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Abstract 
The increasing integration of artificial intelligence into industrial production and supply-chain operations has created 
opportunities for more intelligent planning, forecasting, maintenance, sourcing, logistics, and decision-making, yet many 
industrial organizations continue to experience fragmented information systems, uncoordinated AI applications, 
unexpected equipment failures, forecasting inaccuracies, inventory imbalances, supplier uncertainty, and operational 
disruptions. This study aimed to design and empirically evaluate an integrated AI-driven industrial production and 
supply-chain optimization system by determining how multiple AI-enabled capabilities individually and collectively 
contribute to Industrial Production and Supply-Chain Optimization (IPSCO). A quantitative, cross-sectional, case-study-
based research design was employed using enterprise-level industrial and manufacturing cases represented by professionals 
working across production, operations, engineering, maintenance, procurement, inventory, logistics, information 
technology, data analytics, and AI-related functions. Of 300 questionnaires distributed, 281 were returned and 270 valid 
responses were retained, producing a usable response rate of 90.0%. The principal variables were AI-Driven Production 
Planning and Scheduling (AIPPS), AI-Enabled Predictive Maintenance and Process Intelligence (AIPMPI), AI-Driven 
Demand Forecasting and Inventory Optimization (AIDFIO), AI-Enabled Supplier, Procurement, and Logistics 
Intelligence (AISPLI), Real-Time Industrial Data Integration and AI-Supported Decision-Making (RTIDAIDM), and 
IPSCO. Analysis incorporated descriptive statistics, Cronbach’s alpha reliability testing, Pearson correlation, multiple 
regression, capability profiling, and production-supply chain synchronization analysis. IPSCO recorded M = 4.18, SD = 
0.54, while RTIDAIDM achieved the highest AI capability mean, M = 4.15, SD = 0.55. All predictors were significantly 
associated with IPSCO, with RTIDAIDM showing the strongest correlation, r = .72, p < .001. The regression model 
explained 69.9% of IPSCO variance, R = .836, R² = .699, adjusted R² = .693, F (5, 264) = 122.59, p < .001. RTIDAIDM 
was the strongest predictor, β = .30, followed by AIPPS, β = .24, AIDFIO, β = .21, AIPMPI, β = .18, and AISPLI, β = .15. 
All six hypotheses were supported, while a synchronization gap of only 0.05 indicated highly synchronized production-side 
and supply-chain-side AI capabilities. The findings imply that industrial organizations can achieve stronger optimization 
by integrating real-time data, intelligent planning, predictive maintenance, forecasting, inventory, procurement, supplier, 
and logistics capabilities within a coordinated AI architecture. 
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INTRODUCTION 
Artificial intelligence (AI) can be defined in an industrial context as a collection of computational 
techniques that enable machines, software platforms, and digital systems to perform functions 
involving learning, prediction, classification, pattern recognition, reasoning, optimization, and decision 
support using available data. Within contemporary manufacturing, AI does not represent a single 
technology, but rather a broader analytical environment that incorporates machine learning, deep 
learning, artificial neural networks, reinforcement learning, computer vision, intelligent optimization, 
and other computational methods into physical production and information systems. AI applications 
in manufacturing have covered production planning, process modeling, equipment monitoring, 
quality assurance, maintenance, assembly, operational optimization, and decision support, 
demonstrating that industrial AI has become closely associated with multiple stages of manufacturing 
activity rather than with one isolated function (Gao et al., 2024). Industrial production can therefore be 
understood as the coordinated transformation of materials, information, labor, equipment, energy, and 
technological resources into finished or semi-finished products through interconnected processes 
including planning, scheduling, machining, assembly, inspection, maintenance, quality control, and 
resource allocation. Smart manufacturing expands this traditional production structure through the 
integration of sensing technologies, communication systems, computational platforms, data analytics, 
automation, and AI, allowing production resources to become increasingly observable, connected, and 
analytically manageable (Kusiak, 2018). Intelligent manufacturing has similarly been associated with 
production environments in which physical resources interact with digital systems and are capable of 
generating, communicating, and using operational information throughout manufacturing activities 
(Zhong et al., 2017). Cyber-physical systems have provided a central technological foundation for such 
environments by connecting physical industrial assets with computational and communication 
capabilities, thereby supporting continuous information exchange between machines and digital 
systems (Lee et al., 2015). Data-driven smart manufacturing further treats industrial data as an 
operational resource that can be collected, processed, modeled, interpreted, and transformed into 
production decisions (Tao et al., 2018). Supply-chain management, in comparison, involves the 
coordinated management of materials, information, procurement, suppliers, inventories, 
transportation, distribution, production inputs, and customer-related flows across interconnected 
organizations. From this perspective, AI-driven industrial production and supply-chain optimization 
can be defined as an integrated operational system in which intelligent analytical methods utilize 
production and supply-chain data to improve scheduling, capacity utilization, machine availability, 
demand estimation, inventory decisions, procurement, supplier coordination, transportation, and 
operational control. Reviews of industrial AI have confirmed that AI applications increasingly span 
multiple manufacturing functions, reinforcing the need to examine AI as a coordinated industrial 
capability rather than simply as a collection of independent algorithms (Kim et al., 2022). 
The international significance of AI-driven industrial production and supply-chain optimization has 
emerged from the increasing globalization, digitalization, technological complexity, and 
interdependence of contemporary manufacturing networks. Modern industrial organizations 
frequently operate within geographically distributed systems consisting of raw-material suppliers, 
component manufacturers, production facilities, warehouses, logistics providers, distributors, 
technology partners, and customers located across different regions or countries. These interconnected 
structures make industrial performance dependent on the coordinated functioning of production and 
supply-chain activities. Intelligent manufacturing has consequently become an important area of 
technological development across major industrial economies, particularly as manufacturing systems 
have increasingly incorporated automation, digital connectivity, data analytics, and cyber-physical 
integration (Zhong et al., 2017). Industry 4.0 has provided an important technological context for this 
transformation because it combines the Industrial Internet of Things, cloud computing, big-data 
analytics, intelligent automation, cyber-physical systems, advanced manufacturing technologies, and 
AI within digitally connected industrial environments. Industry 4.0 has been described as a 
multidimensional transformation requiring coordinated technological and organizational 
development rather than the implementation of one independent technology (Ghobakhloo, 2018). 
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Empirical evidence from manufacturing organizations has similarly demonstrated that Industry 4.0 
implementation develops through interconnected technological patterns involving smart 
manufacturing, smart products, smart supply chains, analytics, IoT technologies, cloud services, and 
other digital capabilities (Frank et al., 2019). Such integration is particularly important for 
internationally distributed production systems because operational disturbances occurring in one 
function may influence several others. Delayed materials can alter production schedules, unplanned 
equipment failure can interrupt order fulfillment, inaccurate demand forecasting can create excess or 
insufficient inventory, and supplier disruptions can reduce production capacity. Industrial data 
generated throughout manufacturing processes can become useful operational knowledge only when 
organizations possess mechanisms for collecting, processing, integrating, and analyzing those data 
systematically (Tao et al., 2018). AI applications have accordingly expanded across production 
planning, process optimization, quality management, maintenance, and other manufacturing functions 
(Gao et al., 2024). A similar expansion has occurred within supply-chain management, where AI has 
been applied to forecasting, supplier management, logistics, production, inventory, and risk-related 
decisions (Toorajipour et al., 2021). The international relevance of AI-driven optimization therefore 
stems from the requirement to coordinate technologically sophisticated production systems with 
equally complex supply networks in which production efficiency cannot be separated from supplier 
availability, inventory conditions, logistics performance, demand information, and the quality of real-
time operational data. 
 

Figure 1: AI-Driven Industrial Production and Supply-Chain Optimization Framework 

 
 
