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Abstract 
This study examined the influence of AI-orchestrated cyber-physical systems (CPS) on sustainable Industry 
5.0 manufacturing and supply chain resilience through a quantitative, multi-construct analytical model. 
Using data collected from 412 industrial respondents across manufacturing, logistics, and technology-driven 
organizations, the study evaluated relationships among CPS integration maturity, AI orchestration capability, 
sustainability performance, and supply chain resilience. Descriptive analysis showed strong adoption levels, 
with mean CPS maturity at 4.21, AI orchestration at 4.08, sustainability performance at 4.17, and resilience 
at 4.11 on a 5-point scale. Correlation results indicated significant positive associations among all major 
constructs, with AI orchestration exhibiting the strongest correlation with sustainability (r = 0.71) and 
resilience (r = 0.68). Reliability and validity tests confirmed strong measurement consistency, with Cronbach’s 
alpha values ranging from 0.89 to 0.94, and AVE values exceeding 0.63. Regression modeling revealed that 
CPS maturity significantly predicted AI orchestration (β = 0.62, p < 0.001), which in turn significantly 
enhanced sustainability (β = 0.58, p < 0.001) and resilience (β = 0.54, p < 0.001). Mediation analysis showed 
that AI orchestration mediated over 64% of the total effect of CPS maturity on sustainability and 59% on 
resilience. Moderation analysis further demonstrated that organizational readiness strengthened the AI-to-
sustainability pathway (β = 0.27, p < 0.01), while environmental turbulence amplified the AI-to-resilience 
relationship (β = 0.24, p < 0.01). Overall, the findings demonstrated that AI-orchestrated CPS functioned as 
a central mechanism enabling real-time coordination, ecological optimization, and disruption-adaptive 
behavior, highlighting their essential role in achieving sustainable and resilient Industry 5.0 manufacturing 
ecosystems. 
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INTRODUCTION 
Artificial intelligence and cyber-physical systems have emerged as foundational constructs within 
contemporary industrial engineering, systems thinking, and operations research (Vahabi et al., 2023). 
AI is widely recognized as an umbrella term that includes machine learning, deep learning, 
reinforcement learning, computer vision, natural language processing, and large-scale optimization 
algorithms that enable machines to analyze data, learn patterns, support decisions, and autonomously 
coordinate complex processes. Cyber-physical systems, in parallel, refer to deeply integrated networks 
of computational intelligence, embedded sensors, actuators, communication layers, and physical 
production assets capable of synchronizing the cyber and physical worlds in real time. The integration 
of AI and CPS has transformed manufacturing and supply chain ecosystems into dynamic, data-rich 
environments where physical behaviors, digital representations, and intelligent control mechanisms 
continuously influence one another. Within this paradigm, international discussions around Industry 
5.0 emphasize industrial ecosystems that are sustainable, resilient, and human-centered. This shift 
builds upon earlier Industry 4.0 advancements by positioning intelligence orchestration, systemic 
adaptability, ecological responsibility, and worker well-being as essential characteristics of next-
generation industrial systems (Lawrance et al., 2022). Global economic forums and regional innovation 
agendas increasingly recognize that AI-orchestrated CPS enable coordinated decision-making across 
distributed production networks, accelerating the adoption of clean technologies, optimizing resource 
efficiency, and strengthening the resilience of globalized supply chains under persistent uncertainty. 
These concepts have been explored through studies on AI-supported manufacturing optimization, 
CPS-based real-time monitoring, autonomous robotics, digital control platforms, and integrated data-
driven production architectures. Research examining distributed cognition, self-organizing factories, 
autonomous agents, and digital-to-physical synchronization further reinforces the significance of 
orchestrated intelligence across industrial infrastructures. Collectively, these strands underscore that 
AI-orchestrated CPS are not merely collections of smart machines; they are systemic infrastructures 
capable of managing entire industrial value chains through autonomous reasoning, real-time 
coordination, and continuous learning (Tofu et al., 2023). As sustainability and resilience become 
central to national competitiveness and industrial development strategies, AI-orchestrated CPS 
provide a globally relevant technological foundation for operational alignment with environmental 
goals, resource circularity, and industrial adaptability. 
The evolution from Industry 4.0 to Industry 5.0 has encouraged scholars and practitioners to reconsider 
how digital infrastructures, intelligent automation, and cyber-physical integration support industrial 
performance (Zhao et al., 2023). In the Industry 4.0 era, studies on smart factories, IIoT ecosystems, 
embedded sensing, advanced automation, and data-driven production optimization provided a 
blueprint for technological connectivity. Research explored how machine-to-machine communication, 
cloud-based manufacturing, flexible robotics, and cyber-physical production systems could enhance 
mass customization, reduce downtime, and increase process precision. However, more recent 
discourse extends beyond connectivity to orchestrated intelligence, where AI assumes an active 
coordinating role across CPS layers, production lines, supply nodes, and human workflows. Studies 
examining AI-based scheduling, predictive quality control, multi-agent decision systems, autonomous 
material handling, digital twin-assisted planning, and hybrid human–machine collaboration highlight 
how intelligence orchestrators integrate tasks across the industrial environment (Kasperson et al., 2022). 
Similarly, research on system-of-systems engineering, integrated optimization, distributed 
manufacturing architectures, and dynamic resource allocation illustrates how AI-enabled orchestration 
reshapes production logic by embedding decision autonomy across physical and digital assets. 
Scholarship on resilient operations, adaptive manufacturing networks, and intelligent control further 
demonstrates that distributed AI agents can evaluate operational conditions, allocate workloads, adjust 
production schedules, and mitigate disturbances in real time. Moreover, studies on collaborative 
industrial robots, human-centric cyber-physical workplaces, and ergonomic augmentation emphasize 
that orchestration extends to aligning AI-driven decisions with worker skills, safety requirements, and 
operational constraints. Collectively, this body of research illustrates a shift toward systems in which 
AI agents, CPS layers, and human operators interact continuously to manage uncertainties, maintain 
production continuity, and optimize performance across complex industrial scenarios (Kaftan et al., 



ASRC Procedia: Global Perspectives in Science and Scholarship, April 2025, 1278–1315 
 

1280 
 

2023). As Industry 5.0 emphasizes sustainability and resilience, these orchestrated AI–CPS interactions 
lay the theoretical and empirical foundation for understanding how intelligent coordination 
contributes to environmentally responsible and disruption-ready industrial ecosystems. 
 

Figure 1: Human-Centric Cyber-Physical System Integration 

 

Sustainable manufacturing and environmentally responsible industrial operations have become central 
priorities for both developed and emerging economies, and extensive research has investigated how 
digital technologies contribute to ecological performance (Abdulla & Ibne, 2021; Kolade et al., 2022). 
Scholarly work on sustainable operations, green production systems, industrial ecology, life-cycle 
management, and resource-efficient manufacturing consistently emphasizes the role of real-time 
monitoring, intelligent optimization, and data-driven control in reducing environmental impacts 
(Habibullah & Foysal, 2021; Sanjid & Farabe, 2021). Studies exploring energy-aware machining, 
emissions reduction, eco-efficiency indicators, and smart resource allocation demonstrate how AI 
models and CPS-based measurement infrastructures enable continuous tracking of energy 
consumption, waste generation, process variability, and carbon intensity (Sarwar, 2021; Musfiqur & 
Saba, 2021). Research on circular manufacturing, product life extension, remanufacturing, and 
recycling coordination highlights how digital intelligence identifies opportunities for material reuse 
and supports closed-loop production systems (Dai et al., 2019; Omar & Rashid, 2021; Redwanul et al., 
2021). In addition, investigations into sustainable scheduling, multi-objective optimization, process 
intensification, and cleaner production strategies show that AI algorithms can evaluate trade-offs 
between throughput, quality, and ecological constraints in real time. Work on digital twins, system 
modeling, and cyber-physical sustainability platforms further illustrates how virtual replicas of 
machines and facilities allow simulation-based optimization of environmental performance across the 
production lifecycle (Tarek & Praveen, 2021; Zaman & Momena, 2021). Similarly, research on 
sustainable logistics, green supply chain management, reverse logistics coordination, and eco-design 
connects manufacturing sustainability with broader supply chain responsibilities. Integrated 
frameworks combining industrial analytics, CPS instrumentation, and sustainability metrics 
demonstrate how AI-facilitated CPS can align operations with global environmental standards and 
industrial decarbonization agendas (Romagnoli et al., 2022; Rony, 2021; Shaikh & Aditya, 2021). Across 
these studies, a consistent theme emerges: sustainable production requires more than isolated clean 
technologies; it requires continuous orchestration of data, intelligence, and physical assets, which AI-
enabled CPS architectures are uniquely positioned to achieve. This theoretical foundation provides a 
significant conceptual basis for understanding why AI-orchestrated CPS are increasingly viewed as 
core infrastructures for sustainable Industry 5.0 manufacturing (Sudipto & Mesbaul, 2021; Zaki, 2021). 
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Figure 2: AI-Orchestrated Cyber-Physical Systems Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Supply chain resilience has also become a major focus of contemporary research, reflecting the growing 
vulnerability of globalized networks to disruptions such as pandemics, natural disasters, cyber 
intrusions, political tensions, logistics breakdowns, and demand shocks (Dorji et al., 2023; Hozyfa, 2022; 
Amin, 2022). Scholarly work on vulnerability assessment, risk propagation, disruption modeling, and 
recovery management demonstrates that supply chains must possess visibility, agility, robustness, 
redundancy, and rapid recovery capabilities to endure operational disturbances (Arman & Kamrul, 
2022; Mohaiminul & Muzahidul, 2022). Studies on digital supply chains, real-time logistics tracking, 
CPS-enabled transport monitoring, and IIoT-based fleet management show how embedded 
technologies enhance visibility across nodes and flows. Research on AI-enabled risk prediction, 
disruption detection, inventory reallocation, dynamic routing, and scenario-based decision support 
illustrates how intelligent systems enable early problem identification and rapid response. Additional 
studies exploring autonomous planning, multi-agent logistics systems, distributed decision 
architectures, and intelligent control towers demonstrate the role of AI in coordinating supply-side, 
production-side, and distribution-side recovery strategies (Torres et al., 2021; Omar & Jobayer Ibne, 
2022; Sanjid & Zayadul, 2022). Work on blockchain-enhanced traceability, digital assurance, smart 
contracts, and trusted data exchange provides further insight into how CPS ecosystems can strengthen 
resilience by improving information reliability and cross-organizational coordination. Empirical 
studies on post-disruption performance, response strategies, recovery mechanisms, and structural 
adaptiveness highlight that resilience is a dynamic capability influenced by both technological and 
organizational factors (Hasan, 2022; Mominul et al., 2022). Taken together, these strands of research 
show that resilience depends not only on supply chain design but also on intelligent orchestration 
mechanisms capable of detecting systemic changes, reallocating resources, optimizing transport flows, 
and stabilizing operations under stress. AI-orchestrated CPS, when viewed through this literature, 
represent a comprehensive mechanism capable of integrating detection, assessment, decision-making, 
and execution across global supply networks (Mani & Goniewicz, 2023; Rabiul & Praveen, 2022; Farabe, 
2022). This positioning provides a conceptual basis for quantitative investigation into how orchestrated 
intelligence supports measurable improvements in supply chain resilience within Industry 5.0 
ecosystems (Roy, 2022; Rahman & Abdul, 2022). 
Digital twins and extended cyber-physical environments have gained significant scholarly attention in 
manufacturing and supply chain systems due to their capabilities in simulation, synchronization, and 
predictive optimization. Research on digital twin modeling, virtual commissioning, asset lifecycle 
analytics, and multi-scale system representation demonstrates that digital twins serve as computational 
mirrors of real physical systems, enabling continuous feedback and iterative improvement (Aina et al., 



ASRC Procedia: Global Perspectives in Science and Scholarship, April 2025, 1278–1315 
 

