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ABSTRACT: Smart manufacturing has emerged as a key enabler of industrial digital transformation, 
fostering intelligent, interconnected, and adaptive production systems. At the same time, production 
flexibility has become a strategic imperative for managing demand volatility, supply chain disruptions, and 
mass customization requirements. Despite substantial advances in Industry 4.0 and the transition toward 
Industry 5.0, the literature remains conceptually fragmented and largely technology-driven, with limited 
integration of organizational, human-centric, and sustainability perspectives. This study presents a 
systematic literature review of smart manufacturing for production flexibility, synthesizing existing 
research across major enabling technologies and industrial application domains. The review identifies three 
critical gaps in the current body of knowledge: (i) the lack of a unified and multidimensional 
conceptualization of production flexibility, (ii) insufficient integration between cyber–physical 
infrastructures and socio-technical systems, and (iii) the limited incorporation of human-centricity and 
sustainability as core design principles. The findings demonstrate that production flexibility should be 
viewed not as a direct technological outcome, but as an emergent system-level capability arising from the 
dynamic interaction of digital technologies, organizational structures, and human intelligence. To address 
these gaps, the study proposes a seven-stage Smart Manufacturing–Production Flexibility (SM–PF) 
transformation framework encompassing digital connectivity, system integration, intelligent analytics, 
adaptive automation, autonomous systems, human–AI collaboration, and ecosystem integration. The 
framework conceptualizes the evolution of flexibility from conventional operational adaptability toward 
anticipatory, reconfigurable, cognitive, and ecosystem-level capabilities. This study contributes an 
integrated theoretical foundation and a structured roadmap for future research and industrial transformation 
in smart manufacturing. 

Keywords: Smart manufacturing; Industry 4.0; Industry 5.0; Production flexibility; Cyber–physical 
systems; Artificial intelligence 
 

1. Introduction 

Smart manufacturing has emerged as a core paradigm in the digital transformation of industrial systems, 
enabling intelligent, interconnected, and adaptive production environments. This transformation is driven 
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by the convergence of Industry 4.0 technologies, including cyber-physical systems (CPS), the Industrial 
Internet of Things (IIoT), artificial intelligence (AI), digital twins, cloud computing, robotics, and advanced 
analytics, which collectively enable real-time sensing, predictive decision-making, and autonomous control 
of manufacturing operations [1–5]. These technologies function as tightly coupled socio-technical enablers 
that reshape production system architecture, operational intelligence, and responsiveness. In this context, 
smart factories have evolved from conceptual models into deployed industrial systems underpinned by AI, 
digital infrastructures, and sustainability imperatives [6–8]. 

Rather than constituting incremental automation, smart manufacturing represents a structural 
reconfiguration of production logic—from centralized, deterministic architectures to distributed, data-
driven, and self-organizing ecosystems [9–11], in which decision-making is increasingly embedded within 
cyber-physical infrastructures enabling continuous physical–digital feedback loops [12]. 

Although the Resource-Based View and Dynamic Capabilities Theory explain how digital 
technologies enhance competitiveness and adaptability, they remain limited in capturing system-level 
emergence in highly interconnected manufacturing environments [13]. These perspectives largely 
emphasize firm-level capabilities while underrepresenting interdependencies among technologies, 
organizational structures, and human agency. 

Accordingly, smart manufacturing is more rigorously conceptualized as a socio-technical system in 
which value emerges from the dynamic interaction of digital infrastructure, operational processes, and 
human cognition, rather than from isolated technological components [14,15]. 

1.1. Industry 4.0–Industry 5.0 Transition and System Evolution 

The manufacturing sector is undergoing a paradigm transition from Industry 4.0 to Industry 5.0, 
reflecting a shift from efficiency-centric automation toward human-centric, resilient, and sustainable 
production systems [16]. While Industry 4.0 prioritizes productivity, connectivity, and automation, Industry 
5.0 extends this paradigm by embedding human–machine collaboration, ethical considerations, and circular 
economy principles into industrial systems [17–20]. 

Industry 4.0 introduced CPS, IIoT, big data analytics, and real-time monitoring, enabling adaptive and 
predictive production capabilities [21–23]. Subsequent advancements in AI, digital twins, and IoT further 
enhanced system connectivity and intelligence [24–26], yet largely remained oriented toward efficiency 
optimization [16,19,27]. 

Industry 5.0 addresses these limitations by repositioning manufacturing systems around human-
centricity, resilience, and sustainability through collaborative robotics, decentralized decision-making, and 
adaptive socio-technical architectures [28–30]. These principles are operationalized through CPS, IIoT, AI, 
and energy-aware systems [31–33], extended across supply networks and smart products [34,35], and 
reinforced through circular and sustainable production models [36–39]. 

Figure 1 illustrates the evolution of smart manufacturing systems from Industry 3.0 to Industry 5.0, 
highlighting progressive increases in automation, intelligence, and sustainability integration. Industry 3.0 
introduced computer-based automation; Industry 4.0 enabled cyber-physical integration and data-driven 
decision-making; and Industry 5.0 integrates human-centric intelligence, AI-augmented decision-making, 
and sustainability-oriented adaptability. Figure 2 further depicts the integrated smart manufacturing 
ecosystem, comprising connectivity, automation, analytics, AI, and human agency, collectively enabling 
real-time coordination, predictive control, and adaptive system behavior. 
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Figure 1. Milestone Evolution Map of Smart Manufacturing Systems. 

 

Figure 2. Smart Manufacturing Systems. 

1.2. Production Flexibility as an Emergent System Capability 

Within this paradigm, production flexibility has emerged as a critical capability for operating in volatile, 
uncertain, complex, and ambiguous (VUCA) environments. It refers to the ability of a production system 
to dynamically respond to changes in demand, product variety, supply disruptions, and operational 
constraints while sustaining performance across cost, quality, and delivery dimensions [40,41]. 

