions, and any weaknesses in the overall 
structure of the questionnaire. Feedback obtained during the pilot phase has been reviewed carefully, 
and the necessary revisions have been made to improve the quality of the instrument. Through this 
step, the study has strengthened the usability and coherence of the questionnaire while reducing the 
possibility of misunderstanding during the main survey. Pilot testing has therefore served as an 
important preparatory stage that has enhanced the accuracy and effectiveness of the data collection 
instrument prior to its final administration. 
Validity and Reliability 
Validity and reliability have been treated as essential methodological requirements in this study to 
ensure that the instrument has measured the intended constructs accurately and consistently. Content 
validity has been established by aligning the questionnaire items with the study objectives, hypotheses, 
and major variables identified in the conceptual framework. Face validity has also been considered by 
reviewing whether the items have appeared clear, relevant, and understandable to potential 
respondents. Reliability has been assessed through internal consistency analysis, particularly by using 
Cronbach’s alpha to determine whether the items under each construct have measured the same 
underlying concept in a stable manner. In addition, careful attention has been given to the wording, 
sequencing, and structure of the items so that the questionnaire has maintained consistency 
throughout. These procedures have helped ensure that the data collected have been dependable and 
appropriate for quantitative analysis. As a result, the study has strengthened the credibility of its 
findings by establishing both measurement accuracy and internal consistency before conducting the 
main statistical tests. 
Software and Tools 
Several software applications and research tools have been used in this study to support data 
management, statistical analysis, referencing, and document preparation. For quantitative data 
analysis, SPSS has been used as the main statistical software because it has enabled the researcher to 
perform descriptive statistics, reliability testing, correlation analysis, and multiple regression analysis 
in a structured and efficient manner. Microsoft Excel has been used for initial data entry, coding, 
cleaning, and tabular organization before the dataset has been transferred to SPSS for advanced 
analysis. For citation management and reference organization, EndNote has been used to store sources, 
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format in-text citations, and generate the reference list according to APA 7th edition style. In addition, 
Microsoft Word has been used for drafting, editing, and formatting the research document. These tools 
have collectively supported the technical and academic requirements of the study by improving 
accuracy, reducing manual errors, and ensuring consistency in both data handling and scholarly 
presentation. 
OVERVIEW OF THE FINDINGS 
In the present study, the findings have shown an overall positive pattern in support of the proposed 
AI-driven predictive decision support model for multi-domain business analytics and infrastructure 
optimization. Across the major constructs measured on the five-point Likert scale, respondents have 
expressed moderate-to-high agreement with the study statements, indicating that the selected 
organizational context has been favorable toward AI-enabled analytics, decision support readiness, and 
optimization-oriented management practices. The aggregate mean values for the principal variables 
have remained above the neutral midpoint of 3.00, with AI-driven predictive analytics recording a 
mean of 4.18 and a standard deviation of 0.61, business analytics capability recording a mean of 4.09 
and a standard deviation of 0.66, data integration capability recording a mean of 3.97 and a standard 
deviation of 0.72, AI decision readiness recording a mean of 4.05 and a standard deviation of 0.64, 
decision-making quality recording a mean of 4.21 and a standard deviation of 0.58, and infrastructure 
optimization recording a mean of 4.12 and a standard deviation of 0.63. These descriptive results have 
suggested that respondents have generally perceived their organizations as possessing a meaningful 
level of analytical maturity and readiness for AI-driven predictive decision support. Reliability testing 
has also indicated strong internal consistency across the constructs, with Cronbach’s alpha coefficients 
exceeding the acceptable threshold of 0.70; specifically, AI-driven predictive analytics has produced an 
alpha of 0.88, business analytics capability 0.86, data integration capability 0.83, AI decision readiness 
0.87, decision-making quality 0.89, and infrastructure optimization 0.85. This has indicated that the 
instrument items have measured the intended constructs consistently and have supported the 
credibility of the results. Correlation analysis has further shown statistically significant positive 
relationships among the study variables, thereby providing preliminary support for the hypotheses 
and research objectives. AI-driven predictive analytics has correlated positively with decision-making 
quality at r = .68, p < .001, business analytics capability has correlated positively with infrastructure 
optimization at r = .63, p < .001, data integration capability has correlated positively with AI decision 
readiness at r = .59, p < .001, AI decision readiness has correlated positively with decision-making 
quality at r = .61, p < .001, and decision-making quality has correlated positively with infrastructure 
optimization at r = .71, p < .001. These coefficients have shown moderate-to-strong associations and 
have suggested that the conceptual direction of the study has been statistically meaningful. In order to 
examine the predictive strength of the model, multiple regression analysis has been conducted. The 
first regression model, using decision-making quality as the dependent variable, has produced an R² of 
.56, indicating that 56% of the variance in decision-making quality has been explained jointly by AI-
driven predictive analytics, business analytics capability, data integration capability, and AI decision 
readiness. Within this model, AI-driven predictive analytics has shown a significant positive effect on 
decision-making quality (β = .34, p < .001), and AI decision readiness has also shown a significant 
positive effect (β = .29, p < .001), while business analytics capability (β = .18, p = .012) and data 
integration capability (β = .16, p = .021) have remained statistically significant contributors. The second 
regression model, using infrastructure optimization as the dependent variable, has produced an R² of 
.62, showing that 62% of the variance in infrastructure optimization has been explained by the 
independent and intervening variables included in the model. In this equation, decision-making 
quality has emerged as the strongest predictor of infrastructure optimization (β = .38, p < .001), 
followed by business analytics capability (β = .24, p = .003), AI-driven predictive analytics (β = .21, p = 
.006), and AI decision readiness (β = .17, p = .014), while data integration capability has remained 
positive though comparatively weaker (β = .12, p = .041). These findings have indicated that all five 
hypotheses have been supported. H1 has been supported because AI-driven predictive analytics has 
significantly improved decision-making quality.  
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Figure 9: Comparative Mean Analysis Of Study Variables 
 

 
 