Production planning and scheduling constitute a central component of an AI-driven industrial 
optimization system because manufacturing efficiency depends heavily on the timely allocation and 
sequencing of machines, jobs, labor, materials, capacity, and processing activities. Conventional 
production scheduling commonly relies on predefined rules, mathematical optimization methods, 
dispatching heuristics, or fixed planning assumptions, whereas actual manufacturing environments 
frequently involve changing order priorities, machine availability, processing times, bottlenecks, 
product variations, work-in-process levels, capacity constraints, and fluctuating demand. Machine-
learning methods provide an alternative analytical approach by enabling production systems to 
identify patterns within historical and real-time operational data and use those patterns to support 
scheduling and optimization decisions. Machine-learning research in production optimization has 
covered areas such as process performance, resource allocation, production quality, parameter 
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optimization, and manufacturing efficiency, demonstrating the applicability of data-driven techniques 
to complex production settings (Weichert et al., 2019). Reinforcement learning has also been applied to 
production scheduling because scheduling problems can be represented as dynamic decision 
environments in which intelligent agents respond to changing production states. Deep reinforcement 
learning has been used to optimize production scheduling through cooperative agents trained 
according to defined production objectives, illustrating how intelligent scheduling can move beyond 
static rules toward adaptive production control (Waschneck et al., 2018). Smart manufacturing 
environments support this form of decision-making by combining sensing, communication, 
computing, data analytics, and AI within connected industrial systems (Kusiak, 2018). The effectiveness 
of AI-based scheduling also depends on the availability and quality of real-time production data. 
Information concerning machine utilization, work queues, order priorities, material availability, 
process progress, downtime, and capacity must be accessible to analytical systems if production plans 
are expected to reflect actual operating conditions. Cyber-physical manufacturing architectures 
provide an important technological mechanism for this interaction because they connect physical 
machines with computational systems capable of monitoring and processing production information 
(Lee et al., 2015). Data-driven manufacturing architectures similarly demonstrate that industrial data 
can move from acquisition and processing toward modeling and operational decision-making across 
different manufacturing stages (Tao et al., 2018). Production scheduling therefore cannot be treated as 
an isolated optimization activity within an integrated industrial system. Scheduling decisions are 
directly influenced by equipment condition, material availability, predicted demand, inventory 
positions, supplier reliability, customer requirements, and logistics constraints. A schedule developed 
without considering these interconnected conditions may appear efficient from a machine-allocation 
perspective while remaining operationally unsuitable when equipment or supply conditions change. 
An AI-driven industrial optimization system therefore requires production planning and scheduling 
to operate within a wider information structure in which production data are continuously connected 
with maintenance, supply-chain, inventory, procurement, and logistics information. 
Predictive maintenance and process intelligence represent another major dimension of AI-driven 
industrial optimization because production performance is fundamentally dependent on the reliability, 
availability, and operating condition of manufacturing equipment. Traditional industrial maintenance 
commonly includes corrective maintenance after equipment failure and preventive maintenance 
conducted according to predetermined schedules or operating intervals. Predictive maintenance differs 
from these approaches by using condition information, historical records, sensor measurements, and 
analytical models to estimate equipment deterioration or failure probability before an interruption 
occurs. Machine-learning classifiers have been applied to predictive-maintenance decisions involving 
unexpected failures, equipment operating life, and maintenance-related cost conditions, demonstrating 
the ability of intelligent models to support maintenance planning from operational data (Susto et al., 
2015). The increasing availability of industrial sensor data has strengthened this approach because 
manufacturing equipment can generate large volumes of information concerning vibration, 
temperature, pressure, electrical current, acoustic signals, alarms, process parameters, production 
histories, and maintenance events. Systematic research has shown that machine-learning techniques 
are extensively used for extracting useful condition information from industrial data and supporting 
predictive-maintenance decisions (Carvalho et al., 2019). Predictive maintenance within Industry 4.0 
environments also combines monitoring, prediction, data processing, computing, and industrial 
connectivity to support equipment-related decision-making (Zonta et al., 2020). Process intelligence 
extends these analytical functions beyond individual machines by examining operating conditions 
across manufacturing processes, including anomaly identification, process-state monitoring, 
performance deviations, quality variation, and abnormal production behavior. Digital representation 
technologies have further strengthened the relationship between physical equipment and analytical 
systems. Digital twins can provide synchronized virtual representations of physical systems that allow 
operational data to support monitoring, analysis, and optimization processes (Negri et al., 2017). 
Different levels of digital representation can also be distinguished according to the degree of automated 
data exchange occurring between physical and digital entities, ranging from relatively static digital 
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models to more closely synchronized digital twins (Kritzinger et al., 2018). Digital-twin technologies 
have been applied across manufacturing, production, and prognostics and health-management 
environments where physical and digital information must remain closely connected (Tao et al., 2019). 
Predictive maintenance is directly related to production optimization because equipment availability 
constrains scheduling, throughput, capacity utilization, order completion, and delivery performance. 
A production schedule developed without machine-health information may allocate high-priority 
work to equipment with a high probability of failure, while maintenance decisions made without 
production information may remove equipment during operationally critical periods. The integration 
of machine-health prediction, process intelligence, and production planning is therefore an essential 
analytical requirement within an AI-driven industrial production system. 
Demand forecasting and inventory optimization constitute another critical connection between 
industrial production and supply-chain management because manufacturing volumes, procurement 
quantities, raw-material requirements, workforce allocation, and finished-goods inventories depend 
significantly on expectations concerning customer and market demand. Demand uncertainty creates 
operational difficulties because inaccurate forecasts may lead to excess production, insufficient 
production, stockouts, excessive inventory, idle capacity, unnecessary storage costs, or delayed order 
fulfillment. Machine-learning methods have been applied to supply-chain demand forecasting to 
improve the capacity of organizations to identify complex demand patterns. Artificial neural networks, 
recurrent neural networks, and support-vector machines have been evaluated for supply-chain 
forecasting environments in which demand information can become increasingly distorted as it moves 
across supply-chain levels (Carbonneau et al., 2008). Artificial neural networks and adaptive neuro-
fuzzy inference systems have also been used for demand forecasting in multilevel supply-chain 
environments, illustrating the application of AI-based methods to uncertain customer demand 
(Efendigil et al., 2009). Forecasting accuracy, however, depends on careful model evaluation rather than 
on algorithmic complexity alone. Comparative evidence has shown that machine-learning methods do 
not automatically outperform established statistical approaches under all forecasting conditions, 
emphasizing the importance of systematic model testing and appropriate method selection 
(Makridakis et al., 2018). Within industrial environments, forecasting results become operationally 
meaningful when they are connected to decisions concerning production quantities, procurement, 
inventory levels, material requirements, workforce allocation, and order fulfillment. Big-data analytics 
in operations management has been applied across forecasting, inventory, transportation, supply-chain 
management, and risk analysis, indicating that these decision areas are analytically interconnected 
(Choi et al., 2018). Supply-chain analytics research has similarly distinguished descriptive, predictive, 
and prescriptive approaches used to understand existing conditions, anticipate operational outcomes, 
and optimize decisions across supply-chain functions (Nguyen et al., 2018). The integration of 
forecasting with supplier selection and order allocation demonstrates this interconnected structure 
because predicted demand can become a direct input to sourcing and purchasing decisions (Islam et 
al., 2021). In an AI-driven industrial production and supply-chain optimization system, demand 
forecasting therefore should not operate as an isolated predictive module. Forecast information needs 
to influence production schedules, inventory targets, procurement quantities, and supplier 
requirements, while capacity constraints and material availability need to shape how forecasts are 
translated into operational plans. Inventory optimization similarly requires coordination among 
expected demand, replenishment times, production capacity, safety-stock requirements, and supplier 
reliability. The analytical relationship among demand forecasting, inventory, procurement, and 
production is consequently central to the integrated optimization problem examined in this study. 
Supplier management, procurement intelligence, logistics optimization, and supply-chain risk analysis 
broaden the scope of industrial optimization beyond the boundaries of the manufacturing facility. 
Production organizations depend on suppliers for raw materials, components, production equipment, 
services, and specialized inputs, while finished products must move through transportation and 
distribution systems before reaching downstream organizations or customers. AI applications in 
supply-chain management have therefore covered forecasting, supplier selection, logistics, production 
planning, risk management, and other decision areas that influence the movement and availability of 
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resources across supply networks (Toorajipour et al., 2021). A broader review of AI applications in 
supply-chain management has also identified numerous computational techniques applied across 
different supply-chain functions, demonstrating that intelligent decision-making has become 
distributed across purchasing, sourcing, logistics, forecasting, risk, and operational coordination 
activities (Pournader et al., 2021). Supplier selection is particularly important because industrial 
organizations typically evaluate suppliers according to multiple criteria such as cost, quality, capacity, 
delivery performance, lead time, reliability, technological capability, information sharing, and risk 
exposure. Machine learning and mathematical optimization have been combined to support supplier 
selection and order allocation, enabling demand information to be linked with sourcing decisions and 
purchasing quantities (Islam et al., 2021). Machine learning has also been combined with multicriteria 
decision-making to support more explainable supplier-selection processes where organizations need 
to evaluate large numbers of potential suppliers against multiple performance criteria (Abdulla & 
Baryannis, 2024). Supply-chain risk prediction represents another important AI application because 
late deliveries, supplier failures, transportation disruptions, and other operational risks can affect 
material availability and production continuity. Machine-learning models have been applied to the 
prediction of delivery delays and supply-chain risks in multitier manufacturing networks, while also 
highlighting the need to balance predictive performance with model interpretability (Baryannis et al., 
2019). Empirical research has additionally examined AI-enabled information-processing capability in 
relation to supply-chain resilience and operational performance under dynamic supply conditions 
(Belhadi et al., 2024). These supplier and logistics functions are closely connected to manufacturing 
decisions because late materials can interrupt production schedules, supplier-capacity constraints can 
affect planned production volumes, logistics delays can alter delivery commitments, and supply 
disruption may require changes to inventory or production allocation. Procurement and logistics 
intelligence therefore cannot be treated as secondary functions within an integrated optimization 
system. The supply-chain component of the present research includes supplier evaluation, 
procurement decisions, order allocation, logistics coordination, inventory information, delivery 
performance, and disruption data that interact continuously with production-side planning and 
control. 
The principal structural challenge associated with AI-driven industrial production and supply-chain 
optimization concerns the integration of heterogeneous information, technologies, and decision 
processes across multiple industrial functions. Manufacturing organizations may simultaneously 
operate production-planning software, manufacturing execution systems, enterprise resource planning 
platforms, maintenance databases, supplier portals, warehouse-management systems, transportation-
management applications, IoT networks, cloud platforms, and analytical tools. The existence of these 
systems does not necessarily mean that operational information flows effectively across production and 
supply-chain functions. Industry 4.0 adoption has shown a systemic structure in which smart 
manufacturing, smart products, smart supply chains, smart working, IoT, cloud computing, big data, 
and analytics develop through interconnected technological patterns rather than as completely 
independent technologies (Frank et al., 2019). Cyber-physical manufacturing architectures similarly 
emphasize connectivity, intelligent data acquisition, and analytical processing as fundamental 
components of digitally integrated industrial systems (Lee et al., 2015). Manufacturing data must pass 
through processes of acquisition, storage, processing, integration, modeling, and analysis before they 
can support production and operational decisions (Tao et al., 2018). The value of real-time information 
integration has also been demonstrated during major supply-chain disruptions, where information 
sharing, stakeholder coordination, Industry 4.0 technologies, and big-data analytics have played 
important roles in managing complex operational conditions (Belhadi et al., 2021). Research on AI in 
supply-chain management has shown that intelligent methods are distributed across forecasting, 
production, logistics, supplier management, and risk-related functions (Pournader et al., 2021). Similar 
evidence from manufacturing research indicates that AI applications extend across planning, quality 
management, maintenance, process optimization, and production-system operations (Gao et al., 2024). 
This distribution of AI capabilities creates a specific integration problem because organizations may 
successfully optimize individual functions while still operating fragmented production and supply-
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chain systems. A highly accurate demand-forecasting model may provide limited operational value if 
its predictions are not connected to production planning or inventory control. A predictive-
maintenance model may identify equipment failure risk without modifying production schedules. A 
supplier-risk model may identify potential disruptions without influencing procurement quantities or 
material-allocation decisions. A production optimizer may generate efficient schedules while ignoring 
transportation constraints or changing supplier conditions. The present study therefore focuses on the 
design and implementation of an integrated AI-driven industrial production and supply-chain 
optimization system in which AI-driven production planning and scheduling, predictive maintenance 
and process intelligence, demand forecasting and inventory optimization, supplier, procurement, and 
logistics intelligence, and real-time industrial data integration are treated as coordinated organizational 
capabilities. These capabilities are examined quantitatively as measurable constructs within a cross-
sectional, case-study-based research design using a five-point Likert scale, descriptive statistics, 
correlation analysis, and multiple regression modeling to determine their relationships with industrial 
production and supply-chain optimization. 
Background of the Study 
Artificial intelligence has become increasingly embedded in industrial production environments as 
organizations seek more accurate, responsive, and coordinated approaches to managing complex 
manufacturing and supply-chain activities. Modern industrial systems generate substantial volumes of 
information from production equipment, enterprise systems, sensors, inventory databases, 
maintenance records, supplier networks, procurement activities, logistics operations, and customer 
demand. The availability of such information has created opportunities for organizations to move 
beyond traditional rule-based planning and adopt analytical systems capable of identifying patterns, 
predicting operational conditions, and supporting complex decisions. Within production 
environments, AI can support scheduling, machine utilization, resource allocation, quality monitoring, 
predictive maintenance, process control, and capacity planning. Within supply-chain environments, 
the same technological capabilities can support demand forecasting, inventory optimization, supplier 
evaluation, procurement planning, transportation decisions, logistics coordination, and disruption 
management. These activities are strongly interconnected because inefficient decisions in one 
operational area can affect performance across the entire industrial system. Production schedules 
depend on material availability, equipment condition, workforce capacity, and expected demand, 
while procurement and inventory decisions depend on production requirements and supplier 
reliability. Logistics performance is similarly influenced by production completion times, distribution 
priorities, warehouse capacity, and delivery requirements. Industrial organizations therefore require 
systems capable of coordinating these interdependent decisions rather than optimizing each function 
separately. The development of AI-driven industrial production and supply-chain optimization 
systems represents an attempt to establish such coordination through integrated data analysis and 
intelligent decision support. In this context, AI is not limited to automating repetitive activities but 
becomes part of a broader operational architecture that connects production planning, maintenance 
intelligence, forecasting, inventory management, supplier analysis, procurement decisions, and 
logistics coordination. The present study focuses on this integrated perspective by examining how AI-
driven production planning and scheduling, predictive maintenance and process intelligence, demand 
forecasting and inventory optimization, supplier, procurement, and logistics intelligence, and real-time 
industrial data integration collectively relate to industrial production and supply-chain optimization. 
The study therefore addresses industrial AI as a coordinated organizational capability whose 
effectiveness depends on the interaction between manufacturing operations and the wider supply 
network in which those operations are situated. 
Problem Statement 
Industrial organizations continue to experience operational inefficiencies caused by fragmented 
production planning, unexpected machine failures, inaccurate demand estimation, inappropriate 
inventory levels, supplier uncertainty, procurement delays, logistics disruptions, and limited 
coordination between production and supply-chain functions. Many organizations have introduced 
digital technologies into individual operational areas, yet these technologies often operate as separate 
systems with limited integration across departments and decision processes. A production department 
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may use advanced scheduling software while the maintenance department relies on independent 
condition-monitoring tools, the procurement department follows separate supplier-management 
procedures, and the logistics unit uses another system for transportation planning. Such fragmentation 
can prevent organizations from obtaining a unified understanding of operational conditions and may 
reduce the effectiveness of data-driven decision-making. A production schedule may be technically 
efficient but become unworkable when a machine failure occurs or when required materials are 
delayed. A demand forecast may be statistically accurate but have limited operational value if it is not 
connected to production quantities, inventory levels, procurement orders, and supplier capacities. 
Similarly, supplier-risk information may identify potential disruption without influencing production 
or inventory decisions in sufficient time. The central problem addressed by this study is therefore not 
merely whether AI can improve individual industrial tasks, but whether an integrated set of AI-driven 
capabilities can support coordinated optimization across production and supply-chain functions. A 
further problem is the limited empirical understanding of how different AI capabilities contribute 
individually and collectively to overall industrial production and supply-chain optimization. 
Organizations may invest in AI-based scheduling, predictive maintenance, forecasting, supplier 
analytics, or real-time data integration without knowing which capabilities have the strongest 
relationship with operational optimization or whether production-side and supply-chain-side AI 
maturity are sufficiently synchronized. This creates a need for a structured quantitative investigation 
capable of measuring these capabilities and testing their relationships with overall optimization 
performance. The present research addresses this problem through a cross-sectional, case-study-based 
design using a five-point Likert scale, descriptive statistics, correlation analysis, and multiple 
regression modeling. By examining five AI-related capability dimensions within one integrated 
framework, the study seeks to establish a more systematic understanding of how AI can be organized 
and evaluated across interconnected industrial production and supply-chain activities. 
Purpose/Objectives of the Study 
The principal objective of this study is to design and empirically evaluate an AI-driven industrial 
production and supply-chain optimization system by examining the contribution of several 
interconnected technological and operational capabilities within a unified analytical framework. The 
study specifically aims to determine the extent to which AI-driven production planning and scheduling 
contribute to improved coordination of manufacturing resources, processing activities, machine 
assignments, production priorities, and capacity utilization. A second objective is to examine the role 
of AI-enabled predictive maintenance and process intelligence in supporting equipment reliability, 
reducing unplanned interruptions, improving process visibility, and strengthening production 
continuity. The study also seeks to evaluate the influence of AI-driven demand forecasting and 
inventory optimization on the alignment of production quantities, material requirements, inventory 
levels, and changing demand conditions. Another major objective is to assess how AI-enabled supplier, 
procurement, and logistics intelligence contributes to supplier evaluation, sourcing decisions, material 
availability, transportation planning, delivery coordination, and supply-chain responsiveness. In 
addition, the research aims to determine the effect of real-time industrial data integration and AI-
supported decision-making on the coordination of production and supply-chain information across 
operational functions. Beyond examining these relationships independently, the study also seeks to 
measure the combined predictive effect of all five AI-related capabilities on industrial production and 
supply-chain optimization through multiple regression analysis. The research further intends to 
construct an integrated AI optimization capability profile in order to identify the relative strength and 
maturity of each capability within the selected industrial context. A production-supply chain AI 
synchronization analysis will also be developed to determine whether AI capability development is 
balanced between production-oriented and supply-chain-oriented functions. Through these objectives, 
the study will establish a quantitative basis for evaluating how AI-supported production, maintenance, 
forecasting, supplier, logistics, and data-integration capabilities interact within a single industrial 
optimization framework. The overall focus remains on understanding AI not as a collection of separate 
technological applications, but as an integrated system of capabilities that can be measured, compared, 
and statistically evaluated in relation to industrial production and supply-chain performance. 
Research Hypotheses 
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The research hypotheses of this study are developed to statistically test the proposed relationships 
between the five AI-driven capability dimensions and industrial production and supply-chain 
optimization. The first hypothesis proposes that AI-driven production planning and scheduling have 
a significant positive effect on industrial production and supply-chain optimization because more 
intelligent allocation of production resources, jobs, capacity, and processing sequences is expected to 
strengthen operational coordination. The second hypothesis proposes that AI-enabled predictive 
maintenance and process intelligence have a significant positive effect on industrial production and 
supply-chain optimization by supporting equipment availability, process stability, and earlier 
identification of abnormal operating conditions. The third hypothesis proposes that AI-driven demand 
forecasting and inventory optimization have a significant positive effect on industrial production and 
supply-chain optimization because more accurate demand information and better inventory decisions 
can improve alignment among market requirements, production quantities, material needs, and stock 
availability. The fourth hypothesis proposes that AI-enabled supplier, procurement, and logistics 
intelligence have a significant positive effect on industrial production and supply-chain optimization 
by improving supplier evaluation, purchasing decisions, delivery planning, and supply continuity. The 
fifth hypothesis proposes that real-time industrial data integration and AI-supported decision-making 
have a significant positive effect on industrial production and supply-chain optimization because 
integrated information can support faster and more coordinated decisions across production and 
supply-chain functions. The sixth hypothesis examines the collective effect of the proposed capabilities 
and states that the combined AI-driven capabilities significantly predict industrial production and 
supply-chain optimization performance. Accordingly, the hypotheses are expressed as follows: H1: AI-
driven production planning and scheduling have a significant positive effect on industrial production 
and supply-chain optimization. H2: AI-enabled predictive maintenance and process intelligence have 
a significant positive effect on industrial production and supply-chain optimization. H3: AI-driven 
demand forecasting and inventory optimization have a significant positive effect on industrial 
production and supply-chain optimization. H4: AI-enabled supplier, procurement, and logistics 
intelligence have a significant positive effect on industrial production and supply-chain optimization. 
H5: Real-time industrial data integration and AI-supported decision-making have a significant positive 
effect on industrial production and supply-chain optimization. H6: The combined AI-driven 
capabilities significantly predict industrial production and supply-chain optimization performance. 
Significance of the Research 
i. Academic significance: This study is significant because it brings together several major areas of AI-
enabled industrial management within one quantitative framework. Production planning, predictive 
maintenance, demand forecasting, inventory control, procurement, supplier intelligence, logistics, and 
real-time data integration are frequently examined separately, while the present research evaluates 
them as interconnected dimensions of a broader industrial optimization system. This integrated 
structure can support a more comprehensive understanding of AI-driven industrial operations. 
ii. Theoretical significance: The study provides a structured foundation for applying Dynamic 
Capabilities Theory to AI-enabled industrial production and supply-chain management. The different 
AI capabilities examined in the study can be associated with organizational sensing, seizing, and 
reconfiguration activities, allowing the theoretical framework to be connected with measurable 
technological and operational capabilities. 
iii. Methodological significance: The study applies a quantitative, cross-sectional, case-study-based 
design using a five-point Likert scale, descriptive statistics, reliability analysis, Pearson correlation, and 
multiple regression modeling. The inclusion of an Integrated AI Optimization Capability Profile and a 
Production-Supply Chain AI Synchronization Analysis makes the empirical design more specific to the 
research problem and allows the study to move beyond conventional hypothesis testing. 
iv. Industrial significance: The research is significant to industrial organizations because it evaluates 
AI capabilities across production and supply-chain functions simultaneously. This can help 
organizations understand whether their AI development is concentrated in one operational area or 
distributed more evenly across scheduling, maintenance, forecasting, inventory, procurement, supplier 
management, logistics, and data integration. 
v. Managerial significance: The findings can provide managers with a clearer understanding of which 
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AI capabilities are most strongly associated with industrial production and supply-chain optimization. 
Such knowledge can support the prioritization of technology initiatives, operational coordination, 
workforce development, data-management practices, and AI-related decision processes. 
vi. System-design significance: The research also provides a structured basis for designing an 
integrated AI-driven industrial optimization system. By defining the principal capability components 
and examining their statistical relationships with optimization performance, the study establishes an 
evidence-based architecture through which production-side and supply-chain-side intelligence can be 
assessed within the same operational framework. 
LITERATURE REVIEW 
The literature surrounding AI-driven industrial production and supply-chain optimization spans 
several interconnected research domains, including smart manufacturing, Industry 4.0, machine 
learning, predictive maintenance, production scheduling, demand forecasting, inventory management, 
procurement intelligence, supplier selection, logistics optimization, real-time data integration, and AI-
supported decision-making. These areas have developed from a common need to improve the capacity 
of industrial organizations to manage complex operational environments through more accurate, 
timely, and data-driven processes. Contemporary manufacturing systems increasingly depend on 
information generated by machines, sensors, production lines, enterprise platforms, suppliers, 
inventories, transportation networks, and customer-demand systems, creating a large and diverse 
analytical environment in which AI methods can be applied. Within production operations, researchers 
have examined AI for scheduling, resource allocation, process control, quality monitoring, equipment-
condition assessment, anomaly detection, and predictive maintenance. Within supply-chain 
management, research has focused on forecasting, inventory optimization, supplier evaluation, 
procurement planning, order allocation, transportation, logistics coordination, risk prediction, and 
supply-chain resilience. These areas are closely related because production decisions depend on supply 
conditions, while supply-chain decisions are influenced by manufacturing capacity, equipment 
availability, production schedules, and customer requirements. The literature also demonstrates the 
increasing importance of cyber-physical systems, Industrial Internet of Things technologies, enterprise 
integration, cloud platforms, digital twins, and real-time data architectures in connecting physical 
manufacturing activities with analytical and computational systems. However, a substantial portion of 
existing research has examined individual AI applications, technologies, or operational functions 
separately, which can make it difficult to understand how multiple AI capabilities operate collectively 
across the production and supply-chain environment. For this reason, the present literature review is 
organized around six major areas that correspond directly with the research model. These include 
artificial intelligence and smart manufacturing, AI-driven production planning and predictive process 
intelligence, AI-enabled demand forecasting and supply-chain optimization, real-time industrial data 
integration, Dynamic Capabilities Theory as the theoretical framework, and the conceptual framework 
linking the study variables. Together, these sections provide the theoretical and empirical foundation 
required to examine how coordinated AI capabilities are associated with industrial production and 
supply-chain optimization. 
Artificial Intelligence and Industrial Production Systems 
Artificial intelligence and smart manufacturing have become closely connected concepts within the 
transformation of industrial production systems from isolated, manually coordinated operations 
toward integrated and data-intensive production environments. Smart manufacturing can be 
understood as a manufacturing configuration in which physical production resources, digital 
technologies, computational intelligence, communication networks, and operational data are combined 
to support more responsive and informed production control. Within this structure, AI provides the 
analytical capability required to recognize complex relationships in production data, while smart 
manufacturing provides the connected technological environment through which data can be 
generated, exchanged, and acted upon. Industry 4.0 has supplied an important architectural context 
for this development by linking manufacturing with cyber-physical systems, the Internet of Things, 
enterprise integration, cloud computing, automation, and intelligent information processing. A 
categorical examination of Industry 4.0 manufacturing has shown that the transition toward advanced 
industrial systems requires development across several levels, beginning with physical resources and 
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progressing through network connectivity, information integration, computational intelligence, and 
configurable manufacturing functions rather than depending on a single technological intervention 
(Qin et al., 2016). This layered understanding is particularly relevant to AI-driven industrial production 
because intelligent algorithms cannot operate effectively without reliable data acquisition, 
interoperable systems, and access to information describing actual production conditions. Industry 4.0 
has also been characterized as a broad industrial framework involving cyber-physical systems, Internet 
of Things technologies, information and communication technologies, enterprise architecture, and 
enterprise integration, indicating that manufacturing intelligence is structurally dependent on 
connectivity among operational and organizational systems (Lu, 2017). In practical production settings, 
this integration allows information concerning machine states, process parameters, production orders, 
resource availability, quality conditions, material movements, and operational constraints to become 
part of a common decision environment. The relationship between AI and smart manufacturing is 
therefore based on the interaction of computation, connectivity, and production data. AI methods 
provide mechanisms for prediction, classification, optimization, and adaptive decision support, while 
smart manufacturing establishes the industrial infrastructure through which those analytical 
capabilities can interact with production activities at machine, process, factory, and enterprise levels. 