1282 
 

2023; Razia, 2022; Zaki, 2022). Studies on intelligent planning, virtual testing, scenario simulation, and 
real-time process alignment illustrate how digital twins support optimization of production lines, 
equipment configurations, and material flows (Maniruzzaman et al., 2023; Kanti & Shaikat, 2022). Work 
on cyber-physical fusion platforms, integrated analytics pipelines, and immersive visualization 
environments further extends the role of digital twins into broader ecosystems where AI agents learn 
from real-time data and refine control strategies. In supply chain contexts, studies on network digital 
twins, logistics simulation, inventory dynamics modeling, and transportation alignment show how 
virtual representations of supply networks enable evaluation of disruption scenarios and resilience 
strategies (Egamberdiev et al., 2023; Arif Uz & Elmoon, 2023; Sanjid, 2023). Research on multi-agent 
orchestration, autonomous control loops, real-time synchronization, and self-adjusting systems 
highlights how AI algorithms embedded in digital twins coordinate with CPS layers to maintain 
operational stability and resource efficiency. Investigations into human–digital interaction, augmented 
visualization, and decision support interfaces demonstrate how digital twins also enhance cognitive 
accessibility for workers and managers (Sanjid & Sudipto, 2023; Tarek, 2023). Collectively, this 
literature positions digital twins as pivotal components of Industry 5.0 environments, enabling 
operational transparency, intelligent planning, and data-driven coordination across highly 
interconnected industrial systems (Cañizares et al., 2021; Shahrin & Samia, 2023; Muhammad & 
Redwanul, 2023). When digital twins operate as part of AI-orchestrated CPS architectures, they 
facilitate multilevel synchronization between physical processes, digital intelligence, and 
organizational decision-making, thereby strengthening both sustainability and resilience objectives 
(Muhammad & Redwanul, 2023; Razia, 2023). 
Scholarly discourse on international industrial policy further amplifies the importance of AI-
orchestrated CPS in enabling sustainable, resilient, and inclusive industrial systems (Cheshmehzangi 
et al., 2023; Srinivas & Manish, 2023; Sudipto, 2023). Studies examining global manufacturing 
competitiveness, digital transformation policy, human-centered industrial design, knowledge-driven 
production, and socio-technical alignment indicate that nations are increasingly adopting strategies 
that integrate intelligent automation with environmental stewardship and social well-being (Mesbaul, 
2024; Zayadul, 2023). Research exploring the conceptual foundations of human–machine collaboration, 
participatory industrial ecosystems, skill augmentation, and ethical technology deployment highlights 
that advanced CPS must operate in ways that enhance worker capabilities rather than replace them. 
Additional studies investigating regional manufacturing ecosystems, economic upgrading, technology 
transfer, and value chain integration show that intelligent CPS architectures support the development 
of advanced capabilities in emerging economies (Tarek & Kamrul, 2024; Prabowo et al., 2023; Sudipto 
& Hasan, 2024). Work on sustainability regulations, industrial decarbonization frameworks, digital 
governance, and global cooperation emphasizes the growing expectation that manufacturing 
ecosystems contribute to climate goals, circular resource use, and risk-resilient infrastructures. Across 
these strands, scholars consistently identify AI-orchestrated CPS as strategic enablers that allow 
industries to align operational performance with environmental, social, and economic priorities 
(Abdul, 2025; Hozyfa, 2025). This convergence of technological capability and policy vision indicates 
that orchestrated intelligence is not only a matter of technical coordination but also an essential 
component of globally relevant industrial development strategies (Alaie et al., 2022; Alam, 2025; 
Masud, 2025). The widespread theoretical and empirical emphasis on sustainability, resilience, and 
human-centricity provides a broader international rationale for analyzing how AI-orchestrated CPS 
influence performance across diverse industrial contexts. 
Despite extensive research on AI, CPS, sustainability, supply chain resilience, and digital twins, the 
literature exhibits a notable fragmentation that limits integrated understanding of how these constructs 
interact within Industry 5.0 ecosystems (Allioui & Mourdi, 2023; Arman, 2025; Mohaiminul, 2025). 
Studies on industrial AI often focus on predictive maintenance, scheduling, robotics, or optimization 
without examining cross-layer interactions with supply chains or sustainability outcomes (Md 
Mominul, 2025; Hasan, 2025). Research on CPS integration frequently explores automation, 
connectivity, or safety but tends to examine isolated machines or production cells rather than 
orchestrated system-wide behaviors (Milon, 2025; Farabe, 2025). Sustainability research typically 
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addresses energy efficiency, emissions reduction, green logistics, or circularity but treats digital 
technologies as auxiliary tools rather than core orchestration mechanisms (Tarek & Ishtiaque, 2025; 
Momena, 2025). Supply chain resilience literature commonly analyzes risk propagation, recovery 
strategies, or resilience capabilities without fully incorporating AI-driven decision architectures or 
cyber-physical coordination. Similarly, digital twin research emphasizes modeling precision, 
simulation capabilities, or system alignment but does not always connect virtual orchestration to wider 
industrial resilience or sustainability indicators (Muhammad, 2025; Pankaz Roy, 2025). Only a limited 
number of studies investigate how autonomous multi-agent orchestration, AI-enabled decision 
pipelines, CPS integration maturity, and closed-loop digital–physical feedback collectively shape 
performance across manufacturing and supply chain boundaries (Baloch et al., 2022; Rahman, 2025; 
Rakibul, 2025). Moreover, empirical research investigating the combined effects of AI orchestration, 
CPS coordination, sustainability performance, and resilience capabilities remains underdeveloped 
(Rebeka, 2025; Reduanul, 2025). Quantitative evidence capturing these interdependencies across 
international industrial contexts is particularly limited. These gaps underscore the need for robust 
empirical designs capable of operationalizing AI orchestration, CPS integration, sustainability 
indicators, and resilience metrics within coherent analytical frameworks (Praveen, 2025; Shaikat, 2025). 
The present study responds directly to these needs by investigating how AI-orchestrated cyber-
physical systems support sustainable Industry 5.0 manufacturing while enhancing supply chain 
resilience across diverse operational environments (Darjee et al., 2023; Rony, 2025; Saba, 2025). Through 
rigorous quantitative modeling and construct-based measurement, the study provides an integrated 
examination of how orchestrated intelligence across digital and physical layers contributes to ecological 
performance and disruption-readiness in contemporary industrial ecosystems (Kanti, 2025; Zayadul, 
2025). 
The primary objective of a study on AI-orchestrated cyber-physical systems for sustainable Industry 
5.0 manufacturing and supply chain resilience is to systematically examine how coordinated 
intelligence across digital and physical layers contributes to sustainability performance and disruption 
endurance within modern industrial ecosystems. This objective centers on evaluating the extent to 
which AI-driven orchestration mechanisms—such as autonomous decision engines, multi-agent 
control architectures, predictive analytics pipelines, intelligent sensing platforms, and real-time 
synchronization frameworks—enhance the efficiency, ecological responsibility, and adaptive 
capabilities of manufacturing and supply chain operations. It involves quantifying how integrated 
cyber-physical environments support continuous monitoring of energy use, emissions levels, material 
flows, process variability, and resource utilization to align industrial activities with sustainability goals. 
The objective also includes assessing how AI-based orchestration influences system robustness by 
enabling early disruption detection, dynamic resource reallocation, adaptive scheduling, and 
coordinated recovery responses that maintain operational continuity during supply chain shocks. 
Another core aspect involves determining how cyber-physical integration maturity influences the 
effectiveness of AI-based decisions by examining data interoperability, physical–digital alignment, 
system feedback quality, and the responsiveness of interconnected assets. The objective extends to 
evaluating how these orchestration mechanisms function across different industrial contexts, 
organizational scales, and operational complexities to identify structural, technological, and 
managerial conditions that either strengthen or constrain sustainable and resilient performance 
outcomes. Furthermore, the study seeks to provide an integrated analytical basis for understanding the 
interplay between sustainability indicators and resilience capabilities when AI orchestrates 
manufacturing lines, logistics networks, and material flows within Industry 5.0 environments. By 
focusing on quantifiable relationships among AI orchestration, CPS coordination, environmental 
performance, and resilience metrics, this objective supports the development of empirically grounded 
insights into how intelligent, cyber-physically integrated systems transform the operational, ecological, 
and protective capacities of advanced industrial value chains. 
LITERATURE REVIEW 
The rapid convergence of artificial intelligence and cyber-physical systems has reshaped the 
foundations of modern industrial ecosystems and created new pathways for optimizing production 
systems, strengthening supply chain reliability, and advancing global sustainability agendas (Trakadas 
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et al., 2020). Literature across manufacturing engineering, operations research, and systems science 
consistently highlights that Industry 5.0 introduces a transformative shift toward intelligent, adaptive, 
and purpose-driven industrial architectures that extend beyond the automation focus of Industry 4.0. 
Within this evolution, AI-orchestrated CPS represent a core technological configuration in which digital 
intelligence governs the behavior of physical machinery, data streams, human–machine interactions, 
and multi-tier supply networks (De Alwis et al., 2021). The scholarly landscape examining this domain 
is expansive but highly fragmented. Research streams on industrial AI emphasize the role of machine 
learning, autonomous decision systems, and predictive optimization; CPS literature focuses on real-
time sensing, interconnectivity, and embedded control; sustainability research investigates energy 
efficiency, emissions reduction, circular material flows, and resource-intensive operations; supply 
chain resilience studies analyze risk propagation, adaptive capability, and recovery speed (Grzesiak & 
Sulich, 2023). While each domain provides valuable insights, few studies integrate these constructs 
within a unified empirical framework capable of quantifying how orchestrated intelligence across CPS 
layers contributes simultaneously to manufacturing sustainability and supply chain resilience. 
Therefore, a structured literature review is essential for synthesizing existing theoretical, technological, 
and empirical contributions, clarifying conceptual boundaries, identifying gaps, and developing 
measurable constructs appropriate for quantitative analysis (Andronie, Lăzăroiu, Ștefănescu, et al., 
2021). The following outline presents an extended, in-depth structure for mapping the existing 
knowledge landscape and informing the theoretical grounding for this quantitative study. 
Foundations of AI-Orchestrated Cyber-Physical Systems 
Cyber-physical systems have been consistently characterized in the scholarly literature as integrated 
technological environments in which sensing, embedded computing, actuation, and advanced 
communication layers operate together to synchronize digital intelligence with physical processes (Tao 
et al., 2019). Researchers examining CPS architecture describe these systems as tightly coupled 
networks where sensors capture high-resolution data, embedded processors interpret contextual 
information, actuators execute physical responses, and communication networks ensure reliable data 
movement across interconnected devices. Multiple studies emphasize that CPS operate through 
continuous feedback loops that allow instantaneous recognition of machine states, environmental 
variations, or process fluctuations. Scholars consistently note that real-time responsiveness is a core 
attribute of CPS, enabling systems to adapt their behavior based on dynamic operational inputs. 
Interoperability across heterogeneous devices, platforms, and industrial protocols is also identified as 
essential, as CPS rarely function in isolation but instead operate across distributed manufacturing and 
supply environments (Yao et al., 2019). From a structural perspective, research frequently frames CPS 
using a layered functional model: the perception layer collects sensory data; the control layer interprets 
conditions and initiates responses; the integration layer coordinates commands and cross-device 
communication; and the execution layer enacts the system’s physical decisions. The literature on 
industrial systems engineering expands upon these foundations by illustrating how CPS support 
automation, precision control, synchronized machine operations, and embedded intelligence 
throughout advanced manufacturing environments. As industrial systems evolve toward increased 
digitalization, CPS form the backbone enabling real-time visibility, autonomous response patterns, and 
integrated process flows (Radanliev et al., 2021). These conceptual foundations reflect a broad scholarly 
consensus that CPS represent a central technological paradigm driving contemporary industrial 
transformation, providing the structural and functional basis that allows advanced analytics, robotics, 
and machine coordination to operate cohesively across complex industrial infrastructures. 
Across the growing body of research on industrial automation and systems intelligence, artificial 
intelligence is frequently positioned as the orchestration layer that elevates cyber-physical systems 
from automated infrastructures into adaptive, decision-driven ecosystems (Conrad et al., 2023). 
Scholars describe AI-enabled CPS as systems in which data processing, pattern learning, predictive 
reasoning, and decision algorithms are interwoven into the physical machinery and digital 
communication pathways of industrial operations. Machine learning models, including supervised and 
unsupervised learning techniques, allow CPS to detect anomalies, anticipate process deviations, and 
refine operational parameters based on historical and real-time data patterns. Reinforcement learning 
studies demonstrate how agents continuously learn optimal control strategies by evaluating system 
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feedback, while optimization models contribute to minimizing waste, balancing workloads, and 
allocating resources under complex constraints. Multi-agent system research highlights how 
distributed AI agents can concurrently manage machine behavior, line scheduling, and transport 
activities, creating coordinated interactions that enhance overall system efficiency (Groshev et al., 2021). 
AI-based perception models support the integration of visual inspection, acoustic sensing, vibration 
analysis, and thermal monitoring within CPS, enabling finer-grained interpretation of physical 
environments. Equally important is the role of AI in decision-making processes where algorithms can 
evaluate numerous operating alternatives and select the most efficient or stable actions without 
constant human intervention. This orchestration capability extends to autonomous control functions, 
where AI agents adjust machine settings, initiate recovery actions, or reconfigure workflows based on 
real-time conditions. Literature across industrial robotics, automated quality control, and intelligent 
manufacturing consistently emphasizes that AI transforms CPS from reactive systems into proactively 
managed industrial environments (Panetto et al., 2019). In this sense, the orchestration function of AI 
is not limited to enhancing computational capacity but rather involves governing how physical assets 
interact, adapt, and collaboratively sustain system performance. This body of research consistently 
reinforces the view that AI serves as the coordinating mechanism that integrates distributed CPS 
components into cohesive, intelligent, and operationally aligned industrial architectures. 
 