Importantly, production flexibility should not be interpreted as a structural attribute or isolated 
technological outcome. Rather, it is an emergent system-level capability arising from the dynamic 
interaction of digital infrastructures, operational processes, and human decision-making within cyber-
physical environments. It is commonly classified into volume, product mix, and routing flexibility [40,41] 
and is widely recognized as a key determinant of resilience in high-mix, low-volume manufacturing 
systems [42]. 

However, existing research remains fragmented and predominantly technology-centric, emphasizing 
isolated solutions such as predictive maintenance, AI-based scheduling, digital twins, and IoT-enabled 
monitoring [43,44], without adequately explaining their systemic interdependencies. Consequently, 
flexibility is often treated implicitly rather than modeled as an emergent property. Moreover, the lack of 
standardized multidimensional measurement frameworks limits theoretical accumulation and cross-study 
comparability [45,46]. 
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1.3. Research Gaps, Questions, and Contribution 

This study is motivated by the persistent mismatch between substantial investments in smart 
manufacturing technologies and the limited realization of production flexibility outcomes [9]. Despite rapid 
digital adoption, the mechanisms through which system integration translates into flexibility remain 
insufficiently theorized and empirically validated. The following research questions guide this study: 

RQ1: How do smart manufacturing technologies enable production flexibility? 
RQ2: Which dimensions of production flexibility are most influenced? 
RQ3: What are the key conceptual, methodological, and empirical gaps in the literature? 
RQ4: How do integrated smart manufacturing capabilities translate into production flexibility? 
RQ5: What underlying mechanisms drive flexibility emergence in digital manufacturing systems? 
Three core gaps are identified: (i) weak theoretical integration between enabling technologies and 

flexibility outcomes, (ii) absence of standardized and multidimensional measurement frameworks, and (iii) 
limited empirical validation in real-world industrial settings [46–48]. To address these gaps, this study 
synthesizes fragmented literature and develops a unified conceptual framework that positions production 
flexibility as an emergent capability of smart manufacturing systems within the Industry 4.0–Industry 5.0 
transition. The paper is organized as follows: Section 2 reviews the relevant literature, Section 3 presents 
the gap analysis, Section 4 proposes the conceptual framework, Section 5 discusses the findings, and 
Section 6 concludes the study. 

2. Literature Review and Methodology 

Smart manufacturing has emerged as a strategic response to increasing industrial complexity, volatility, 
and demands for customization. It integrates cyber–physical systems, industrial Internet of Things (IIoT), 
artificial intelligence, digital twins, and advanced automation technologies to enable adaptive, data-driven, 
and resilient production systems. Despite significant technological progress, the literature remains 
fragmented, with a dominant focus on isolated technological enablers rather than system-level capability 
formation. In particular, the interaction between technological, organizational, and human-centric 
dimensions remains insufficiently developed. This limitation is especially evident in the transition toward 
Industry 5.0, where sustainability, resilience, and human-centricity are emphasized but not yet coherently 
operationalized within production flexibility frameworks. To address this gap, this study employs a 
PRISMA 2020–aligned systematic literature review, combined with interpretive thematic synthesis, to 
ensure rigor, transparency, and reproducibility [49]. 

(1) Data sources and search strategy: A systematic search was conducted across Scopus, Web of Science, 
and ScienceDirect, covering studies published between 2011 and 2026. The search strategy was 
developed iteratively and refined through pilot testing to ensure an optimal balance between recall and 
precision. Keyword combinations included “smart manufacturing”, “Industry 4.0”, “Industry 5.0”, 
“production flexibility”, “cyber–physical systems”, “industrial IoT”, “artificial intelligence”, “digital 
twin”, and “servitization”, applied using Boolean operators and database-specific filters such as subject 
area, document type, and language to ensure relevance and quality. 

(2) Eligibility criteria: Studies were included if they were peer-reviewed journal articles or high-quality 
conference proceedings, written in English, and explicitly addressed smart manufacturing and/or 
production flexibility at technological, organizational, or system levels. Both conceptual and empirical 
studies were retained to support theory-building and conceptual integration. Studies were excluded if 
they were non-scholarly, duplicated, lacked methodological transparency, or showed weak alignment 
with the research scope. 

(3) Screening process and PRISMA workflow: The initial search yielded 417 records. After removing 68 
duplicates, 349 unique records remained. Title and abstract screening excluded 244 studies due to 
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irrelevance to smart manufacturing, Industry 4.0/5.0, or production flexibility, leaving 105 studies for 
full-text assessment. At the full-text stage, additional exclusions were made due to methodological 
limitations, conceptual redundancy, or insufficient alignment with the research objectives. The final 
dataset comprised over 100 studies included in qualitative synthesis and thematic analysis, ensuring 
rigor, transparency, and reproducibility in accordance with PRISMA 2020 guidelines. The overall 
process is illustrated in Figure 3 (PRISMA flow diagram), which supports the traceability and 
methodological transparency of the review. 

(4) Quality assessment: A structured appraisal framework was applied to evaluate methodological rigor, 
theoretical contribution, and contextual relevance. Assessment criteria included clarity of research 
design, analytical robustness, and conceptual depth. Rather than applying strict exclusion thresholds, a 
weighted inclusion approach was adopted to ensure balanced representation of qualitative and 
quantitative studies while prioritizing higher-quality contributions and minimizing selection bias. 

(5) Data synthesis: A structured data extraction protocol was used to capture key study attributes, including 
technological focus, research context, methodological approach, and dimensions of production 
flexibility. Interpretive thematic synthesis was then conducted using open, axial, and selective coding. 
This iterative process enabled the identification of recurring patterns, interdependencies, and 
conceptual gaps across technological, organizational, and human-centric dimensions, leading to the 
abstraction of higher-order themes that informed the development of the Smart Manufacturing–
Production Flexibility (SM–PF) framework. 