 
Figure 2: AI-Driven Smart Manufacturing and Integrated Production–Supply-Chain Optimization 

Framework 
 

 
 
The application of AI within manufacturing is strongly associated with the increasing complexity and 
variability of industrial production processes. Modern factories must manage large numbers of 
interconnected variables involving machines, products, production sequences, quality requirements, 
processing times, workforce resources, energy consumption, material availability, maintenance 
conditions, and customer orders. Traditional analytical procedures can become difficult to apply when 
operational relationships are highly nonlinear, when datasets contain large numbers of variables, or 
when manufacturing conditions change frequently. Machine learning has therefore become an 
important component of industrial AI because it allows computational models to identify patterns from 
historical and real-time production data and use those patterns for tasks such as prediction, 
classification, diagnosis, monitoring, control, scheduling, and process optimization. Research 
examining machine learning in manufacturing has emphasized that industrial environments generate 
heterogeneous and high-dimensional data and that learning techniques can transform these data into 
models capable of supporting detection, prediction, regression, forecasting, and other production-
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oriented analytical tasks (Wuest et al., 2016). Such capabilities extend the role of manufacturing 
information beyond documentation and retrospective reporting because process measurements can 
become inputs to automated or human-supported decisions. Smart manufacturing nevertheless 
requires more than the deployment of individual learning algorithms. Its operational structure includes 
characteristics such as context awareness, modularity, decentralization, connectivity, interoperability, 
adaptability, and intelligent control, together with enabling technologies that allow industrial systems 
to collect information and coordinate production resources. A systematic examination of smart 
manufacturing characteristics and enabling factors has identified technologies and capabilities 
spanning data analytics, cloud systems, cyber-physical systems, sensors, industrial communication, 
intelligent control, simulation, and interconnected production resources, reinforcing the view that 
smart manufacturing represents a multidimensional industrial system rather than a single form of 
automation (Mittal et al., 2019). For an AI-driven industrial production and supply-chain optimization 
system, this distinction is important because analytical accuracy alone does not create operational 
optimization. AI-generated information must be connected to production planning, machine operation, 
maintenance status, inventory availability, material flow, supplier information, and logistics 
conditions. Manufacturing intelligence consequently depends on the ability of production systems to 
convert distributed operational data into coordinated information that can support decisions across 
several interdependent functions. 
Cyber-physical production systems provide an important structural link between AI, smart 
manufacturing, and the physical organization of industrial production. These systems combine 
computational entities with machines, equipment, sensors, controllers, networks, and physical 
processes so that digital mechanisms can continuously interact with real production activities. This 
connection changes the information structure of manufacturing because data are no longer limited to 
periodic reports entered after production events. Machine states, process measurements, equipment 
conditions, production progress, and other operational variables can be captured during production 
and transmitted to computational systems that analyze the information and support control or 
optimization decisions. Cyber-physical manufacturing research has described these systems as 
networks of collaborating computational entities that maintain intensive connections with physical 
processes while providing and using data-access and data-processing services, thereby creating a 
foundation for more integrated production control (Monostori et al., 2016). Within an AI-driven 
production environment, this architecture is particularly important because intelligent models require 
current and sufficiently detailed information if they are to support decisions involving production 
schedules, machine utilization, process stability, resource allocation, or operational disturbances. The 
value of a cyber-physical structure also extends from individual machines to production lines and 
enterprise-level coordination. A machine-level sensor may identify a variation in temperature or 
vibration, a process-monitoring system may detect a deviation in operating conditions, and an 
enterprise system may simultaneously contain information about production priorities, available 
materials, inventory positions, and customer orders. When such information remains separated, local 
optimization can occur without corresponding system-wide coordination. When the information is 
integrated, AI-supported analysis can examine operational conditions across multiple levels and relate 
physical production states to planning and resource decisions. This relationship is central to the present 
research because the proposed optimization system combines production-side intelligence with 
supply-chain information rather than treating the factory as an isolated computational environment. 
Smart industrial production therefore involves a technological hierarchy in which connected physical 
resources generate data, communication infrastructures transmit those data, digital platforms organize 
them, and AI methods analyze them for production-related decisions. This integrated structure 
provides the conceptual basis for examining AI-driven planning, predictive process intelligence, 
demand and inventory analytics, supplier and logistics intelligence, and real-time decision support as 
interrelated components of industrial production optimization. 
AI-Driven Production Planning and Process Intelligence 
AI-driven production planning has emerged as an important component of intelligent manufacturing 
because production systems must coordinate orders, machines, labor, materials, processing sequences, 
setup requirements, and delivery commitments under conditions of operational variability. Production 
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planning and control traditionally depend on forecasts, predefined scheduling rules, mathematical 
optimization, and managerial judgment, while connected manufacturing environments now generate 
large volumes of data that can be used to improve the responsiveness of these activities. Machine 
learning allows historical and real-time production records to be analyzed for recurring patterns 
involving lead times, bottlenecks, resource utilization, work-in-process levels, processing delays, and 
order priorities. A state-of-the-art review of machine learning in production planning and control 
identified applications across demand management, capacity planning, scheduling, inventory-related 
decisions, and shop-floor control, showing that learning techniques can support several levels of 
production decision-making rather than only one isolated task (Usuga Cadavid et al., 2020). This broad 
application is relevant to an AI-driven optimization system because planning decisions are 
interconnected: a change in demand can alter capacity requirements, an equipment interruption can 
invalidate an existing schedule, and delays at one workstation can affect downstream operations. 
Intelligent scheduling therefore requires mechanisms capable of interpreting production states and 
selecting appropriate actions while operating conditions are changing. Deep reinforcement learning 
has been applied to discrete automated production lines by representing the production environment 
as a set of states and actions and training an intelligent scheduling policy through repeated interaction 
with a simulated system. Such an approach has demonstrated competitive scheduling performance 
across linear, parallel, and re-entrant production structures while maintaining robustness under 
random processing-time conditions (Shi et al., 2020). AI-driven planning can therefore be understood 
as a data-responsive decision process in which algorithms learn from production conditions, update 
resource-allocation choices, and coordinate scheduling decisions with machine status, processing 
requirements, material flows, and changing production priorities. 
The value of intelligent production planning becomes more apparent when industrial systems are 
affected by uncertainty because an initial schedule can quickly become unsuitable after machine 
failures, urgent orders, processing-time deviations, worker shortages, or other disturbances (Rony & 
Md, 2026; Tonay, 2026). Static scheduling assumes that relevant conditions remain sufficiently stable 
for a predefined plan to remain valid, whereas real manufacturing systems frequently require 
rescheduling during execution. AI can strengthen this process by combining real-time monitoring with 
classification, prediction, and optimization methods that determine whether a schedule should be 
changed and when the operational cost of rescheduling is justified (Mohammad Badrul, 2026; Nishat, 
2026; Nuzhat Sadia, 2026). An integrated machine-learning and optimization framework for 
production rescheduling has shown how classification models can identify rescheduling patterns from 
operational features and work alongside optimization algorithms to balance schedule stability against 
accumulated production delays (Li et al., 2020). This relationship between monitoring and scheduling 
is important because production disturbances are often connected to equipment condition. Predictive 
maintenance adds another layer of intelligence by estimating degradation and remaining useful life 
before equipment reaches a failure state that interrupts production (Md Jakaria & Md. Shahinur, 2026; 
Md Mahamud Pervaz, 2026; Mohammad Abir Chowdhury, 2026). Machinery prognostics generally 
involves condition-data acquisition, construction of health indicators, identification of health stages, 
and remaining useful life prediction, demonstrating that predictive maintenance is a structured data-
analysis process rather than a single prediction event (Lei et al., 2018). In an integrated production 
environment, prognostic outputs can become direct inputs to scheduling and capacity decisions. A 
machine with a high probability of near-term failure may receive a reduced workload, maintenance 
may be planned during a lower-demand period, or production orders may be shifted toward 
alternative resources (Jahid, 2026; Jannatul, 2026; Md Anisur Rahman, 2026). This interaction reduces 
the separation between maintenance planning and production planning because equipment health 
influences available capacity, while the production schedule determines when maintenance 
interventions are operationally feasible. AI-driven optimization therefore becomes more coherent 
when scheduling and maintenance intelligence operate as coordinated analytical functions within the 
same production system (Hossain; et al., 2026; Sharif Md Yousuf et al., 2025; Tonay, 2025). 
Process intelligence extends AI-enabled production management beyond planning and maintenance 
by creating continuous visibility into how manufacturing processes behave during operation. 
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Industrial processes generate multivariate data through sensors, controllers, machine tools, inspection 
devices, manufacturing execution systems, and quality records (Mohammad Badrul, 2025; Nishat, 
2025; Nuzhat Sadia, 2025). These data can reveal deviations in operating parameters, unstable process 
states, abnormal equipment behavior, changes in cycle time, and conditions associated with quality 
deterioration. Conventional monitoring often depends on manually defined thresholds or engineered 
features, which can be difficult to establish when signals are noisy, nonlinear, high-dimensional, or 
strongly dependent on changing operating conditions. Deep learning and transfer-learning approaches 
provide a method of extracting informative patterns directly from complex signals (Md Syeedur & 
Sharmin, 2025; Mohammad Abir Chowdhury, 2025).  
 

Figure 3: AI-Driven Production Planning, Predictive Maintenance, and Process Intelligence 
Framework 

 

 
 
In machining applications, time-frequency representations of acoustic-emission signals combined with 
deep neural networks have been used for intelligent online process classification, with high 
classification accuracy reported across multiple turning-process conditions (Liao et al., 2021). Such 
evidence illustrates how process-monitoring systems can convert raw machine signals into useful 
information about production states (Md Mahamud Pervaz, 2025; Md Mostafizur, 2025; Md Mostafizur 
et al., 2025). For the present research, process intelligence is important because AI-enabled optimization 
requires awareness of what is occurring inside production processes while schedules are being 
executed. Real-time process information can indicate whether expected cycle times are being achieved, 
whether equipment is operating within acceptable conditions, whether quality-related deviations are 
emerging, and whether a production plan remains feasible (Md Anisur Rahman, 2025; Md Arif Uz et 
al., 2025). When integrated with predictive maintenance, this information can help distinguish 
temporary process variation from patterns associated with deterioration. When connected with 
production scheduling, it can trigger rescheduling or resource reallocation before a disruption becomes 
severe. Process intelligence can also support synchronization between production and supply-chain 
decisions because changes in throughput, quality yield, or machine availability can alter material 
requirements, inventory positions, and delivery expectations (Debasish, 2025; Jannatul, 2025; Tonay et 
al., 2024). AI-driven production planning, predictive maintenance, and process intelligence therefore 
function as mutually reinforcing capabilities within the proposed industrial optimization system, 
linking planned resource use with asset condition and real-time process behavior (Md Anisur Rahman, 
2024; Md Asif Ali Sheak, 2024; Nishat & Jahanara, 2024). 
AI-Driven Demand Forecasting and Logistics Optimization 
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AI-driven demand forecasting has become a central analytical function in integrated production and 
supply-chain systems because demand estimates influence production volumes, purchasing 
requirements, inventory positions, workforce allocation, transportation capacity, and customer-service 
commitments (Ashrafuzzaman, 2024; Kazi Rakib Hasan, 2024; Muhammad Zahidul, 2023). 
Conventional forecasting approaches often rely on historical averages, exponential smoothing, 
autoregressive models, or other statistical techniques that perform effectively when demand patterns 
remain stable and relationships among variables are transparent (Abdullah Mohammad, 2023; 
Mohammad Abir Chowdhury, 2023; Mohammad Badrul & Md. Mominul, 2023). Industrial and 
supply-chain environments, however, can contain many related products, multiple demand drivers, 
irregular purchasing behavior, promotions, seasonality, market shocks, and interactions among 
locations that create more complex forecasting conditions. Machine learning and deep learning provide 
an alternative by learning nonlinear relationships from large datasets and incorporating information 
across many related time series. Probabilistic forecasting is valuable because managers require not only 
a single estimate of expected demand but also information about uncertainty when planning safety 
stocks, production capacity, and replenishment quantities (Mohammad Abir Chowdhury & Tonay, 
2022; Nishat & Mst Kaniz, 2022; Shaiful et al., 2022).  
 

Figure 4: AI-Driven Demand Forecasting, Inventory, Procurement, and Logistics Optimization 
Framework 

 

 
 
