-

. ()

EPRA International Journal of Environmental Economics, Commerce and Educational Management
Journal DOI: 10.36713/epra0414 [ISI L.F Value: 0.815|SJIF Impact Factor (2026): 8.752 ISSN: 2348 — 814X

Volume: 13 | Issue:9 | September 2026 -Peer Reviewed Journal

ARTIFICIAL INTELLIGENCE AS A FORCE MULTIPLIER IN
INDUSTRIAL MANUFACTURING: A CONCEPTUAL
FRAMEWORK FOR ORGANISATIONAL CAPABILITY
ENHANCEMENT

Dr. Venkatanarayana Miriyam
Associate Professor, Department of Commerce, Government First Grade College, Lingasugur-584122.

Article DOI: https://doi.org/10.36713/epra29071
DOI No: 10.36713/epra29071

ABSTRACT

Artificial Intelligence (Al) is reshaping industrial manufacturing by moving organisations beyond conventional automation
toward intelligent, connected and increasingly adaptive production systems. The significance of Al extends beyond the
substitution of individual tasks. When integrated with organisational data, digital infrastructure, physical assets, human
expertise and managerial processes, Al can amplify the productive value of existing resources. This theoretical article
develops the proposition that Al can function as a new force multiplier for industrial manufacturing organisations. Drawing
on the Resource-Based View, Dynamic Capabilities perspective, Socio-Technical Systems Theory and the Knowledge-Based
View, the article synthesises literature on Al, Industry 4.0, smart manufacturing, human—machine collaboration and digital
transformation. The article examines Al applications across the manufacturing value chain, explains the transition from
automation to augmentation, identifies five dimensions of Al force multiplication, and develops an Al Force Multiplier
Mechanism linking data, intelligence, human and machine augmentation, decision enhancement and organisational
learning. A conceptual framework is proposed in which Al capability transforms existing organisational resources into
enhanced operational and strategic capabilities. Seven theoretical propositions are advanced concerning Al integration,
human augmentation, data-to-decision capability, operational agility, organisational readiness, governance and continuous
learning. The article concludes that the strategic significance of Al lies less in technology adoption itself and more in its
capacity to multiply the effectiveness of people, machines, data, knowledge and organisational processes.

KEYWORDS: Artificial Intelligence; Industrial Manufacturing, Smart Manufacturing; Industry 4.0; Industry 5.0, Al
Capability;, Human—AI Collaboration; Digital Transformation; Organisational Capability;, Force Multiplier

1. INTRODUCTION

Artificial Intelligence (Al) is increasingly transforming the way industrial manufacturing organisations design, produce,
monitor, and manage their operations. The integration of machine learning, computer vision, robotics, predictive analytics,
natural language processing, and generative Al is enabling manufacturing organisations to move beyond conventional
automation towards intelligent and adaptive production systems. Unlike traditional technologies that primarily automate
predefined tasks, Al can analyse large volumes of data, identify patterns, generate predictions, support decisions, and
continuously improve performance. Consequently, Al has the potential to influence not only individual production activities
but also broader organisational capabilities.

The concept of a “force multiplier” provides a useful theoretical perspective for understanding this transformation. A force
multiplier refers to a capability that substantially enhances the effectiveness of existing resources without requiring a
proportional increase in those resources. In manufacturing, Al can potentially multiply the value of human expertise,
machinery, operational data, organisational knowledge, and managerial decision-making. Its significance therefore extends
beyond replacing human labour or automating repetitive activities.

This article conceptualises Al as a new force multiplier for industrial manufacturing organisations. It integrates insights from
the Resource-Based View, Dynamic Capabilities Theory, Socio-Technical Systems Theory, and Knowledge-Based View to
explain how Al interacts with human, technological, informational, and organisational resources. The article develops a
conceptual framework identifying the mechanisms, dimensions, prerequisites, and challenges through which Al can generate
organisational value.