H2 has been supported because business analytics capability has had a significant positive relationship 
with infrastructure optimization. H3 has been supported because data integration capability has 
significantly influenced AI decision readiness. H4 has been supported because AI decision readiness 
has significantly improved the adoption effectiveness of predictive decision support through its 
contribution to decision quality. H5 has been supported because decision-making quality has 
significantly enhanced infrastructure optimization outcomes. In relation to the study objectives, the 
findings have shown that AI-driven predictive decision support has not only strengthened analytical 
decision processes but has also improved the alignment between business intelligence and 
infrastructure performance across multiple domains. The overall result has therefore suggested that 
the proposed model has been empirically meaningful, statistically supported, and sufficiently robust 
to explain how predictive analytics, readiness, and decision effectiveness have interacted to produce 
optimization-oriented outcomes within the study setting. 
Demographic Profile of Respondents 
The demographic findings have shown that the respondents have represented a professionally relevant 
and analytically credible participant group for examining AI-driven predictive decision support in a 
multi-domain organizational environment. The majority of respondents have been male at 61.0%, while 
39.0% have been female, indicating that the study has included perspectives from both genders in a 
reasonably balanced manner. In terms of age distribution, the highest proportion of respondents has 
fallen within the 31–40 years group at 35.2%, followed by the 41–50 years group at 30.0%, which has 
suggested that the study has captured the views of respondents in mature professional stages where 
strategic and operational decision-making responsibilities have often been concentrated. The 
educational profile has further strengthened the credibility of the dataset, as 48.6% of respondents have 
held master’s degrees and 17.6% have held doctorate or professional qualifications. This has indicated 
that the participants have possessed the academic and professional capacity to evaluate constructs such 
as predictive analytics, business analytics capability, decision readiness, and infrastructure 
optimization with informed judgment.  
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Table 1: Demographic Profile of Respondents (N = 210) 

Variable Category Frequency (n) Percentage (%) 

Gender Male 128 61.0 

 Female 82 39.0 

Age 21–30 years 36 17.1 

 31–40 years 74 35.2 

 41–50 years 63 30.0 

 51 years and above 37 17.6 

Educational Level Bachelor’s Degree 71 33.8 

 Master’s Degree 102 48.6 

 Doctorate/Professional 37 17.6 

Work Experience 1–5 years 41 19.5 

 6–10 years 68 32.4 

 11–15 years 56 26.7 

 Above 15 years 45 21.4 

Functional Domain Operations 49 23.3 

 IT/Data Systems 42 20.0 

 Finance/Planning 38 18.1 

 Infrastructure/Asset Management 46 21.9 

 Strategy/Administration 35 16.7 

The work experience pattern has also been suitable for the study, since 80.5% of the respondents have 
had more than five years of work experience, meaning that most participants have been familiar with 
organizational processes, data systems, and decision environments. The domain distribution has been 
especially important because the title of the study has emphasized multi-domain business analytics 
and infrastructure optimization. The inclusion of respondents from operations, IT/data systems, 
finance/planning, infrastructure/asset management, and strategy/administration has demonstrated 
that the sample has reflected the cross-functional nature of the proposed model. This has aligned closely 
with the TOE framework, particularly the organizational context, because the framework has 
emphasized that the success of technological systems depends not only on technology itself but also on 
the organizational actors and structures surrounding it. The demographic table has therefore supported 
the study objectives by showing that the respondents have come from domains where technological 
capability, organizational readiness, and environmental decision pressures have interacted. As a result, 
the sample profile has provided a strong foundation for testing the hypotheses related to AI-driven 
predictive analytics, decision-making quality, and infrastructure optimization. 
Descriptive Statistics of Research Variables 

Table 2: Descriptive Statistics of the Major Research Variables 

Variable No. of Items Mean Standard Deviation Interpretation 

AI-Driven Predictive Analytics (AIPA) 5 4.18 0.61 High 

Business Analytics Capability (BAC) 5 4.09 0.66 High 

Data Integration Capability (DIC) 5 3.97 0.72 High 

AI Decision Readiness (AIDR) 5 4.05 0.64 High 

Decision-Making Quality (DMQ) 5 4.21 0.58 High 

Infrastructure Optimization (IO) 5 4.12 0.63 High 

Likert Scale Interpretation: 
1.00–1.80 = Very Low; 1.81–2.60 = Low; 2.61–3.40 = Moderate; 3.41–4.20 = High; 4.21–5.00 = Very High 
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The descriptive statistics have shown that all major variables in the study have recorded mean values 
above the neutral midpoint of 3.00, indicating that the respondents have generally expressed positive 
agreement with the statements measuring the core constructs of the proposed model. AI-driven 
predictive analytics has recorded a mean of 4.18, showing that respondents have strongly recognized 
the role of predictive analytical techniques in improving organizational foresight, pattern recognition, 
and informed decision support. Business analytics capability has followed closely with a mean of 4.09, 
suggesting that the organizations represented in the study have possessed substantial capability in 
using data, analytical tools, and business intelligence processes to support managerial action. Data 
integration capability has recorded the lowest mean among the major variables at 3.97, although this 
value has still remained within the high category, indicating that integration has been present but 
perhaps not yet as strong as the other constructs. This finding has been meaningful because it has 
suggested that technological infrastructure and interoperability have remained important 
developmental conditions in the study setting. AI decision readiness has recorded a mean of 4.05, 
showing that the organizational environment has largely been prepared to support AI-driven systems 
through structures, skills, and managerial support. Decision-making quality has recorded the highest 
mean at 4.21, placing it in the very high category, which has indicated that respondents have strongly 
perceived analytical support as improving decision accuracy, timeliness, and consistency. 
Infrastructure optimization has also recorded a high mean of 4.12, confirming that respondents have 
associated data-driven and AI-enabled decisions with improved coordination, resource efficiency, and 
operational performance. These findings have aligned with the introductory results and have 
supported the study objectives by showing that the major constructs have been positively present 
within the organizations examined. From the perspective of the TOE framework, the technological 
context has been reflected in AI-driven predictive analytics and data integration capability, the 
organizational context has been reflected in business analytics capability and AI decision readiness, 
and the resulting decision and optimization outcomes have shown how these contexts have translated 
into practical value. Thus, the descriptive results have provided an initial empirical basis for the later 
testing of the hypotheses and have shown that the underlying conditions necessary for the proposed 
model have already been meaningfully present in the study environment. 
Reliability Analysis 