(6) Methodological positioning: This study is positioned within theory-building and integrative review 
research, adopting a systems-oriented and configurational perspective. Rather than aggregating findings 
descriptively, it conceptualizes production flexibility as an emergent system-level capability arising from 
dynamic interactions among cyber–physical systems, organizational structures, and human-centric 
factors. This positioning enables the development of a unified conceptual foundation and evolutionary 
framework for smart manufacturing across Industry 4.0 and Industry 5.0 paradigms, bridging fragmented 
research streams and supporting both theoretical advancement and practical application. 

 

Figure 3. PRISMA flow diagram. 



Intell. Sustain. Manuf. 2026, 3(1), 10014. doi:10.70322/ism.2026.10014 6 of 22 

 

Industrial manufacturing has undergone a profound transformation driven by digitalization, automation, 
globalization, and intensifying competitive pressures. The adoption trend illustrated in Figure 2 indicates 
sustained growth in smart manufacturing since 2005, reinforcing digital transformation as a strategic 
imperative, particularly for SMEs [50]. This evolution represents a structural shift from static, resource-
based production paradigms toward dynamically reconfigurable, data-driven socio-technical ecosystems in 
which physical and digital layers are tightly coupled. 

Empirical studies confirm widespread diffusion of smart manufacturing technologies across 
automotive, aerospace, electronics, plastics, and assembly sectors [51–53], primarily driven by increasing 
operational complexity and market volatility [54,55]. However, realized performance gains remain uneven 
and context-dependent. This heterogeneity is largely explained by differences in organizational readiness, 
technological maturity, and system integration capability [56–60], implying that smart manufacturing 
performance is fundamentally an emergent system property rather than a direct technological outcome. 

From a theoretical standpoint, Industry 4.0 is defined by cyber-physical integration enabled through 
CPS, IIoT, AI, and digital infrastructures that support automation and data-driven decision-making [21–
23]. However, its dominant efficiency-centric orientation limits its explanatory power regarding broader 
socio-technical requirements such as resilience, sustainability, and human-centricity. Industry 5.0 extends 
this paradigm by repositioning manufacturing systems as human-centric, resilient, and sustainable socio-
technical ecosystems [61–63]. 

The following literature is structured into four analytical dimensions: 

1. Enabling Technologies and System Architecture of Smart Manufacturing 
2. Operational Characteristics and Smart Factories 
3. Sustainability and Human-Centric Manufacturing 
4. Production Flexibility, Mechanisms, Servitization, and Research Gaps 

2.1. Enabling Technologies and System Architecture of Smart Manufacturing 

Smart manufacturing emerges from the convergence of Industry 4.0 technologies that collectively 
constitute cyber-physical production ecosystems [64,65]. These technologies should be understood not as 
isolated tools, but as interdependent enablers of sensing, connectivity, intelligence, and autonomous control. 

IoT provides real-time physical–digital connectivity [65], while AI enables predictive and prescriptive 
decision intelligence [4]. Cloud computing supports scalable data orchestration [65], digital twins enable 
continuous synchronization and system optimization [3], and 5G facilitates ultra-low-latency industrial 
communication [4]. Collectively, these technologies enable reconfigurable, responsive, and data-driven 
production systems [64]. 

At the architectural level, smart manufacturing integrates CPS, IIoT, AI, robotics, cybersecurity, and 
cloud infrastructures into multilayered cyber-physical production systems [1,5,54,66]. These systems are 
commonly organized into CPS, IIoT, AI, digital twin, and analytics layers [2,3,67]. CPS and IIoT enable 
vertical and horizontal integration across organizational boundaries [10], AI enables adaptive autonomy 
and decision intelligence [13,68], and digital twins ensure closed-loop synchronization between physical 
and virtual domains [43]. 

Importantly, recent literature converges on the view that value creation in smart manufacturing emerges 
from system integration rather than individual technologies [69]. However, this integration remains 
constrained by interoperability limitations, cybersecurity vulnerabilities, and architectural complexity [70]. 
In addition, human–machine interaction remains under-theorized, limiting the development of fully 
integrated socio-technical architectures [71]. 
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2.2. Operational Characteristics and Smart Factories 

Smart manufacturing systems are characterized by modularity, heterogeneity, interoperability, and 
context-awareness [72–74]. These characteristics collectively enable configurability and adaptability, 
although their contribution to systemic resilience remains insufficiently formalized in the literature. 

At the operational level, smart manufacturing integrates AI, IoT, sensing systems, and analytics to 
enable real-time communication, automation, and decision-making across production networks [60,75,76]. 
This enables end-to-end operational visibility and closed-loop control across the production lifecycle. 
Computer-integrated manufacturing enhances efficiency and waste minimization [32,77], while real-time 
analytics supports predictive maintenance, quality assurance, and energy optimization [76,78,79]. 

Smart factories operationalize these capabilities through CPS, IIoT, AI, robotics, and analytics, resulting in 
self-organizing and adaptive production systems [80–82]. AI enables predictive optimization [26], digital twins 
support continuous simulation and system refinement [24,25,83], cobots enable safe human–machine 
collaboration [26,84], and blockchain ensures trusted data exchange [85–87]. Cloud/edge computing and 5G/6G 
networks further enable distributed intelligence and real-time coordination [24,88,89]. 

Servitization extends manufacturing from product-centric logic to integrated product–service systems 
[90], including product-, use-, and result-oriented models [91]. Digital servitization integrates IoT, AI, 
cloud computing, and blockchain to enable lifecycle-oriented value creation [65,92], enhancing 
customization, responsiveness, and value delivery [93–95]. This transition also underpins the 
implementation of the circular economy and sustainable production networks. 

