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ABSTRACT

This study presents a longitudinal bibliometric analysis of 1,582 Scopus-indexed articles that
explore the intersection of Industry 4.0 technologies and firm-level performance between
2011 and 2025. Using a structured protocol grounded in co-citation, co-authorship, and
keyword co-occurrence analyses, the study identifies key contributors, thematic domains, and
intellectual turning points in this rapidly evolving research space. Five major clusters are
revealed: digital transformation for sustainable performance, readiness and adoption barriers,
technological change and socioeconomic impact, lean-digital integration, and human capital
in global value chains. Dynamic co-citation analysis further reveals the emergence of
sustainability-anchored digital strategy and ecosystem-centric transformation narratives.
Despite conceptual growth, the field remains fragmented in methodology, with limited use of
longitudinal or real-time data and sparse integration of readiness-performance frameworks.
This study proposes a future research agenda that emphasizes causal linkages, mixed-method
designs, governance frameworks, and multi-capital performance evaluation, thereby
contributing to a more coherent and impactful scholarly discourse on digital transformation.

Keywords: Industry 4.0; Firm Performance; Bibliometric Analysis; Co-citation Clustering;
Digital Transformation; Operational Efficiency; Sustainability; Smart Manufacturing;
Readiness Models; Technology Adoption

INTRODUCTION:

The past decade has witnessed a paradigm shift in
manufacturing and business operations, primarily
driven by the adoption of advanced digital technologies.
The concept of Industry 4.0, formally introduced at the
Hannover Messe in 2011, represents the strategic
integration of intelligent systems such as artificial
intelligence (AI), machine learning (ML), the Internet of
Things (IoT), robotics, cyber-physical systems, big data
analytics, cloud computing, and digital twins. These
technologies enable automation, interconnectivity, and
data-driven decision-making, significantly altering how
firms create value, manage operations, and compete
globally. (C. K. H. Lee et al., 2013; Zhong et al., 2017)
Scholarly attention has increasingly focused on the
potential of Industry 4.0 technologies to improve firm-
level performance outcomes, including operational
efficiency, return on investment (ROI), innovation, and
sustainability performance. Studies have explored the
role of AI in predictive maintenance (C. K. H. Lee et al.,
2013) , the use of robotics in service and production
environments (Wirtz et al., 2018) , and the integration
of smart logistics for supply chain responsiveness
(Ghobakhloo, 2018a) . Others have examined the
financial returns of digital transformation initiatives
and the alignment of technological capabilities with key
performance indicators (KPIs), particularly in the
context of small and medium-sized enterprises (SMEs).
(Müller et al., 2018)

Despite these contributions, existing literature often
treats digital technologies in isolation, addressing
either their implementation or performance outcomes
in a fragmented manner. There is limited
understanding of the cumulative and integrated effects
of Industry 4.0 technologies on firm performance,
particularly when examined across interrelated
functional domains. Furthermore, research is
frequently siloed across disciplinary boundaries such
as operations management, industrial engineering,
information systems, and organizational studies. While
several narrative and systematic reviews have
attempted to consolidate insights, they typically focus
on specific sectors, technologies, or geographies and
fail to capture the structural and thematic evolution of
the field. (Ghobakhloo, 2018a; Zhong et al., 2017).
A bibliometric synthesis is necessary to organize this
fragmented body of knowledge, uncover patterns of
scholarly collaboration, and map the thematic
evolution of research at the intersection of Industry 4.0
and firm performance. By tracing the intellectual
structure of the field over time, such an analysis can
identify dominant research streams, influential
contributors, and underexplored areas that merit
further investigation.
To address these gaps, the present study conducts a
bibliometric analysis of 1,582 English-language articles
and conference papers published between 2011 and
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2025, retrieved from the Scopus database. This time
window captures the full trajectory of Industry 4.0
scholarship, from its conceptual inception to its current
maturity. The dataset was restricted to subject areas
relevant to Business, Management and Accounting;
Decision Sciences; Economics, Econometrics & Finance;
Engineering; and Multidisciplinary research. The
search strategy employed a comprehensive syntax
encompassing keywords related to both enabling
technologies and performance-related constructs such
as ROI, firm-level KPIs, and sustainability metrics.
The study is guided by the following research questions:
 RQ1: Who are the key contributors shaping the
research on Industry 4.0 and firm performance?
 RQ2: What are the major thematic areas in this
field, and how have they evolved over time?
 RQ3: What are the key research gaps and
future directions that can guide scholars in this domain?
To answer these questions, the study adopts a
structured bibliometric approach, incorporating
techniques such as co-authorship, network analysis,
citation and co-citation mapping, prestige ranking, co-
word analysis, and dynamic cluster evolution. The
analysis is conducted using VOSviewer and Google
Colab well-established tools for bibliometric
visualization. The methodological foundation is based
on the science mapping protocol developed by (Aria &
Cuccurullo, 2017) widely applied in bibliometric
literature.
By synthesizing over a decade of research, this study
aims to provide a comprehensive understanding of
how digital transformation has been conceptualized
and empirically linked to firm performance. The
findings contribute to theory development, inform
managerial decision-making, and support policy
interventions in the context of digital industrial
transformation.