Table 3: Reliability Analysis of Research Constructs 

Variable No. of Items Cronbach’s Alpha Reliability Status 

AI-Driven Predictive Analytics (AIPA) 5 0.88 Excellent 

Business Analytics Capability (BAC) 5 0.86 Good 

Data Integration Capability (DIC) 5 0.83 Good 

AI Decision Readiness (AIDR) 5 0.87 Good 

Decision-Making Quality (DMQ) 5 0.89 Excellent 

Infrastructure Optimization (IO) 5 0.85 Good 

Reliability Benchmark: 
0.70 and above = Acceptable; 0.80 and above = Good; 0.90 and above = Excellent/Near Perfect 
 
The reliability analysis has shown that the measurement instrument used in this study has been 
internally consistent across all major constructs. All Cronbach’s alpha coefficients have exceeded the 
minimum acceptable threshold of 0.70, with values ranging from 0.83 to 0.89. This has indicated that 
the items within each construct have consistently measured the same underlying concept and that the 
instrument has been dependable for quantitative analysis. Decision-making quality has recorded the 
highest Cronbach’s alpha value of 0.89, followed closely by AI-driven predictive analytics at 0.88 and 
AI decision readiness at 0.87. These strong values have suggested that the statements used to capture 
perceptions of predictive analytics, readiness, and decision quality have been highly coherent and well 
aligned. Business analytics capability and infrastructure optimization have also produced good alpha 
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values of 0.86 and 0.85 respectively, while data integration capability has recorded 0.83, which has still 
remained comfortably within the good reliability range. The importance of this finding has extended 
beyond technical measurement quality. Since the study has sought to test hypotheses concerning the 
relationships among technology-related, organizational, and outcome-based constructs, it has been 
essential that each construct has been measured with stability and internal consistency. In relation to 
the TOE framework, this has been especially relevant because the framework has required the study to 
distinguish clearly between technological context variables and organizational context variables while 
also tracing their influence on outcome variables such as decision-making quality and infrastructure 
optimization. The strong reliability values have confirmed that this distinction has been maintained 
effectively in the instrument. Furthermore, the reliability findings have supported the research 
objectives by ensuring that the later analyses of correlation, regression, and domain-based comparisons 
have rested on dependable measures rather than unstable item groupings. This has strengthened the 
trustworthiness of the findings and has increased confidence that the significant relationships later 
identified in the study have reflected meaningful empirical patterns rather than measurement 
weakness. As a result, Table 3 has served as an essential validation step linking the conceptual 
framework to the empirical testing process and supporting the overall methodological rigor of the 
study. 
Correlation Analysis 

Table 4: Correlation Matrix of the Major Variables 

Variables AIPA BAC DIC AIDR DMQ IO 

AIPA 1.000      

BAC 0.62** 1.000     

DIC 0.58** 0.61** 1.000    

AIDR 0.60** 0.57** 0.59** 1.000   

DMQ 0.68** 0.55** 0.52** 0.61** 1.000  

IO 0.64** 0.63** 0.49** 0.58** 0.71** 1.000 

Note: p < .01 
The correlation analysis has shown that all major variables in the study have been positively and 
significantly related to one another at the 0.01 significance level. This has indicated that higher levels 
of AI-driven predictive analytics, business analytics capability, data integration capability, and AI 
decision readiness have all been associated with stronger decision-making quality and better 
infrastructure optimization. The strongest bivariate relationship in the matrix has been between 
decision-making quality and infrastructure optimization at r = 0.71, which has suggested that 
organizations where decisions have been more accurate, timely, and evidence-based have also achieved 
better outcomes in resource coordination, operational efficiency, and infrastructure performance. This 
finding has been especially important because it has directly supported the logic of Hypothesis 5 and 
the broader study objective of linking decision support quality with optimization outcomes. AI-driven 
predictive analytics has also shown a strong positive relationship with decision-making quality at r = 
0.68, indicating that predictive and AI-supported analytical capacity has been strongly associated with 
improved managerial decisions. Business analytics capability has correlated positively with 
infrastructure optimization at r = 0.63, which has provided strong preliminary support for Hypothesis 
2. Data integration capability has shown a moderate but significant positive relationship with AI 
decision readiness at r = 0.59, which has supported the conceptual logic behind Hypothesis 3 by 
indicating that data accessibility and interoperability have been important preconditions for readiness. 
These findings have aligned closely with the TOE framework. The technological context has been 
reflected in AI-driven predictive analytics and data integration capability, while the organizational 
context has been reflected in business analytics capability and AI decision readiness. The positive 
correlations among these constructs and the outcome variables have shown that the TOE dimensions 
have not operated independently; instead, they have interacted in ways that have strengthened 
decision quality and optimization performance. The absence of excessively high correlations has also 
suggested that multicollinearity has not been a major concern, meaning that the constructs have 
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remained related but distinct. Thus, Table 4 has not only supported the hypotheses at a preliminary 
level but has also reinforced the theoretical argument that predictive decision support effectiveness has 
emerged through the interplay of technological and organizational conditions. 
Regression Analysis 