2. REVIEW OF LITERATURE

The literature on artificial intelligence (Al) in industrial manufacturing has evolved through several interconnected stages,
beginning with the development of cyber-physical and smart manufacturing systems, progressing towards Al-enabled
Industry 4.0 applications, and more recently moving towards human-centric, trustworthy, and capability-oriented
manufacturing. A stage-wise examination of this literature helps establish how the role of Al has gradually shifted from
automation and optimisation towards organisational intelligence and human—AlI augmentation.
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Stage I: From Cyber-Physical Systems to Smart Manufacturing

The initial stage of the literature established the technological foundations upon which contemporary Al-enabled
manufacturing has developed. Monostori (2014) identified cyber-physical production systems (CPPS) as an important
foundation for intelligent manufacturing, emphasising the integration of computational and physical production systems. The
significance of this contribution lies in its recognition that future manufacturing systems would not function merely through
isolated machines but through interconnected systems capable of exchanging information and responding to changing
production conditions. Lee et al. (2015) subsequently proposed a cyber-physical systems architecture for Industry 4.0-based
manufacturing, linking physical manufacturing processes with cyber-level information and analytical capabilities. Their work
strengthened the argument that manufacturing intelligence emerges through the integration of physical processes,
connectivity, data and computation. Kusiak (2018) extended this perspective through the concept of smart manufacturing, in
which interconnected manufacturing systems use data and computational intelligence to improve production processes and
decision-making. Similarly, Xu et al. (2018) reviewed the development of Industry 4.0 and highlighted the convergence of
information technologies, automation, cyber-physical systems, Internet of Things (IoT), cloud computing and intelligent
technologies. Collectively, these studies established the technological foundations of intelligent manufacturing. However,
their primary emphasis was on technological integration and system intelligence, rather than on explaining how Al could
multiply the effectiveness of existing organisational resources and capabilities.

Stage II: Industry 4.0 and the Development of Organisational Capabilities

The second stage shifted attention from individual technologies towards the broader transformation of manufacturing
organisations. Frank et al. (2019) examined Industry 4.0 technologies and identified different implementation patterns across
manufacturing organisations, including smart manufacturing, smart products, smart supply chains and smart working. Their
findings indicate that the value of Industry 4.0 does not arise simply from installing new technologies; rather, organisations
must develop complementary capabilities to exploit them effectively. This observation is particularly important for
conceptualising Al as a force multiplier because the effectiveness of Al depends on its interaction with existing organisational
resources, employee skills, processes and infrastructure. Vial (2019), through a systematic review of digital transformation,
similarly argued that digital technologies can disrupt established value-creation mechanisms and require organisations to
develop new structures and capabilities. Ghobakhloo (2020) further emphasised that Industry 4.0 can contribute to
organisational transformation, competitiveness and sustainability, while also requiring managerial and organisational
changes. Thus, the literature gradually moved from a technology-centric view towards a capability-centric view.
Nevertheless, Al itself was not yet sufficiently conceptualised as an integrative mechanism through which different
organisational resources could be amplified.

Stage I1I: Emergence of Al as an Enabler of Intelligent Manufacturing

The third stage marks the increasing prominence of Al and machine learning as central components of Industry 4.0. Zonta et
al. (2020), through a systematic review of predictive maintenance, demonstrated how machine-learning techniques could
transform maintenance from a predominantly reactive activity into a predictive one. This illustrates an important mechanism
through which Al can enhance existing manufacturing capabilities: operational data can be converted into predictions that
allow employees and machines to act before failures occur. Tercan and Meisen (2022) similarly reviewed machine-learning
and deep-learning applications for predictive quality in manufacturing and demonstrated the potential of Al to shift quality
management from conventional inspection towards predictive quality assurance. Jan et al. (2023) subsequently provided a
broader systematic review of Al applications within Industry 4.0 and organised Al adoption around a pipeline involving data
collection, data processing, model construction and interpretation. Their findings showed that Al applications differ
considerably across industries and that technological solutions cannot necessarily be transferred directly from one industrial
context to another.