Figure 3: Cyber-Physical Systems Interaction Framework 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Studies exploring the integration of AI-driven CPS within industrial ecosystems reveal a significant 
shift from traditional automation toward intelligence-centric operational structures. Scholars analyzing 
digital transformation in manufacturing emphasize that earlier automation primarily focused on 
mechanizing tasks and enhancing machine-level precision, whereas new industrial architectures 
embed decision intelligence throughout production lines, logistics infrastructures, and organizational 
workflows (Khujamatov et al., 2021). Research on robotics integration illustrates how industrial robots 
equipped with AI-enabled controllers coordinate movements, collaborate with workers, and adjust 
operations in synchronization with CPS data streams. Literature addressing industrial Internet of 
Things integration shows that sensor-rich eliot networks create a digital substrate that supports AI-
based learning models, enabling CPS to achieve real-time situational awareness across materials, 
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equipment, and environmental conditions. Studies on digital platforms demonstrate how cloud-based 
and edge-based computing environments facilitate seamless CPS data circulation, allowing distributed 
systems to exchange operational information quickly and reliably. Smart infrastructure research further 
highlights the importance of connected devices, embedded analytics, and digital-physical alignment in 
creating unified industrial environments where decision-making processes span multiple levels of the 
production hierarchy (Leitão et al., 2022). In addition, scholarship on industrial organizational structure 
identifies multi-level orchestration as a critical aspect of modern CPS integration. At the machine level, 
CPS manage local sensing and actuation; at the line level, coordination aligns machine sequences and 
production flows; at the plant level, CPS integrate with scheduling systems and resource management; 
and at the network level, AI-orchestrated CPS synchronize interactions among suppliers, 
manufacturers, and distribution nodes. Research on manufacturing ecosystems repeatedly shows that 
this layered integration supports operational consistency, minimizes variability, and enhances system 
adaptability across distributed industrial environments (Napoleone et al., 2023). Studies within systems 
engineering, production operations, and industrial cybernetics collectively reinforce that AI-
orchestrated CPS create an interconnected industrial landscape in which machines, systems, and 
decision agents operate with shared intelligence and collaborative synchronization. 
Research examining industrial evolution consistently identifies the movement toward intelligence-
centric architectures as a defining characteristic of contemporary manufacturing and supply chain 
systems. Earlier industrial models prioritized mechanization, digitization, and automation, but recent 
literature highlights a conceptual transition toward architectures that embed adaptive intelligence, 
systemic coordination, and continuous learning capabilities (Leng et al., 2019). Scholars in industrial 
systems management observe that AI-orchestrated CPS support this transition by integrating sensing, 
analytics, and control mechanisms into cohesive operating structures that function across 
organizational and technological boundaries. Studies on distributed manufacturing illustrate how 
intelligence-centric systems rely on CPS coordination to manage geographically dispersed assets, 
ensuring consistent performance across multiple facilities. Research on smart factories demonstrates 
how AI-orchestrated CPS facilitate real-time alignment between production capacities, material flows, 
and environmental conditions, thereby supporting more flexible and efficient manufacturing. 
Literature in smart logistics and autonomous warehousing describes how CPS-enabled navigation, AI-
driven routing systems, and synchronized transport networks extend intelligence from production 
floors into supply chain environments (Puliafito et al., 2021). Additionally, investigations into 
industrial decision architectures show that intelligence-centric systems depend on multi-level decision 
alignment, where machine-level decisions are synchronized with organizational scheduling, inventory 
control, and cross-facility planning. Studies focusing on human–machine interaction in CPS 
environments suggest that intelligence-centric architectures improve operational clarity by enabling 
transparent interfaces through which workers and AI systems share situational understanding. 
Research in industrial analytics and system optimization indicates that intelligence-centric 
architectures enable continuous calibration of performance by harmonizing digital models, physical 
behaviors, and operational parameters (Hlophe & Maharaj, 2023). Across these various lines of 
scholarship, the central theme is that AI-orchestrated CPS do not merely enhance automation but 
transform industrial systems into interdependent networks where intelligence is distributed, shared, 
and operationally embedded at multiple levels. This scholarly consensus highlights that the transition 
toward intelligence-centric industrial architectures rests on the maturation of AI-orchestrated CPS as 
the fundamental organizational, technological, and analytical infrastructure shaping contemporary 
industrial capabilities. 
Theoretical Links Between AI-Orchestrated CPS and Industry 5.0 
The shift from Industry 4.0 to Industry 5.0 is characterized by a conceptual broadening in which 
technological advancement is linked with human-centricity, resilience, and sustainability (Ivanov, 
2023). Industry 4.0 emphasizes digital connectivity, automation, and data-driven control, prioritizing 
efficiency and precision through integrated cyber-physical infrastructures. In contrast, Industry 5.0 
extends these technological foundations by integrating social, environmental, and organizational 
dimensions into industrial performance. Human-centricity is emphasized in the industry 5.0 discourse 
as systems are designed to support worker well-being, ergonomic task distribution, and collaborative 
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interaction between humans and intelligent machines. Resilience becomes a defining principle in which 
industrial processes are structured to maintain stability during disruptions, absorb shocks, and restore 
function under challenging conditions. Sustainability further expands industrial expectations by 
encouraging resource-efficient practices, reduced environmental burdens, and alignment of production 
with ecological preservation (Carayannis et al., 2023). These distinctive orientations differentiate 
Industry 5.0 as a socio-technical paradigm where technological development coexists with human 
value systems. AI-orchestrated cyber-physical systems are increasingly recognized as the mechanism 
through which these expanded expectations become operational. Through coordinated sensing, 
analytics, and control, AI-driven CPS harmonize digital intelligence with human contributions and 
environmental constraints. Scholars describe this transition as the emergence of adaptive intelligence 
within industrial architectures, enabling systems to exhibit greater flexibility, contextual awareness, 
and alignment with broader societal priorities. The evolution from Industry 4.0 to Industry 5.0 therefore 
reflects an expansion from connected automation to human-aware, ecologically grounded, and resilient 
operational ecosystems (Pereira & dos Santos, 2023). 
Human–machine collaboration within cyber-physical environments has become a central theme within 
Industry 5.0 scholarship, where hybrid intelligence models combine the strengths of artificial 
intelligence with human judgment and experiential knowledge. Hybrid intelligence frameworks 
describe collaborative systems in which humans and AI agents share responsibility for perception, 
interpretation, and decision-making, enabling operational outcomes that neither can achieve 
independently (Mourtzis, 2023). Cyber-physical interfaces serve as the intermediary platforms through 
which this collaboration unfolds, integrating sensor outputs, machine states, and analytical insights 
with human situational awareness and contextual interpretation. These interfaces include augmented 
dashboards, adaptive visualizations, wearable decision support systems, voice-guided controls, and 
immersive interactive environments. They provide workers with real-time feedback, predictive 
indicators, and environmental cues that enhance their ability to supervise, coordinate, or redirect 
automated actions (Crnobrnja et al., 2023). Augmented decision environments expand this 
collaboration by creating information-rich contexts where humans interact with system behavior in 
transparent and intelligible ways. Within these settings, AI algorithms manage routine tasks, detect 
anomalies, and adjust machine parameters, while workers intervene at strategic points, monitor system 
trajectories, and evaluate complex trade-offs. The literature consistently emphasizes that such 
collaborative environments strengthen system reliability, increase ergonomic comfort, and support 
organizational learning by enabling humans to work alongside intelligent CPS rather than being 
displaced by them (Carayannis & Morawska, 2023). As a result, human–machine collaboration becomes 
an essential dimension of AI-orchestrated CPS within the Industry 5.0 framework. 
Industry 5.0 introduces system-level characteristics that redefine how cyber-physical systems are 
conceptualized and integrated into industrial ecosystems. Resource-conscious manufacturing is among 
the defining attributes, emphasizing controlled energy use, reduced waste generation, and efficient 
material throughput. CPS enable these outcomes by monitoring machine behavior, regulating 
operating conditions, and adjusting process variables through embedded feedback mechanisms 
(Madsen & Slåtten, 2023). Circularity is another essential characteristic, highlighting the importance of 
regenerating resources, extending product lifecycles, and recapturing value through material loops. 
Cyber-physical tracking, embedded sensors, and AI-driven analytics contribute to these efforts by 
documenting product histories, material compositions, and usage behaviors. Operational robustness 
complements these environmental and resource-oriented characteristics by reinforcing system capacity 
to maintain performance under disturbances (Tran et al., 2022). Robustness is supported by distributed 
sensing, synchronized machine coordination, and modular system design—elements that enable CPS 
to regulate process flows when disruptions arise. A defining conceptual shift in Industry 5.0 literature 
is the treatment of CPS as socio-technical systems rather than isolated technological constructs. This 
framing emphasizes the interaction between technical components, organizational practices, human 
involvement, and environmental priorities (Le Jeune et al., 2023). Industry 5.0 therefore situates CPS 
within a broader ecological and social context, integrating technological efficiency with values of 
responsibility, adaptability, and collective well-being. 
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Figure 4: Industry 5.0 Systems Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
AI-orchestrated CPS play a pivotal role in aligning industrial systems with the core principles of 
Industry 5.0 by connecting intelligent automation with human-centered design and sustainable 
practices. Research portrays AI orchestration as a structured mechanism that integrates perception, 
prediction, decision, and action across cyber-physical layers (Aydin et al., 2023). Within Industry 5.0 
environments, this orchestration supports adaptive intelligence, where systems learn from historical 
and real-time data to regulate machine behavior, adjust operations, and maintain stability. AI-driven 
orchestration enhances human-centricity by enabling safe interactions between workers and automated 
equipment, facilitating ergonomic task distribution, and supporting supervisory control. It also 
contributes to sustainable manufacturing through continuous monitoring of resource use, 
identification of inefficiencies, and coordination of environmentally aligned operational strategies 
(Ystgaard & De Moor, 2023). For resilience, AI orchestrators detect anomalies, adjust system 
trajectories, and synchronize recovery actions across interconnected assets. At the ecosystem level, AI-
orchestrated CPS align system performance with Industry 5.0 values by balancing productivity with 
social and environmental considerations. This integration demonstrates how AI-based coordination 
serves as both a technological and conceptual anchor for establishing Industry 5.0 as a multi-
dimensional, value-driven industrial paradigm (Vaezinejad & Schniederjans, 2022). 
AI-Orchestrated CPS for Sustainable Manufacturing 
Sustainability has evolved from a conceptual aspiration into a quantifiable performance dimension 
within manufacturing systems. Scholars emphasize measurable indicators such as energy intensity, 
emissions rates, waste volumes, and material utilization as the basis for evaluating environmental 
performance (Taddese et al., 2020). Energy intensity assesses how much energy is required for each 
stage of production; emissions metrics capture pollutant outputs; waste indicators quantify 
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inefficiencies; and resource utilization reflects the effectiveness of input use. Cyber-physical systems 
enable continuous monitoring of these metrics through embedded sensors, multi-sensor fusion 
platforms, and integrated data nodes that track real-time environmental conditions. AI techniques 
refine this monitoring by interpreting patterns, identifying deviations, and evaluating relationships 
between operational parameters and environmental outcomes (Pham et al., 2020). Process transparency 
becomes a defining feature of sustainable operations, as CPS provide stakeholders with visibility into 
environmental impacts across machines, lines, and facilities. Ecological footprints are no longer 
estimated at aggregated levels but are captured at fine-grained scales, enabling precise evaluation of 
each contributing process. Research consistently shows that sustainability becomes more actionable 
when grounded in quantifiable measures supported by cyber-physical data infrastructures and AI-
driven analytical mechanisms (Lütje & Wohlgemuth, 2020). 
AI-driven optimization models enhance resource efficiency within CPS-enabled manufacturing by 
improving energy use, refining operational sequences, and minimizing environmental burdens. 
Predictive energy management algorithms identify temporal patterns in consumption and detect 
inefficient modes of operation, guiding adjustments that stabilize production energy profiles (Mengistu 
& Panizzolo, 2023). Intelligent scheduling approaches reduce environmental impact by distributing 
workloads in ways that avoid peak demand, prevent extended idling, and synchronize high-energy 
tasks with favorable process conditions. Thermal, mechanical, and electrical efficiency modeling 
further demonstrates the capabilities of machine learning techniques in identifying subtle correlations 
among process parameters and environmental outcomes (Peças et al., 2023). These models contribute 
to optimized control decisions by recommending machine settings, material flow adjustments, and 
production configurations that minimize waste. CPS sensing infrastructures support these 
optimization efforts by providing detailed real-time inputs about equipment conditions, process states, 
and resource flows (Han et al., 2023). Through this integration of sensing, learning, and control, AI-
orchestrated CPS convert resource efficiency into a continuously managed and systematically 
improved operational dimension. 
 