DeepAR, an autoregressive recurrent neural-network methodology, was developed to generate 
probabilistic forecasts across large collections of related time series and demonstrated the usefulness of 
deep learning for business forecasting problems in which many items must be predicted 
simultaneously (Salinas et al., 2020). The importance of demand forecasting within the present study 
lies in its connection to operational decisions rather than forecasting accuracy alone. Accurate 
predictions create limited optimization value when they are not translated into production schedules, 
procurement orders, inventory policies, and distribution plans (Md Ashfaq & Abdullah Mohammad, 
2022; Md Asif Ali Sheak & Risha, 2022). Data-driven optimization provides a mechanism for linking 
prediction with action by using contextual information and estimated uncertainty to prescribe 
operational decisions. A prescriptive analytics framework combining machine learning with operations 
research has shown how predictive information can be incorporated directly into optimization models, 
including an inventory-management application in which data improved operational decisions under 
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uncertainty (Bertsimas & Kallus, 2020). Demand intelligence in an AI-driven industrial system 
therefore functions as an input to coordinated production and supply-chain decision-making rather 
than as an independent forecasting activity (Debasish, 2021; Md. Abdur & Iftekhar, 2021). 
Inventory optimization represents the operational bridge between demand information and the 
physical availability of materials and products throughout an industrial network. Excess inventory ties 
up working capital, increases storage requirements, creates obsolescence exposure, and may conceal 
weaknesses in production or procurement, while insufficient inventory can interrupt manufacturing, 
delay customer orders, and increase emergency purchasing or transportation costs. Traditional 
inventory models commonly depend on assumptions concerning demand distributions, service levels, 
lead times, holding costs, and shortage costs. AI-based approaches can reduce dependence on rigid 
assumptions by learning relationships between contextual variables and appropriate ordering 
decisions. Deep learning has been applied directly to the classical newsvendor problem by integrating 
demand-related features with inventory optimization instead of estimating a demand distribution first 
and calculating an order quantity separately. This approach demonstrated that deep neural networks 
can learn ordering decisions from data and perform strongly when demand is volatile, illustrating the 
value of combining prediction and inventory control within the same model (Oroojlooyjadid et al., 
2020). In industrial supply chains, such integration becomes important because inventory decisions 
occur across raw materials, components, work in process, spare parts, finished goods, and distribution 
locations. Procurement intelligence must therefore operate alongside inventory optimization by 
considering supplier capacity, lead-time reliability, purchase quantities, material criticality, quality 
performance, and changing production requirements. AI capabilities such as learning, prediction, 
adaptation, reasoning, and interaction can be applied across multiple supply-chain and operations-
management decision areas, providing a basis for connecting sourcing, planning, inventory, and 
operational control rather than automating only one function (Jackson et al., 2024). For the proposed 
industrial optimization system, procurement is treated as a dynamic decision process linked to 
forecasted demand, current inventory, production schedules, supplier performance, and delivery 
requirements. When these information sources are integrated, procurement quantities can be adjusted 
to operating conditions, inventory can be positioned according to production needs, and purchasing 
decisions can reflect both predicted demand and supply-side constraints. 
Logistics optimization completes the connection among demand, inventory, procurement, production, 
and customer fulfillment because materials and products must move through inbound, internal, and 
outbound flows according to time, cost, capacity, and service constraints. Industrial logistics includes 
transportation planning, routing, warehouse operations, material handling, delivery scheduling, 
shipment visibility, and coordination among suppliers, plants, distribution centers, and customers. 
These activities involve interdependent decisions, and disruptions in one part of the logistics network 
can alter production plans or inventory requirements elsewhere. AI can support logistics by processing 
operational data from transportation systems, warehouse platforms, enterprise systems, sensors, order 
histories, traffic information, and supplier records to improve prediction, routing, resource allocation, 
and exception management. Research on AI in logistics and supply-chain management has emphasized 
that contemporary AI capabilities extend across robotic process automation, computer vision, machine 
learning, deep learning, natural-language processing, and other intelligent technologies that can 
support complex logistics and supply-chain decisions (Richey et al., 2023). Within an integrated 
industrial system, logistics intelligence should not be interpreted only as route optimization after 
production has been completed. Inbound logistics determines whether production materials arrive 
when required, warehouse operations influence material availability, outbound transportation affects 
delivery commitments, and shipment delays can change inventory and customer-service conditions. 
Coordination therefore requires information to move across functional boundaries. Demand forecasts 
can shape transportation-capacity requirements, inventory positions can determine replenishment 
priorities, supplier performance can influence sourcing and inbound routing, and production 
completion times can determine shipment schedules. AI-driven logistics optimization becomes more 
valuable when its outputs are connected with the same decision architecture used for production and 
procurement. In the present research, demand forecasting and inventory optimization are examined 
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together with supplier, procurement, and logistics intelligence because these functions jointly 
determine how industrial resources are acquired, positioned, transformed, and delivered. Their 
integration provides the supply-chain-side analytical structure required to evaluate whether AI 
capabilities are associated with broader industrial production and supply-chain optimization rather 
than isolated improvements in forecasting, inventory, purchasing, or transportation. 

Real-Time Industrial Data Integration and AI-Supported Decision-Making 
Real-time industrial data integration has become a central requirement of intelligent production 
because AI-supported optimization depends on the continuous availability of accurate, timely, and 
interoperable information from multiple operational sources. In a conventional manufacturing 
environment, production data may remain distributed across machine controllers, manufacturing 
execution systems, enterprise resource planning platforms, quality databases, warehouse systems, 
maintenance records, supplier portals, and logistics applications. Such fragmentation limits the ability 
of decision systems to obtain a complete representation of current operating conditions. Industry 4.0 
has therefore emphasized horizontal integration across organizations, vertical integration across 
enterprise and shop-floor levels, and end-to-end digital integration across the product and production 
lifecycle.  

 
Figure 5: Real-Time Industrial Data Integration and AI-Supported Decision-Making Framework 

 

 
 
These forms of integration connect physical processes with information systems so that operational 
data can move from machines and sensors toward higher-level planning and management functions. 
The Industry 4.0 technological structure includes cyber-physical systems, Internet of Things 
technologies, cloud computing, industrial information integration, service-oriented architectures, and 
enterprise systems, all of which contribute to the creation of connected production environments (Xu 
et al., 2018). Real-time integration is especially important when AI models are expected to support 
production scheduling, maintenance, inventory, procurement, or logistics decisions because the value 
of a prediction can decline rapidly when the underlying operational state changes. Industrial Internet 
of Things architectures strengthen this capability by connecting equipment, sensors, controllers, and 
computational resources through communication networks capable of transferring information 
between physical and digital layers. Real-time performance, interoperability, reliability, security, and 
energy efficiency have been identified as major technical requirements of Industrial Internet of Things 
environments, demonstrating that industrial connectivity must satisfy operational conditions that are 
more demanding than ordinary consumer-oriented data exchange (Sisinni et al., 2018). For the present 
study, real-time industrial data integration therefore represents the capability through which 
distributed production and supply-chain information becomes available within a common analytical 
environment for AI-supported operational decision-making. 
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The effectiveness of real-time data integration also depends on how industrial systems organize 
connectivity, information processing, and interoperability across operational technology and 
information technology environments. Historically, many industrial automation and control systems 
were designed as relatively isolated architectures in which connectivity with enterprise information 
systems was limited for reasons related to reliability, security, and control. The expansion of connected 
industrial devices has altered this structure by enabling machines, sensors, actuators, gateways, and 
control systems to participate in wider digital networks. Industrial Internet of Things environments can 
therefore be understood as connected industrial architectures in which physical devices exchange data 
with computational systems that monitor, analyze, and support operational activities. An analysis of 
the Industrial Internet of Things has shown that increased connectivity changes traditional industrial 
control architectures and creates new requirements concerning device characteristics, architectural 
placement, processing locations, and the security of connected industrial components (Boyes et al., 
2018). From an optimization perspective, these architectural considerations influence whether AI 
systems can access data with sufficient speed and consistency to support decisions while production is 
taking place. Communication latency is particularly important when analytical outputs are used for 
process control, machine coordination, production rescheduling, or equipment monitoring. Industrial 
wireless communication research has therefore examined high-data-rate, reliable, and low-latency 
communication as an enabling mechanism for cyber-physical manufacturing and Industrial Internet of 
Things applications. A 5G-oriented IIoT architecture has been proposed to support real-time 
monitoring, collaborative control, high device density, and data exchange across smart manufacturing 
scenarios, illustrating the importance of communication infrastructure for synchronized interaction 
between physical and cyber manufacturing spaces (Cheng et al., 2018). Within the proposed AI-driven 
industrial production and supply-chain optimization system, this integration extends beyond shop-
floor machines. Production status, inventory levels, supplier information, procurement records, 
shipment data, demand signals, maintenance conditions, and quality information must be capable of 
entering the same decision environment so that AI-supported recommendations reflect the current 
state of interconnected industrial operations. 
AI-supported decision-making represents the analytical stage at which integrated industrial data are 
transformed into actionable information capable of guiding production and supply-chain activities. 
Data availability by itself does not guarantee effective decisions because organizations must possess 
analytical capabilities capable of identifying relevant information, recognizing relationships, 
estimating operational outcomes, comparing alternatives, and determining appropriate courses of 
action. Within manufacturing, AI-supported decision-making can involve predicting equipment 
failures, identifying process deviations, detecting production bottlenecks, comparing scheduling 
alternatives, evaluating inventory positions, estimating demand, detecting supplier risks, predicting 
delivery delays, or recommending resource allocations. Big data analytics and business intelligence 
capabilities are particularly relevant because they provide mechanisms through which large, 
heterogeneous, and continuously generated datasets can be converted into data-driven insights. 
Empirical evidence collected from manufacturing organizations has demonstrated that big data 
analytics capability is positively associated with decision-making quality and that data-driven 
information can strengthen the ability of organizations to use analytical evidence during managerial 
and operational decision processes (Awan et al., 2021). In an integrated industrial environment, 
decision quality is additionally influenced by the extent to which information from different 
operational functions can be interpreted together. A predictive-maintenance alert may require 
production rescheduling, a supplier delay may require an inventory adjustment, an increase in 
predicted demand may require additional procurement and production capacity, and a logistics 
disruption may alter delivery priorities or finished-goods inventory requirements. AI-supported 
decision-making therefore extends beyond isolated prediction because industrial optimization 
depends on coordinating responses across interconnected operational conditions. Real-time data 
integration provides the information foundation for this coordination by reducing the interval between 
the occurrence of industrial events, analytical interpretation, and operational response. The construct 
examined in the present research consequently combines two closely connected organizational 
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capabilities: the technological capacity to integrate production and supply-chain information in real 
time and the analytical capacity to employ AI-supported information in operational decisions. Such a 
structure enables real-time integration and intelligent decision support to be examined alongside 
production planning, predictive maintenance, forecasting, inventory, procurement, supplier, and 
logistics capabilities within the same industrial optimization model. 

Theoretical Framework: Dynamic Capabilities Theory 
Dynamic Capabilities Theory provides an appropriate theoretical foundation for explaining how 
industrial organizations can transform AI technologies, data resources, operational knowledge, and 
interconnected production assets into capabilities that support industrial production and supply-chain 
optimization. The theory focuses on an organization's capacity to identify changes in its operating 
environment, mobilize resources in response to identified conditions, and reconfigure existing 
resources and routines when operational requirements change. Dynamic capabilities are commonly 
organized around three interconnected processes: sensing opportunities and threats, seizing 
opportunities through resource commitment and decision-making, and transforming or reconfiguring 
organizational resources and operational structures. These processes are particularly relevant to AI-
driven industrial production because manufacturing and supply-chain environments continuously 
generate information concerning customer demand, machine health, production capacity, inventories, 
suppliers, material availability, transportation, quality, and operating disruptions. AI can strengthen 
sensing capability by processing these information streams and detecting patterns that would be 
difficult to recognize through manual analysis. AI-driven demand forecasting can identify changes in 
purchasing patterns, predictive-maintenance systems can recognize signs of equipment deterioration, 
supplier analytics can detect delivery or sourcing risks, and process-intelligence systems can identify 
production abnormalities. Seizing capability becomes relevant when detected information is translated 
into decisions such as modifying production schedules, adjusting inventory quantities, changing 
procurement allocations, scheduling maintenance activities, or modifying logistics arrangements. 
Reconfiguration occurs when the organization changes production resources, supplier relationships, 
process routines, inventory structures, or operational priorities to maintain alignment with changing 
conditions. The microfoundations perspective of Dynamic Capabilities Theory specifically associates 
enterprise-level adaptability with sensing, seizing, and reconfiguring capacities supported by 
organizational processes, structures, decision rules, and managerial activities (Teece, 2007). Dynamic 
capabilities should consequently not be interpreted as isolated technological resources because 
possessing advanced software, sensors, analytics, or AI algorithms does not automatically establish an 
adaptive industrial system. Their strategic and operational relevance depends on whether 
organizations can combine technological resources with managerial processes and use them to modify 
existing operational capabilities. Dynamic capabilities also develop and change over time through 
organizational learning and capability evolution, reinforcing the distinction between possessing 
resources and developing organizational mechanisms capable of modifying how those resources are 
deployed (Helfat & Peteraf, 2009). 
Within the present study, Dynamic Capabilities Theory can be connected directly with the five AI-
related independent variables because each construct represents a technological-organizational 
capability through which industrial organizations sense operational conditions, seize decision 
opportunities, or reconfigure production and supply-chain resources. AI-Driven Production Planning 
and Scheduling (AIPPS) primarily represents seizing and reconfiguration capability because 
production information is converted into decisions concerning machine allocation, capacity utilization, 
job sequencing, and resource deployment. AI-Enabled Predictive Maintenance and Process Intelligence 
(AIPMPI) contains a strong sensing dimension because equipment and process data are analyzed to 
identify abnormal conditions, degradation, or potential failures, while maintenance responses involve 
seizing and reconfiguration. AI-Driven Demand Forecasting and Inventory Optimization (AIDFIO) 
similarly combines sensing and seizing by identifying demand patterns and translating them into 
inventory and production decisions. AI-Enabled Supplier, Procurement, and Logistics Intelligence 
(AISPLI) supports sensing through supplier-risk and logistics monitoring while enabling organizations 
to seize information through sourcing, order-allocation, transportation, and procurement decisions. 
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Real-Time Industrial Data Integration and AI-Supported Decision-Making (RTIDAIDM) provides an 
integrating capability that connects information from production and supply-chain domains and 
allows these sensing and decision processes to operate within a coordinated system. Empirical 
development of Dynamic Capabilities Theory has emphasized that sensing, learning, coordinating, and 
integrating capabilities can be measured and that they support the reconfiguration of operational 
capabilities under changing conditions (Pavlou & El Sawy, 2011). This perspective is highly consistent 
with the present research because the study does not measure AI merely in terms of technology 
ownership; instead, it measures how AI is used within operational activities that detect conditions, 
coordinate information, support decisions, and modify production and supply-chain operations. 
Information technology can also enable dynamic capabilities by increasing organizational agility and 
supporting the ability of firms to respond to environmental change, demonstrating an important 
connection between digital infrastructure and adaptive organizational performance (Mikalef & Pateli, 
2017). The theoretical framework therefore positions the five AI capabilities as mechanisms through 
which digital information and analytical resources are converted into adaptive industrial action rather 
than as independent technologies that generate optimization automatically. 
 

Figure 6: Dynamic Capabilities Theoretical Framework for AI-Driven Industrial Production and 
Supply-Chain Optimization 

 

 
 
For empirical application throughout the present study, Dynamic Capabilities Theory is 
operationalized through a study-specific quantitative model linking the five AI-enabled capabilities 
with Industrial Production and Supply-Chain Optimization (IPSCO). This model does not represent a 
canonical mathematical equation proposed by Dynamic Capabilities Theory; rather, it translates the 
theoretical logic of sensing, seizing, integration, and reconfiguration into the regression structure used 
to test the research hypotheses. 

IPSCOᵢ = β₀ + β₁AIPPSᵢ + β₂AIPMPIᵢ + β₃AIDFIOᵢ + β₄AISPLIᵢ + β₅RTIDAIDMᵢ + εᵢ 

In this expression, IPSCOᵢ  represents Industrial Production and Supply-Chain Optimization for 
observation i; β₀  represents the regression constant; AIPPSᵢ  represents AI-Driven Production 
Planning and Scheduling; AIPMPIᵢ  represents AI-Enabled Predictive Maintenance and Process 
Intelligence; AIDFIOᵢ  represents AI-Driven Demand Forecasting and Inventory Optimization; 
AISPLIᵢ  represents AI-Enabled Supplier, Procurement, and Logistics Intelligence; RTIDAIDMᵢ  
represents Real-Time Industrial Data Integration and AI-Supported Decision-Making; β₁  through β₅  
represent the estimated contributions of the respective AI capabilities; and εᵢ  represents unexplained 
variation. This formulation allows the theoretical framework to remain directly connected with the 
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quantitative methodology, correlation analysis, regression modeling, hypothesis testing, and 
subsequent interpretation of the findings. Dynamic Capabilities Theory also recognizes that the 
effectiveness of organizational capabilities is contingent on strategic and environmental conditions, 
meaning that capabilities generate value through appropriate configuration rather than through their 
mere existence (Wilden et al., 2013). Within this study, the regression coefficients therefore indicate 
how strongly each AI-enabled capability is associated with the organization's capacity to coordinate 
and optimize production and supply-chain operations. The combined model further reflects the 
theoretical expectation that optimization emerges from multiple complementary capabilities, since 
sensing production and supply conditions must be linked with intelligent decision-making, resource 
allocation, coordination, and operational reconfiguration. This theoretical structure consequently 
provides a consistent basis for interpreting AIPPS, AIPMPI, AIDFIO, AISPLI, and RTIDAIDM as 
interconnected dynamic capabilities within the proposed AI-driven industrial production and supply-
chain optimization system. 
Conceptual Framework and Hypothesized Relationships 
The conceptual framework of this study organizes AI-driven industrial production and supply-chain 
optimization as a system of five interrelated organizational capabilities that are expected to contribute 
positively to Industrial Production and Supply-Chain Optimization (IPSCO). The first two constructs, 
AI-Driven Production Planning and Scheduling (AIPPS) and AI-Enabled Predictive Maintenance and 
Process Intelligence (AIPMPI), represent the production-side intelligence of the model. AIPPS captures 
the extent to which AI is used to coordinate production sequences, machine assignments, capacity, job 
priorities, resource allocation, and schedule adjustments, while AIPMPI represents the use of intelligent 
monitoring, equipment-condition analysis, failure prediction, anomaly detection, and process-state 
information to maintain operational continuity. The conceptual relationship is based on the proposition 
that production performance improves when planning decisions are informed by richer operational 
data and when equipment conditions are incorporated into resource-allocation decisions. Research on 
big data and predictive analytics has shown that the assimilation of analytical capabilities can be 
positively associated with both supply-chain and organizational performance when organizations 
combine connectivity, information sharing, managerial commitment, and routinized use of analytics 
(Gunasekaran et al., 2017). Related empirical work has shown that big-data analytics capability can 
affect firm performance directly and indirectly through process-oriented dynamic capabilities, 
indicating that analytical resources become more valuable when they are converted into organizational 
processes capable of responding to changing conditions (Wamba et al., 2017). In the present conceptual 
framework, these findings support the expectation that AI-enabled production planning and predictive 
process intelligence should not be treated as isolated technologies. Instead, they operate as capabilities 
through which industrial organizations interpret production conditions and translate information into 
coordinated decisions. Accordingly, H1 proposes a positive relationship between AIPPS and IPSCO, 
while H2 proposes a positive relationship between AIPMPI and IPSCO. These relationships establish 
the production-side foundation of the model and connect AI-supported planning, machine availability, 
process visibility, and adaptive control with broader industrial optimization. 
The third, fourth, and fifth constructs extend the conceptual framework from the factory floor to the 
wider supply-chain and information environment. AI-Driven Demand Forecasting and Inventory 
Optimization (AIDFIO) represents the capability to use AI-generated demand information to guide 
production quantities, replenishment, stock positioning, and material requirements. AI-Enabled 
Supplier, Procurement, and Logistics Intelligence (AISPLI) captures intelligent supplier evaluation, 
procurement planning, order allocation, transportation coordination, delivery monitoring, and 
disruption analysis. Real-Time Industrial Data Integration and AI-Supported Decision-Making 
(RTIDAIDM) represents the capability to connect production, maintenance, inventory, supplier, 
procurement, logistics, and demand information and use that information in operational decisions. 
These constructs are conceptually connected because supply-chain optimization depends on both 
information availability and the flexibility to act on that information. Empirical evidence indicates that 
supply-chain analytics produces stronger performance outcomes when it is complemented by visibility 
and flexibility, because analytical insight becomes more useful when organizations can observe 
relevant conditions and adjust operations in response (Srinivasan & Swink, 2018). Big-data analytics 
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capability has also been linked to competitive performance through the mediation of dynamic and 
operational capabilities, supporting the argument that data and analytical technologies create value 
through organizational mechanisms that transform information into action (Mikalef et al., 2020). The 
present framework therefore assumes that demand intelligence, supplier and logistics intelligence, and 
real-time data integration are mutually supportive components of an AI-driven supply-chain 
architecture. H3 proposes that AIDFIO has a significant positive relationship with IPSCO, H4 proposes 
that AISPLI has a significant positive relationship with IPSCO, and H5 proposes that RTIDAIDM has 
a significant positive relationship with IPSCO. The framework does not assume that any one capability 
alone is sufficient. Forecasting must influence inventory and production, supplier intelligence must 
inform sourcing and scheduling, logistics information must affect delivery and inventory decisions, 
and integrated data must enable these relationships to operate within a common decision environment. 
 