Table 5: Multiple Regression Results for Testing the Hypotheses 

Dependent Variable Predictor Beta (β) t-value p-value Result 

DMQ AIPA 0.34 5.72 0.000 Supported 

DMQ BAC 0.18 2.54 0.012 Supported 

DMQ DIC 0.16 2.32 0.021 Supported 

DMQ AIDR 0.29 4.91 0.000 Supported 

IO AIPA 0.21 2.79 0.006 Supported 

IO BAC 0.24 3.01 0.003 Supported 

IO DIC 0.12 2.05 0.041 Supported 

IO AIDR 0.17 2.47 0.014 Supported 

IO DMQ 0.38 6.11 0.000 Supported 

Table 6: Model Summary for Regression Analysis 

Model Dependent Variable R R² Adjusted R² F-value p-value 

Model 1 Decision-Making Quality (DMQ) 0.75 0.56 0.55 64.83 0.000 

Model 2 Infrastructure Optimization (IO) 0.79 0.62 0.61 67.94 0.000 

The regression analysis has provided the strongest statistical evidence for the study because it has 
moved beyond simple association and has examined the predictive effects of the explanatory variables 
on the key outcomes. In Model 1, decision-making quality has been used as the dependent variable, 
and the results have shown that AI-driven predictive analytics, business analytics capability, data 
integration capability, and AI decision readiness have all significantly predicted decision-making 
quality. The model has explained 56% of the variance in decision-making quality, as indicated by an R² 
value of 0.56, which has been substantial for organizational research. Among the predictors, AI-driven 
predictive analytics has produced the strongest positive effect at β = 0.34, followed by AI decision 
readiness at β = 0.29. This has shown that predictive analytical power and organizational preparedness 
have been the most influential direct drivers of better decisions. In Model 2, infrastructure optimization 
has been used as the dependent variable, and the model has explained 62% of the variance, as shown 
by an R² value of 0.62. Decision-making quality has emerged as the strongest predictor of infrastructure 
optimization at β = 0.38, indicating that improved decisions have translated meaningfully into 
operational and infrastructural gains. Business analytics capability, AI-driven predictive analytics, AI 
decision readiness, and data integration capability have all also remained significant. These results 
have supported all five hypotheses of the study. H1 has been supported because AI-driven predictive 
analytics has significantly improved decision-making quality. H2 has been supported because business 
analytics capability has positively influenced infrastructure optimization. H3 has been supported 
because data integration capability has significantly contributed to AI decision readiness and the 
broader decision model. H4 has been supported because AI decision readiness has significantly 
improved the effectiveness of predictive decision support. H5 has been supported because decision-
making quality has significantly enhanced infrastructure optimization. From the TOE perspective, the 
regression results have shown that technological context factors and organizational context factors have 
jointly explained meaningful variations in outcome performance. This has strongly aligned with the 
study objectives by confirming that the proposed AI-driven predictive decision support model has not 
only been conceptually valid but also empirically supported within the chosen case context. 



American Journal of Interdisciplinary Studies, December 2025, 173-214 

202 
 

Cross-Domain Predictive Consistency Analysis 
Table 7: Cross-Domain Comparison of Major Outcome Variables 

Domain AIPA Mean AIDR Mean DMQ Mean IO Mean 

Operations 4.14 4.02 4.18 4.15 

IT/Data Systems 4.26 4.11 4.24 4.08 

Finance/Planning 4.12 4.01 4.20 4.05 

Infrastructure/Asset Management 4.20 4.07 4.19 4.21 

Strategy/Administration 4.17 4.03 4.23 4.10 

Overall Mean 4.18 4.05 4.21 4.12 

The cross-domain predictive consistency analysis has shown that the proposed AI-driven predictive 
decision support model has remained highly stable across the various functional domains represented 
in the study. The mean values for AI-driven predictive analytics, AI decision readiness, decision-
making quality, and infrastructure optimization have all remained within a narrow high-range band 
across operations, IT/data systems, finance/planning, infrastructure/asset management, and 
strategy/administration. This has indicated that the core elements of the model have not been limited 
to a single departmental environment but have instead demonstrated relevance across multiple 
business and infrastructure functions. The IT/data systems domain has recorded the highest mean for 
AI-driven predictive analytics at 4.26, which has been expected given its closer proximity to analytical 
systems and technological tools. Infrastructure/asset management has recorded the highest 
infrastructure optimization mean at 4.21, which has also been logical because respondents in this 
domain have likely had greater direct experience with operational optimization and performance 
improvement. However, the differences across domains have remained relatively small, suggesting 
that predictive decision support has not been perceived as a specialized tool for one professional group 
alone. Instead, it has been recognized as a cross-functional organizational capability. This finding has 
been especially important for the study objective that has focused on multi-domain business analytics. 
It has shown that the proposed model has maintained consistency across domains and has therefore 
been suitable for organizational environments in which decisions have crossed departmental 
boundaries. In relation to the TOE framework, this table has been particularly informative because it 
has demonstrated that the technological and organizational conditions supporting predictive decision 
support have been distributed across the organization rather than confined to one technological unit. 
The technological context has been visible in the consistently high analytics means, while the 
organizational context has been visible in the consistently high decision readiness and decision quality 
means across departments. Therefore, Table 7 has strengthened the trustworthiness of the study by 
showing that the model has not merely worked in one context but has shown stable empirical support 
across the different domains that together define the organization’s business analytics and 
infrastructure optimization environment. 
AI Decision Readiness and Model Adoption Threshold Analysis 

Table 8: AI Decision Readiness and Model Adoption Threshold Levels 

Readiness Indicator Mean Standard Deviation Interpretation 

Availability of quality data for AI use 4.02 0.65 High 

Staff analytical competence 3.94 0.71 High 

Management support for AI decision systems 4.11 0.60 High 

Integration of AI tools into workflows 3.98 0.68 High 

Organizational willingness to adopt predictive systems 4.20 0.57 High 

Composite AIDR Mean 4.05 0.64 High 
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The AI decision readiness and model adoption threshold analysis has shown that the organizations 
represented in the study have been generally well prepared to adopt and benefit from AI-driven 
predictive decision support systems. The composite readiness mean has been 4.05, which has placed 
the construct firmly in the high category. This has indicated that the organizational settings examined 
in the study have not merely possessed interest in AI-driven systems; they have also had the underlying 
readiness conditions needed for implementation and usage. Among the indicators, organizational 
willingness to adopt predictive systems has recorded the highest mean at 4.20, suggesting that the 
respondents have strongly recognized the strategic value of AI-supported decision making. 
Management support has also been high at 4.11, which has been particularly significant because 
leadership commitment has often determined whether new analytical initiatives have been sustained, 
funded, and normalized in practice. Data availability has recorded a mean of 4.02, showing that the 
technological base needed for AI use has largely been present. Staff analytical competence and 
workflow integration have recorded slightly lower means at 3.94 and 3.98 respectively, but both have 
still remained high, suggesting that skill development and process embedding have been meaningful 
though not yet perfect. This analysis has been directly relevant to Hypothesis 4 and to the objective 
concerning organizational readiness, because it has shown that the model has operated in an 
environment where readiness has crossed an empirically favorable threshold. From the perspective of 
the TOE framework, this section has reflected the organizational context most strongly, while also 
touching the technological context through data availability and workflow integration. The findings 
have suggested that the success of predictive decision support has depended not only on algorithmic 
sophistication but also on organizational preparedness, human capability, and management 
endorsement. Because all readiness indicators have remained clearly above the neutral midpoint, the 
study has been able to argue that the observed positive effects on decision-making quality and 
infrastructure optimization have emerged within an environment genuinely prepared to absorb AI-
driven systems. Thus, Table 8 has strengthened the empirical credibility of the study by showing that 
the proposed model has been supported by readiness conditions sufficiently strong to justify adoption 
and practical use. 
Decision-to-Optimization Alignment Analysis 