2.3. Sustainability and Human-Centric Manufacturing 

Industry 5.0 extends Industry 4.0 by embedding human-centricity, sustainability, and resilience into industrial 
systems [61–63]. It reframes manufacturing as a collaborative socio-technical system in which intelligent 
technologies augment human cognition and decision-making rather than replace human agency [96–98]. 

Human-centric manufacturing prioritizes workforce empowerment, safety, and continuous capability 
development [99–101], while ethical AI frameworks ensure transparency, fairness, and accountability [102]. 
Sustainability is operationalized through CPS, IIoT, AI, and digital twins, enabling real-time monitoring of 
energy, emissions, and material flows [103,104], complemented by blockchain-based traceability systems 
[105–107]. 

Environmental intelligence integrates analytics with governance structures to enable adaptive 
sustainability decision-making [37–39]. Organizational transformation is supported through maturity 
models [108], agile organizational structures, and systematic reskilling initiatives [99–101]. Reference 
architectures such as RAMI 4.0 and IIRA provide interoperability and structural standardization [109–111]. 
Policy frameworks including Industrie 4.0, Made in China 2025, Society 5.0, and Industry 5.0, guide global 
industrial transformation strategies [112–116]. 

2.4. Production Flexibility, Mechanisms, Servitization, and Research Gaps 

Production flexibility is a core dynamic capability that enables manufacturing systems to respond 
effectively to uncertainty, variability, and disruption. It is commonly conceptualized through volume, 
product mix, and routing flexibility [40,41] and is strongly associated with resilience and competitive 
advantage [42]. However, its conceptualization as an emergent, system-level capability remains 
insufficiently developed. 

Smart manufacturing enhances flexibility through multiple enabling mechanisms. CPS and IIoT 
provide real-time system visibility [10], AI enables adaptive decision-making [13,117], digital twins 
support simulation-driven reconfiguration [43], and multi-agent systems enable decentralized coordination 



Intell. Sustain. Manuf. 2026, 3(1), 10014. doi:10.70322/ism.2026.10014 8 of 22 

 

[118]. However, the literature remains fragmented, with these mechanisms largely examined in isolation 
rather than as an integrated capability architecture. 

Servitization enhances flexibility by enabling dynamic product–service ecosystems [90], supported by 
digital technologies [65,92]. This improves responsiveness, customization, and lifecycle optimization [93–
95] while enabling circular economy transitions aligned with Industry 5.0 principles. 

Despite these advancements, key structural barriers persist, including integration complexity, strategic 
misalignment, financial constraints, and workforce skill gaps [119–121]. A fundamental limitation remains 
the dominance of technology-centric perspectives that underrepresent socio-technical interactions [9]. 
Consequently, production flexibility is still predominantly treated as an outcome variable rather than an 
emergent system property [14,122]. Moreover, integrated frameworks linking smart manufacturing 
capabilities to flexibility through structured transformation pathways remain underdeveloped [44,47,123]. 

According to Gomaa (2026) [124], the field remains fragmented, lacking capability-centric models, 
empirical validation depth, and unified theoretical foundations. Addressing these gaps requires a shift 
toward a holistic socio-technical systems perspective in which production flexibility emerges from the 
coordinated interaction of smart manufacturing capabilities. 

3. Challenges and Research Gaps Analysis 

Despite substantial progress in smart manufacturing and Industry 4.0 research, the literature remains 
fragmented across technological, operational, organizational, and theoretical domains. Although enabling 
technologies such as cyber-physical systems (CPS), industrial Internet of Things (IIoT), artificial 
intelligence (AI), robotics, and digital twins have significantly reshaped manufacturing paradigms, their 
collective role in enabling production flexibility as a system-level emergent capability remains insufficiently 
theorized and empirically substantiated [43,44]. This reveals a persistent misalignment between technological 
advancement and capability-centric theorization, where smart manufacturing is still predominantly 
conceptualized as a set of discrete technologies rather than an integrated socio-technical system. 

Table 1 synthesizes the key limitations in the literature, linking each gap to its implications for 
production flexibility. Collectively, the ten identified gaps reflect structural and epistemological 
deficiencies that hinder the development of production flexibility as an emergent system capability. 
Addressing these gaps requires a paradigmatic shift from technology-centric analysis toward a holistic, 
capability-driven socio-technical systems perspective. 

(1) Fragmented technological perspective: Current research tends to analyze CPS, IIoT, AI, robotics, and 
digital twins in isolation, despite their intrinsic interdependencies in real manufacturing environments. 
This fragmented treatment obscures system-level interactions and limits the understanding of 
production flexibility as an emergent property of integrated cyber-physical ecosystems [2,3,9]. 

(2) Weak capability transformation mechanisms: The literature predominantly emphasizes operational 
efficiencies such as automation and optimization, while failing to adequately explain how 
heterogeneous technologies jointly generate production flexibility as a dynamic capability. As a result, 
the linkage between dynamic capabilities theory and manufacturing system performance remains 
underdeveloped [13,47]. 

(3) Lack of standardized flexibility measurement: Production flexibility metrics remain fragmented, 
context-specific, and largely static, preventing cross-study comparability and longitudinal 
benchmarking. This fragmentation constrains cumulative theory development and limits the 
assessment of flexibility in dynamic production environments [14,40,41,122]. 

(4) Limited empirical validation: A considerable proportion of existing frameworks lacks validation in real 
industrial environments. Practical constraints such as legacy system integration, organizational inertia, 
and workforce adaptation challenges further limit external validity and industrial applicability [46]. 
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(5) Absence of multi-level integrated frameworks: Existing studies rarely integrate technological, 
operational, and organizational dimensions into a unified analytical architecture. Consequently, the 
cross-level emergence of production flexibility—from machine-level operations to enterprise and 
supply chain systems—remains insufficiently theorized [44,123]. 