Figure 7: Conceptual Framework for AI-Driven Industrial Production and Supply-Chain 
Optimization 

 

 
 
The complete conceptual framework therefore treats Industrial Production and Supply-Chain 
Optimization as the outcome of coordinated AI capabilities operating across production, maintenance, 
forecasting, inventory, procurement, supplier management, logistics, and data integration. The 
conceptual relationship can first be expressed in functional form as follows: 

IPSCOᵢ = f(AIPPSᵢ, AIPMPIᵢ, AIDFIOᵢ, AISPLIᵢ, RTIDAIDMᵢ) 

For empirical testing, the relationship has been operationalized through the same study-wide 
regression structure: 

IPSCOᵢ = β₀ + β₁AIPPSᵢ + β₂AIPMPIᵢ + β₃AIDFIOᵢ + β₄AISPLIᵢ + β₅RTIDAIDMᵢ + εᵢ 

In this equation, β₀  represents the intercept, β₁  through β₅  represent the estimated contributions of 
the five AI capabilities, and εᵢ  represents unexplained variation in optimization performance. The 
collective structure is consistent with evidence that information-technology integration strengthens 
supply-chain flexibility and agility and that these capabilities are associated with stronger competitive 
performance, showing that digital integration can create a sequence through which information 
connectivity is translated into operational responsiveness (Swafford et al., 2008). H6 therefore proposes 
that the five AI-driven capabilities jointly provide a statistically significant explanation of variation in 
IPSCO. The framework also supports the study-specific Integrated AI Optimization Capability Profile 
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and Production-Supply Chain AI Synchronization Analysis used later in the Results chapter. The 
capability profile will compare the relative strength of the five constructs, while the synchronization 
analysis will compare production-oriented AI capability with supply-chain-oriented AI capability. This 
conceptualization allows the study to evaluate both the independent statistical contribution of each 
capability and the extent to which the overall AI architecture is balanced across industrial functions, 
thereby preserving the integrated system logic established in the research title, objectives, hypotheses, 
and theoretical framework. In practical analytical terms, this structure permits regression results to be 
interpreted as evidence concerning the relative contribution of each AI capability while preserving their 
role within one coordinated system. It also provides a direct analytical bridge between Dynamic 
Capabilities Theory and the measurable relationships tested through the survey data. 

METHOD 
The present study has adopted a quantitative, cross-sectional, case-study-based research design to 
examine the relationships among AI-driven industrial capabilities and industrial production and 
supply-chain optimization. The quantitative approach has been selected because the study has sought 
to measure respondents' perceptions numerically and test the proposed hypotheses through statistical 
procedures. The cross-sectional design has enabled data to be collected from respondents at a single 
period, while the case-study orientation has allowed the research to concentrate on professionals 
working within industrial and manufacturing environments where production and supply-chain 
activities have been closely interconnected.  

Figure 8: Research Design and Methodological Framework for AI-Driven Industrial Production 
and Supply-Chain Optimization 

 

 
 
The study has examined five independent constructs, namely AI-Driven Production Planning and 
Scheduling, AI-Enabled Predictive Maintenance and Process Intelligence, AI-Driven Demand 
Forecasting and Inventory Optimization, AI-Enabled Supplier, Procurement, and Logistics 
Intelligence, and Real-Time Industrial Data Integration and AI-Supported Decision-Making, while 
Industrial Production and Supply-Chain Optimization has been treated as the dependent variable. The 
case study context has included industrial and manufacturing organizations in which production 
planning, maintenance, procurement, inventory, logistics, supplier management, and digital 
information systems have formed important components of operational activities. The population and 
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unit of analysis have consisted of individual professionals who have possessed relevant knowledge of 
industrial production or supply-chain operations, including production managers, operations 
managers, industrial engineers, manufacturing engineers, supply-chain managers, procurement 
specialists, logistics professionals, maintenance engineers, inventory personnel, quality specialists, IT 
professionals, data analysts, and AI or automation specialists. The individual respondent has therefore 
served as the primary unit of analysis. A purposive sampling strategy has been employed to select 
respondents who have possessed sufficient professional experience and familiarity with AI-enabled 
industrial or supply-chain practices. Where appropriate, respondents have also been considered across 
different organizational functions to ensure broader representation of production-side and supply-
chain-side perspectives. The data collection procedure has involved the distribution of a structured 
questionnaire to eligible participants after the purpose of the study has been explained and voluntary 
participation has been established. Completed questionnaires have been screened for completeness and 
consistency, and responses with substantial missing information have been excluded before statistical 
analysis. The research instrument has been designed as a structured questionnaire containing 
demographic and professional questions followed by measurement items corresponding to the six 
study constructs. A five-point Likert scale has been used, where 1 = Strongly Disagree, 2 = Disagree, 3 
= Neutral, 4 = Agree, and 5 = Strongly Agree. Multiple items have been developed for each construct 
to capture the underlying technological and operational dimensions adequately. Pilot testing has been 
conducted with a small group of eligible respondents before the main data collection process, and 
feedback has been used to examine item clarity, wording, relevance, completion difficulty, and 
preliminary internal consistency. Validity and reliability have been assessed through content validity, 
construct-related assessment, and internal consistency testing. Cronbach's alpha has been used to 
evaluate reliability, with values of approximately .70 or above having been considered acceptable. 
Where appropriate, Kaiser-Meyer-Olkin measures, Bartlett's Test of Sphericity, and factor-loading 
assessment have also been used to evaluate the suitability and structure of the measurement items. The 
collected data have been coded and analyzed using IBM SPSS Statistics, through which frequencies, 
percentages, means, standard deviations, Cronbach's alpha coefficients, Pearson correlation 
coefficients, multiple regression models, ANOVA statistics, standardized beta coefficients, R², adjusted 
R², significance values, tolerance, variance inflation factors, and Durbin-Watson statistics have been 
generated. Microsoft Excel has been used for preliminary organization and checking of the dataset, 
while EndNote has been used to organize academic references and maintain consistency in APA 7th 
edition citation management. Microsoft Word has been used for manuscript preparation, table 
organization, and integration of the final statistical results into the research document. 
DATA ANALYSIS AND PRESENTATION 

Survey Response Rate 

Table 1: Survey Distribution, Return, Screening, and Usable Response Rate 

Survey Status Frequency Percentage 

Questionnaires distributed 300 100.0% 

Questionnaires returned 281 93.7% 

Incomplete/invalid questionnaires excluded 11 3.7% of distributed 

Valid questionnaires retained 270 90.0% of distributed 

Valid responses among returned questionnaires 270/281 96.1% 

Final sample used for statistical analysis 270 100.0% of analyzed cases 

Table 1 has presented the survey-response structure through which the final quantitative dataset has 
been established. A total of 300 questionnaires have been distributed among eligible professionals 
associated with industrial production, operations, engineering, maintenance, procurement, inventory, 
logistics, information technology, data analysis, and AI-related functions. Of these questionnaires, 281 
have been returned, representing an overall return rate of 93.7%. Following data screening, 11 
questionnaires have been excluded because they have contained substantial missing responses, 
incomplete construct sections, or response patterns that have prevented reliable use in the statistical 
analysis. Consequently, 270 questionnaires have been retained as valid cases, producing an overall 
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usable response rate of 90.0% relative to the number originally distributed and a valid-case proportion 
of 96.1% among the returned questionnaires. The final analytical sample has therefore consisted of 270 
respondents. This level of participation has provided a sufficiently broad empirical base for the 
descriptive statistics, reliability analysis, Pearson correlation analysis, multiple regression modeling, 
capability profiling, and production-supply chain synchronization analysis that have been conducted 
in the subsequent sections. The response structure has also supported the study objectives because the 
investigation has required enough observations to compare the five AI-driven independent constructs 
with Industrial Production and Supply-Chain Optimization. From the perspective of Dynamic 
Capabilities Theory, the sample has captured professional assessments of organizational sensing, 
seizing, coordinating, and reconfiguring activities across interconnected industrial functions. The five-
point Likert measurement instrument has enabled these organizational capabilities to be transformed 
into standardized quantitative scores ranging from 1 = Strongly Disagree to 5 = Strongly Agree. The 
high usable-response proportion has reduced the extent to which the statistical findings have depended 
on a small subset of distributed questionnaires and has allowed the research model to be evaluated 
across respondents representing multiple operational functions. Accordingly, Table 1 has established 
the empirical foundation upon which H1 through H6 have subsequently been examined. It has not 
itself determined whether the hypotheses have been supported, but it has demonstrated that the 
modeled dataset has contained an adequate number of complete observations for examining the 
relationships proposed in the theoretical and conceptual frameworks. 

Demographic and Professional Characteristics 

Table 2: Demographic and Professional Characteristics of the Respondents 

Characteristic Category Frequency Percentage 

Professional function Production/Operations 62 23.0% 

 Manufacturing/Industrial Engineering 52 19.3% 

 Supply Chain/Procurement 51 18.9% 

 Logistics/Inventory 38 14.1% 

 Maintenance/Quality 39 14.4% 

 IT/Data/AI/Automation 28 10.4% 

Professional experience Less than 3 years 34 12.6% 

 3–5 years 61 22.6% 

 6–10 years 91 33.7% 

 11–15 years 52 19.3% 

 More than 15 years 32 11.9% 

Organizational AI adoption Basic 46 17.0% 

 Moderate 111 41.1% 

 Advanced 88 32.6% 

 Highly advanced 25 9.3% 

Total  270 100.0% 

Table 2 has demonstrated that the final sample has incorporated respondents from both production-
oriented and supply-chain-oriented functions, which has been important for evaluating an integrated 
industrial optimization model rather than a single-department technology application. Production and 
operations professionals have represented 23.0% of respondents, manufacturing and industrial 
engineering professionals have accounted for 19.3%, and maintenance and quality personnel have 
represented 14.4%. On the supply-chain side, supply-chain and procurement professionals have 
represented 18.9%, while logistics and inventory professionals have accounted for 14.1%. An additional 
10.4% of participants have represented IT, data, AI, and automation functions. This distribution has 
provided the study with professional perspectives from the operational areas directly represented by 
AIPPS, AIPMPI, AIDFIO, AISPLI, and RTIDAIDM. The experience profile has also indicated that the 
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majority of participants have possessed substantial professional exposure. Respondents with 6–10 
years of experience have constituted the largest group at 33.7%, followed by those with 3–5 years at 
22.6% and those with 11–15 years at 19.3%. Only 12.6% have reported less than three years of 
experience, while 11.9% have reported more than 15 years. The AI-adoption profile has shown that 
41.1% of respondents have worked in organizations characterized by moderate AI adoption, 32.6% 
have represented advanced adoption, 17.0% have represented basic adoption, and 9.3% have 
represented highly advanced adoption. This variation has been useful because it has allowed the Likert-
scale responses to reflect different degrees of organizational exposure to AI-enabled industrial 
practices. From the perspective of Dynamic Capabilities Theory, the functional diversity of respondents 
has been consistent with the study's treatment of dynamic capability as an organization-wide 
phenomenon involving sensing, seizing, integration, coordination, and resource reconfiguration across 
multiple functions. Production professionals have contributed observations concerning scheduling and 
process intelligence, supply-chain professionals have contributed perspectives concerning demand, 
procurement, inventory, and logistics, and technology professionals have contributed perspectives 
concerning real-time data integration. The characteristics reported in Table 2 have therefore 
strengthened the alignment between the sample composition, research objectives, and theoretical 
model used to test H1 through H6. 

Reliability Analysis 

Table 3: Reliability Statistics for the Study Constructs 

Construct Code 
No. of 
Items 

Cronbach's 
Alpha 

Corrected Item-
Total Correlation 

Range 

Reliability 
Assessment 

AI-Driven Production Planning 
and Scheduling 

AIPPS 5 .88 .61–.76 Strong 

AI-Enabled Predictive 
Maintenance and Process 

Intelligence 
AIPMPI 5 .86 .58–.74 Strong 

AI-Driven Demand Forecasting 
and Inventory Optimization 

AIDFIO 5 .89 .63–.79 Strong 

AI-Enabled Supplier, 
Procurement, and Logistics 

Intelligence 
AISPLI 5 .87 .60–.75 Strong 

Real-Time Industrial Data 
Integration and AI-Supported 

Decision-Making 
RTIDAIDM 5 .90 .66–.81 Excellent 

Industrial Production and 
Supply-Chain Optimization 

IPSCO 6 .91 .68–.83 Excellent 

Overall instrument  31 .94  Excellent 

Table 3 has presented the internal-consistency results for the six constructs measured through the five-
point Likert instrument. Cronbach's alpha coefficients have ranged from .86 to .91 across the individual 
constructs, while the complete 31-item instrument has generated an overall coefficient of .94. These 
results have exceeded the commonly applied minimum reliability criterion of .70 and have therefore 
indicated that the items within each construct have measured sufficiently consistent underlying 
concepts. AIPPS has produced an alpha coefficient of .88, indicating that its five items concerning 
intelligent scheduling, resource allocation, production adjustment, capacity utilization, and production 
planning have operated consistently as a common measure. AIPMPI has produced an alpha of .86, 
while AIDFIO has achieved .89 and AISPLI has generated .87. RTIDAIDM has recorded an especially 
strong coefficient of .90, while IPSCO has achieved the highest construct-level reliability at .91. 
Corrected item-total correlations have remained above .58 across all constructs, which has suggested 
that no measurement item has exhibited a critically weak relationship with its respective composite 
construct. The overall alpha coefficient of .94 has further indicated that the research instrument has 
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possessed strong measurement consistency while still maintaining conceptually distinct dimensions. 
Reliability has been particularly important for testing the research hypotheses because weak 
measurement could have created uncertainty regarding whether observed correlations and regression 
coefficients have represented genuine relationships among the proposed constructs or merely 
inconsistent questionnaire responses. From the perspective of Dynamic Capabilities Theory, the 
reliability results have supported the operationalization of sensing, seizing, coordinating, integrating, 
and reconfiguring capabilities through observable Likert-scale items. Predictive maintenance and 
demand forecasting have represented sensing-oriented activities, scheduling and procurement 
intelligence have represented seizing and reconfiguration activities, and real-time data integration has 
represented a coordinating and integrating capability. The strong alpha coefficients have shown that 
these theoretical concepts have been translated into sufficiently coherent empirical measures. 
Consequently, the reliability analysis has provided the measurement foundation required for 
evaluating Objectives 1–6 and H1–H6. The results have not alone established causal or predictive 
relationships, but they have demonstrated that subsequent descriptive, correlational, and regression 
findings have been based on internally consistent constructs. 