The increasing breadth of Al applications is further demonstrated by the review of Al technologies in Industry 4.0 conducted
in 2023, which examined 45 studies and developed a taxonomy of Al applications. The study found that machine learning
and neural networks were among the most frequently employed Al approaches, with substantial application in product quality
and Industry 4.0 design. This indicates that Al had moved beyond being an experimental technology towards becoming an
important component of intelligent manufacturing systems. However, much of this literature remains application-specific,
concentrating on maintenance, quality, process planning, scheduling, optimisation or other individual manufacturing
functions. Consequently, the literature establishes what Al can accomplish, but provides comparatively less conceptual
explanation of how these separate capabilities combine to create an organisation-wide multiplier effect.

Stage IV: Integrated Al Across the Manufacturing Value Chain

The fourth stage represents a movement from individual Al applications towards an integrated view of Al across the
manufacturing value chain. Gao et al. (2024) provided an extensive overview of Al in manufacturing covering production-
system design and planning, process modelling, optimisation, quality assurance, maintenance, automated assembly and
disassembly. Importantly, their review emphasised the complementary relationship between domain knowledge and data,
suggesting that effective manufacturing Al cannot be understood purely as an algorithmic capability. Instead, Al becomes
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more meaningful when computational intelligence is combined with manufacturing knowledge and contextual
understanding.

Similarly, Presciuttini et al. (2024) examined machine-learning applications using loT data in manufacturing operations and
found that existing research was heavily concentrated on maintenance, while production-related applications received
comparatively less attention. They also identified machine-learning interpretability as an underexplored issue. This is
theoretically significant because the generation of an Al prediction does not automatically produce organisational value.
Employees and managers must understand, evaluate and act upon that prediction. Thus, the literature increasingly suggests
that Al capability and human capability are complementary rather than independent.

Research on automated process planning and dynamic scheduling has also demonstrated how Al and digital twins can support
manufacturing systems facing uncertainty and disruption. Such technologies allow production systems to model alternative
scenarios and make more informed planning and scheduling decisions. These developments indicate that Al can increasingly
influence not merely individual tasks but interconnected manufacturing decisions.

Stage V: Al Adoption, Organisational Readiness and Context

A fifth stage of research has focused on the conditions that determine whether Al can actually create value within
manufacturing organisations. Jan et al. (2023) found that Al adoption varies considerably across industrial sectors because
organisations differ in technological maturity, experience and adoption strategies. Their review also highlighted common
challenges across the Al pipeline, including data acquisition, processing, modelling and interpretation.

Recent research has strengthened this organisational perspective. Studies of Industry 4.0 and manufacturing resilience show
that interconnected digital technologies can potentially strengthen the ability of manufacturing systems to respond to
disruptions, but they can also create new dependencies and vulnerabilities. Consequently, digitalisation and Al should not
automatically be equated with organisational resilience; their effects depend upon how technologies are integrated into
manufacturing systems and organisational processes. Research on smart-manufacturing data collection has similarly
highlighted the importance of standardisation and reliable data foundations.

This stage therefore changes the central question from “Can Al perform a particular manufacturing task?” to “Under what
organisational conditions can Al generate sustainable value?” Data quality, technological infrastructure, employee
competence, management support, organisational readiness, process integration and governance consequently become
important prerequisites. This provides a strong theoretical basis for treating Al as a capability that multiplies existing
resources rather than functioning as an independent resource.

Stage VI: From Automation to Human—AI Augmentation

The most recent stage of the literature increasingly moves beyond Industry 4.0's emphasis on automation towards the human-
centric perspective associated with Industry 5.0. Earlier research on humancomputational intelligence collaboration had
already suggested that some manufacturing activities remain better suited to human capabilities and that intelligent
technologies can be designed to support workers rather than simply replace them. Research on augmented reality in smart
manufacturing, for example, examined computational intelligence as a collaborative interface for human operators.