Table 9: Decision-to-Optimization Alignment Results 

Alignment Indicator Mean 
Standard 
Deviation 

Interpretation 

AI-supported decisions have improved operational 
coordination 

4.17 0.62 High 

Better decisions have reduced infrastructure inefficiencies 4.09 0.66 High 

Predictive insights have improved resource allocation 4.23 0.58 Very High 

Decision quality has improved service/process continuity 4.15 0.61 High 

AI-driven decisions have enhanced optimization outcomes 4.18 0.60 High 

Composite Alignment Mean 4.16 0.61 High 

The decision-to-optimization alignment analysis has shown that higher-quality decisions have been 
meaningfully connected with better infrastructure optimization outcomes, thereby confirming one of 
the most central claims of the study. The composite mean of 4.16 has indicated that respondents have 
strongly agreed that improved decisions, especially those supported by predictive analytics and AI-
driven systems, have translated into practical operational benefits. The highest-rated indicator has been 
predictive insights improving resource allocation, with a mean of 4.23, suggesting that respondents 
have clearly perceived AI-supported decision making as helping organizations distribute time, assets, 
and operational resources more efficiently. AI-supported decisions improving operational 
coordination has also recorded a strong mean of 4.17, which has shown that decision support has not 
been limited to isolated tasks but has improved how different activities and units have worked 
together. Likewise, the perception that AI-driven decisions have enhanced optimization outcomes has 
recorded a mean of 4.18, while improved decision quality supporting service and process continuity 
has recorded 4.15. Even the lowest value, better decisions reducing infrastructure inefficiencies at 4.09, 
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has still remained in the high range. These findings have strongly aligned with the earlier regression 
result showing that decision-making quality has been the strongest predictor of infrastructure 
optimization. Therefore, this section has provided not only statistical confirmation but also practical 
interpretive depth to Hypothesis 5 and to the broader objective of explaining how predictive decision 
support has translated into optimization-oriented results. In terms of the TOE framework, the 
alignment seen here has represented the outcome of successful interaction between the technological 
context and the organizational context. The technology has provided predictive insight, the 
organization has supported readiness and use, and the combined effect has been reflected in better 
optimization outcomes. This has been especially important for the study title because it has 
demonstrated that the proposed model has not merely improved analytical awareness; it has improved 
optimization in a direct and meaningful way. Accordingly, Table 9 has served as one of the strongest 
pieces of evidence in the chapter, showing that AI-driven predictive decision support has been 
practically effective in linking business analytics with infrastructure optimization across the multi-
domain study environment. 
DISCUSSION 
The findings of this study have shown that the proposed AI-driven predictive decision support model 
has been strongly supported across the major variables included in the research framework. The 
descriptive statistics have indicated high mean scores for AI-driven predictive analytics, business 
analytics capability, data integration capability, AI decision readiness, decision-making quality, and 
infrastructure optimization, which has suggested that respondents have perceived these constructs as 
meaningfully present and operational within the study setting (Ahmad et al., 2023). This pattern has 
been important because it has confirmed that the organizational environment examined in this research 
has not only recognized the technical importance of predictive analytics but has also connected it to 
managerial action and optimization outcomes (Brynjolfsson et al., 2021). The strong reliability values 
and statistically significant correlation coefficients have further shown that the relationships among the 
constructs have been stable and coherent. In particular, the positive associations between AI-driven 
predictive analytics and decision-making quality, between business analytics capability and 
infrastructure optimization, and between decision-making quality and infrastructure optimization 
have suggested that predictive intelligence has functioned as more than a reporting mechanism. It has 
served as a decision-enabling capability with practical organizational consequences (Ghasemaghaei et 
al., 2018). These findings have been consistent with earlier studies arguing that analytics creates value 
when it improves decision processes rather than merely expanding access to data. For example, 
business intelligence and analytics have been described as valuable when they have supported the 
sequence of analysis, insight, decision, and action, thereby linking technical processing with practical 
managerial outcomes. Similarly, predictive analytics has been positioned as a major extension of 
decision support because it has enabled organizations to move from retrospective explanation to 
future-oriented inference and action. The current study has reinforced that view by showing that 
predictive analytics has remained closely tied to decision quality and optimization performance within 
a multi-domain environment (Koschmider et al., 2024). The findings have also aligned with evidence 
that big data analytics capability has improved competitive performance through mediating 
operational and dynamic capabilities, suggesting that analytical resources create value when they are 
embedded within broader organizational processes. In interpretive terms, the results have therefore 
shown that the present study has not simply confirmed the usefulness of AI in a general sense; it has 
shown that AI-driven predictive decision support has become organizationally meaningful when 
linked with capability, readiness, and optimization across interconnected domains (Mikalef, Krogstie, 
et al., 2020). 
A second major discussion point has concerned the role of AI-driven predictive analytics as a direct 
contributor to decision-making quality. The regression findings have shown that AI-driven predictive 
analytics has had a significant positive effect on decision-making quality, which has supported the first 
hypothesis and one of the central objectives of the study (Mikalef et al., 2021). This result has indicated 
that organizations using stronger predictive analytical methods have been better able to improve 
decision timeliness, judgment consistency, and evidence-based evaluation. This finding has been 
theoretically and practically important because decision quality has often been treated as an assumed 
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outcome of analytics rather than as a measured dependent variable. In the present study, decision-
making quality has emerged as a strong and visible outcome, which has added greater clarity to the 
value chain linking predictive intelligence to broader organizational performance. This finding has 
been consistent with work showing that data analytics competency has enhanced decision-making 
performance by strengthening firms’ capacity to extract, interpret, and use data effectively in strategic 
and operational contexts. It has also aligned with research demonstrating that big data analytics usage 
has improved organizational decision-making quality, especially where analytics capability has 
functioned as a mediating support mechanism. The present result has therefore supported the growing 
literature that has treated predictive analytics as a contributor to decision rationality rather than merely 
as an informational input. At the same time, the finding has extended prior work by placing decision 
quality within a multi-domain business analytics and infrastructure optimization context rather than a 
single industry or single-function environment (Ullah et al., 2020). This has mattered because 
organizations rarely make high-impact decisions in analytical isolation. Predictive signals from 
operations, IT, finance, and infrastructure systems have often converged to shape managerial action. 
The present study has shown that when predictive analytics has been strong, decision quality has also 
risen across that broader environment. In practical terms, this has implied that managers should not 
assess AI value only by model accuracy or technical sophistication. They should also evaluate whether 
predictive tools have improved the actual quality of decisions being made. In this sense, the findings 
have supported a more outcome-centered understanding of AI adoption, one in which predictive 
analytics has justified its organizational relevance by improving the judgments that guide action 
(Gupta & George, 2016). 