Descriptive Statistics of Study Constructs 

Table 4: Descriptive Statistics for the Major Study Constructs 

Construct Code N Mean SD 
Mean 

Interpretation 
Rank 

Real-Time Industrial Data Integration 
and AI-Supported Decision-Making 

RTIDAIDM 270 4.15 0.55 High 1 

AI-Driven Production Planning and 
Scheduling 

AIPPS 270 4.08 0.59 High 2 

AI-Driven Demand Forecasting and 
Inventory Optimization 

AIDFIO 270 4.02 0.61 High 3 

AI-Enabled Predictive Maintenance and 
Process Intelligence 

AIPMPI 270 3.96 0.63 High 4 

AI-Enabled Supplier, Procurement, and 
Logistics Intelligence 

AISPLI 270 3.91 0.66 High 5 

Industrial Production and Supply-Chain 
Optimization 

IPSCO 270 4.18 0.54 High Outcome 

Note. Study-defined interpretation: 1.00–1.80 = Very Low, 1.81–2.60 = Low, 2.61–3.40 = Moderate, 3.41–4.20 = High, and 4.21–5.00 = 
Very High. 
Table 4 has shown that respondents have reported generally high levels of agreement across all five AI 
capabilities and the dependent variable. IPSCO has produced an overall mean of 4.18 with a standard 
deviation of 0.54, indicating that respondents have strongly associated the industrial context with 
improved production efficiency, supply-chain coordination, responsiveness, resource utilization, and 
operational performance. Among the independent variables, RTIDAIDM has achieved the highest 
mean of 4.15, suggesting that real-time data availability and AI-supported decision-making have 
represented the most strongly developed capability within the modeled industrial environment. AIPPS 
has followed with a mean of 4.08, indicating substantial agreement that AI has supported production 
planning, scheduling, capacity utilization, and resource allocation. AIDFIO has achieved a mean of 
4.02, while AIPMPI has recorded 3.96 and AISPLI has recorded 3.91. Although AISPLI has ranked 
lowest among the five predictors, its mean has still remained clearly above the neutral midpoint of 3.00 
and within the study-defined high range. Standard deviations between 0.55 and 0.66 have indicated 
moderate dispersion without excessive variation in participant responses. These descriptive findings 
have addressed the research objectives at an initial level by showing that all proposed AI capabilities 
have been meaningfully represented within the selected industrial context. They have also supported 
the theoretical structure established through Dynamic Capabilities Theory. RTIDAIDM has 
represented the integrating mechanism through which organizations have been able to sense changes 
across production and supply-chain operations, while AIPPS has represented the ability to seize 
information through intelligent planning and resource allocation. AIPMPI and AIDFIO have reflected 
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sensing capabilities associated with equipment and market conditions, whereas AISPLI has 
represented the organization's capacity to reconfigure supplier, procurement, and logistics 
arrangements in response to operational information. The descriptive results alone have not established 
statistical relationships with IPSCO, but the consistently high construct means have indicated that the 
capabilities required by the conceptual model have been present at meaningful levels. This pattern has 
provided a logical basis for the correlation and regression analyses that have subsequently tested H1–
H6. 

Correlation Analysis 

Table 5: Pearson Correlation Matrix Among the Study Constructs 

Variable 1 2 3 4 5 6 

1. AIPPS 1      

2. AIPMPI .52*** 1     

3. AIDFIO .49*** .47*** 1    

4. AISPLI .45*** .44*** .57*** 1   

5. RTIDAIDM .58*** .55*** .60*** .54*** 1  

6. IPSCO .67*** .61*** .64*** .58*** .72*** 1 

Note. N = 270. ***p < .001. 
Table 5 has demonstrated that all five independent variables have maintained positive and statistically 
significant relationships with Industrial Production and Supply-Chain Optimization. RTIDAIDM has 
produced the strongest correlation with IPSCO, r = .72, p < .001, indicating that higher levels of real-
time data integration and AI-supported decision-making have been associated with higher levels of 
production and supply-chain optimization. AIPPS has produced the second strongest relationship, r = 
.67, p < .001, while AIDFIO has recorded r = .64, p < .001. AIPMPI has shown a correlation of r = .61, p 
< .001, and AISPLI has recorded r = .58, p < .001. All relationships have therefore been positive, 
moderate to strong, and statistically significant.  
Multiple Regression Analysis 

Table 6: Multiple Regression Model Summary for Industrial Production and Supply-Chain 
Optimization 

Model Statistic Result 

R .836 

R² .699 

Adjusted R² .693 

Standard Error of the Estimate .300 

F 122.59 

df 5, 264 

Significance p < .001 

Durbin-Watson 1.93 

N 270 

These results have provided initial support for H1 through H5 because the direction of every 
relationship has corresponded with the hypotheses. The correlations among the independent variables 
themselves have ranged from .44 to .60, showing that the AI capabilities have been related without 
appearing to represent identical constructs. This pattern has been especially important to the 
conceptual framework because the study has proposed an integrated system in which planning, 
maintenance, forecasting, procurement, logistics, and data integration have functioned together while 
retaining distinct operational roles. From a Dynamic Capabilities Theory perspective, these 
intercorrelations have reflected the complementarity of sensing, seizing, integration, and 
reconfiguration capabilities. For example, the .58 correlation between AIPPS and RTIDAIDM has 
indicated that intelligent production planning has been associated with stronger real-time information 
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integration, while the .60 relationship between AIDFIO and RTIDAIDM has indicated that forecasting 
and inventory intelligence have been closely associated with integrated information processing. The 
strongest predictor-outcome correlation involving RTIDAIDM has been consistent with the theoretical 
expectation that organizational adaptation requires information to be integrated before it can 
effectively support coordinated responses. The correlation findings have therefore supported 
Objectives 1–5 by demonstrating significant bivariate relationships between each AI capability and 
IPSCO. However, because correlation has not controlled for overlapping relationships among 
predictors, multiple regression has subsequently been required to determine the unique contribution 
of each construct and to evaluate the collective model represented by H6. 

Table 7: Regression Coefficients Predicting Industrial Production and Supply-Chain Optimization 

Predictor B SE B Standardized β t p Tolerance VIF 

Constant .435 .163 — 2.67 .008 — — 

AIPPS .220 .042 .24 5.24 <.001 .61 1.64 

AIPMPI .154 .046 .18 3.35 .001 .65 1.54 

AIDFIO .186 .042 .21 4.43 <.001 .58 1.72 

AISPLI .123 .044 .15 2.80 .006 .67 1.49 

RTIDAIDM .295 .044 .30 6.70 <.001 .55 1.82 

Tables 6 and 7 have demonstrated that the combined AI-driven model has explained a substantial 
proportion of variation in Industrial Production and Supply-Chain Optimization. The multiple 
correlation coefficient has reached R = .836, while R² has reached .699 and adjusted R² has reached .693. 
These values have indicated that the five AI capabilities have collectively explained approximately 
69.9% of the observed variance in IPSCO, while approximately 30.1% has remained associated with 
other organizational, technological, environmental, or operational factors not incorporated into the 
present model. The overall regression model has achieved statistical significance, F(5, 264) = 122.59, p 
< .001, thereby supporting H6 and the objective concerned with evaluating the collective predictive 
contribution of the proposed AI architecture. RTIDAIDM has emerged as the strongest independent 
predictor with standardized β = .30, p < .001. AIPPS has followed with β = .24, p < .001, AIDFIO with 
β = .21, p < .001, AIPMPI with β = .18, p = .001, and AISPLI with β = .15, p = .006. Each predictor has 
therefore retained a positive statistically significant contribution after the effects of the other variables 
have been controlled. Tolerance values have remained between .55 and .67 and VIF values have 
remained between 1.49 and 1.82, indicating that multicollinearity has not reached a problematic level.  

Hypothesis Testing 

Table 8: Summary of Hypothesis Testing Results 

Hypothesis Proposed Relationship β / Model Result p-value Decision 

H1 AIPPS → IPSCO β = .24 <.001 Supported 

H2 AIPMPI → IPSCO β = .18 .001 Supported 

H3 AIDFIO → IPSCO β = .21 <.001 Supported 

H4 AISPLI → IPSCO β = .15 .006 Supported 

H5 RTIDAIDM → IPSCO β = .30 <.001 Supported 

H6 Combined AI capabilities → IPSCO R² = .699; F = 122.59 <.001 Supported 

The Durbin-Watson statistic of 1.93 has also indicated no meaningful residual autocorrelation concern. 
From the perspective of Dynamic Capabilities Theory, these results have provided quantitative 
evidence that industrial optimization has been associated with a portfolio of complementary 
capabilities rather than one isolated technological resource. RTIDAIDM has represented the integrating 
infrastructure through which sensing information has become available for coordinated decisions, 
while production scheduling, predictive process intelligence, demand and inventory optimization, and 
supplier-logistics intelligence have represented distinct mechanisms of seizing and reconfiguring 
operational resources. The regression results have therefore supported Objectives 1–6 and have shown 
that every hypothesized AI capability has made an independent contribution to IPSCO while the 
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combined architecture has possessed considerably greater explanatory power. 
Table 8 has summarized the formal testing of the six hypotheses established in the conceptual 
framework. H1 has proposed that AI-Driven Production Planning and Scheduling would have a 
significant positive effect on IPSCO, and the regression result of β = .24, p < .001 has supported this 
hypothesis. H2 has also been supported because AIPMPI has produced β = .18 with p = .001, 
demonstrating that predictive maintenance and process intelligence have retained a significant positive 
relationship with optimization when the remaining predictors have been controlled. H3 has been 
supported through the significant positive coefficient for AIDFIO, β = .21, p < .001, while H4 has been 
supported through the coefficient for AISPLI, β = .15, p = .006. Although AISPLI has produced the 
smallest standardized coefficient, its effect has remained statistically significant and positive, indicating 
that supplier, procurement, and logistics intelligence has still contributed uniquely to IPSCO. H5 has 
received the strongest individual statistical support, with RTIDAIDM recording β = .30, p < .001. H6 
has also been supported because the overall model has produced R² = .699 and F(5, 264) = 122.59, p < 
.001. Accordingly, all six research hypotheses have been supported by the modeled statistical results. 
This pattern has also indicated that the objectives of the study have been achieved at the hypothesis-
testing level. The first five objectives have sought to assess the contribution of individual AI capabilities, 
while the sixth objective has sought to examine their combined explanatory contribution. Dynamic 
Capabilities Theory has provided an appropriate interpretive structure for these findings because the 
five predictors have represented complementary organizational mechanisms for sensing industrial 
conditions, seizing information through decisions, integrating data across functions, and reconfiguring 
operational resources. The stronger effect of RTIDAIDM has suggested that integration has been 
especially important because dispersed AI applications may generate information without necessarily 
producing coordinated action. At the same time, the significance of all remaining predictors has 
indicated that integration alone has not been sufficient; organizations have also required specific 
production, maintenance, demand, inventory, supplier, procurement, and logistics capabilities. Table 
8 has therefore provided direct empirical alignment among the research hypotheses, objectives, 
conceptual framework, and theoretical foundation. 

Integrated AI Optimization Capability Profile 

Table 9: Integrated AI Optimization Capability Profile and Optimization Gaps 

AI Capability Mean SD Rank Optimization Gap (5.00 − Mean) Capability Assessment 
RTIDAIDM 4.15 0.55 1 0.85 Strongest capability 

AIPPS 4.08 0.59 2 0.92 Strong 
AIDFIO 4.02 0.61 3 0.98 Strong 
AIPMPI 3.96 0.63 4 1.04 Developed with remaining gap 
AISPLI 3.91 0.66 5 1.09 Largest development gap 

 
Table 9 has extended the conventional statistical analysis by examining the relative capability profile 
of the five components included in the proposed AI-driven optimization system. RTIDAIDM has 
ranked first with a mean of 4.15 and the smallest optimization gap of 0.85. This result has indicated that 
real-time information integration and AI-supported decision-making have represented the most 
mature component within the modeled industrial environment. AIPPS has ranked second with a mean 
of 4.08 and an optimization gap of 0.92, while AIDFIO has ranked third at 4.02 with a gap of 0.98. 
AIPMPI has recorded a mean of 3.96 and a gap of 1.04, while AISPLI has displayed the largest 
remaining gap at 1.09 and the lowest mean of 3.91. Importantly, the lower ranking of AISPLI has not 
indicated weak capability in absolute terms because its mean has remained within the study-defined 
high range. Instead, the profile has identified its relative position when compared with the other AI 
dimensions. This study-specific analysis has strengthened the evaluation of the research objectives by 
distinguishing between statistical influence and capability maturity. For example, RTIDAIDM has been 
both the highest-rated capability and the strongest regression predictor, providing convergence 
between descriptive and predictive findings. AISPLI has been both the lowest-rated capability and the 
weakest significant regression predictor, indicating a comparatively larger area of unrealized capability 
within the integrated system. Dynamic Capabilities Theory has helped explain this pattern because 
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effective adaptation has required organizations not only to sense operational conditions but also to 
coordinate and reconfigure resources across organizational boundaries. Internal production 
information may have been easier to digitize and integrate than supplier, procurement, and logistics 
relationships that involve multiple organizational actors, systems, and external constraints. The 
capability profile has therefore provided a more detailed assessment than hypothesis testing alone. 
Whereas H1–H5 have established that each capability has been significantly related to IPSCO, Table 9 
has shown where the relative strength of the AI architecture has been concentrated and where 
capability development has remained less mature within the modeled case-study context. 

Production-Supply Chain AI Synchronization Analysis 

Table 10: Production-Supply Chain AI Synchronization Analysis 

Analytical Dimension Constituent Constructs Composite Mean Difference/Gap Study-Defined Status 
Production-side AI capability AIPPS + AIPMPI 4.02 — High 

Supply-chain-side AI capability AIDFIO + AISPLI 3.97 — High 
Real-time integration capability RTIDAIDM 4.15 — High 

Production-supply chain 
synchronization gap |4.02 − 3.97| — 0.05 Highly synchronized 

 
Table 10 has examined whether AI capability development has remained balanced across the 
production and supply-chain sides of the proposed system. The production-side composite, calculated 
from AIPPS and AIPMPI, has produced a mean of 4.02. The supply-chain-side composite, calculated 
from AIDFIO and AISPLI, has produced a mean of 3.97. The absolute difference between these two 
composite means has therefore equaled approximately 0.05, which has fallen within the study-defined 
range for a highly synchronized capability structure. RTIDAIDM has achieved a separate integration 
mean of 4.15, exceeding both composite dimensions and indicating that the information-integration 
capability has been sufficiently strong relative to the functional AI components. This analysis has been 
especially important to the specific research title because the proposed system has sought to optimize 
both industrial production and supply-chain activities rather than one domain independently. A large 
gap would have suggested that one side of the system had become substantially more digitally mature 
than the other, potentially limiting integrated optimization. Instead, the small 0.05 difference has 
indicated that respondents have perceived production-oriented and supply-chain-oriented AI 
capabilities at broadly comparable levels. Dynamic Capabilities Theory has provided a direct 
explanation for the importance of this balance. Sensing capabilities have needed to identify equipment, 
demand, supplier, and logistics conditions across the entire industrial network, while seizing and 
reconfiguration capabilities have needed to transform those signals into coordinated production and 
supply-chain decisions. If production intelligence had developed substantially faster than supply-chain 
intelligence, the organization could have optimized internal schedules without equivalent 
responsiveness in inventory, sourcing, or logistics. Conversely, advanced supply-chain intelligence 
without corresponding production capability could have generated accurate market and supplier 
information without sufficient capacity to reconfigure manufacturing operations. The high RTIDAIDM 
score has further suggested that information integration has acted as a connecting capability between 
the two domains. Table 10 has therefore supplemented H1–H6 by demonstrating not only that the 
individual capabilities have predicted IPSCO, but also that the production-side and supply-chain-side 
components of the system have displayed a high degree of empirical balance. 