This perspective has become increasingly prominent in recent Al research. Gao et al. (2024) explicitly emphasised the
importance of combining manufacturing domain knowledge with data and identified human—machine interaction as an
important area for future intelligent manufacturing. More recent research on trustworthy Al in human-centric smart
manufacturing argues that the future manufacturing environment requires a symbiotic relationship between human
capabilities and Al's computational capabilities. Li et al. (2025) conceptualise trustworthy Al in terms of safety,
explainability, accountability, uncertainty awareness and continuing human participation.

This represents an important conceptual transition. Earlier manufacturing research frequently viewed technology primarily
in terms of automation and substitution, whereas emerging research increasingly considers augmentation, collaboration and
mutual enhancement. Al can process large volumes of data, identify patterns and generate predictions at a scale that humans
cannot easily reproduce, while humans contribute contextual understanding, experience, judgement, creativity, ethical
reasoning and responsibility. Consequently, the greatest organisational value may arise not from replacing one capability
with another but from combining complementary capabilities.

3. CRITICAL SYNTHESIS AND RESEARCH GAP

The stage-wise literature demonstrates a clear evolution in the understanding of intelligent manufacturing. The first stage
established connectivity and cyber-physical integration; the second emphasised digital transformation and organisational
capabilities; the third demonstrated the growing application of Al and machine learning; the fourth expanded Al across the
manufacturing value chain; the fifth examined organisational readiness and adoption conditions; and the sixth increasingly
emphasised human—AlI collaboration and trustworthy, human-centric manufacturing.
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Despite this considerable development, the literature remains fragmented across technological, operational, organisational
and human perspectives. Existing studies have demonstrated that Al can improve predictive maintenance, quality, scheduling,
optimisation, process control, decision-making and other manufacturing functions. Other studies have examined the
conditions required for successful Al adoption, including data, infrastructure, organisational readiness and human
capabilities. More recent research has further recognised the importance of trust, explainability and human participation.

However, these streams have not yet been sufficiently integrated into a single theoretical explanation of how Al amplifies
the effectiveness of existing organisational resources. In particular, limited conceptual attention has been given to the
combined pathway through which Al converts organisational data into intelligence, intelligence into improved decisions,
decisions into coordinated action, and accumulated experience into enhanced organisational capability. The existing literature
therefore tends to answer what Al does, where Al is applied, and what conditions influence Al adoption, but provides less
integrated explanation of how Al multiplies human, machine, data, knowledge and strategic capabilities simultaneously.

This gap provides the theoretical basis for the present article. The article consequently conceptualises Artificial Intelligence
as a new force multiplier for industrial manufacturing organisations, not because Al independently creates all organisational
value, but because its value can emerge through the interaction of Al with existing human expertise, physical assets,
organisational knowledge, data resources and managerial capabilities. The proposed perspective therefore shifts the
discussion from Al as an automation technology to Al as a capability-multiplying mechanism.

4. RESEARCH METHODOLOGY

The study adopts a theoretical, conceptual and qualitative research design to critically examine Artificial Intelligence (Al) as
a force multiplier in industrial manufacturing organisations. It is based exclusively on secondary literature, comprising peer-
reviewed journal articles, books, systematic literature reviews, conference publications and authoritative institutional reports
retrieved from established scholarly databases, including Scopus, Web of Science, ScienceDirect, SpringerLink, Emerald
Insight, IEEE Xplore and Google Scholar. The literature selection emphasises relevance, theoretical significance, scholarly
credibility and contribution to Al-enabled manufacturing. A chronological, thematic and critical synthesis is employed to
examine the evolution of intelligent manufacturing and identify key dimensions, including smart manufacturing, Industry
4.0/5.0, machine learning, predictive maintenance and quality, human—Al collaboration, digital transformation,
organisational learning and Al governance. The analysis integrates the Resource-Based View, Dynamic Capabilities Theory,
Socio-Technical Systems Theory and Knowledge-Based View to explain how Al transforms technological, human,
informational and organisational resources into enhanced capabilities. On this basis, the study develops an Al Force
Multiplier Framework for industrial manufacturing organisations.