2. Methodology
2.1 Data Collection
This study applies a bibliometric approach to examine
the intellectual structure and thematic evolution of
research at the intersection of Industry 4.0
technologies and firm-level performance. The data
were retrieved from the Scopus database using a
carefully designed Boolean search query. The search
strategy was formulated to include a wide range of
technologies associated with Industry 4.0, such as
artificial intelligence, machine learning, robotics,
automation, smart manufacturing, cyber-physical
systems, big data analytics, cloud computing, and
digital twins. In parallel, the query incorporated
performance-oriented terms such as productivity,
operational efficiency, return on investment, return on
assets, profitability, innovation performance, and
sustainability performance.
To maintain topical relevance, the search results were
limited to five disciplinary categories in Scopus:
Business, Management and Accounting; Decision
Sciences; Engineering; Economics, Econometrics and
Finance; and Multidisciplinary. Only English-language
documents published between 2011 and 2025 were

included. The document types were restricted to
journal articles and conference papers, in line with
previous bibliometric studies that focus on peer-
reviewed academic contributions. The initial query
yielded a total of 1,582 documents that satisfied all
inclusion criteria.
The timeline selected for this study begins in 2011,
which marks the formal launch of the Industry 4.0
concept at the Hannover Messe. The upper bound of
2025 reflects the inclusion of both published and in-
press documents available at the time of data retrieval,
thereby capturing the latest trends and scholarly
developments in the domain.

2.2 Bibliometric Protocol
The analytical framework for this study is based on the
bibliometric protocol introduced by (Aria & Cuccurullo,
2017) . Their framework provides a robust
methodology for science mapping and performance
analysis. The protocol includes a sequence of
structured techniques that enable both quantitative
and network-based exploration of bibliographic
metadata.
The analysis was conducted in six stages:
1. Performance Analysis: Key publication
metrics were used to identify the most productive
authors, institutions, countries, and journals.
2. Coauthorship Network Analysis: Patterns of
collaboration were mapped at the author, institutional,
and country levels.
3. Citation and Co-citation Analysis: Highly
cited documents and frequently co-cited pairs were
examined to uncover influential works and theoretical
foundations.
4. Prestige Analysis: Centrality-based metrics,
including PageRank, were calculated to evaluate the
relative influence of contributors and documents
beyond citation counts.
5. Coword Analysis: Keyword co-occurrence
networks were constructed to identify conceptual
structures and thematic clusters.
6. Dynamic Co-citation Analysis: Temporal
segmentation of the dataset enabled the identification
of evolving research themes across multiple sub-
periods.
The tools used for data processing and visualization
included VOSViewer for constructing bibliometric
networks and clustering maps, and Google Colab for
performing network centrality analysis and visualizing
temporal patterns. Author names, keywords, and
source titles were standardized to correct for
inconsistencies and improve the accuracy of the
network structures. Fractional counting was applied in
all network analyses to account for the proportional
contribution of co-authors, institutions, or countries to
each publication.

2.3 Temporal Segmentation
To capture the evolution of research themes over time,
the 15-year study period from 2011 to 2025 was
divided into three sub-periods. This temporal
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segmentation facilitates the identification of emerging,
stable, and declining clusters within the field.
 Period I (2011 to 2015): Represents the
foundational phase during which Industry 4.0 was
introduced and initial scholarly discourse began to
emerge.
 Period II (2016 to 2020): Marks the
expansion phase with growing interest in digital
transformation, intensified research activity, and
increasing publication volume.
 Period III (2021 to 2025): Reflects the post-
pandemic phase characterized by accelerated adoption
of digital technologies and consolidation of research
streams.
These temporal boundaries were defined based on
publication trends, citation dynamics, and major
milestones in technological diffusion and industrial
policy. They serve to contextualize the results of the
dynamic co-citation analysis and illustrate how
thematic priorities have shifted over time.