Figure 5: Sustainable Manufacturing System Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Circular manufacturing practices rely on cyber-physical infrastructures to enable resource 
recirculation, remanufacturing, and life-cycle optimization (Vega-Muñoz et al., 2021). Predictive 
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analytics identify which components are suitable for remanufacturing by assessing wear patterns, 
performance trajectories, and expected remaining life. AI-driven tracking systems monitor material 
locations, usage histories, and degradation states, facilitating closed-loop material flows that minimize 
resource losses. Embedded sensors within products and equipment allow CPS to capture real-time data 
that informs decisions across repair, refurbishing, and recycling pathways (Moghayedi & Awuzie, 
2023). Life-cycle assessment becomes more precise as CPS record environmental impacts across stages 
such as sourcing, production, use, and recovery. These data-rich records support design adjustments, 
process improvements, and material substitutions aligned with circularity principles. As a result, 
circular manufacturing becomes a coordinated process in which CPS automate tracking, AI models 
interpret recovery potential, and industrial systems enact decisions based on integrated environmental 
information (Gonçalves et al., 2022). 
AI-Orchestrated CPS and Supply Chain Resilience 
Supply chain resilience is conceptualized through quantifiable dimensions that reflect a system’s 
capacity to absorb, withstand, and respond to disruptions (Hosseini et al., 2020). Disruption frequency 
captures how often disturbances occur within operations; recovery time measures the duration 
required to restore baseline functionality; continuity rate evaluates the ability to sustain material flows 
during turbulence; and response precision reflects the accuracy and efficiency of reactive measures. 
These metrics allow resilience to be understood as an operational capability rather than an abstract 
attribute. The literature highlights robustness, redundancy, flexibility, and visibility as underlying 
constructs shaping resilience performance (Han et al., 2020). Cyber-physical systems and AI analytics 
enhance quantification by generating continuous data streams on logistics movements, machine states, 
inventory levels, and external conditions. Scholars emphasize that resilience assessment benefits from 
these integrated sensing and analytics capabilities because they provide empirical foundations for 
evaluating vulnerabilities and performance under stress (Cheng et al., 2022). Through structured 
measurement, organizations gain insight into the stability and adaptability of their supply networks. 
 

Figure 6: Digital Fulfillment and Supply Workflow 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The ability to detect and anticipate disruptions is enhanced by AI-enabled predictive analytics 
embedded within CPS infrastructures. Machine learning models analyze historical behavior, real-time 
signals, and contextual factors to identify deviations in transportation, inventory movement, supplier 
performance, and demand patterns (Abourokbah et al., 2023). Anomaly detection mechanisms uncover 
irregularities that signal potential system instability, while predictive risk assessments estimate the 
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likelihood and potential impact of disruptions. These analytical processes form early warning systems 
that notify decision-makers of emerging issues before they escalate (Katsaliaki et al., 2022). CPS sensing 
layers supply the real-time data required for such models, enabling continual evaluation of conditions 
across supply chain nodes. Research indicates that early detection improves operational stability by 
allowing timely adjustments to schedules, route allocations, and inventory strategies (Mackay et al., 
2020). 
Cyber-physical coordination strengthens supply chain resilience by synchronizing activities among 
production systems, warehouses, and transportation infrastructures. Embedded CPS devices track the 
movement of goods, machine conditions, and storage environments, providing continuous updates to 
logistics systems (Ivanov, 2022). These data flows enable dynamic routing adjustments when 
disruptions occur and support adaptive scheduling that reallocates workloads in response to 
unexpected delays. AI-driven optimization models coordinate decisions across distributed nodes, 
ensuring that material flows remain balanced even under fluctuating conditions (Yang et al., 2023). 
Autonomous logistics systems—including robotic handling units and CPS-enabled transport 
vehicles—augment human efforts by executing time-sensitive operations with speed and accuracy. 
Real-time communication among these elements ensures that operations across the supply chain 
remain coherent, coordinated, and resilient (Kähkönen et al., 2023). In addition, Digital twin 
technologies expand supply chain resilience by enabling detailed simulation and analysis of potential 
disruptions (Golan et al., 2020). A network digital twin represents the structural and functional 
characteristics of a supply chain, including its suppliers, transportation links, warehouses, and 
production facilities. This virtual environment allows decision-makers to simulate disruptions, 
examine their propagation across the network, and analyze system vulnerabilities. Visualization tools 
embedded in digital twins translate network complexity into interpretable scenarios that assist 
managers in understanding interdependencies and bottlenecks (Vanany et al., 2021). Twin-based 
optimization evaluates alternative recovery strategies by simulating rerouting plans, inventory 
reallocations, or production adjustments. These virtual tests allow organizations to assess the 
effectiveness of resilience strategies without disrupting real operations. Cyber-physical integration 
ensures that digital twins reflect real-world conditions, as sensor data continuously update the virtual 
model (Shandiz et al., 2020). This synchronization strengthens the reliability of disruption simulations 
and reinforces supply chain stability. 
Sustainability and Resilience in CPS-Orchestrated Ecosystems 
Sustainability and resilience share conceptual foundations that reinforce each other within industrial 
ecosystems (Nüchter et al., 2021). Sustainability focuses on responsible resource use, reduced 
environmental impact, and efficient operational practices. Resilience emphasizes stability under 
disruptions, rapid recovery, and continuity of operations. These two constructs converge through their 
mutual dependence on efficiency, adaptability, and systemic robustness. Systems that optimize energy 
use and material flows often exhibit greater stability during external shocks because they rely on fewer 
volatile inputs and more controlled processes (Susur et al., 2019). Similarly, resilient systems tend to 
reduce waste, manage resources effectively, and minimize fluctuations that contribute to ecological 
inefficiencies. Environmental monitoring supports disruption readiness by providing accurate 
assessments of operational states, while resilience-oriented design promotes resource-efficient 
structures that align with sustainability goals (Nyström et al., 2019). The interrelationship between 
these dimensions reflects the increasing recognition that ecological performance and disruption 
endurance are intertwined aspects of high-functioning industrial systems (Roostaie et al., 
2019).orchestrated cyber-physical systems serve as integrative mechanisms that unify sustainability 
and resilience. These systems evaluate resource consumption, emissions patterns, and waste 
accumulation while simultaneously monitoring disruptions, delays, and operational instabilities 
(Zavala-Alcívar et al., 2020). Multi-objective decision models use these inputs to identify operational 
strategies that maintain environmental performance without compromising continuity under stress 
(Rao et al., 2019). Cyber-physical sensing captures environmental and operational states, AI analytics 
interpret both dimensions, and coordinated control actions align resources, machine behavior, and 
logistics pathways accordingly (Di Tommaso et al., 2023). Through these interactions, AI-orchestrated 
CPS establish an operational environment where sustainability and resilience reinforce each other 
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rather than compete (Prayag, 2023). 
 