Figure 10: Advanced Research Agenda for Predictive Analytics and Infrastructure Optimization 

 
The discussion has also highlighted the importance of business analytics capability and data integration 
capability as enabling conditions of predictive decision support effectiveness. The results have shown 
that business analytics capability has positively influenced infrastructure optimization, while data 
integration capability has significantly contributed to AI decision readiness and also maintained a 
positive direct contribution to the broader decision support model (Maroufkhani et al., 2023). These 
findings have suggested that organizations do not derive value from AI-driven predictive systems 
merely by acquiring algorithms or digital tools. Instead, value has depended on the organization’s 
ability to manage analytics processes, align them with business objectives, and integrate data across 
functions and systems (Chen et al., 2012). This interpretation has been strongly supported by prior 
work. Business analytics capability has been described as a composite organizational resource 
involving technological, human, and intangible components that together shape whether analytics can 
generate meaningful business value. Likewise, studies of business value creation have shown that 
analytics contributes most effectively when it is integrated into routines of insight generation, 
managerial interpretation, and action. The present findings have echoed that logic by showing that 
business analytics capability has remained significant even when other variables have been included 
in the regression model (Côrte-Real et al., 2020). This has implied that capability itself has mattered as 
a stable organizational resource. Data integration capability has also carried important implications. Its 
significant contribution to AI decision readiness has suggested that readiness for predictive decision 
systems has depended partly on whether data have been accessible, compatible, and usable across 
domains. This has aligned with evidence showing that data quality and broader integration-related 
conditions have directly affected whether firms have extracted business value from big data and IoT 
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initiatives. The current study has extended that understanding by locating data integration within a 
cross-domain model where it has shaped readiness, decision quality, and optimization. In practical 
terms, these results have suggested that organizations seeking to improve AI-supported decision 
making should invest not only in analytics tools but also in data architecture, interoperability, and 
governance. Without such integration, predictive decision support may remain technically promising 
but operationally fragmented. Therefore, the study has strengthened the argument that technological 
context variables within the TOE framework are not background conditions; they are active structural 
determinants of whether predictive decision support can function effectively in complex organizational 
settings (Gupta & George, 2016). 
Another important issue emerging from the discussion has been the strong role of AI decision readiness 
as an organizational enabler of predictive decision support. The findings have shown that AI decision 
readiness has significantly contributed to decision-making quality and has remained a meaningful 
predictor within the infrastructure optimization model as well. This result has suggested that 
organizations have needed more than data and models in order to realize AI-driven value. They have 
needed readiness in the form of managerial support, staff competence, workflow integration, and 
willingness to embed predictive systems into routine decision processes. This has aligned closely with 
studies arguing that the readiness of the firm has shaped whether analytics can create value in practice. 
Structural and psychological readiness, for example, have been found to influence whether firms have 
actually used big data analytics in ways that generate organizational benefit. Similarly, adoption-
oriented studies have shown that top management support, organizational preparedness, and 
contextual conditions have significantly influenced the uptake of big data analytics and related 
systems. The present study has supported those earlier insights while moving one step further by 
showing that readiness has not only mattered for adoption but also for the quality of decisions and the 
practical effectiveness of predictive support. This has been a valuable contribution because much of the 
prior literature has focused on adoption intention or usage behavior without adequately testing 
whether readiness has influenced downstream organizational outcomes (Merendino et al., 2018). Here, 
readiness has been linked directly to decision quality and indirectly to optimization outcomes. From 
the viewpoint of the TOE framework, this has strongly reinforced the relevance of the organizational 
context. The findings have indicated that organizations that have been more prepared internally have 
also been more likely to convert AI-driven predictive analytics into meaningful decision support. In 
practical terms, this has implied that implementation strategies should place substantial emphasis on 
readiness audits, staff training, change management, and managerial commitment. Predictive systems 
may not fail because the models are weak; they may fail because the organization has not yet been 
prepared to trust, interpret, and use them. Thus, the discussion has emphasized that readiness has 
functioned as a bridge between technological capability and realized organizational value, making it 
one of the most important constructs in the overall explanatory structure of the study (Shmueli & 
Koppius, 2011). 
One of the strongest findings in the study has been the role of decision-making quality as the most 
influential predictor of infrastructure optimization. The results have shown that decision-making 
quality has had the largest standardized beta coefficient in the regression model for infrastructure 
optimization, which has suggested that better decisions have translated directly into improved 
coordination, resource allocation, continuity, and efficiency. This has been a particularly important 
contribution because it has linked the business analytics side of the study to the infrastructure 
optimization side in a direct and measurable way (Toorajipour et al., 2021). Earlier literature has often 
examined analytics performance and infrastructure intelligence as separate streams. Some studies have 
considered the impact of analytics on performance or productivity, while others have examined 
predictive methods in maintenance, energy, or structural systems. The present research has connected 
these literatures by showing that decision quality has served as the mechanism through which 
analytical intelligence has shaped optimization outcomes. This interpretation has been consistent with 
research showing that information system capability has affected firm performance through decision-
making performance and business-process performance (Lin & Kunnathur, 2019). It has also been 
consistent with evidence from intelligent infrastructure fields showing that predictive and AI-based 
systems have supported monitoring, condition assessment, and resource optimization in 
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infrastructure-intensive settings. However, the present study has added value by showing that 
infrastructure optimization has not depended on predictive technology alone. It has depended on the 
quality of the decisions that have been produced from those technologies. This finding has had major 
practical implications. It has suggested that organizations pursuing infrastructure optimization should 
not focus narrowly on sensors, digital twins, or predictive tools in isolation. They should also ensure 
that the managerial decisions emerging from those systems have been timely, evidence-based, and 
coordinated across domains. In theoretical terms, this has reinforced the idea that predictive decision 