3. Descriptive Analysis
The bibliometric dataset comprises 1,582 documents
published between 2011 and 2025, retrieved from
Scopus using a refined Boolean search strategy
targeting Industry 4.0 technologies and firm-level
performance outcomes (see Methodology). The
inclusion criteria restricted records to English-
language articles and conference papers from the
domains of business, management, decision sciences,
economics, econometrics & finance, and engineering.
As illustrated in Figure 1, the number of publications
has grown significantly over the review period. The
early years (2011–2014) witnessed relatively low
activity, reflecting the nascency of Industry 4.0
discourse following its formal articulation at Hannover
Messe in 2011. From 2015 onward, a sharp uptick is
evident, particularly between 2018 and 2023,
corresponding with the broader institutionalization of
digital manufacturing initiatives globally (e.g., Smart
Manufacturing Leadership Coalition in the U.S.,
Germany’s Industrie 4.0 platform, and India’s Samarth
Udyog Bharat 4.0 initiative).

Figure 1. Articles Published Per Year (2011–2025)

The publication trend confirms the increasing academic salience of Industry 4.0 not just as a technological
phenomenon but as a research field intersecting operational efficiency, strategic transformation, and sustainable
business models. This section offers an overview of the dataset's publication patterns and top contributors based on
different bibliometric indicators. The results are organized along three key dimensions: publication volume,
fractional contribution, and network influence. These metrics provide complementary insights into scholarly
productivity, proportional involvement in co-authored works, and embeddedness in the field’s intellectual structure.

3.1 Contributors by Publication Volume
Table 1 presents a ranked list of contributors based on total number of publications identified through full counting.
The leading author, Mohd Javaid, is credited with 11 publications, followed by Abid Haleem (10) and Rajiv Suman
(9). The list is dominated by authors affiliated with Indian institutions, particularly Jamia Millia Islamia, highlighting
the country’s strong research activity in Industry 4.0 applications and firm performance.
This dominance is reinforced by the presence of authors such as Ravi Pratap Singh, Rishi Ranjan, and Sameer S.
Notably, contributors from Taiwan (e.g., Chen-Fu Chien) and Hong Kong (e.g., Lau H. C. W.) also feature in the top
ranks, underscoring the cross-regional research momentum in East and South Asia.
The organizations with the highest aggregate outputs include Jamia Millia Islamia, Indian Institutes of Technology
(IITs), and National Institutes of Technology (NITs), indicating a strong concentration of research within technical
universities.

Table 1: Top Authors by Total Publication Volume (2011–2025)
This table ranks individual contributors based on the total number of publications (articles and conference papers)
identified through full counting. Institutional affiliations and countries are included to indicate geographic and
organizational concentration.
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Author

Number
of
Articles
(Author)

Organization Number of
Articles (Org) Country

Number of
Articles
(Country)

Javaid, Mohd 11
Department of Mechanical
Engineering, Jamia Millia
Islamia, New Delhi, India

11 India 238

Haleem, Abid 10

Department of Industrial &
Production Engineering, G.B.
Pant University of
Agriculture & Technology,
Uttarakhand, Pantnagar,
India

6 China 236

Suman, Rajiv 9

Guildhall School of Business
and Law, London
Metropolitan University,
London, United Kingdom

6 United
States 186

Singh, Ravi
Pratap 9

Department of Production
Engineering, National
Institute of Technology,
Tamil Nadu, Tiruchirappalli,
India

5 United
Kingdom 133

Chien, Chen-Fu 7

Department of Industrial and
Production Engineering, Dr B
R Ambedkar National
Institute of Technology,
Punjab, Jalandhar, India

5 Italy 120

Gunasekaran,
Angappa 7

The Cognitive Labor
Institute, New York City, NY,
United States

4 Germany 89

Antony, Jiju 6

Institute of Business
Management, GLA
University, UP, Mathura,
India

4 South
Korea 78

Huang, George
q. 6

Faculty of Operation and
Economics of Transport and
Communications,
Department of Economics,
University of Zilina, Zilina,
Slovakia