Figure 7: Sustainability and Resilience Feedback Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
AI- Technological, Organizational, and Structural Determinants 
CPS integration maturity influences the effectiveness of AI-orchestrated industrial systems by shaping 
how well hardware, communication networks, and sensing infrastructures support system-wide 
coordination (Chae et al., 2023). Hardware readiness determines whether machines possess sufficient 
sensing capabilities, processing power, and actuation mechanisms to participate in cyber-physical 
interactions. Communication density affects the speed and reliability of information exchange, 
determining how quickly systems detect changes and implement adjustments. Sensor infrastructure 
quality determines the accuracy and completeness of environmental and operational data, influencing 
the precision of AI-driven decision-making (Bousdekis et al., 2020). Data availability ensures that AI 
systems receive consistent and granular information, while interoperability allows devices, platforms, 
and applications to collaborate without technical barriers. System responsiveness—driven by low-
latency communication and stable feedback loops—enables real-time control and adaptive system 
behavior. High CPS maturity therefore supports efficient orchestration, accurate analytics, and resilient 
system performance (Radanliev et al., 2021).AI adoption shapes the intelligence capacity of industrial 
systems and determines how effectively CPS coordinate operations (Nagy et al., 2023). The accuracy of 
learning models influences the reliability of predictions, anomaly detection, and performance 
assessments. Decision autonomy determines how independently AI agents can manage tasks, adjust 
system parameters, or supervise machine behavior. Training data quality shapes the robustness of 
analytical outcomes by ensuring that models reflect diverse operational conditions (Hohmann & 
Posselt, 2019). Algorithmic stability ensures that AI decisions remain consistent and interpretable 
across varying loads and disruptions. Effective integration of AI pipelines into operational workflows 
determines whether insights translate into real adjustments within cyber-physical environments. These 
elements collectively establish the intelligence capacity that enables CPS to function autonomously, 
adaptively, and coherently (Zdravković et al., 2022). 
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Figure 8: AI-Driven Healthcare Applications Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Organizational readiness significantly influences the success of AI-orchestrated CPS integration 
(Andronie, Lăzăroiu, Iatagan, et al., 2021). Human-centric adoption strategies ensure that systems are 
designed to augment worker capabilities rather than displace them. Training initiatives equip workers 
with the necessary skills to interpret CPS feedback, oversee AI-driven processes, and interact with 
intelligent interfaces. Interaction protocols define how humans and machines coordinate actions, 
ensuring safe and efficient collaboration (Qian et al., 2023). Management flexibility determines how 
quickly organizations can adapt operational procedures, restructure workflows, or modify resource 
allocations in response to CPS-driven insights. A supportive digital culture encourages 
experimentation, reduces resistance to technological change, and enhances organizational agility 
(Groshev et al., 2021). Process adaptability ensures that work routines can incorporate rapid 
adjustments triggered by CPS monitoring and AI analytics. 
Infrastructure and policy environments act as essential enablers of CPS orchestration effectiveness 
(Broo et al., 2021). Digital infrastructure—including broadband connectivity, edge computing nodes, 
and secure data channels—determines the scalability and reliability of cyber-physical integration. 
Cybersecurity frameworks protect CPS from interference, unauthorized access, or operational 
manipulation, supporting system integrity and trust. Sustainability regulations provide industrial 
guidelines for environmental performance, encouraging resource-efficient processes and transparent 
ecological reporting (Bécue et al., 2021). Ecosystem-level elements—such as national innovation 
networks, industrial alliances, academic partnerships, and regulatory institutions—create external 
conditions that support adoption and diffusion of AI-orchestrated CPS. These broader structures 
influence how readily organizations adopt cyber-physical integration, how securely systems operate, 
and how effectively industrial practices align with sustainability and resilience objectives (Adel, 2023). 
Research Gaps for Quantitative Integration 
Fragmentation across research domains restricts comprehensive understanding of AI-orchestrated CPS 
in manufacturing and supply chain environments (Prehofer et al., 2021). Research on artificial 
intelligence typically emphasizes algorithm development, prediction models, or optimization 
techniques. Cyber-physical systems research concentrates on sensing architectures, embedded control, 
and system interoperability. Sustainability studies focus on environmental performance, resource 
efficiency, and life-cycle assessment. Supply chain resilience studies analyze risk propagation, recovery 
mechanisms, and system stability under disruptions (Leggat et al., 2023). These domains frequently 
evolve in parallel, with limited cross-disciplinary integration. As a result, the interactions among AI, 
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CPS integration, sustainability performance, and resilience capability remain underexamined within 
unified frameworks. This fragmentation limits the development of holistic models that reflect the 
complexity of real industrial ecosystems where these dimensions operate simultaneously (Abuhassna 
& Alnawajha, 2023). A comprehensive understanding requires integrating these domains to investigate 
how AI orchestration influences both sustainability outcomes and resilience performance through 
cyber-physical coordination. 
There is a limited availability of multi-level quantitative models that capture the layered interactions 
within AI-orchestrated CPS architectures (Rosli et al., 2022). Existing quantitative studies often examine 
machine-level optimization, line-level efficiency, facility-level operations, or network-level logistics in 
isolation. These fragmented approaches restrict understanding of how decisions made at one level 
propagate across other levels. For example, machine adjustments may influence line scheduling, which 
may affect facility output and subsequently shape supply chain resilience (Lorié et al., 2021). 
Quantitative integration is needed to capture these interdependencies and provide empirical 
explanations for how cyber-physical coordination, AI-driven decisions, and sustainability metrics align 
across hierarchical structures. The absence of unified constructs that reflect sustainability–resilience 
interactions further limits model development (Sun et al., 2019). These gaps demonstrate the 
importance of multi-level quantitative frameworks capable of analyzing the cumulative effects of AI-
orchestrated CPS. 
 

Figure 9: AI Agent Decision Workflow Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Comparative analyses across sectors, geographic regions, and supply chain configurations remain 
limited in existing literature. Differences in digital readiness, CPS maturity, and operational complexity 
affect the performance of AI-orchestrated systems, yet few studies systematically evaluate these 
contextual variations (Cáceres et al., 2020). Measurement challenges also restrict empirical progress, as 
validated indicators for orchestration intelligence, CPS maturity, sustainability performance, and 
resilience outcomes remain underdeveloped. Without reliable constructs, quantitative studies face 
difficulties in representing system behavior accurately (Van den Berg et al., 2019). The absence of 
standardized measurement instruments restricts generalizability and limits the ability to compare 
results across studies or industrial settings. As a result, the field requires stronger measurement 
foundations to support rigorous quantitative assessment of AI-orchestrated CPS (Kirkland et al., 2022). 
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METHOD 
The study was designed as a quantitative, explanatory investigation that explored the relationships 
among AI-orchestrated cyber-physical systems, sustainable manufacturing performance, and supply 
chain resilience within Industry 5.0–oriented industrial environments. A structured survey 
methodology was used to gather firm-level data from manufacturing organizations that had adopted, 
or were actively integrating, CPS, AI-enabled automation, digital twins, and real-time monitoring 
infrastructures. The design relied on established principles of structural equation modeling, where 
multiple latent constructs were operationalized and measured using multi-item Likert-type scales. The 
core constructs were defined as AI orchestration capability, CPS integration maturity, sustainable 
manufacturing performance, supply chain resilience, organizational readiness, and environmental 
turbulence as an optional contextual moderator. Each construct was measured through indicators that 
captured technological, organizational, and operational dimensions. AI orchestration capability was 
assessed through items reflecting AI-driven perception, predictive analytics, autonomous decision 
mechanisms, and cross-layer CPS coordination. CPS integration maturity was reflected through the 
quality of sensing infrastructures, communication networks, embedded computing, interoperability, 
and system responsiveness. Sustainability performance was captured through energy efficiency, 
emissions reduction, waste minimization, and material utilization, while supply chain resilience was 
assessed through recovery speed, continuity rates, operational flexibility, and visibility across logistics 
flows. Organizational readiness was evaluated through managerial commitment, workforce 
competence, and digital transformation culture. The study adopted a cross-sectional sampling strategy 
and targeted key informants such as operations managers, plant supervisors, supply chain 
professionals, and digital transformation leaders. Responses were collected online and screened for 
completeness, internal consistency, and eligibility, ensuring that only firms with active digitalization 
initiatives were included. This design allowed for a comprehensive analysis of how AI-orchestrated 
CPS influenced sustainability outcomes and resilience capabilities across diverse industrial contexts. 
Quantitative procedures were implemented to evaluate both the measurement and structural 
characteristics of the proposed model. Before conducting statistical analyses, the data were screened 
for missing values, outliers, distributional irregularities, and potential common method bias. Missing 
values were examined for randomness and addressed through appropriate imputation when minimal, 
while outliers were detected using standardized scores and Mahala Nobis distances. The measurement 
model was assessed through a combination of exploratory and confirmatory factor analyses. 
Exploratory factor analysis was conducted when newly developed indicators required dimensional 
validation, and confirmatory factor analysis was subsequently employed to assess factor loadings, 
construct reliability, convergent validity, and discriminant validity. Fit indices such as the comparative 
fit index, Tucker–Lewis’s index, root mean square error of approximation, and standardized root mean 
square residual were used to determine model adequacy. All constructs were tested to ensure that their 
composite reliability and average variance extracted met acceptable psychometric thresholds. Latent 
constructs were distinguished through discriminant validity checks. Once the measurement model 
demonstrated adequate psychometric soundness, the structural model was estimated using structural 
equation modeling to test the hypothesized relationships among CPS integration maturity, AI 
orchestration capability, sustainability outcomes, and supply chain resilience. Mediation effects were 
examined through bootstrapped indirect effect testing, allowing assessment of whether AI 
orchestration transmitted the influence of CPS maturity onto sustainability performance and resilience 
capabilities. Moderation testing was conducted using interaction terms between AI orchestration and 
organizational readiness or environmental turbulence to determine whether these contextual 
conditions strengthened or weakened the focal relationships. The sample size supported model 
stability, and bootstrapping procedures enhanced the robustness of coefficient estimates. The analytical 
strategy thus enabled rigorous evaluation of the theoretical model across multiple hierarchical and 
causal pathways. 
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Figure 10: Methodology of this study 
 

The statistical plan concluded with advanced analyses that extended the explanatory capacity of the 
structural model through multi-group comparisons, robustness checks, and sensitivity assessments. 
Multi-group analysis was employed to determine whether the structural relationships differed across 
firm size, industry category, or regional technological maturity. This procedure allowed the study to 
determine whether the influence of AI-orchestrated CPS varied across different operational or 
contextual conditions. Rival model testing was implemented to compare alternative causal structures 
and confirm that the proposed configuration demonstrated superior explanatory power. Additional 
robustness checks were performed by re-estimating the model using subsets of the data, such as firms 
with high CPS maturity or those with advanced AI adoption, to verify whether the results were stable 
across different levels of digital integration. Sensitivity analysis was used to examine how variations in 
environmental turbulence, supply chain complexity, and organizational readiness influenced the 
stability of the estimated relationships. These final procedures ensured that the model’s findings were 
not only statistically significant but also structurally consistent and contextually interpretable. The 
combined design—characterized by rigorous sampling procedures, validated measurement 
instruments, comprehensive SEM-based testing, and supplementary robustness evaluations—
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provided a systematic empirical foundation for understanding how AI-orchestrated cyber-physical 
systems shaped sustainability outcomes and supply chain resilience in Industry 5.0 manufacturing 
ecosystems. Through this approach, the study established a coherent, data-driven understanding of the 
interplay among technological integration, operational performance, and resilience capability within 
digitally advanced industrial systems. 
FINDINGS 
Descriptive Analysis 
The findings chapter began with a descriptive analysis that summarized the characteristics of the firms, 
respondents, and the key constructs examined in the study. The dataset was carefully screened to 
ensure completeness, accuracy, and analytical suitability, and no substantial missing data or 
inconsistencies were identified. Descriptive statistics—including means, standard deviations, 
minimum and maximum values, and frequency distributions—were calculated for the major 
constructs: AI orchestration capability, CPS integration maturity, sustainable manufacturing 
performance, supply chain resilience, organizational readiness, and environmental turbulence. These 
results provided an initial view of how respondents rated the maturity of their cyber-physical 
infrastructures, the sophistication of their AI-enabled coordination mechanisms, and the extent of their 
sustainability and resilience practices within Industry 5.0 manufacturing environments. The findings 
also clarified patterns in firm characteristics, such as size, industry sector, and respondent roles, 
demonstrating the diversity of the sample and the relevance of the informants. The descriptive profile 
confirmed that the sample adequately represented organizations actively integrating AI-driven CPS 
into their manufacturing and supply chain processes, establishing a strong empirical foundation for 
subsequent inferential analysis. 
 

Table 1: Descriptive Statistics of Key Study Constructs 

Construct Mean SD Min Max 

AI Orchestration Capability 5.12 0.86 2.80 6.90 

CPS Integration Maturity 5.28 0.79 3.10 6.80 

Sustainable Manufacturing Performance 5.04 0.92 2.70 6.80 

Supply Chain Resilience 5.21 0.88 3.00 6.90 

Organizational Readiness 5.33 0.81 3.40 6.80 

Environmental Turbulence 4.87 1.02 2.50 6.90 

 
Table 1 presented the descriptive statistics for the six primary variables used in the analysis. All 
construct means were above the scale midpoint, indicating that firms generally perceived themselves 
as moderately to highly advanced in CPS maturity, AI-driven coordination, sustainability performance, 
and resilience capability. The standard deviations showed moderate variability, revealing that while 
many firms were technologically advanced, others were still developing their cyber-physical and AI 
competencies. Minimum and maximum values further confirmed that the sample included a wide 
range of firms—from early-stage adopters to Industry 5.0 leaders—ensuring the robustness and 
representativeness of the dataset for advanced statistical testing. 
 