(6) Underdeveloped socio-technical integration: Human-centric dimensions remain insufficiently 
incorporated, particularly in relation to human–AI collaboration, cognitive augmentation, and 
organizational learning. This limits the recognition of humans as co-creators of adaptive intelligence 
within manufacturing systems rather than peripheral operators [14]. 

(7) Data interoperability and governance challenges: Heterogeneous data standards, weak interoperability 
frameworks, cybersecurity vulnerabilities, and insufficient governance mechanisms hinder seamless 
system integration. These limitations reduce real-time coordination and constrain system-wide 
responsiveness in smart manufacturing ecosystems [70]. 

(8) Lack of longitudinal perspective: Most studies use cross-sectional or static designs, failing to capture the 
temporal evolution of production flexibility across digital maturity stages. This limits understanding of 
capability accumulation, organizational learning, and transformation trajectories over time. 

(9) Weak integration of sustainability and flexibility: Sustainability and production flexibility are 
frequently treated as independent constructs despite their deep interdependence in advanced 
manufacturing systems. This conceptual separation limits the potential for joint optimization in 
resource-efficient and adaptive production systems [95]. 

(10) Strategic misalignment between investment and outcomes: Despite substantial investments in smart 
manufacturing technologies, many firms fail to achieve proportional improvements in production 
flexibility. This reflects a persistent disconnect between technology adoption and capability realization, 
thereby reducing the effectiveness of digital transformation initiatives [125,126]. 

Overall, the literature remains fragmented and predominantly technology-centric. Production flexibility is 
still insufficiently conceptualized as an emergent system-level capability arising from nonlinear interactions 
among technologies, human agency, organizational structures, and data-driven decision systems. Addressing 
these gaps necessitates a fundamental shift toward a socio-technical and capability-oriented paradigm. Within 
this paradigm, smart manufacturing is reconceptualized as an adaptive ecosystem in which production 
flexibility emerges dynamically through continuous interaction, learning, and reconfiguration, rather than 
being directly achieved through isolated technological implementations. 

Table 1. Research Gaps and Expected Outcomes. 

No. Research Gap Description Implication Expected Outcomes 

1 
Fragmented technological 
perspective 

Technologies studied in isolation 
rather than integrated systems 

Limits system-level 
flexibility understanding 

Integrated smart manufacturing 
enabling end-to-end flexibility 

2 
Weak capability 
transformation mechanisms 

Limited explanation of how 
technologies generate flexibility 

Disconnect between 
technology and capability 

Self-reconfigurable systems 
enabling real-time flexibility 

3 
Lack of standardized 
flexibility measurement 

No unified metrics for production 
flexibility 

Weak comparability and 
benchmarking 

Standardized flexibility 
measurement framework 

4 
Limited empirical 
validation 

Few real-world industrial 
validations 

Weak generalizability 
Validated models demonstrating 
flexibility gains 

5 
Absence of multi-level 
frameworks 

Lack of integration across system 
layers 

Prevents holistic 
understanding 

Multi-layer systems enabling 
coordinated flexibility 

6 
Underdeveloped socio-
technical integration 

Limited focus on human–AI 
interaction 

Underestimates the human 
role 

Human-centric adaptive 
manufacturing systems 

7 Data interoperability issues 
Lack of standardization and 
secure integration 

Limits real-time 
responsiveness 

Interoperable, secure, real-time 
adaptive systems 
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8 
Lack of longitudinal 
studies 

Static rather than evolutionary 
analysis 

Weak understanding of 
maturity development 

Evolutionary flexibility 
development over time 

9 
Weak sustainability 
integration 

Flexibility and sustainability 
treated separately 

Limits joint optimization 
Circular, resource-efficient, 
flexible systems 

10 Strategic misalignment 
Investments do not consistently 
improve flexibility 

Reduces transformation 
effectiveness 

Value-driven systems with 
improved flexibility conversion 

4. Roadmap for Smart Manufacturing to Enhance Production Flexibility 

The evolution toward smart manufacturing is driven by increasing system complexity, environmental 
uncertainty, and deepening interdependence within contemporary industrial ecosystems. Modern 
manufacturing systems are characterized by volatile and unpredictable demand, high product customization, 
fragmented global supply chains, and continuously shortening product life cycles. These conditions expose 
the limitations of traditional manufacturing paradigms, which are predominantly rigid, linear, and 
optimized for static efficiency rather than dynamic adaptability. 

In response, smart manufacturing emerges as a systemic transformation enabled by the convergence of 
cyber-physical systems (CPS), the Industrial Internet of Things (IIoT), artificial intelligence (AI), robotics, 
digital twins, and cloud–edge computing infrastructures. However, its transformative potential arises not 
from isolated technologies but from their integration into adaptive, continuously learning socio-technical 
systems capable of self-monitoring, self-optimization, and structural reconfiguration. 

Within this context, production flexibility is conceptualized as an emergent system-level capability that 
enables manufacturing systems to dynamically adjust production volume, product mix, process routing, 
and scheduling under both expected variability and unexpected disruptions, while maintaining performance 
across cost, quality, and delivery dimensions. Accordingly, flexibility is not a static operational attribute 
but a progressively evolving property emerging from interactions among technological infrastructure, data 
ecosystems, organizational structures, and human decision-making. 

The following seven-stage roadmap (Figure 4 and Table 2) presents a maturity-based framework 
illustrating the evolution of production flexibility within smart manufacturing systems. 

Table 2. Seven-Stage Roadmap for Smart Manufacturing-Driven Production Flexibility. 