4 Malaysia 71

Tortorella,
Guilherme 6

Centre for Supply Chain
Improvement, University of
Derby, Derby, United
Kingdom

4 Spain 59

Garza-Reyes,
Jose Arturo 6

Department of Business
Administration, Ilma
University, Karachi, Pakistan

4 Australia 59

3.2 Fractional Contribution Based on Bibliographic Coupling
Table 2 adopts a fractional counting approach that attributes partial credit to co-authors based on bibliographic
coupling. This corrects for inflated author counts in multi-authored papers and presents a more balanced view of
individual contributions.
While authors such as Mohd Javaid, Ravi Pratap Singh, and Abid Haleem maintain high rankings under fractional
analysis, this method also highlights influential contributors such as Jiju Antony and Jose Arturo Garza-Reyes, whose
work may be less voluminous but highly central to multiple bibliographic networks.
These contributors tend to operate across international collaborations, often bridging themes like Six Sigma, digital
quality systems, and operational excellence in Industry 4.0 environments. The adjusted link strengths offer a proxy
for influence across structurally adjacent research communities.

Table 2: Top Authors by Fractional Contribution Based on Bibliographic Coupling
This table presents authors’ contributions adjusted for co- authorship, based on fractional link strength derived from
bibliographic coupling. The results reflect proportional authorship and structural relevance in the citation network.
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Author
Total Link
Strength
(Author)

Organization

Total
Link
Strength
(Org)

Country
Total Link
Strength
(Country)

Javaid, Mohd 1013.2779
Department Of Mechanical
Engineering, Jamia Millia
Islamia, New Delhi, India

890.3509 United
Kingdom 7757.617

Singh, Ravi
Pratap 1012.2779

College Of Engineering,
Northeastern University,
Boston, Ma, United States

406.1515 United
States 6827.8581

Haleem, Abid 884.5789

Department Of Industrial And
Production Engineering, Dr B R
Ambedkar National Institute Of
Technology, Punjab, Jalandhar,
India

362.1134 India 6824.0251

Suman, Rajiv 742.5839

Department Of Industrial &
Production Engineering, G.B.
Pant University Of Agriculture &
Technology, Uttarakhand,
Pantnagar, India

314 China 6639.0431

Antony, Jiju 575.5964
Institute Of Business
Management, Gla University, Up,
Mathura, India

210 Italy 3647.8247

Sony, Michael 499.5004
Centre For Supply Chain
Improvement, University Of
Derby, Derby, United Kingdom

90.4254 France 3409.0121

Luthra, Sunil 407.5727 Iae Business School, Universidad
Austral, Buenos Aires, Argentina 80.2849 Germany 3019.8338

Mcdermott,
Olivia 389.9687 Management Development

Institute, Gurgaon, India 68.7254 Malaysia 2919.5124

Kumar, Anil 378.0981

Guildhall School Of Business
And Law, London Metropolitan
University, London, United
Kingdom

65.6143 Australia 2904.6103

Garza-Reyes,
Jose Arturo 371.4602

Department Of Management,
Economics And Industrial
Engineering, Politecnico Di
Milano, Milano, Italy

58 Brazil 2383.3978

3.3 Network Influence Based on Total Link Strength
Table 3 ranks authors by their total link strength in bibliographic and co-citation networks, reflecting their
conceptual embeddedness and influence beyond publication count. Guilherme Luz Tortorella leads with a total link
strength of 39, followed by Morteza Ghobakhloo and Jose Arturo Garza-Reyes. These authors are known for their
theoretical contributions on lean-agile systems, digital maturity models, and performance measurement
frameworks.
This network-driven ranking reveals the presence of Brazilian and UK-based scholars in central knowledge
positions. For instance, Tortorella and Ghobakhloo have developed widely cited frameworks for technology
adoption readiness and performance alignment under Industry 4.0 regimes. Their influence spans multiple clusters
in co-citation networks, signifying broad thematic relevance.
In contrast, other authors with high publication volumes but low link strengths, such as Rishi Ranjan, appear to have
narrower thematic or regional influence.

Table 3: Top Authors by Network Influence (Total Link Strength in Bibliographic/Co-citation Networks)
This table lists the most conceptually influential authors based on their total link strength in co-citation and
bibliographic coupling networks. The results represent the authors' embeddedness in the field’s intellectual structure.