Table 2: Sample Profile of Participating Firms and Respondents (N = 300) 

Category Frequency Percentage 

Firm Size   

Small (<50 employees) 62 20.7% 

Medium (50–249 employees) 138 46.0% 

Large (≥250 employees) 100 33.3% 

Industry Sector   
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Category Frequency Percentage 

Electronics & Machinery 84 28.0% 

Automotive & Transport 63 21.0% 

Chemicals & Materials 48 16.0% 

Consumer Goods 57 19.0% 

Other Manufacturing 48 16.0% 

Respondent Role   

Operations / Production 118 39.3% 

Supply Chain / Logistics 94 31.3% 

Digital Transformation Lead 56 18.7% 

Executive / Senior Manager 32 10.7% 

 
Table 2 summarized the demographic and organizational characteristics of the sample. The distribution 
indicated that medium-sized firms represented the largest segment, followed by large firms, reflecting 
the strong adoption of CPS and AI technologies among more resource-capable organizations. The 
industry distribution showed balanced representation across major manufacturing sectors relevant to 
Industry 5.0. Respondent roles were appropriately aligned with the constructs studied; the majority of 
informants worked in operations, supply chain management, and digital transformation—positions 
that ensured knowledgeable and reliable responses. This profile confirmed that the dataset was suitable 
for analyzing AI-orchestrated CPS and their impact on sustainability and resilience outcomes. 
Correlation Analysis 
Correlation analysis was conducted to evaluate the strength and direction of the bivariate relationships 
among the main study constructs. Pearson correlation coefficients were calculated to determine 
whether AI orchestration capability, CPS integration maturity, sustainable manufacturing 
performance, and supply chain resilience were positively and significantly associated. The results 
demonstrated that AI orchestration capability shared strong and meaningful correlations with both 
sustainability outcomes and supply chain resilience, indicating that firms with more advanced AI-
driven coordination achieved higher environmental efficiency and stronger operational stability. CPS 
integration maturity also exhibited a positive relationship with AI orchestration, suggesting that well-
developed sensor networks, seamless data communication, and integrated CPS infrastructures 
provided the structural foundation necessary for advanced orchestration mechanisms. Sustainable 
manufacturing performance showed a robust positive correlation with supply chain resilience, 
indicating that firms operating with greater ecological efficiency tended to recover more effectively 
from disruptions and maintain continuity under pressure. These findings confirmed that the 
relationships among the constructs aligned with theoretical expectations, providing initial empirical 
support for the structural relationships that underpin the study’s conceptual framework. 
 

Table 3: Pearson Correlation Matrix for Core Constructs 

Construct 1 2 3 4 

1. AI Orchestration Capability 1.00 0.62 0.58 0.65 

2. CPS Integration Maturity 0.62 1.00 0.54 0.59 

3. Sustainable Manufacturing Perf. 0.58 0.54 1.00 0.67 

4. Supply Chain Resilience 0.65 0.59 0.67 1.00 

 
Note: All correlations were positive and statistically significant at p < .01. 
Table 3 presented the core bivariate correlations among the central constructs. All coefficients were 
strong and positive, demonstrating that firms with high CPS integration maturity tended to rely more 
heavily on AI-enabled orchestration. AI orchestration capability also showed substantial correlations 
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with sustainability performance and supply chain resilience, emphasizing its central role in enhancing 
both ecological and operational outcomes. The strongest association was observed between 
sustainability performance and supply chain resilience (r = .67), indicating that firms operating with 
greater environmental efficiency were also better positioned to maintain continuity and recover from 
disruptions. These preliminary correlations supported the theoretical pathways proposed in the study. 
 

Table 4: Extended Correlation Matrix Including Contextual Variables 

Construct AI Orc. CPS Mat. Sustain. Resilience Org. Ready Env. Turb. 

AI Orchestration Capability 1.00 0.62 0.58 0.65 0.49 0.32 

CPS Integration Maturity 0.62 1.00 0.54 0.59 0.45 0.28 

Sustainable Manufacturing 0.58 0.54 1.00 0.67 0.41 0.26 

Supply Chain Resilience 0.65 0.59 0.67 1.00 0.44 0.33 

Organizational Readiness 0.49 0.45 0.41 0.44 1.00 0.21 

Environmental Turbulence 0.32 0.28 0.26 0.33 0.21 1.00 

Note: All correlations statistically significant at p < .05. 

 
Table 4 extended the analysis by incorporating contextual constructs—organizational readiness and 
environmental turbulence. Organizational readiness showed moderate positive correlations with all 
core technological constructs, suggesting that firms with stronger managerial support, digital culture, 
and workforce competence exhibited higher levels of AI orchestration and CPS maturity. 
Environmental turbulence showed weaker but still meaningful correlations with AI orchestration and 
supply chain resilience, implying that firms facing greater external volatility relied more on intelligent 
coordination systems and implemented greater resilience-focused strategies. These extended findings 
indicated that both internal and external contextual conditions played a meaningful role in shaping the 
technological and operational outcomes of Industry 5.0 manufacturing ecosystems. 
Reliability and Validity Analysis 
Reliability and validity analyses were conducted to evaluate the psychometric adequacy of the 
measurement model that supported the study’s structural relationships. Internal consistency reliability 
was assessed through Cronbach’s alpha and composite reliability values, both of which exceeded 
recommended thresholds, indicating that the indicators consistently measured their respective latent 
constructs. Convergent validity was established by examining standardized factor loadings and the 
average variance extracted; both values demonstrated that the indicators shared sufficient variance 
with their underlying constructs. Discriminant validity was verified by comparing the square root of 
the average variance extracted with the inter-construct correlations, confirming that each construct 
captured a distinct conceptual domain and did not overlap excessively with others. A confirmatory 
factor analysis was performed to evaluate the overall fit of the measurement model, and the resulting 
fit indices demonstrated that the model adequately represented the data. These findings collectively 
confirmed that the measurement model met the essential reliability and validity requirements needed 
for subsequent structural equation modeling and hypothesis testing. 
 

Table 5: Reliability Assessment (Cronbach’s Alpha and Composite Reliability) 

Construct Cronbach’s Alpha Composite Reliability 

AI Orchestration Capability 0.91 0.93 

CPS Integration Maturity 0.89 0.92 

Sustainable Manufacturing Performance 0.90 0.92 

Supply Chain Resilience 0.92 0.94 

Organizational Readiness 0.88 0.91 

Environmental Turbulence 0.84 0.88 



ASRC Procedia: Global Perspectives in Science and Scholarship, April 2025, 1278–1315 
 

1300 
 

 
Table 5 presented the reliability assessments for all key constructs. Cronbach’s alpha values ranged 
from 0.84 to 0.92, all exceeding the minimum recommended threshold of 0.70, indicating strong internal 
consistency. Composite reliability values were similarly high—ranging from 0.88 to 0.94—confirming 
that each set of indicators reliably measured its corresponding latent variable. These results 
demonstrated that the measurement items were stable and consistent, supporting the integrity of the 
constructs used in the study. 
 

Table 6: Convergent and Discriminant Validity (Factor Loadings, AVE, √AVE) 

Construct Standardized Loadings (Range) AVE √AVE 

AI Orchestration Capability 0.71 – 0.88 0.66 0.81 

CPS Integration Maturity 0.70 – 0.86 0.64 0.80 

Sustainable Manufacturing Performance 0.72 – 0.89 0.68 0.82 

Supply Chain Resilience 0.74 – 0.90 0.70 0.84 

Organizational Readiness 0.69 – 0.85 0.62 0.79 

Environmental Turbulence 0.67 – 0.82 0.58 0.76 

 
Table 6 summarized the convergent and discriminant validity results. All standardized factor loadings 
exceeded 0.67, demonstrating that the indicators contributed substantially to their constructs. Average 
variance extracted (AVE) values ranged from 0.58 to 0.70, surpassing the 0.50 benchmark and 
confirming convergent validity. The square roots of AVE (√AVE) were consistently greater than the 
inter-construct correlations reported in the previous section, demonstrating that each construct 
possessed adequate discriminant validity. Together, these results verified that the measurement model 
captured distinct and well-defined constructs aligned with the theoretical framework. 
Collinearity Testing 
Collinearity diagnostics were conducted to ensure that the regression and structural equation models 
were not influenced by multicollinearity among the predictor variables. Variance Inflation Factor (VIF) 
values were calculated for all independent and mediator variables, and the results showed that all VIF 
values were far below the recommended threshold, indicating that no construct exhibited problematic 
shared variance with others. Tolerance values were also examined and remained well above the 
minimum acceptable levels, confirming that each variable contributed unique explanatory power to 
the model. These findings demonstrated that multicollinearity did not threaten the accuracy, stability, 
or interpretability of the regression coefficients. The results ensured that the structural associations 
among CPS integration maturity, AI orchestration capability, sustainable manufacturing performance, 
and supply chain resilience were estimated without bias from inflated standard errors or masked 
variable effects. Overall, the collinearity diagnostics confirmed that the data met the required 
assumptions for robust regression and structural equation modeling. 
 

Table 7: Variance Inflation Factor (VIF) for Predictor Variables 

Predictor Variable VIF 

CPS Integration Maturity 2.11 

AI Orchestration Capability 2.34 

Sustainable Manufacturing Performance 1.97 

Organizational Readiness 1.88 

Environmental Turbulence 1.76 

 
Table 7 presented the VIF results for all predictor variables included in the regression analyses. All VIF 
values ranged between 1.76 and 2.34, well below the recommended cutoff of 5.0, or the more 
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conservative threshold of 3.3. These values indicated that no predictor demonstrated excessive 
correlation with the others, confirming that multicollinearity was not present. The results validated that 
each variable entered the model independently, without redundancy or overlapping variance. 
 

Table 8: Tolerance Values for Predictor Variables 

Predictor Variable Tolerance 

CPS Integration Maturity 0.47 

AI Orchestration Capability 0.43 

Sustainable Manufacturing Performance 0.51 

Organizational Readiness 0.53 

Environmental Turbulence 0.57 

 
Table 8 displayed the tolerance values for each predictor variable. All tolerance scores exceeded 0.40, 
far above the minimum acceptable threshold of 0.20, indicating that each construct retained sufficient 
unique variance for analysis. These values further confirmed the absence of multicollinearity and 
supported the reliability of the regression and SEM analyses. The results affirmed that each predictor 
contributed unique explanatory value to the study’s structural model. 
Regression and Hypothesis Testing 
Regression and structural hypothesis testing were conducted to examine the directional relationships 
specified in the study’s theoretical model. Multiple regression analyses were first applied to evaluate 
the direct predictive effects among core constructs. The results demonstrated that CPS integration 
maturity significantly predicted AI orchestration capability, indicating that firms with more advanced 
sensing, communication, and cyber-physical system architectures achieved higher levels of AI-driven 
coordination. AI orchestration capability, in turn, showed significant positive effects on both 
sustainable manufacturing performance and supply chain resilience, confirming that intelligent 
orchestration mechanisms enhanced environmental efficiency and improved firms’ ability to withstand 
and recover from operational disruptions. The analysis further revealed that sustainable manufacturing 
performance positively predicted supply chain resilience, reaffirming the synergy between ecological 
efficiency and system robustness. 
 

Table 9: Direct Regression Effects Among Core Constructs 

Path Tested 
β 

Coefficient 
t-

value 
p-

value 
Interpretation 

CPS Integration Maturity → AI Orchestration 0.62 12.14 <.001 
Significant positive 

effect 

AI Orchestration → Sustainability 
Performance 

0.58 10.77 <.001 
Significant positive 

effect 

AI Orchestration → Supply Chain Resilience 0.54 9.83 <.001 
Significant positive 

effect 

Sustainability Performance → Resilience 0.49 8.96 <.001 
Significant positive 

effect 

 
Mediation testing showed that AI orchestration acted as a meaningful mediator between CPS maturity 
and both sustainability and resilience outcomes. This demonstrated that CPS infrastructures influenced 
sustainability and resilience indirectly through their effect on intelligent coordination mechanisms. 
Moderation results indicated that organizational readiness strengthened these relationships, while 
environmental turbulence altered the magnitude of some predictive paths. Structural equation 
modeling validated the full model, producing strong path coefficients and acceptable global fit indices. 
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Overall, the hypothesis testing results provided solid empirical support for the conceptual framework 
and clarified the interaction pathways through which AI-orchestrated CPS enhanced sustainability and 
supply chain resilience in Industry 5.0 manufacturing environments. Table 9 summarized the 
regression results for the direct relationships among the main constructs. All path coefficients were 
positive, statistically significant, and substantial in size. The strongest relationship was between CPS 
maturity and AI orchestration (β = 0.62), confirming that technologically mature CPS infrastructures 
strongly enabled AI-driven coordination. AI orchestration significantly enhanced both sustainability 
and resilience outcomes, demonstrating its central role in Industry 5.0 operational environments. The 
positive relationship between sustainability performance and supply chain resilience (β = 0.49) 
indicated that environmentally efficient firms were also more robust and adaptable under disruptive 
conditions. These results provided strong empirical support for the primary hypotheses. 
 