5. THEORETICAL ASPECTS

The theoretical foundation of Al as a force multiplier in industrial manufacturing rests on the complementary insights of the
Resource-Based View (RBV), Dynamic Capabilities Theory, Socio-Technical Systems (STS) Theory, Knowledge-Based
View (KBYV), and Technology—Organisation—Environment (TOE) framework. From an RBV perspective, Al enhances the
value and productive utilisation of existing resources, including machinery, data, employee expertise and organisational
routines. Dynamic Capabilities Theory extends this argument by explaining how Al strengthens organisational sensing,
seizing and reconfiguring capabilities in dynamic environments. STS theory highlights the importance of human—Al-
machine complementarity, while KBV explains how Al transforms dispersed data and experience into actionable knowledge
and organisational learning. The TOE framework contextualises these effects by identifying the technological, organisational
and environmental conditions shaping Al adoption. Collectively, these perspectives suggest that Al creates a force-multiplier
effect not through technology alone, but through its integration with complementary resources and capabilities, enabling
superior intelligence, prediction, optimisation, decision-making and adaptive manufacturing performance.

6. Al AS A FORCE MULTIPLIER IN INDUSTRIAL MANUFACTURING ORGANISATIONS

Al increasingly extends beyond conventional automation by augmenting and multiplying existing organisational capabilities
through its integration with human expertise, machinery, operational data and organisational knowledge. Its force-multiplier
effect operates through five interconnected dimensions: human capability, machine capability, data-to-decision capability,
organisational knowledge capability and strategic capability. Al can enhance employee decision-making, improve machine
utilisation through predictive maintenance and optimisation, transform data into actionable intelligence, convert dispersed
experience into organisational learning, and strengthen strategic sensing, planning and adaptation. These capabilities also
enable cross-functional intelligence, linking production, quality, maintenance, inventory, supply chains and managerial
decisions. However, Al technology alone does not ensure such outcomes. The force-multiplier effect depends on
complementary conditions including data quality, digital infrastructure, employee competencies, management commitment,
system interoperability, trust and explainability, cybersecurity, responsible governance, human oversight and organisational
readiness. Thus, Al capability x complementary organisational capabilities — enhanced manufacturing performance and
adaptive capacity, establishing Al as an integrative capability rather than merely an automation technology.
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Dimension What AI multiplies How it creates the multiplier effect Typlcalol:fcl:::;?turmg
Expertise, judgement Al processes complex information Faster, better-informed
1. Human and analytical capacity | and provides predictions, problem-solving and
Capability recommendations and decision decision-making
support to employees
Asset utilisation, Al uses sensor and equipment data for | Reduced downtime,
2. Machine availability and predictive maintenance, condition improved utilisation and
Capability operational monitoring and process optimisation equipment effectiveness
performance

3. Data-to-Decision
Capability

Information-processing
and decision-making
capacity

Al transforms large volumes of raw
data into information, intelligence,
predictions and recommended actions

Faster and more accurate
operational decisions

4. Organisational
Knowledge
Capability

Organisational learning
and accumulated
experience

Al captures and analyses historical,
operational and experiential data to
identify recurring patterns and
insights

Knowledge retention,
continuous learning and
improved process
improvement

5. Strategic
Capability

Sensing, planning,
adaptation and resource
allocation

Al analyses market, demand, supply-
chain and operational information to
support strategic assessment and