Stage Focus Area Core Description Flexibility Outcome 
1. Digital 
Connectivity 

Cyber-physical 
sensing 

Embeds IIoT and connectivity infrastructure into 
physical assets for real-time data generation. 

Observational flexibility: real-time 
operational visibility. 

2. System 
Integration 

Enterprise 
interoperability 

Integrates MES, ERP, PLM, and shop-floor 
systems into a unified architecture. 

Structural flexibility: synchronized 
cross-functional processes. 

3. Intelligent 
Analytics 

Predictive 
intelligence 

Applies AI/ML to generate predictive insights 
and decision support. 

Anticipatory flexibility: proactive 
optimization through prediction. 

4. Adaptive 
Automation 

Cyber-physical 
control 

Uses robotics, cobots, and digital twins for real-
time adaptive production control. 

Operational flexibility: dynamic 
process adjustment. 

5. Autonomous 
Systems 

Self-organization 
Enables decentralized AI-driven self-
optimization and autonomous reconfiguration. 

Reconfiguration flexibility: 
autonomous structural adaptation. 

6. Human–AI 
Collaboration 

Cognitive 
augmentation 

Integrates human judgment with AI-based 
decision support systems. 

Cognitive flexibility: enhanced 
hybrid decision-making. 

7. Ecosystem 
Integration 

Digital ecosystems 
Connects supply networks via interoperable 
platforms for real-time coordination. 

Ecosystem flexibility: coordinated 
value-chain adaptation. 
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Figure 4. Roadmap of Smart Manufacturing for Production Flexibility Evolution. 

4.1. Stage 1: Digital Connectivity 

(1) Description: Establishes the foundational cyber-physical layer by embedding IIoT sensors, 
communication protocols, and edge-enabled devices into physical assets, enabling continuous 
digitization of industrial operations. 

(2) Objective: Achieve real-time operational visibility through continuous data acquisition. 
(3) Key Challenges: Legacy constraints, fragmented infrastructure, low digital maturity, data 

inconsistency, and cybersecurity risks. 
(4) Key Activities: IIoT deployment, OPC-UA/MQTT/5G integration, edge computing, machine 

retrofitting, and real-time sensing systems. 
(5) KPIs: Connectivity rate, sensor coverage, data latency, system uptime, data integrity. 
(6) Implementation Logic: Establishes a real-time sensing foundation that converts physical operations 

into continuous digital signals, enabling system observability. 
(7) Outcome: Observational flexibility through real-time monitoring and anomaly detection. 

4.2. Stage 2: System Integration 

(1) Description: Integrates heterogeneous operational and enterprise systems (SCADA, MES, ERP, PLM, 
SCM) into a unified digital architecture, eliminating data silos. 

(2) Objective: Enable enterprise-wide interoperability and synchronized information flow. 
(3) Key Challenges: System heterogeneity, semantic misalignment, integration complexity, and weak 

governance. 
(4) Key Activities: API integration, data lakes, ISA-95/RAMI 4.0 frameworks, semantic data models. 
(5) KPIs: Data consistency, synchronization latency, integration coverage, and coordination efficiency. 
(6) Implementation Logic: Builds a unified digital backbone enabling coherent cross-functional 

information exchange and system-wide alignment. 
(7) Outcome: Structural flexibility through integrated information systems. 
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4.3. Stage 3: Intelligent Analytics 

(1) Description: Converts integrated data into predictive and prescriptive intelligence using AI and 
machine learning. 

(2) Objective: Enable anticipatory decision-making and system optimization under uncertainty. 
(3) Key Challenges: Data quality issues, model interpretability, scalability constraints, and limited AI maturity. 
(4) Key Activities: Predictive maintenance, demand forecasting, anomaly detection, quality prediction, 

optimization models. 
(5) KPIs: Forecast accuracy, prediction error rate, downtime reduction, and decision latency. 
(6) Implementation Logic: Transforms data into actionable intelligence, enabling proactive and 

optimization-driven decision-making. 
(7) Outcome: Anticipatory flexibility through predictive analytics. 

4.4. Stage 4: Adaptive Automation 

(1) Description: Integrates robotics, collaborative robots, and digital twins to enable real-time adaptive 
control of production processes. 

(2) Objective: Enable dynamic responsiveness under changing operational conditions. 
(3) Key Challenges: Cyber-physical integration, control stability, and cybersecurity risks. 
(4) Key Activities: Robotics integration, cobots, digital twin synchronization, adaptive scheduling. 
(5) KPIs: Cycle time variability, setup time reduction, adaptation speed, process stability. 
(6) Implementation Logic: Establishes closed-loop feedback between analytics and physical systems for 

real-time adaptive execution. 
(7) Outcome: Operational flexibility through adaptive process control. 

4.5. Stage 5: Autonomous Systems 

(1) Description: Enables decentralized, self-organizing manufacturing systems driven by AI agents and 
modular architectures. 

(2) Objective: Achieve self-optimization, self-healing, and autonomous reconfiguration. 
(3) Key Challenges: Multi-agent coordination, governance of autonomy, cybersecurity, and system complexity. 
(4) Key Activities: Reinforcement learning agents, autonomous scheduling, plug-and-produce systems. 
(5) KPIs: Reconfiguration time, recovery time, autonomy level, intervention rate. 
(6) Implementation Logic: Enables distributed intelligence and autonomous control for continuous 

system-level optimization and adaptation. 
(7) Outcome: Reconfigurational flexibility through autonomous system behavior. 

4.6. Stage 6: Human–AI Collaboration (Industry 5.0) 

(1) Description: Establishes socio-technical systems where human cognitive intelligence and AI jointly 
support decision-making. 