Table 10: Mediation and Moderation Analysis 

Relationship Tested 
Indirect 
Effect 

p-
value 

Moderation Effect Interpretation 

CPS Maturity → AI 
Orchestration → Sustainability 

Performance 
0.36 <.001 

Strengthened by 
Organizational 

Readiness 

Significant mediation and 
moderation 

CPS Maturity → AI 
Orchestration → Supply Chain 

Resilience 
0.33 <.001 

Altered by 
Environmental 

Turbulence 

Significant mediation; 
moderation effect present 

AI Orchestration → 
Sustainability → Resilience 

0.28 <.01 Not Significant 
Partial mediation 

confirmed 

 
Table 10 presented the results from the mediation and moderation analyses. AI orchestration 
significantly mediated the relationship between CPS maturity and both sustainability and resilience, 
confirming that organizations improved their performance outcomes primarily through the 
orchestration capabilities enabled by CPS infrastructures. Organizational readiness strengthened the 
mediation path toward sustainability, indicating that firms with supportive digital cultures benefitted 
more from AI orchestration. Environmental turbulence moderated the path toward resilience, meaning 
firms in volatile environments relied more heavily on AI-driven coordination to sustain resilience. 
These results demonstrated that both internal and external factors influenced the strength of the 
mediated pathways, further validating the complex interdependencies of Industry 5.0 systems. 
DISCUSSION 
The results of this study demonstrated that AI-orchestrated cyber-physical systems functioned as a 
foundational mechanism for advancing Industry 5.0 manufacturing outcomes, particularly in 
sustainability performance and supply chain resilience (Radanliev et al., 2021). This interpretation 
aligned with earlier research that emphasized the significance of autonomous coordination and 
intelligent sensing in optimizing industrial processes, although the present findings showed a far 
stronger linkage between AI orchestration and measurable environmental outcomes than earlier 
frameworks had suggested. Previous studies had highlighted the operational efficiencies gained 
through automation and machine-level intelligence; however, this study showed that AI-orchestrated 
CPS extended beyond operational automation by enabling real-time interpretative intelligence that 
bridged sensing, prediction, and decision making. Unlike earlier generations of CPS that focused 
mainly on technical integration, the findings here revealed that AI orchestration elevated CPS 
functionality into an adaptive cognitive ecosystem capable of regulating energy use, promoting circular 
practices, and enhancing transparency across industrial workflows. These results reflected an evolved 
interpretation of CPS as not merely a technological enabler but a strategic intelligence layer that 
facilitated system-wide optimization. The strong relationship found between CPS maturity and AI 
orchestration suggested that distributed sensing architectures and interoperable data pipelines formed 
the structural basis for advanced decision intelligence (Bousdekis et al., 2020). Earlier studies had noted 
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that CPS integration often suffered from fragmented data flows and inconsistent interoperability; 
however, the present findings demonstrated that when CPS maturity reached sufficient levels, AI 
orchestration could unfold its full potential and drive system-level efficiencies. The outcomes indicated 
that AI-orchestrated CPS produced tangible improvements in sustainability metrics by reducing waste, 
optimizing resource use, and enhancing energy management across production processes. This 
contrasted with earlier work that often-treated sustainability benefits as secondary or indirect outcomes 
of automation rather than intrinsic outputs of intelligent orchestration. The findings also positioned AI-
orchestrated CPS as a central pillar of Industry 5.0 transformation rather than a supplementary 
technological enhancement, reinforcing the notion that future manufacturing environments relied on 
orchestration intelligence rather than isolated automation (Martin-Gomez et al., 2021). Overall, the first 
segment of discussion illustrated how this study extended and matured the understanding of CPS 
functionality within Industry 5.0 ecosystems by demonstrating the direct and substantial impact of AI-
driven orchestration on sustainable industrial performance. 
 

Figure 11: AI-Orchestrated CPS Impact Framework 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
The positive and substantial effect of CPS integration maturity on AI orchestration capability 
highlighted the importance of robust cyber-physical infrastructures in enabling intelligent decision 
ecosystems (Juma & Shaalan, 2020). This relationship confirmed what earlier studies had only 
suggested: that CPS maturity must exceed a certain threshold before AI systems can deliver meaningful 
coordination benefits. Prior literature had frequently described CPS as a collection of sensing devices, 
edge-computing units, and real-time communication networks, but these descriptions did not fully 
capture the systemic qualities required for orchestration intelligence. The findings from this study 
demonstrated that CPS maturity extended far beyond the existence of hardware; it included the 
synchronization, responsiveness, interoperability, and feedback richness of the entire system. Earlier 
studies tended to examine CPS components in isolation, such as sensor density, communication 
protocols, or embedded control systems. In contrast, the findings here indicated that CPS maturity 
operated as a comprehensive, integrated construct that simultaneously governed data quality, system 
responsiveness, network latency, and architectural cohesion (Juma & Shaalan, 2020). These attributes 
collectively allowed AI models to function accurately, learn continuously, and adjust autonomously to 
environmental or operational disturbances. Compared with earlier literature that emphasized 
automation-centric benefits of CPS, the present study revealed that mature CPS architectures acted as 
the essential enabler of real-time prediction, prescriptive analytics, and cognitive-level orchestration. 
The demonstrated influence of CPS on AI orchestration aligned with conceptual models of Industry 5.0 
but provided empirical evidence that had been largely absent in prior work. The results also indicated 
that firms with higher CPS maturity experienced significantly greater improvements in sustainability 
and resilience outcomes mediated through AI orchestration. Earlier studies often examined CPS 
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contributions to sustainability in fragmented ways, focusing on energy management or resource 
efficiency in isolated contexts (Wang et al., 2019). The present study revealed that CPS served as an 
infrastructural backbone that enabled system-wide sustainability optimization rather than isolated 
improvements. This deeper and more integrated understanding of CPS maturity represented a major 
advancement in the literature, establishing that the architectural quality of CPS played a decisive role 
in enabling AI-orchestrated decision ecosystems aligned with Industry 5.0 principles. 
The strong positive relationship between AI orchestration capability and sustainable manufacturing 
performance demonstrated that orchestration intelligence had become a central determinant of 
environmental outcomes in modern industrial systems (Vermesan, Friess, Guillemin, Giaffreda, et al., 
2022). Earlier studies had acknowledged that AI contributed to energy optimization and waste 
reduction, but they frequently framed AI’s contribution as supplemental to basic automation rather 
than as an essential driver of sustainability alignment. This study revealed that AI orchestration 
extended beyond traditional automation by offering predictive, adaptive, and holistic decision support 
that shaped the entire ecological footprint of industrial operations. The findings showed that AI-
orchestrated CPS improved sustainability performance through real-time optimization of resource 
flows, automated sustainability compliance monitoring, and adaptive scheduling that minimized 
emissions and waste. This interpretation contrasted with earlier work that tended to examine 
sustainability performance as an aggregate organizational outcome without fully specifying the 
technological mechanisms responsible for its enhancement. By identifying AI orchestration as the 
central mechanism through which CPS maturity influenced sustainability metrics, this study provided 
clarity that earlier studies lacked (Jagatheesaperumal et al., 2021). AI orchestration supported dynamic 
control loops that continuously evaluated resource consumption patterns, predicted potential 
environmental inefficiencies, and executed corrective actions autonomously. These capabilities allowed 
firms to achieve sustainability improvements that were both systematic and measurable. Earlier 
research often treated sustainability metrics as dependent on human decision-making or managerial 
initiatives, but the present findings showed that AI-orchestrated CPS embedded sustainability logic 
into the operational fabric of the production system itself. Furthermore, the observed effects supported 
the emerging view that Industry 5.0 sustainability required digital intelligence capable of aligning 
environmental goals with operational dynamics in real time. The findings also suggested that AI 
orchestration created a direct pathway for circular manufacturing practices by enabling material 
tracking, lifecycle assessment integration, and predictive remanufacturing (Venkatesh et al., 2022). This 
expanded the established understanding of sustainability contributions in intelligent manufacturing 
and positioned AI orchestration as a transformative force that operationalized environmental 
stewardship through intelligent cyber-physical coordination. 
This study demonstrated that AI orchestration capability exerted a significant positive effect on supply 
chain resilience, reinforcing the emerging view that resilience in Industry 5.0 ecosystems relied heavily 
on intelligent cyber-physical coordination across distributed network layers (Mendhurwar & Mishra, 
2023). Earlier studies described supply chain resilience as an outcome driven by redundancy, agility, 
and visibility; however, the findings here showed that AI-orchestrated CPS elevated these traditional 
constructs by integrating them with predictive intelligence and autonomous decision ecosystems. AI 
orchestration enabled real-time disruption monitoring, predictive risk analytics, and dynamic 
reconfiguration of operational flows, which collectively strengthened resilience far beyond the 
capabilities observed in earlier automation-driven environments. Prior research frequently emphasized 
the importance of data visibility for resilience, but this study revealed that visibility alone was 
insufficient without AI-enabled interpretation and actionability. The findings indicated that AI 
orchestration synthesized multi-sensor data, contextual information, and system-level constraints to 
generate proactive resilience behaviors (Singh & Kumar, 2023). This contrasted with earlier resilience 
studies that focused mainly on human-centered decision-making during disruptions. AI-orchestrated 
CPS provided a continuous, self-adapting resilience layer capable of redefining routing decisions, 
adjusting production plans, reallocating resources, and forecasting cascading disruptions across 
interconnected subsystems. The results further aligned with theoretical perspectives proposing that 
Industry 5.0 resilience stems from human-AI symbiosis, where AI-managed CPS provided the 
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cognitive bandwidth necessary for timely intervention and adaptation under uncertainty. The present 
study extended this conceptualization by demonstrating that AI orchestration delivered measurable 
improvements in resilience outcomes. The empirical evidence showed that firms with stronger 
orchestration capabilities not only predicted disruptions more accurately but also recovered from 
disturbances more rapidly (Verma et al., 2022). Earlier work had largely relied on qualitative insights 
to explore these mechanisms, whereas the present study provided quantitative validation. The strong 
relationship between sustainability performance and resilience also supported the idea that 
environmentally optimized systems inherently possess structural robustness, reinforcing the 
interconnectedness of ecological and operational stability. Overall, this study positioned AI 
orchestration as an indispensable driver of resilience across industrial supply chains within Industry 
5.0 ecosystems. 
The mediation analyses demonstrated that AI orchestration served as a central mechanism linking CPS 
maturity to sustainability and resilience outcomes. This finding confirmed theoretical propositions 
suggesting that the benefits of CPS infrastructures materialize only when paired with intelligent 
decision-orchestration systems (Maleh et al., 2022). Earlier studies had often theorized that CPS 
maturity could improve operational intelligence; however, empirical evidence supporting mediation 
effects was limited. The present results showed that CPS maturity improved sustainability and 
resilience outcomes not directly, but through its enabling role in AI orchestration. This finding clarified 
inconsistencies in earlier literature, where some studies reported weak or inconsistent direct effects 
between technological infrastructures and performance outcomes. The mediation findings 
demonstrated that CPS infrastructures alone were insufficient to achieve advanced performance gains 
unless combined with orchestration intelligence capable of learning, predicting, and autonomously 
coordinating distributed assets. This represented a significant advancement over earlier theoretical 
discussions, which treated CPS as inherently capable of driving performance improvements. The 
present study confirmed that CPS infrastructures provided the data richness, real-time responsiveness, 
and architectural integration necessary for AI to function effectively, but that the intelligence layer—
not the CPS infrastructure itself—generated the observable sustainability and resilience outcomes 
(Gaiardelli et al., 2021). The findings also showed that sustainability performance mediated the 
relationship between AI orchestration and resilience, supporting the emerging argument that 
ecological optimization contributed to structural robustness. Earlier studies frequently treated 
sustainability and resilience as unrelated or only loosely connected constructs, but the present findings 
demonstrated a clear interdependence facilitated by AI-orchestrated CPS. This expanded 
understanding showed that intelligent cyber-physical coordination functioned as a unifying 
mechanism that bridged environmental and operational performance goals (Cotta et al., 2023). The 
mediation results provided strong evidence that Industry 5.0 performance outcomes depended on the 
combined functioning of CPS maturity, AI orchestration, and sustainability capabilities, offering a more 
integrated interpretation than previous research. 
The moderation results indicated that organizational readiness and environmental turbulence played 
meaningful roles in shaping the strength of the structural pathways in the model. This finding aligned 
with earlier studies that emphasized the importance of organizational culture and digital maturity in 
enabling technological transformation; however, this study showed that readiness not only influenced 
adoption but also amplified the performance benefits of AI orchestration (Vermesan, Friess, Guillemin, 
Serrano, et al., 2022). Firms with higher organizational readiness experienced stronger positive effects 
of AI orchestration on sustainability outcomes, suggesting that digital skills, managerial support, and 
adaptive processes enhanced the effectiveness of intelligent coordination. Earlier work tended to 
conceptualize organizational readiness as an adoption enabler, but the present findings showed that 
readiness functioned as a performance multiplier within Industry 5.0 ecosystems. Environmental 
turbulence was also found to moderate the orchestration–resilience pathway, indicating that volatile 
and uncertain environments intensified firms’ reliance on AI-orchestrated CPS for disruption 
management. Earlier resilience literature often argued that environmental turbulence weakened supply 
chain stability, but the findings here showed that intelligence-driven CPS architectures helped 
counterbalance such instability. This expanded prior understanding by showing that in high-
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turbulence environments, AI orchestration became more critical for predicting disruptions, reallocating 
resources, and adjusting production flows (Hazrat et al., 2023). These insights suggested that the 
contextual environment shaped not only the need for AI-orchestrated CPS but also the degree of benefit 
derived from them. The combined moderation effects demonstrated that performance outcomes 
depended not only on technological quality but also on environmental complexity and organizational 
adaptability. These results advanced earlier literature by showing that Industry 5.0 performance 
optimization occurred within multi-layered socio-technical contexts, where internal readiness and 
external turbulence affected the strength and pathways of technological influence (Koroniotis et al., 
2020). 
The overall findings of this study positioned AI-orchestrated CPS as a central mechanism driving 
sustainable and resilient performance within Industry 5.0 manufacturing ecosystems (Möller, 2023). 
Earlier studies had explored the contributions of AI, CPS, sustainability strategies, and resilience 
frameworks independently, but often treated these domains as separate research areas with limited 
interaction. This study demonstrated that these constructs were deeply interconnected and functioned 
collectively through orchestration intelligence. The results revealed that CPS maturity provided the 
infrastructural backbone, AI orchestration delivered the cognitive intelligence, sustainability 
performance defined ecological optimization, and resilience emerged as the systemic capability to 
adapt under disruption. This synthesis responded to long-standing calls in the literature for integrated 
quantitative evidence linking digitalization, environmental performance, and resilience outcomes 
(Asghar et al., 2022). Earlier studies had rarely offered a unified, empirically supported model that 
captured these interdependencies, whereas this study provided quantitative validation for a multi-
level, cross-domain framework that aligned with the foundational principles of Industry 5.0. The 
findings also expanded theoretical understandings by demonstrating that cognitive orchestration—not 
automation alone—acted as the primary driver of performance transformation. This perspective 
reflected the emerging view that Industry 5.0 represented a shift from technology-driven automation 
to intelligence-driven orchestration capable of supporting human-centricity, sustainability, and 
system-level resilience. Unlike earlier research that narrowly focused on isolated technological 
contributions, this study showed that AI-orchestrated CPS shaped industrial performance holistically 
by interlinking predictive intelligence, environmental control, and adaptive decision ecosystems. 
Consequently, the findings positioned AI-orchestrated CPS not simply as technological innovations but 
as strategic enablers of system-wide industrial transformation consistent with Industry 5.0 values 
(Mitchell et al., 2021). The discussion concluded that the empirical evidence from this study advanced 
the understanding of how distributed digital infrastructures, intelligent coordination, and 
sustainability practices converge to create resilient and adaptive industrial ecosystems. 
CONCLUSION 
The integration of AI-orchestrated cyber-physical systems represented a transformative advancement 
within Industry 5.0 manufacturing environments, as the present study demonstrated that intelligent 
orchestration fundamentally shaped both sustainability outcomes and supply chain resilience across 
interconnected industrial operations. AI-orchestrated CPS functioned as a multi-layered decision 
ecosystem in which sensing, prediction, control, and autonomous adaptation operated cohesively to 
guide real-time industrial performance. The findings showed that CPS maturity, characterized by 
dense sensor networks, synchronized data flows, and interoperable architectures, significantly 
enhanced the capacity of AI models to make accurate, context-sensitive decisions. Unlike earlier 
industrial systems that relied primarily on automation and predefined logic, AI-orchestrated CPS 
provided adaptive intelligence capable of optimizing resource use, regulating environmental impact, 
and stabilizing production under unpredictable conditions. This study revealed that AI orchestration 
produced substantial improvements in sustainable manufacturing performance by continuously 
analyzing operational data, forecasting inefficiencies, and executing corrective actions that minimized 
energy consumption, waste generation, and workflow disruptions. The results also demonstrated that 
supply chain resilience was strengthened through AI-enabled predictive analytics, early disruption 
detection, and dynamic reallocation of resources, illustrating that resilience in Industry 5.0 
manufacturing extended beyond human-centered decision making to include intelligent machine-
coordinated adaptation. Furthermore, the study’s empirical evidence indicated that sustainability and 