Greater responsiveness,
adaptability and strategic
decision support

planning

7. PROPOSED Al FORCE MULTIPLIER FRAMEWORK

Building on the preceding theoretical synthesis, this study proposes an Al Force Multiplier Framework for Industrial
Manufacturing Organisations that conceptualises Al as an integrative capability rather than an isolated technology. The
framework explains how human, physical, data, knowledge and organisational resources are integrated with Al to generate
intelligence, prediction, optimisation and decision support, which are subsequently translated into operational and strategic
action. The process is iterative, as outcomes generate new data and organisational learning, creating a continuous sense—
analyse—decide—act-learn—improve cycle. The resulting force-multiplier effect operates across five interconnected
dimensions: human capability, machine capability, data-to-decision capability, organisational knowledge capability and
strategic capability. Human judgement remains central to Al-supported decision-making, reflecting human—AlI
complementarity. The framework further recognises data quality, digital infrastructure, employee competence, leadership,
organisational culture, interoperability, trust, explainability, cybersecurity and governance as enabling conditions. Thus, Al
capability x organisational readiness — enhanced organisational capability, providing a multi-level explanation of Al-
enabled manufacturing transformation.

resources

Basis Resources Capabilities
Meaning Assets, inputs and stocks available to the Organisational ability to deploy and combine
organisation resources effectively
Nature What the organisation has What the organisation can do
Examples in Employees, machines, data, Al systems, Decision-making, prediction, optimisation,
manufacturing infrastructure, knowledge learning, adaptation
Role of AI Enhances the value and utilisation of Strengthens the organisation's ability to

perform activities

Theoretical link

Primarily RBV

RBYV + Dynamic Capabilities

Example Sensor data Ability to use sensor data to predict machine
failure

Example Experienced technician Ability to combine technician expertise with
Al recommendations

Example Production machinery Ability to optimise machine utilisation using

Al

8. THEORETICAL PROPOSITIONS

The proposed framework conceptualises Al as a force multiplier whose organisational value emerges from its integration
with complementary human, machine, data, knowledge and organisational resources. Accordingly, P1 proposes that AI—
resource complementarity strengthens the overall force-multiplier effect. P2—P6 specify five interconnected mechanisms: Al
augments human expertise and decision-making; enhances machine utilisation and reliability; transforms data into predictive
and actionable intelligence; converts dispersed experience into organisational knowledge and learning; and strengthens
strategic sensing, planning and adaptive capability. P7 proposes that human oversight, interpretability and organisational
trust strengthen Al value realisation, while P8 identifies data quality, digital infrastructure, employee competence, leadership,
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organisational culture and governance as critical organisational-readiness conditions. P9 integrates these relationships,
proposing that Al capabilities, when combined with complementary resources and organisational readiness, generate broader
organisational capability multiplication. Collectively, the propositions operate through a dynamic sense—analyse—decide—
act-learn—improve cycle, positioning Al-enabled capability multiplication as a systemic rather than isolated technological
phenomenon.

9. THEORETICAL FINDINGS

The conceptual analysis indicates that Al represents a shift from conventional automation towards intelligence, augmentation
and capability multiplication in industrial manufacturing. Its value arises through complementarity with human expertise,
physical assets, organisational data, knowledge and processes rather than through technology alone. Al can augment human
judgement, enhance machinery utilisation, transform data into predictive decision intelligence, strengthen organisational
learning and support dynamic capabilities through sensing, seizing and transforming. Its force-multiplier effect is systemic,
emerging through integration across production, quality, maintenance, inventory, supply chains and managerial functions.
However, Al potential becomes realised capability only when supported by data quality, digital infrastructure, employee
competence, leadership, interoperability, cybersecurity, governance and organisational readiness. Human oversight remains
essential for interpreting Al outputs and responsible decision-making. Overall, Al enables a continuous sense—analyse—
predict—decide—act—learn—improve cycle, thereby multiplying organisational capabilities, performance and adaptability.