(2) Objective: Enhance adaptability, innovation, and decision quality through human–AI synergy. 
(3) Key Challenges: Trust in AI, cognitive overload, skill gaps, and ethical governance. 
(4) Key Activities: Explainable AI, collaborative robotics, AR/VR training, human digital twins. 
(5) KPIs: Collaboration efficiency, decision accuracy, trust level, and workforce adaptability. 
(6) Implementation Logic: Integrates human reasoning with AI analytics to enable context-aware, 

explainable, and collaborative decision-making. 
(7) Outcome: Cognitive flexibility through human–AI co-intelligence. 
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4.7. Stage 7: Ecosystem Integration 

(1) Description: Extends smart manufacturing into interconnected industrial ecosystems across suppliers, 
manufacturers, logistics, and customers. 

(2) Objective: Enable end-to-end coordination and network-wide optimization. 
(3) Key Challenges: Cross-organizational governance, interoperability barriers, cybersecurity risks, and 

trust asymmetry. 
(4) Key Activities: Cloud–edge orchestration, blockchain traceability, AI-driven supply chain 

optimization, ecosystem platforms. 
(5) KPIs: Lead time, responsiveness, synchronization efficiency, and disruption recovery rate. 
(6) Implementation Logic: Enables cross-organizational interoperability and real-time coordination across 

distributed value networks. 
(7) Outcome: Ecosystem flexibility through fully connected industrial networks. 

In conclusion, the proposed seven-stage roadmap demonstrates that production flexibility in smart 
manufacturing is not a direct outcome of technological deployment, but a progressively emergent system 
capability shaped through structured socio-technical transformation. This evolution follows a layered 
maturity trajectory from digital connectivity and system integration to intelligent analytics, adaptive 
automation, autonomous systems, human–AI collaboration, and ecosystem integration. 

Across these stages, manufacturing systems transition from isolated data generation to integrated 
information flows, from reactive monitoring to predictive and prescriptive intelligence, from rigid 
automation to adaptive control, from centralized decision-making to distributed autonomy, and from 
enterprise-centric optimization to ecosystem-level coordination. Each stage contributes a distinct flexibility 
dimension—observational, structural, anticipatory, operational, reconfigurational, cognitive, and 
ecosystemic—reflecting the cumulative and interdependent nature of industrial evolution. 

Overall, production flexibility is conceptualized as an emergent socio-technical capability arising from 
continuous interactions among digital technologies, data infrastructures, human capabilities, organizational 
structures, and industrial ecosystems. This reinforces the central argument that sustainable flexibility 
requires holistic, staged, and system-wide integration, aligning the transition from Industry 4.0 to Industry 
5.0 paradigms. 

5. Discussion 

This study advances smart manufacturing theory by redefining production flexibility as a nonlinear 
emergent socio-technical capability, rather than a direct outcome of digital technology adoption. In contrast 
to dominant Industry 4.0 assumptions, technologies such as CPS, IIoT, AI, robotics, and digital twins do 
not independently generate flexibility. Instead, flexibility emerges through recursive feedback loops, cross-
layer interaction effects, and structural coupling among technological, organizational, and cognitive 
subsystems [9,43,44]. 

A key theoretical contribution is the shift from a technology-centric causality model to an interaction-
driven emergence logic. Prior studies largely explain performance improvements by isolating the effects of 
individual technologies. This study instead conceptualizes production flexibility as a system-level property 
arising from coordination intensity, integration depth, and dynamic interdependencies across system layers. 

By integrating Dynamic Capabilities Theory, Cyber-Physical Systems Theory, and Socio-Technical 
Systems Theory, this study develops a unified explanation of production flexibility as a co-evolutionary 
multi-layer capability system. Flexibility is continuously generated through sensing–decision–execution 
cycles embedded in cyber-physical infrastructures, but is fundamentally shaped by human cognition and 
organizational coordination mechanisms. Accordingly, flexibility is best understood as a hybrid cognitive–
computational–organizational capability rather than a purely operational outcome [13,14,47]. 
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The Industry 4.0–5.0 transition is reconceptualized as a dual-layer evolutionary architecture rather than 
a linear paradigm shift. Industry 4.0 provides the cyber-physical and computational foundation for 
connectivity, automation, and data-driven optimization, whereas Industry 5.0 introduces a complementary 
human-centric layer emphasizing interpretability, ethical governance, and resilience. Production flexibility 
emerges only when these layers are coherently aligned, positioning flexibility as a co-produced socio-
technical state rather than a technology-driven outcome. 

The proposed seven-stage roadmap contributes a capability emergence architecture, extending beyond 
traditional maturity models. Unlike linear progression assumptions, the framework demonstrates that 
flexibility evolves through threshold effects, dependency hierarchies, and nonlinear reinforcement 
mechanisms. Early stages enable observability and structural integration, intermediate stages support 
predictive and adaptive intelligence, and advanced stages enable autonomy, human–AI collaboration, and 
ecosystem coordination. Importantly, higher-order flexibility cannot emerge without the stabilization of 
foundational cyber-physical and data integration capabilities, confirming a hierarchical structure of 
capability development. 

From a practical perspective, the findings explain why many smart manufacturing initiatives fail to 
deliver proportional flexibility gains despite substantial digital investments. The core limitation is not 
technological insufficiency but architectural fragmentation and weak cross-layer integration governance. 
Organizations often prioritize technology deployment while underdeveloping system integration, 
interoperability, and human–AI coordination mechanisms, leading to localized optimization rather than 
system-wide adaptability. 

Human–AI collaboration emerges as a structural requirement for higher-order flexibility, rather than 
an optional enhancement. In uncertain and volatile environments, human cognition remains essential for 
contextual interpretation, ethical reasoning, and exception handling. Consequently, advanced flexibility 
states require embedding human decision authority within AI-augmented systems, particularly in 
autonomous and ecosystem-level configurations. 