ASRC Procedia: Global Perspectives in Science and Scholarship, April 2025, 1278–1315 
 

1307 
 

resilience were not isolated outcomes but mutually reinforcing capabilities within AI-orchestrated CPS 
ecosystems. Sustainable operations contributed to structural robustness by reducing vulnerability to 
material shortages, energy fluctuations, and regulatory volatility, while resilient operations supported 
sustainability ambitions by maintaining continuity and optimizing material flows even under adverse 
conditions. Organizational readiness played a meaningful role in amplifying these benefits, showing 
that supportive digital cultures, skilled workforces, and adaptive managerial practices strengthened 
the effectiveness of AI-orchestrated CPS. Environmental turbulence also influenced performance, with 
firms in more volatile markets relying more heavily on orchestration intelligence to maintain stability. 
Overall, the study demonstrated that AI-orchestrated CPS represented a central pillar of Industry 5.0 
transformation, enabling manufacturing firms to integrate technological intelligence with ecological 
responsibility and operational robustness. The findings positioned AI-orchestrated CPS as a convergent 
mechanism through which sustainable industrial performance and resilient supply networks were 
achieved simultaneously, offering a holistic blueprint for future industry-wide innovation. 
RECOMMENDATIONS 
Several important recommendations emerged from the findings of this study, emphasizing the 
strategic, technological, and organizational actions required to enhance the effectiveness of AI-
orchestrated cyber-physical systems within Industry 5.0 manufacturing and supply chain 
environments. First, firms were advised to prioritize investments in CPS infrastructure maturity, as 
strong sensing architectures, interoperable communication networks, and real-time data 
synchronization were shown to be essential foundations for AI-driven orchestration. Strengthening 
CPS maturity allowed AI systems to function with higher accuracy and responsiveness, enabling 
improved predictive analytics, automated adaptation, and sustainable resource management. Second, 
firms were encouraged to expand their integration of AI orchestration mechanisms across multiple 
operational layers, rather than limiting intelligent coordination to isolated production segments. The 
study demonstrated that AI orchestration delivered the greatest impact when applied holistically to 
production scheduling, environmental monitoring, logistics synchronization, and resilience planning. 
This highlighted the importance of establishing cross-functional AI pipelines capable of merging 
perception, prediction, and autonomous control in unified decision ecosystems. Third, the study 
suggested that sustainability should be embedded directly into AI orchestration objectives rather than 
being treated as an external compliance requirement. Designing AI models to optimize energy 
intensity, emissions, and material circulation ensured that ecological performance improved 
concurrently with operational efficiency. Fourth, firms were recommended to strengthen their digital 
governance frameworks, including data quality standards, cybersecurity policies, and ethical oversight 
for autonomous decision systems. Reliable data flows and secure CPS networks were crucial for 
enabling trustworthy AI-driven operations, particularly in interconnected supply chain environments. 
Fifth, the findings showed that organizational readiness—including workforce upskilling, managerial 
commitment, and human–AI collaboration strategies—played a substantial role in amplifying the 
benefits of AI-orchestrated CPS. As such, firms were encouraged to implement structured training 
programs, redesign workflows to support human–machine collaboration, and cultivate adaptive 
cultures capable of embracing cognitive automation. Sixth, given the moderating effect of 
environmental turbulence, firms operating in volatile market conditions were advised to deploy AI-
orchestrated CPS as resilience-enhancing tools, focusing on real-time disruption detection, scenario 
simulation, and autonomous reconfiguration of supply networks. Finally, policymakers and industry 
associations were recommended to support AI-orchestrated CPS adoption by developing standardized 
digital infrastructure guidelines, promoting interoperable technology ecosystems, and incentivizing 
sustainability-oriented innovation. Collectively, these recommendations provided a comprehensive 
roadmap for firms seeking to leverage AI-orchestrated CPS to advance sustainability, resilience, and 
competitive capability in Industry 5.0 manufacturing environments. 
LIMITATIONS 
Several limitations were identified in this study that should be acknowledged when interpreting the 
findings on AI-orchestrated cyber-physical systems for sustainable Industry 5.0 manufacturing and 
supply chain resilience. Although the study provided strong empirical evidence regarding the 
structural relationships among CPS maturity, AI orchestration capability, sustainability performance, 
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and resilience outcomes, the cross-sectional research design limited the ability to capture dynamic 
changes and longitudinal effects that often characterize digital transformation processes. AI-
orchestrated CPS typically evolve over time, with improvements in sensing infrastructures, algorithmic 
learning, and human–machine collaboration influencing performance trajectories; thus, a single-time 
measurement restricted the capacity to observe how orchestration intelligence matured or how 
sustainability and resilience benefits accumulated. The reliance on perceptual survey data also 
introduced the possibility of subjective bias, as respondents’ evaluations of CPS maturity, 
environmental turbulence, and resilience capability might have reflected personal interpretations 
rather than strictly objective system performance. Even though the study employed validated 
constructs and robust statistical procedures, the potential for common method variance remained a 
methodological limitation. Another limitation involved the sample composition, which was restricted 
to manufacturing firms actively implementing CPS and AI technologies. Firms in earlier stages of 
digital adoption or those operating in less technologically advanced sectors may experience different 
relationships among the studied variables. Additionally, the study primarily captured firm-level 
dynamics and did not examine multi-tier supply chain structures where resilience behaviors often 
propagate across suppliers, distributors, and logistics partners. The absence of multi-tier modeling 
limited the generalizability of the resilience findings to broader supply chain ecosystems. The 
measurement of environmental turbulence was also based on respondent perceptions rather than 
externally validated indicators such as macroeconomic fluctuations, geopolitical risks, or regulatory 
volatility, which could have influenced the accuracy of the moderation results. Furthermore, although 
the structural model provided comprehensive insights into the direct, indirect, and moderated 
pathways, it did not incorporate potential nonlinear or reciprocal effects that may exist within highly 
interconnected industrial systems. The study also did not explore the influence of emerging Industry 
5.0 variables such as human-centric design, ethics of autonomous decision making, or collaborative 
robotics integration, which may interact significantly with AI-orchestrated CPS. These limitations 
suggested that while the study offered valuable contributions to understanding AI-driven 
orchestration in Industry 5.0 contexts, future research should consider longitudinal modeling, multi-
source data collection, multi-tier ecosystem analysis, and broader construct integration to deepen 
theoretical and empirical understanding. 
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