support is a socio-technical phenomenon in which analytics, organizational readiness, and managerial 
judgment must operate together. In practical terms, it has implied that performance improvement 
programs should assess whether AI-generated insight has truly improved the decision cycle, since 
infrastructure benefits may be realized only when the decision process itself has improved. Therefore, 
the study has shown that optimization has been an outcome of decision effectiveness, not merely an 
outcome of technical analytics presence (Malekloo et al., 2022). 
The theoretical implications of the study have been substantial because the findings have strongly 
supported the relevance of the Technology–Organization–Environment framework while also 
extending its application in the field of AI-driven predictive decision support. Traditionally, TOE has 
been used to explain organizational technology adoption by focusing on technological conditions, 
organizational readiness, and environmental pressures. In the present study, the framework has not 
only explained adoption conditions but has also helped explain downstream effects on decision quality 
and infrastructure optimization. The technological context has been reflected in AI-driven predictive 
analytics and data integration capability. The organizational context has been reflected in business 
analytics capability and AI decision readiness (Popovič et al., 2012). The study has then connected those 
contexts to outcomes through decision-making quality and infrastructure optimization. This has 
extended the explanatory value of TOE beyond adoption to the broader issue of post-adoption 
effectiveness. Such an extension has been supported by prior work applying TOE to big data, cloud 
computing, and business intelligence adoption, where technological and organizational factors have 
been found to shape meaningful use and business value creation (Ullah et al., 2020). The present study 
has added to that literature by showing that TOE variables have not only mattered for whether analytics 
has been adopted, but also for whether it has improved decisions and optimization across a multi-
domain environment. This has theoretical importance because it has encouraged a shift from static 
adoption models toward more performance-sensitive models of technology use. In addition, the study 
has contributed conceptually by positioning decision-making quality as a central linking construct 
between analytics capability and optimization outcomes. This has helped clarify the internal 
mechanism of predictive decision support and has provided a more nuanced model than those focusing 
solely on adoption or generic firm performance. The practical implications have also been clear. 
Organizations should have understood AI investment as a combination of technological development, 
organizational preparation, and decision process redesign. The study has shown that if one of these 
dimensions has been weak, the overall benefits of predictive decision support may have been reduced. 
Thus, the TOE framework has been supported and expanded through a more integrated explanatory 
structure that can inform both theory building and applied organizational design (Kumar & 
Krishnamoorthy, 2020). 
The limitations of the study have also required careful discussion, and they have pointed directly 
toward several important directions for future research. First, the study has been based on a cross-
sectional design, which has meant that the relationships among the variables have been examined at 
one point in time (Fang et al., 2023). Although the regression results have shown significant predictive 
relationships, the design has not been able to establish long-term causal development or temporal 
sequencing with full certainty. Second, the study has relied on self-reported questionnaire data, which 
has meant that the findings have depended on respondent perceptions rather than directly observed 
system usage logs or longitudinal performance records. Third, the case-study-based setting has 
improved contextual relevance but has also limited generalizability beyond similar organizational 
environments. These limitations have not weakened the value of the findings, but they have identified 
important opportunities for future work. Future researchers should develop and test a Longitudinal 
AI-Decision Optimization Maturity Model, in which the constructs used in this study are tracked across 
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several phases of implementation, such as pre-adoption readiness, early deployment, routinized usage, 
and optimization maturity. Such a model could examine whether AI decision readiness changes over 
time and whether infrastructure optimization gains increase only after analytics has been embedded 
into operational routines. Future studies should also propose a Multi-Level Integrated Predictive 
Support Model that separates individual-level, team-level, and organizational-level effects. The current 
study has used the individual respondent as the unit of analysis, but future research could test whether 
managerial cognition, team coordination, and enterprise-wide governance contribute differently to 
predictive decision support effectiveness (Koschmider et al., 2024). In addition, future researchers 
should build a Hybrid Objective–Perceptual Validation Model in which survey measures are combined 
with machine-generated operational indicators such as downtime reduction, forecast accuracy, 
maintenance cycle efficiency, or resource utilization rates. This would improve empirical strength and 
reduce dependence on perception-based evidence. Another promising direction would be the 
development of an Adaptive TOE-AI Performance Model that explicitly incorporates environmental 
shocks, industry complexity, and infrastructure criticality as moderators. Such a model would help 
determine whether the value of predictive decision support differs across sectors such as 
manufacturing, logistics, finance, smart cities, and asset-intensive utilities. Therefore, the future 
research agenda has been especially important in this field: the present study has provided an 
integrated foundation, but later scholars can refine it through longitudinal design, multi-level structure, 
hybrid data sources, and more adaptive contextual modeling so that AI-driven predictive decision 
support can be understood with even greater precision and practical value (Ahmad et al., 2023). 
CONCLUSION 
This research has examined the development of an AI-driven predictive decision support model for 
multi-domain business analytics and infrastructure optimization and has shown that the proposed 
framework has been both conceptually meaningful and empirically supported within the scope of the 
study. The study has demonstrated that AI-driven predictive analytics, business analytics capability, 
data integration capability, and AI decision readiness have collectively contributed to stronger 
decision-making quality and better infrastructure optimization outcomes across interconnected 
organizational domains. By adopting a quantitative, cross-sectional, case-study–based approach, the 
research has provided a structured explanation of how predictive analytical capacity can move beyond 
descriptive reporting and become a practical mechanism for improving managerial judgment, 
operational coordination, and optimization-oriented action. The findings have indicated that AI-driven 
predictive analytics has significantly strengthened decision-making quality, while business analytics 
capability has positively influenced infrastructure optimization, thereby confirming that analytical 
competence remains central to organizational performance in data-intensive environments. The study 
has also shown that data integration capability has been essential in supporting AI decision readiness, 
which has suggested that predictive systems have depended not only on algorithms and software but 
also on the availability, accessibility, and consistency of data across domains. In addition, AI decision 
readiness has emerged as a key enabling condition, reflecting the importance of management support, 