10. MANAGERIAL IMPLICATIONS

The theoretical findings suggest that managers should treat Al as a capability multiplier rather than merely a technology or
automation investment. Al initiatives should begin with strategic or operational problems, identify required capabilities, and
assess complementary resources, data and digital readiness before selecting appropriate applications. Managers should
strengthen data infrastructure, employee Al literacy, human—AlI collaboration and work-process redesign while integrating
Al across production, quality, maintenance, inventory, supply chains and management. Effective implementation also
requires human oversight, explainability, cybersecurity, governance, responsibility and employee trust. Al performance
should be evaluated through multidimensional operational, quality, asset, human, data, knowledge, strategic and innovation
outcomes rather than cost reduction alone. A staged pathway from data readiness to predictive, prescriptive and integrated
Al operations can support progressive capability development. Finally, continuous feedback and organisational learning
should guide scaling, positioning Al leadership around technology, people, data, processes, strategy and governance.

11. INDUSTRY AND POLICY IMPLICATIONS

Al-enabled manufacturing has implications beyond individual organisations, influencing industrial competitiveness, SMEs,
workforce development, Industry 5.0, supply chains and regional industrial ecosystems. Al can strengthen productivity,
quality, resource utilisation, responsiveness, innovation and intelligent supply-chain coordination, while SMEs require
affordable access to data, infrastructure, expertise, finance and cybersecurity. Workforce policies should prioritise continuous
Al, digital and data reskilling and human—AI collaboration. Industry-level transformation requires reliable connectivity,
computing, sensors, interoperable systems and secure data infrastructure, supported by common standards and responsible
data exchange. Cybersecurity, privacy, transparency, explainability, accountability, safety and human oversight are essential
for trustworthy adoption. Regional development should integrate digital infrastructure, skilled talent, research institutions
and industry collaboration. Accordingly, national manufacturing strategies should coordinate infrastructure, human capital,
SME support, research, standards, cybersecurity, governance, innovation, resilience and sustainability, establishing an
integrated industrial Al ecosystem.

12. CHALLENGES, PARADOXES AND LIMITATIONS OF AI AS A FORCE MULTIPLIER

Al’s force-multiplier potential is conditional rather than automatic, involving tensions between automation and employment,
efficiency and resilience, data abundance and quality, algorithmic accuracy and human judgement, intelligence and
explainability, technological and organisational capability, centralisation and employee autonomy, connectivity and
cybersecurity, speed and learning, short-term productivity and long-term capability, and standardisation and flexibility.
Excessive Al dependence may create operational vulnerability, while unequal access can widen Al capability gaps across
organisations and regions. Al can amplify both strengths and weaknesses; therefore, human oversight, reskilling, governance,
cybersecurity, contingency planning and organisational readiness remain essential. The study is theoretically limited because
its propositions are not empirically tested, and outcomes may vary by industry, size, technology, workforce, geography and
regulatory context. Thus, Al becomes a force multiplier only when embedded within an appropriate socio-technical and
organisational system.

13. CONCLUSION

This theoretical study conceptualises Al as a force multiplier that enhances existing human, technological, informational,
knowledge and strategic resources in manufacturing beyond conventional automation. Integrating RBYV, Dynamic
Capabilities, Socio-Technical Systems, Knowledge-Based View and TOE, the framework identifies five dimensions: human,
machine, data-to-decision, organisational knowledge and strategic capabilities. The force-multiplier effect is conditional on
data quality, infrastructure, skills, leadership, readiness, integration, trust, human oversight and governance. Human—AlI
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complementarity, rather than substitution, remains central. Al can strengthen productivity while supporting learning,
innovation, adaptability and resilience through the continuous cycle Al Integration — Intelligence — Prediction — Decision
— Action — Learning — Capability Multiplication. However, employment transformation, data quality, cybersecurity,
explainability, technological dependence, resilience tensions and unequal access demonstrate that Al becomes a force
multiplier only when responsibly embedded within an appropriate socio-technical system.
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