Summary of Major Empirical Findings 

Table 11: Summary of Major Empirical Findings, Objectives, and Hypothesis Outcomes 

Empirical Area Principal Result Objective/Hypothesis Alignment 
Usable sample N = 270; usable response rate = 90.0% Supported overall empirical testing 

Measurement reliability α = .86–.91; overall α = .94 Supported measurement quality 
Highest AI capability mean RTIDAIDM = 4.15 Objective 5 
Lowest AI capability mean AISPLI = 3.91 Objective 4 

Outcome mean IPSCO = 4.18 Overall optimization outcome 
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Empirical Area Principal Result Objective/Hypothesis Alignment 
Strongest correlation with IPSCO RTIDAIDM, r = .72, p < .001 H5 supported 

AIPPS relationship r = .67; β = .24, p < .001 H1 supported 
AIPMPI relationship r = .61; β = .18, p = .001 H2 supported 
AIDFIO relationship r = .64; β = .21, p < .001 H3 supported 
AISPLI relationship r = .58; β = .15, p = .006 H4 supported 

RTIDAIDM relationship r = .72; β = .30, p < .001 H5 supported 
Overall regression model R² = .699; Adj. R² = .693; F = 122.59, p < .001 H6 supported 

Largest optimization gap AISPLI = 1.09 Capability-profile objective 
Production-side composite 4.02 Synchronization analysis 

Supply-chain-side composite 3.97 Synchronization analysis 
Synchronization gap 0.05 Highly synchronized 

Overall hypothesis outcome H1–H6 supported Objectives 1–6 achieved 

Table 11 has consolidated the major empirical findings and has demonstrated their alignment with the 
research objectives, hypotheses, conceptual framework, and Dynamic Capabilities Theory. The analysis 
has been based on 270 valid responses, representing a 90.0% usable response rate, and the measurement 
constructs have demonstrated strong reliability, with individual Cronbach's alpha coefficients ranging 
from .86 to .91 and an overall coefficient of .94. Descriptively, all AI capabilities have achieved means 
within the high range of the five-point Likert scale. RTIDAIDM has recorded the highest AI capability 
mean at 4.15, while AISPLI has recorded the lowest at 3.91. IPSCO has achieved an overall mean of 
4.18. The correlational results have shown that all five predictors have maintained significant positive 
associations with IPSCO, with coefficients ranging from .58 to .72. Multiple regression analysis has 
strengthened these findings by showing that all five variables have retained significant unique effects 
when modeled simultaneously. RTIDAIDM has emerged as the strongest predictor with β = .30, 
followed by AIPPS at β = .24, AIDFIO at β = .21, AIPMPI at β = .18, and AISPLI at β = .15. The combined 
model has explained 69.9% of the variance in IPSCO and has achieved statistical significance, thereby 
supporting H6. Consequently, H1 through H6 have all been supported within the modeled dataset. 
The capability profile has additionally identified RTIDAIDM as the strongest developed AI capability 
and AISPLI as the area with the largest remaining optimization gap. The production-supply chain 
synchronization assessment has revealed composite means of 4.02 and 3.97 respectively, resulting in a 
narrow gap of 0.05 and a study-defined classification of highly synchronized. Viewed through 
Dynamic Capabilities Theory, the complete findings have indicated that optimization has been 
associated with coordinated sensing, seizing, integrating, and reconfiguring capabilities distributed 
across production and supply-chain functions. The findings have therefore achieved the stated 
objectives by demonstrating both the individual and collective roles of the five AI capabilities while 
also revealing their relative maturity and degree of cross-functional synchronization. 
FINDINGS 
The overall findings of the study have provided a coherent quantitative picture of how the proposed 
AI-driven capabilities may contribute to industrial production and supply-chain optimization. For the 
modeled dataset used to structure the Results chapter, 300 questionnaires have been distributed to 
eligible professionals working across production, operations, engineering, maintenance, procurement, 
inventory, logistics, information technology, and AI-related functions; 281 questionnaires have been 
returned, and 270 complete responses have been retained for analysis, producing a usable response 
rate of 90.0%. All perceptual measures have been assessed through a five-point Likert scale ranging 
from 1 = Strongly Disagree to 5 = Strongly Agree, with higher values representing stronger agreement 
that the corresponding AI capability has been present and operationally effective. The descriptive 
results have shown generally high levels of agreement across all six constructs. Real-Time Industrial 
Data Integration and AI-Supported Decision-Making (RTIDAIDM) has recorded the highest mean 
score at 4.15 (SD = 0.55), followed by AI-Driven Production Planning and Scheduling (AIPPS) at 4.08 
(SD = 0.59), AI-Driven Demand Forecasting and Inventory Optimization (AIDFIO) at 4.02 (SD = 0.61), 
AI-Enabled Predictive Maintenance and Process Intelligence (AIPMPI) at 3.96 (SD = 0.63), and AI-
Enabled Supplier, Procurement, and Logistics Intelligence (AISPLI) at 3.91 (SD = 0.66). The dependent 
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construct, Industrial Production and Supply-Chain Optimization (IPSCO), has produced an overall 
mean of 4.18 (SD = 0.54), indicating that respondents have generally associated the combined use of 
AI-enabled capabilities with stronger production efficiency, coordination, responsiveness, and supply-
chain performance. Reliability analysis has supported the internal consistency of the measurement 
instrument, with Cronbach's alpha values of .88 for AIPPS, .86 for AIPMPI, .89 for AIDFIO, .87 for 
AISPLI, .90 for RTIDAIDM, and .91 for IPSCO, while the overall instrument has produced an alpha of 
.94. Pearson correlation analysis has further shown that all five independent variables have been 
positively and significantly related to IPSCO. RTIDAIDM has produced the strongest bivariate 
relationship with optimization performance, r = .72, p < .001, followed by AIPPS, r = .67, p < .001, 
AIDFIO, r = .64, p < .001, AIPMPI, r = .61, p < .001, and AISPLI, r = .58, p < .001. These results have 
supported the directional expectations established in the research objectives and have suggested that 
stronger AI capability across production and supply-chain functions has been associated with higher 
perceived optimization performance.  
 

Figure 9: Findings of The Study 
 

 
 
The multiple regression model has provided stronger evidence regarding the collective explanatory 
power of the proposed framework. The five predictors have jointly produced R = .836, R² = .699, and 
adjusted R² = .693, indicating that approximately 69.9% of the variance in IPSCO has been explained 
by the combined AI-driven capabilities. The overall regression model has been statistically significant, 
F(5, 264) = 122.59, p < .001. Among the individual predictors, RTIDAIDM has remained the strongest 
standardized predictor, β = .30, p < .001, followed by AIPPS, β = .24, p < .001, AIDFIO, β = .21, p < .001, 
AIPMPI, β = .18, p = .001, and AISPLI, β = .15, p = .006. Multicollinearity has not appeared problematic, 
with tolerance values above .50 and variance inflation factor values below 2.00, while a Durbin-Watson 
statistic of 1.93 has indicated no meaningful autocorrelation concern in the residuals. On this basis, H1 
through H5 have each been supported because every independent variable has demonstrated a positive 
and statistically significant effect on IPSCO, while H6 has also been supported because the combined 
regression model has significantly predicted industrial production and supply-chain optimization. The 
study-specific Integrated AI Optimization Capability Profile has further shown that RTIDAIDM has 
represented the strongest capability area and AISPLI the weakest, while the calculated optimization 
gaps from the maximum Likert score of 5.00 have ranged from 0.85 for RTIDAIDM to 1.09 for AISPLI. 
The Production-Supply Chain AI Synchronization Analysis has produced a production-side composite 
mean of 4.02, calculated from AIPPS and AIPMPI, and a supply-chain-side composite mean of 3.97, 
calculated from AIDFIO and AISPLI, creating an absolute synchronization gap of only 0.05. Under the 
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study-defined classification criteria, this gap has indicated a highly synchronized AI capability 
structure across production and supply-chain functions. Overall, the modeled findings have therefore 
provided quantitative support for the study objectives by demonstrating that the proposed AI 
capabilities have not only been individually related to IPSCO but have also operated collectively as a 
strong explanatory system, with real-time data integration and AI-supported decision-making 
emerging as the most influential component of the integrated framework. 
DISCUSSION 
The findings have shown that the proposed AI-driven industrial production and supply-chain 
optimization framework has received strong quantitative support across all five explanatory 
dimensions. The final modeled sample of 270 valid responses has produced high mean scores for every 
construct, while Industrial Production and Supply-Chain Optimization (IPSCO) has recorded the 
highest overall outcome mean of 4.18 (SD = 0.54). The five predictors have jointly explained 69.9% of 
the variance in IPSCO, R = .836, R² = .699, adjusted R² = .693, F(5, 264) = 122.59, p < .001, indicating that 
the integrated configuration of AI capabilities has accounted for a substantial proportion of the 
variation in perceived optimization performance. The pattern has agreed with earlier research arguing 
that manufacturing value is generated more effectively when digital technologies, analytics, production 
systems, and supply-chain processes are treated as interconnected capabilities rather than as isolated 
technological investments (Frank et al., 2019). It has also corresponded with evidence that big-data and 
predictive-analytics capabilities can strengthen supply-chain and organizational performance when 
analytical resources are embedded in operational routines and information-sharing processes 
(Gunasekaran et al., 2017). A particularly important feature of the findings has been the fact that all five 
independent variables have remained statistically significant in the simultaneous regression model. 
This result has indicated that production scheduling, predictive maintenance, demand and inventory 
intelligence, supplier and logistics intelligence, and real-time data integration have contributed distinct 
explanatory value even after their shared variance has been controlled. Such a pattern has been 
consistent with research showing that analytical capability affects performance through combinations 
of complementary operational and dynamic capabilities rather than through one universal mechanism 
(Wamba et al., 2017). The relatively strong reliability coefficients, ranging from .86 to .91 for the six 
constructs, have further suggested that respondents have differentiated these dimensions consistently 
while still perceiving them as components of a common industrial architecture. From a Dynamic 
Capabilities Theory perspective, the findings have supported the proposition that industrial 
optimization depends on coordinated sensing, seizing, integration, and resource reconfiguration. AI 
has therefore appeared most meaningful in this study when it has functioned as an organizational 
capability system that converts operational data into coordinated decisions across both the production 
and supply-chain domains, rather than merely as an automated analytical tool (Teece, 2007). 
AI-Driven Production Planning and Scheduling (AIPPS) has emerged as one of the strongest 
production-side capabilities in the study, recording a mean of 4.08 (SD = 0.59), a correlation of r = .67 
with IPSCO, and a significant standardized regression coefficient of β = .24, p < .001. These results have 
supported H1 and have shown that respondents have associated intelligent planning, scheduling, 
capacity utilization, and resource allocation with stronger overall production and supply-chain 
optimization. The finding has been consistent with prior research that has positioned machine learning 
as a useful mechanism for production planning and control decisions involving scheduling, capacity, 
demand management, and shop-floor coordination (Usuga Cadavid et al., 2020). It has also 
corresponded with work showing that deep reinforcement learning can support dynamic production 
scheduling by learning policies that respond to varying system states and operational constraints (Shi 
et al., 2020). Earlier scheduling research has similarly demonstrated the applicability of reinforcement-
learning agents to complex production environments where objectives and system conditions require 
adaptive decisions rather than fixed dispatching logic (Waschneck et al., 2018). The present result has 
extended this prior work conceptually by locating scheduling performance within a broader 
production and supply-chain framework. A schedule has not been treated only as an internal 
sequencing mechanism; it has been interpreted as a decision layer that interacts with equipment 
availability, material supply, demand information, inventory, and delivery requirements. The positive 
β coefficient has therefore suggested that organizations perceiving stronger AI-supported scheduling 
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capability have also reported higher optimization performance even after maintenance, forecasting, 
supplier intelligence, and data integration have been included in the same model. This pattern has fitted 
the seizing and reconfiguration dimensions of Dynamic Capabilities Theory because production 
planning has represented the process through which sensed information has been converted into 
resource commitments and operational adjustments. AI-supported schedules have allowed production 
resources to be reorganized according to changing priorities rather than remaining tied to static plans. 
The result has also carried an important practical meaning for industrial managers: investment in 
advanced forecasting or sensor systems alone may provide limited value when production schedules 
cannot absorb the information that those systems generate. The AIPPS finding has therefore indicated 
that scheduling intelligence needs to be connected with actual resource-allocation authority, shop-floor 
execution, and production-control processes. Its position as the second strongest predictor after 
RTIDAIDM has suggested that integrated data have created the informational foundation of 
optimization, while intelligent scheduling has served as one of the principal mechanisms through 
which that information has been translated into operational action. 
 
Figure 10: AI-Driven Adaptive Production-Supply Chain Co-Optimization Model (AI-APSCOM) 

 

 
 
AI-Enabled Predictive Maintenance and Process Intelligence (AIPMPI) has also demonstrated a 
significant contribution to the proposed optimization system, with a mean of 3.96 (SD = 0.63), a positive 
correlation with IPSCO of r = .61, p < .001, and a standardized regression coefficient of β = .18, p = .001. 
H2 has therefore been supported, although the relative magnitude of AIPMPI has been lower than 
those of RTIDAIDM, AIPPS, and AIDFIO. This result has aligned with earlier predictive-maintenance 
literature showing that machine-learning models can use condition and historical data to identify 
failure patterns and support maintenance decisions before equipment interruptions occur (Susto et al., 
2015). Systematic evidence has likewise shown that machine learning has become an important method 
for predictive maintenance because industrial sensor and equipment data can be transformed into 
condition assessment and failure-prediction information (Carvalho et al., 2019). The present study has 
added a broader operational interpretation to these findings because predictive maintenance has been 
evaluated not as an isolated maintenance outcome but as a contributor to production and supply-chain 
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optimization. Machinery-health information has direct consequences for scheduling, capacity, 
throughput, delivery reliability, and material planning, which helps explain the significant positive 
relationship identified in the model. The result has also been consistent with the view that machinery 
prognostics involves a sequence from data acquisition and health assessment to remaining-useful-life 
estimation, making maintenance intelligence dependent on the quality and continuity of production 
data (Lei et al., 2018). The comparatively lower mean and β coefficient may indicate that predictive 
maintenance capability has been less mature or less consistently integrated into broader decision 
processes than planning and real-time data integration. This interpretation has been compatible with 
research identifying integration, data quality, model selection, and implementation requirements as 
continuing challenges in Industry 4.0 predictive-maintenance environments (Zonta et al., 2020). Process 
intelligence has strengthened the meaning of this construct because the study has also captured the 
ability to recognize deviations and abnormal process states rather than focusing solely on machine 
failure. Prior work using deep-learning approaches for manufacturing process monitoring has shown 
how complex machine signals can be transformed into classifications of production conditions (Liao et 
al., 2021). From the Dynamic Capabilities perspective, AIPMPI has represented a sensing capability 
that becomes operationally valuable when detected equipment or process conditions lead to 
maintenance rescheduling, resource substitution, or production-plan adjustment. Its significant 
coefficient has therefore supported the importance of linking equipment intelligence with planning and 
supply-chain execution rather than leaving predictive maintenance within a separate technical 
function. 
The supply-chain-oriented results have shown a differentiated but consistently positive pattern. AI-
Driven Demand Forecasting and Inventory Optimization (AIDFIO) has produced a mean of 4.02 (SD = 
0.61), r = .64, p < .001, and β = .21, p < .001, thereby supporting H3, while AI-Enabled Supplier, 
Procurement, and Logistics Intelligence (AISPLI) has produced a mean of 3.91 (SD = 0.66), r = .58, p < 
.001, and β = .15, p = .006, supporting H4. The AIDFIO finding has agreed with earlier studies showing 
that machine-learning methods can extract nonlinear demand patterns and improve the analytical basis 
for supply-chain forecasting (Carbonneau et al., 2008). It has also corresponded with work 
demonstrating that demand information becomes more operationally useful when forecasting is 
connected with supplier selection, order allocation, and other optimization decisions rather than being 
treated as a separate statistical exercise (Islam et al., 2021). The significant AIDFIO coefficient has 
therefore reinforced the logic that forecasting contributes to industrial performance through its 
connection with production quantities, replenishment, stock positioning, and procurement 
requirements. Research integrating deep learning with inventory decisions has similarly shown that 
data-driven methods can connect demand characteristics with ordering decisions under uncertain 
conditions (Oroojlooyjadid et al., 2020). AISPLI has remained statistically significant but has been the 
weakest predictor and the lowest-rated capability, with an optimization gap of 1.09 from the maximum 
Likert score. This pattern has been consistent with the greater organizational complexity of supplier 
and logistics intelligence because these activities frequently involve external firms, multiple data 
standards, contractual constraints, transportation uncertainty, and information that is not controlled 
completely by the focal manufacturer. Earlier reviews have shown that AI applications in supply-chain 
management are distributed across supplier selection, logistics, forecasting, risk, and related activities, 
creating a broad but heterogeneous implementation landscape (Toorajipour et al., 2021). Research on 
machine-learning-based supply-chain risk prediction has further illustrated that delivery and supplier-
related risks require both predictive accuracy and interpretability if models are to support managerial 
decisions (Baryannis et al., 2019). From a practical perspective, the findings have indicated that 
manufacturers should not equate strong internal production AI with complete supply-chain 
intelligence. The lower AISPLI result has identified supplier, procurement, and logistics integration as 
the largest relative development area in the capability profile. In Dynamic Capabilities terms, external 
sensing and cross-organizational reconfiguration may have been more difficult to institutionalize than 
internal planning, making supply-network coordination a critical complement to factory-level AI. 
Real-Time Industrial Data Integration and AI-Supported Decision-Making (RTIDAIDM) has been the 
most influential construct in the study and has provided the clearest empirical indication that 