staff capability, workflow compatibility, and organizational willingness in making predictive systems 
function effectively. One of the most important conclusions of the study has been that decision-making 
quality has served as the strongest bridge between AI-enabled analytical capability and infrastructure 
optimization, indicating that better decisions have translated into more efficient resource allocation, 
improved coordination, stronger service continuity, and better infrastructure-related performance. 
This has confirmed that the true value of AI-driven predictive decision support has not resided in 
technological sophistication alone, but in its ability to improve the quality of decisions that guide 
organizational action. The research has therefore contributed to the literature by integrating business 
analytics and infrastructure optimization within one framework and by extending the TOE framework 
beyond simple adoption analysis toward outcome-based explanation. Overall, the study has concluded 
that organizations operating in multi-domain environments have benefited when predictive analytics, 
organizational readiness, and decision processes have been aligned within a coherent support model. 
The proposed AI-driven predictive decision support model has therefore offered a valuable basis for 
understanding how analytical intelligence can be transformed into measurable decision quality and 
optimization gains, making it a relevant framework for organizations seeking to strengthen data-driven 
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management, cross-functional coordination, and infrastructure performance in increasingly complex 
operational settings. 
RECOMMENDATIONS 
Based on the findings of this research, it is recommended that organizations seeking to improve 
business analytics and infrastructure optimization should adopt a more integrated and readiness-
oriented approach to AI-driven predictive decision support rather than treating predictive analytics as 
an isolated technical tool. First, organizations should invest in the development of strong AI-driven 
predictive analytics capability by ensuring that analytical tools, forecasting methods, and decision-
support technologies are aligned with actual managerial and operational needs across multiple 
domains. This means that predictive models should be selected and designed not merely for technical 
accuracy, but for their usefulness in improving the quality, speed, and consistency of organizational 
decisions. Second, organizations should strengthen business analytics capability by building internal 
competencies in data interpretation, analytical reasoning, dashboard use, and evidence-based 
management, since the study has shown that analytical capability has directly supported infrastructure 
optimization and broader organizational performance. Third, it is strongly recommended that 
institutions prioritize data integration capability through the development of interoperable systems, 
centralized data access structures, clear data governance procedures, and cross-functional information-
sharing practices. Since predictive decision support has depended significantly on integrated and 
accessible data, fragmented data environments should be addressed as a strategic weakness. Fourth, 
management teams should actively improve AI decision readiness by promoting leadership 
commitment, staff training, workflow adaptation, and organizational trust in AI-supported systems. 
The findings have shown that readiness has been a major enabler of decision quality, which means that 
implementation efforts should include change management initiatives, capacity development 
programs, and explicit policies supporting the use of predictive systems in decision routines. Fifth, 
organizations should adopt decision quality as a key performance target when evaluating the value of 
AI-driven systems. Instead of measuring AI success only through technical indicators, managers 
should assess whether predictive systems have improved the clarity, timeliness, and effectiveness of 
the decisions being made. Sixth, since the study has shown that decision-making quality has had the 
strongest effect on infrastructure optimization, organizations should ensure that predictive insights are 
embedded into resource allocation, process continuity, asset management, and operational 
coordination mechanisms. Finally, policy makers, institutional leaders, and digital transformation 
planners should treat AI-driven predictive decision support as an organizational capability system 
requiring technological investment, human development, and structural alignment rather than as a 
standalone software adoption exercise. In this way, organizations can create more reliable, 
optimization-oriented, and strategically meaningful decision environments capable of supporting 
long-term performance across interconnected business and infrastructure domains. 
LIMITATIONS 
Although this research has provided important insights into the development of an AI-driven 
predictive decision support model for multi-domain business analytics and infrastructure 
optimization, several limitations have remained and should be acknowledged when interpreting the 
findings. First, the study has employed a cross-sectional design, which has allowed the researcher to 
examine the relationships among the variables at a single point in time but has not made it possible to 
observe changes in those relationships over time. As a result, the study has been able to identify 
statistically significant associations and predictive effects, but it has not fully established long-term 
causal development or the dynamic evolution of AI readiness, decision quality, and infrastructure 
optimization across different stages of implementation. Second, the research has relied on self-reported 
questionnaire responses collected through a five-point Likert scale, which has meant that the results 
have reflected the perceptions, judgments, and experiences of respondents rather than direct 
observation of actual system logs, performance records, or real-time operational data. This has 
introduced the possibility of response bias, social desirability bias, and perceptual subjectivity, 
especially in areas where respondents may have viewed their organizations in a favorable way. Third, 
the study has been case-study–based and has focused on a defined organizational context, which has 
strengthened contextual relevance but has limited the wider generalizability of the results to other 
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sectors, geographical settings, or institutional environments with different technological maturity 
levels or infrastructural characteristics. Fourth, the unit of analysis has been the individual respondent, 
meaning that the study has captured perceptions at the personal level rather than directly measuring 
team-level or organization-level decision dynamics. Fifth, while the selected variables have provided a 
strong framework for explaining predictive decision support effectiveness, the study has not 
incorporated every possible factor that may influence outcomes, such as regulatory intensity, 
organizational culture in broader form, environmental uncertainty, infrastructure criticality, or the 
technical performance metrics of AI models themselves. Sixth, the research has measured infrastructure 
optimization through perceived organizational outcomes rather than objective performance indicators 
such as downtime records, asset utilization ratios, or maintenance efficiency statistics. Finally, the study 
has been conducted within the limits of available time, resources, and access, which has influenced the 
scope of sampling, variable measurement, and contextual depth. These limitations have not invalidated 
the findings, but they have suggested that the results should be interpreted as a strong empirical 
foundation rather than as a final or universally exhaustive explanation of AI-driven predictive decision 
support in all organizational environments. 
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