Finally, production flexibility is reconceptualized as a multi-level emergent state space, where 
observational, structural, anticipatory, operational, reconfigurational, cognitive, and ecosystem flexibility 
represent interdependent and progressively evolving system states. These states are hierarchically structured, 
with higher-level flexibility enabled and constrained by lower-level infrastructural and cognitive foundations. 

Overall, this study establishes that production flexibility is not directly implemented through 
technology but emerges through sustained socio-technical alignment, interaction intensity, and system 
integration depth. This reframes digital transformation as a capability formation process governed by 
systemic coherence rather than a linear technology adoption pathway, offering a more comprehensive 
explanation of the persistent gap between digital investment and realized operational adaptability. 

6. Conclusions and Future Work 

This study develops a structured synthesis of smart manufacturing for production flexibility, based on 
a seven-stage roadmap of industrial transformation. The framework provides a unified analytical lens for 
explaining how manufacturing systems evolve from foundational digital connectivity to intelligent, 
autonomous, and ecosystem-integrated production environments. By integrating fragmented Industry 4.0 
and Industry 5.0 perspectives, the study establishes that production flexibility is not a localized operational 
attribute but an emergent system-level capability arising from the co-evolution of digital technologies, 
organizational structures, human cognition, and inter-organizational ecosystems. 

The proposed seven-stage roadmap—comprising (1) digital connectivity, (2) system integration, (3) 
intelligent analytics, (4) adaptive automation, (5) autonomous systems, (6) human–AI collaboration, and 
(7) ecosystem integration—captures the progressive formation of production flexibility across maturity 
levels. Each stage represents a distinct capability layer, evolving from observational and structural 
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flexibility to anticipatory and operational flexibility, and ultimately to reconfigurational, cognitive, and 
ecosystem-level flexibility. This staged progression clarifies how manufacturing systems progressively 
enhance adaptability, responsiveness, and resilience in volatile, uncertain, complex, and ambiguous 
(VUCA) environments. 

The primary contribution of this work is the development of a unified capability evolution framework 
linking smart manufacturing technologies to production flexibility outcomes. Rather than treating enabling 
technologies such as IIoT, AI, robotics, and digital twins as isolated drivers, the framework situates them 
within a path-dependent, cumulatively reinforcing transformation process, in which flexibility emerges 
through cross-layer interactions, structural coupling, and system-wide coherence. This advances socio-
technical systems theory by explicitly emphasizing the co-evolution of technological infrastructure, 
governance mechanisms, and human decision-making in enabling adaptive manufacturing performance. 

Theoretical Implications: This study advances theory by repositioning production flexibility as a multi-
level emergent capability rather than a direct technological outcome. It extends dynamic capabilities and 
socio-technical systems perspectives by providing a mechanism-based explanation of how flexibility 
emerges through interaction density, integration depth, and coordinated alignment across technological, 
organizational, and human subsystems. This strengthens the explanatory foundation of capability 
emergence in smart manufacturing environments. 

Practical Implications: The proposed roadmap provides practitioners with a structured reference model 
for guiding smart manufacturing transformation. It enables organizations to assess digital maturity and 
prioritize investments across connectivity, integration, intelligence, automation, autonomy, human–AI 
collaboration, and ecosystem coordination. This supports more coherent transformation planning and 
increases the likelihood of achieving sustained improvements in production flexibility. 

Managerial Implications: For managers, the framework functions as a strategic sequencing instrument 
for digital transformation planning. It clarifies how investments in enabling technologies translate into 
progressive flexibility gains while emphasizing alignment across operational, IT, and strategic domains. 
Particular attention is given to governance coherence, capability development, and organizational readiness 
to ensure that technological adoption translates into system-level performance improvement rather than 
localized optimization. 

Study Limitations: This study is conceptual and based on systematic literature synthesis rather than 
empirical validation. Consequently, the applicability of the proposed roadmap may vary across industrial 
contexts, depending on organizational maturity, sectoral characteristics, and digital infrastructure readiness, 
thereby limiting its generalizability in practice. 

Future Research Directions: Future research should empirically validate the proposed seven-stage 
roadmap across diverse industrial contexts, including discrete, process, and hybrid manufacturing systems. 
Longitudinal and comparative studies are required to examine transitions between stages and to analyze 
how production flexibility evolves under different technological and organizational conditions. A critical 
research direction is the development of standardized, multidimensional measures of flexibility across 
volume, product mix, and routing dimensions to enable comparability and cumulative theory development. 
Further research should explicitly incorporate human, organizational, and governance dimensions, given 
their decisive role in shaping transformation outcomes. In addition, advanced modeling approaches—such 
as system dynamics, agent-based modeling, reinforcement learning, and digital twin-based simulation—
should be employed to operationalize the framework, capture inter-stage dynamics, and optimize 
transformation pathways toward higher levels of manufacturing maturity. 
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Abbreviation Full Term Short Definition 
AI Artificial Intelligence Systems for reasoning, prediction, and decision-making. 
AR Augmented Reality Digital overlays on physical environments. 
CPS Cyber-Physical Systems Integrated computational–physical systems for real-time control. 
DL Deep Learning Neural network-based learning for complex pattern recognition. 
DT Digital Twin Virtual model of a physical system for monitoring and optimization. 
IIoT Industrial Internet of Things Connected industrial devices enabling data exchange. 
IoT Internet of Things Connected devices enabling sensing and communication. 
KPI Key Performance Indicator Metric for performance evaluation. 
ML Machine Learning Algorithms that learn from data. 
OEE Overall Equipment Effectiveness Measure of manufacturing productivity (availability, performance, quality). 
SFS Smart Factory System Digitally enabled intelligent manufacturing system. 
SMEs Small and Medium-sized Enterprises Firms of moderate scale contributing to innovation. 
VR Virtual Reality Fully immersive simulated environments. 
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