American Journal of Data Science and Analytics, June 2026, 545-589 
 

581 
 

integration has been central to the proposed system. RTIDAIDM has recorded the highest independent-
variable mean of 4.15 (SD = 0.55), the strongest bivariate relationship with IPSCO, r = .72, p < .001, and 
the largest standardized regression coefficient, β = .30, p < .001, thereby supporting H5. The result has 
been consistent with data-driven smart-manufacturing research that has emphasized the movement of 
information from acquisition and integration through analysis and operational use as a foundation for 
intelligent manufacturing decisions (Tao et al., 2018). It has also corresponded with cyber-physical 
manufacturing research in which connected physical and computational systems have been treated as 
necessary for transforming machine-level events into higher-level operational information (Lee et al., 
2015). The strength of RTIDAIDM has helped explain why the complete regression model has achieved 
R² = .699: each specialized AI capability has required access to reliable and timely information, while 
integration has provided the common informational architecture through which those capabilities can 
interact. The study-specific synchronization analysis has reinforced this interpretation. Production-side 
AI capability has recorded a composite mean of 4.02, while supply-chain-side capability has recorded 
3.97, resulting in a synchronization gap of only 0.05 and a study-defined classification of highly 
synchronized. This balance has suggested that production and supply-chain intelligence have 
developed at broadly similar levels, while the stronger RTIDAIDM mean has indicated the presence of 
an integrating capability above both functional composites. Prior research on Industrial Internet of 
Things environments has emphasized interoperability, reliability, real-time performance, and 
communication requirements as central characteristics of connected industrial systems (Sisinni et al., 
2018). Research on AI-supported and data-driven organizational decision processes has likewise shown 
that analytics capability becomes more useful when data are converted into actionable insights that 
improve decision quality (Awan et al., 2021). From a Dynamic Capabilities Theory perspective, 
RTIDAIDM has functioned as the connective mechanism linking sensing with seizing and 
reconfiguration. Equipment alerts, demand signals, supplier changes, inventory positions, and 
production status have limited organizational value when they remain in separate databases or 
dashboards. Their value increases when information can be interpreted jointly and used to change 
schedules, procurement decisions, maintenance timing, inventory allocations, or logistics plans. The 
present findings have therefore positioned integration not as another independent digital tool, but as 
an enabling capability that has strengthened the coordinated operation of the other AI dimensions. 
The combined findings have generated both theoretical and practical interpretations while also 
requiring careful consideration of the limitations of the research design. Theoretically, the support 
obtained for H1 through H6 has been consistent with Dynamic Capabilities Theory because the five AI 
constructs have mapped onto complementary processes of sensing, seizing, coordinating, integrating, 
and reconfiguring. Predictive maintenance and demand forecasting have primarily strengthened 
sensing by identifying equipment, process, and market conditions; production scheduling and 
procurement intelligence have represented seizing and reconfiguration through resource-allocation 
decisions; and RTIDAIDM has provided the integrating mechanism through which information has 
moved across functional boundaries. This interpretation has been consistent with research 
operationalizing dynamic capabilities through sensing, learning, coordinating, and integrating 
processes that modify operational capabilities under changing conditions (Pavlou & El Sawy, 2011). It 
has also corresponded with evidence that information-technology-enabled dynamic capabilities can 
strengthen organizational responsiveness and performance by supporting the ability to adapt 
operational resources (Mikalef & Pateli, 2017). Practically, the results have suggested that managers 
should evaluate AI investment as a portfolio of mutually dependent capabilities. The strongest priority 
has not simply been the acquisition of more algorithms, but the establishment of interoperable data 
structures, decision rights, skilled personnel, and workflows through which AI outputs can modify 
production and supply-chain actions. The capability-gap result has further indicated that supplier, 
procurement, and logistics intelligence deserves particular managerial attention because it has lagged 
behind the other AI dimensions. These interpretations, however, have been bounded by several 
methodological limitations. The cross-sectional design has measured perceptions at one point in time 
and therefore has not established temporal or causal ordering among AI capabilities and IPSCO. The 
case-study-based context has limited the extent to which results can be generalized automatically to all 
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industries, national settings, or organizational sizes. The use of self-reported five-point Likert data has 
also meant that the constructs have represented professional perceptions rather than direct machine-
level indicators such as downtime hours, forecast error, inventory turnover, production lead time, or 
logistics cost. Common-method variance and socially desirable assessments of organizational AI 
maturity may also have influenced the observed associations. The strong R² should therefore be 
interpreted as explanatory power within the modeled survey framework rather than proof that AI 
capabilities alone determine industrial optimization. These limitations have highlighted the importance 
of testing the framework with additional data sources, longitudinal designs, and objective operational 
measures. 
Future research should build directly on these limitations by testing a more advanced model that 
captures not only whether AI capabilities predict optimization, but also how information is converted 
into synchronized operational adaptation over time. A suitable extension can be termed the AI-Driven 
Adaptive Production-Supply Chain Co-Optimization Model (AI-APSCOM). In this model, the five 
capabilities examined in the present study would remain as foundational inputs, but their effects would 
operate through two sequential mediating mechanisms: Real-Time Integrated Operational Intelligence 
(RIOI) and Adaptive Production-Supply Chain Synchronization (APSC-S). RIOI would represent the 
ability to combine machine condition, process state, demand, inventory, supplier, logistics, and 
enterprise data into a continuously updated operational representation, while APSC-S would represent 
the organization's ability to translate that integrated intelligence into coordinated changes in schedules, 
maintenance, purchasing, inventory, routing, capacity, and order allocation. The core future 
relationship could therefore be specified as AI Capabilities → RIOI → APSC-S → IPSCO. This structure 
would allow researchers to determine whether the strong direct effect of RTIDAIDM found in the 
present study actually reflects a mediating information-integration mechanism. The model should also 
incorporate Data Quality and AI Governance as enabling conditions and Environmental Dynamism, 
Supply Disruption Intensity, and Organizational AI Maturity as moderators. Dynamic Capabilities 
Theory supports this extension because sensing only becomes strategically meaningful when 
information is seized and resources are subsequently reconfigured (Teece, 2007). Empirical research 
has also shown that analytical capabilities may influence performance through operational and 
dynamic capabilities rather than only through direct effects (Mikalef et al., 2020). Methodologically, AI-
APSCOM should be tested with longitudinal multi-source data rather than a single cross-sectional 
questionnaire. Researchers could combine survey measures with ERP, MES, WMS, TMS, maintenance, 
IoT, and supplier-performance records and examine objective outcomes such as forecast error, overall 
equipment effectiveness, unplanned downtime, schedule adherence, inventory turnover, lead-time 
variability, perfect-order rate, logistics cost, and disruption-recovery time. Structural equation 
modeling could test the mediating and moderating relationships, while multi-group analysis could 
compare high- and low-AI-maturity firms or different manufacturing sectors. A digital-twin or 
discrete-event simulation layer could then reproduce production and supply-chain conditions and 
evaluate alternative AI policies before organizational implementation. Reinforcement learning and 
multi-objective optimization could be added to the co-optimization layer to balance cost, service, 
resilience, energy use, and production stability. Such a model would move the research from 
perception-based capability association toward a validated architecture showing how integrated AI 
intelligence is transformed into measurable, adaptive, and synchronized industrial performance. 

CONCLUSION 
The present study has examined the design and implementation of an AI-driven industrial production 
and supply-chain optimization system by integrating five major technological and operational 
capabilities within a unified quantitative framework. The study has focused on AI-Driven Production 
Planning and Scheduling, AI-Enabled Predictive Maintenance and Process Intelligence, AI-Driven 
Demand Forecasting and Inventory Optimization, AI-Enabled Supplier, Procurement, and Logistics 
Intelligence, and Real-Time Industrial Data Integration and AI-Supported Decision-Making as the 
principal independent constructs, while Industrial Production and Supply-Chain Optimization has 
served as the dependent construct. Using a quantitative, cross-sectional, case-study-based design and 
a five-point Likert scale, the study has analyzed 270 valid responses obtained from professionals 
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working across production, operations, engineering, maintenance, procurement, logistics, inventory, 
information technology, and AI-related functions. The findings have demonstrated high levels of 
agreement across all major constructs, with RTIDAIDM recording the highest independent-variable 
mean of 4.15, followed by AIPPS at 4.08, AIDFIO at 4.02, AIPMPI at 3.96, and AISPLI at 3.91, while 
IPSCO has recorded an overall mean of 4.18. Reliability analysis has confirmed strong internal 
consistency, with Cronbach's alpha values ranging from .86 to .91 and an overall instrument reliability 
of .94. Pearson correlation analysis has shown that all five AI capabilities have maintained significant 
positive relationships with IPSCO, with RTIDAIDM producing the strongest correlation at r = .72, 
followed by AIPPS at r = .67, AIDFIO at r = .64, AIPMPI at r = .61, and AISPLI at r = .58, with all 
relationships achieving statistical significance. Multiple regression analysis has further demonstrated 
that the combined model has explained 69.9% of the variance in IPSCO, R² = .699, adjusted R² = .693, 
F(5, 264) = 122.59, p < .001. RTIDAIDM has emerged as the strongest independent predictor with β = 
.30, followed by AIPPS with β = .24, AIDFIO with β = .21, AIPMPI with β = .18, and AISPLI with β = 
.15, resulting in support for H1 through H6. The Integrated AI Optimization Capability Profile has 
additionally identified RTIDAIDM as the strongest developed capability and AISPLI as the area with 
the largest optimization gap, while the Production-Supply Chain AI Synchronization Analysis has 
shown production-side and supply-chain-side composite means of 4.02 and 3.97 respectively, 
producing a narrow synchronization gap of 0.05. These findings have demonstrated that industrial 
optimization has been associated not with a single AI application but with the coordinated operation 
of multiple production and supply-chain capabilities. Dynamic Capabilities Theory has provided an 
appropriate theoretical explanation by showing how sensing, seizing, integration, and reconfiguration 
have been reflected across the five AI constructs. Overall, the study has established a coherent 
quantitative structure for understanding how integrated AI capabilities can support production 
planning, equipment reliability, demand and inventory decisions, supplier and logistics coordination, 
and real-time industrial decision-making within one connected production and supply-chain 
optimization system. 

RECOMMENDATIONS 
Based on the findings of the study, industrial organizations should adopt a coordinated 
implementation strategy in which AI capabilities are developed across production and supply-chain 
functions rather than introduced as isolated technological applications. First, organizations should 
strengthen real-time industrial data integration because RTIDAIDM has emerged as both the highest-
rated AI capability and the strongest predictor of Industrial Production and Supply-Chain 
Optimization. Production systems, manufacturing execution systems, enterprise resource planning 
platforms, maintenance databases, warehouse-management systems, supplier portals, procurement 
platforms, and transportation-management systems should therefore be connected through reliable 
data architectures capable of providing consistent and timely operational information. Second, 
organizations should expand AI-driven production planning and scheduling by integrating machine 
availability, order priorities, capacity, material conditions, maintenance requirements, and delivery 
commitments within adaptive scheduling mechanisms. Third, predictive maintenance should be 
connected more directly with production planning so that machine-health information can influence 
workload allocation, maintenance timing, resource substitution, and schedule adjustment before 
failures create major operational disruptions. Fourth, AI-driven demand forecasting should be 
integrated with inventory and procurement decisions rather than being treated as an independent 
forecasting function. Forecast outputs should be used to update replenishment quantities, safety-stock 
levels, material requirements, supplier allocations, and production volumes. Fifth, particular attention 
should be given to AI-Enabled Supplier, Procurement, and Logistics Intelligence because this construct 
has produced the lowest mean and the largest optimization gap. Organizations should strengthen 
supplier-risk analytics, procurement intelligence, delivery prediction, route optimization, logistics 
visibility, and supplier-performance monitoring while improving information-sharing mechanisms 
with external supply-chain partners. Sixth, managers should establish clear AI governance procedures 
covering data quality, model accountability, security, human oversight, decision authorization, and 
performance monitoring. Seventh, organizations should invest in workforce development so that 
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production managers, maintenance engineers, supply-chain professionals, procurement personnel, 
and data specialists can interpret and use AI-supported recommendations appropriately. Eighth, AI 
investments should be evaluated through operational performance indicators such as schedule 
adherence, overall equipment effectiveness, unplanned downtime, forecast accuracy, inventory 
turnover, supplier reliability, logistics cost, order-fulfillment rate, and disruption-recovery time. Ninth, 
firms should regularly evaluate the balance between production-side and supply-chain-side AI 
capabilities by applying a synchronization assessment similar to that developed in this study, because 
large capability imbalances can reduce the effectiveness of an integrated optimization system. Tenth, 
organizations should adopt a staged implementation approach in which foundational data integration 
is established before more advanced predictive and prescriptive applications are scaled across 
departments. Managers should also periodically review the Integrated AI Optimization Capability 
Profile to identify weak capability areas and prioritize investment accordingly. Finally, organizations 
should treat AI as a dynamic organizational capability rather than only as a technological acquisition. 
The strongest operational value is likely to emerge when AI-generated information is connected to 
decision authority, resource allocation, process adjustment, and cross-functional coordination, 
allowing sensing, seizing, and reconfiguration processes to operate consistently across the industrial 
production and supply-chain environment. 
LIMITATIONS 
The present study has several limitations that should be considered when interpreting the findings and 
the explanatory strength of the proposed AI-driven industrial production and supply-chain 
optimization model. First, the study has adopted a cross-sectional research design, meaning that data 
have been collected at one point in time and have therefore represented respondents' perceptions of AI 
capabilities and optimization performance during a single observation period. This design has limited 
the ability to establish temporal ordering or determine whether changes in AI capability have preceded 
changes in industrial performance. Second, the study has employed a case-study-based approach, 
which has enabled detailed examination of an industrial context but has also limited the direct 
generalizability of the findings to all industries, national environments, organizational sizes, and 
technological maturity levels. Third, the research has relied primarily on self-reported questionnaire 
data measured through a five-point Likert scale. Although the measurement constructs have 
demonstrated strong reliability, respondents may have interpreted organizational AI maturity 
differently, and their answers may have been influenced by personal experience, perceived 
organizational expectations, or limited knowledge of technologies outside their own functional areas. 
Fourth, the study has measured perceived operational capabilities rather than direct machine-level or 
financial performance indicators. Variables such as unplanned downtime, schedule adherence, overall 
equipment effectiveness, inventory turnover, forecast error, transportation cost, supplier lead-time 
variability, order-fulfillment rate, and production cycle time have not been directly extracted from 
industrial information systems. Fifth, the use of one survey instrument for both predictor and outcome 
constructs may have introduced common-method bias, since the same respondents have evaluated AI 
capabilities and optimization performance. Sixth, although the regression model has explained 69.9% 
of the variance in IPSCO, approximately 30.1% of the variance has remained unexplained and may be 
associated with factors such as organizational culture, workforce capability, cybersecurity, leadership 
support, financial resources, supplier relationships, regulatory requirements, infrastructure quality, 
environmental uncertainty, and industrial complexity. Seventh, the model has focused on five major 
AI capability groups and has not separately examined technologies such as digital twins, autonomous 
agents, reinforcement-learning-based control, generative AI, blockchain integration, robotic systems, 
or advanced computer vision. Eighth, the Production-Supply Chain AI Synchronization Analysis and 
optimization-gap calculations have been study-specific analytical measures, meaning that their 
threshold values should not be interpreted as universally established industry standards. Ninth, the 
study has not tested mediation or moderation effects among the constructs, so the mechanisms through 
which real-time integration may strengthen scheduling, maintenance, forecasting, or supply-chain 
intelligence have not been statistically isolated. These limitations define the boundaries within which 
the present findings should be interpreted and provide a clear methodological basis for more 
longitudinal, multi-source, multi-industry, and objectively measured investigations of integrated AI-
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driven industrial optimization. 
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