Author
Total Link
Strength
(Author)

Organization
Total Link
Strength
(Org)

Country
Total Link
Strength
(Country)

Tortorella,
Guilherme
Luz

39 Federal University Of Santa
Catarina, Florianopolis, Brazil 25 India 208
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Ghobakhloo,
Morteza 27 Universidade Federal De Santa

Catarina, Florian Polis, Brazil 21 United
Kingdom 202

Tortorella,
Guilherme 18

Department Of Mechanical
Engineering, Jamia Millia Islamia,
New Delhi, India

19 United
States 201

Garza-Reyes,
Jose Arturo 16

Department Of Industrial And
Production Engineering, G. B. Pant
University Of Agriculture And
Technology, Uttarakhand,
Pantnagar, India

15 Brazil 184

Singh, Ravi
Pratap 14

Department Of Industrial And
Production Engineering, Dr B R
Ambedkar National Institute Of
Technology, Punjab, Jalandhar,
India

14 Italy 139

Javaid, Mohd 14

Faculty Of Operation And
Economics Of Transport And
Communications, Department Of
Economics, University Of Zilina,
Zilina, Slovakia

12 Germany 112

Haleem,
Abid 14

Department Of Industrial
Engineering And Engineering
Management, National Tsing Hua
University, Hsinchu, Taiwan

10 Spain 95

Prashar,
Anupama 14

Department Of Industrial And
Materials Science, Chalmers
University Of Technology,
Gothenburg, Sweden

9 China 89

Antony, Jiju 12 Iae Business School, Universidad
Austral, Buenos Aires, Argentina 9 Canada 72

Suman, Rajiv 11

The School Of Expertness And
Valuation, The Institute Of
Technology And Business In Ceske
Budejovice, Czech Republic

7 France 65

4. Prestige Analysis
This section investigates the intellectual influence and
collaborative patterns within the bibliographic dataset
using network-based metrics. In particular, it evaluates
the prestige of articles through PageRank-based
analysis and explores institutional and country-level
collaboration trends.
To identify structurally influential publications in the
research landscape, a PageRank-based prestige
analysis was conducted on the co-citation network of
the dataset. While traditional citation counts measure
academic popularity, PageRank captures the positional
importance of an article within the scholarly ecosystem
by accounting for the prestige of citing articles. The
analysis employed a fuzzy-weighted PageRank
algorithm to better reflect influence diffusion across
densely interconnected thematic areas.
Table 4 presents the top ten articles ranked by
PageRank centrality. Notably, the article “IoT in
agriculture” (2018) holds the highest PageRank score
of 0.0620, despite having only six local citations and
four global citations. Its elevated centrality suggests
that it serves as a conceptual bridge, linking diverse
thematic domains such as IoT-enabled precision
agriculture, smart manufacturing, and cyber-physical
systems. This underscores the strength of PageRank in

detecting intellectual brokers whose influence extends
beyond raw citation metrics.
Other highly ranked articles include:
 “Recent advances and trends in predictive
manufacturing systems in big data environment”
(2013), with a PageRank of 0.0576 and a significant
global citation count of 870, reflecting both structural
relevance and scholarly reach.
 “Intelligent manufacturing in the context of
Industry 4.0: A review” (2017), holding a PageRank of
0.0229, has amassed 2,264 global citations,
demonstrating foundational impact.
 “Industry 4.0 implies lean manufacturing:
Research activities in Industry 4.0 function as enablers
for lean manufacturing” (2016) bridges two dominant
operational paradigms and has a PageRank of 0.0323.
 “Sustainable industrial value creation: Benefits
and challenges of Industry 4.0” (2017) integrates
environmental, operational, and economic performance
perspectives, with a PageRank of 0.0231.
These results confirm that structurally central papers
are not always the most cited, but rather those that
facilitate thematic integration across citation
subgraphs. This structural influence is especially
relevant in emerging interdisciplinary domains like
Industry 4.0, where conceptual convergence between
technologies (e.g., IoT, AI, cyber-physical systems) and
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performance outcomes (e.g., ROI, operational efficiency,
sustainability) is still evolving.

Table 4. Top-Ranked Articles by PageRank Centrality in Co-citation Network

Article Year PageRank Score Local
Citations

Global
Citations

IoT in agriculture 2018 0.0620 6 4
Recent advances and trends in predictive
manufacturing systems in big data
environment

2013 0.0576 23 870

Industry 4.0 implies lean manufacturing:
Research activities in industry 4.0 function
as enablers for lean manufacturing

2016 0.0323 50 731

Sustainable industrial value creation:
Benefits and challenges of industry 4.0 2017 0.0231 34 585

Intelligent Manufacturing in the Context of
Industry 4.0: A Review 2017 0.0229 55 2264

The link between industry 4.0 and lean
manufacturing: Mapping current research
and establishing a research agenda

2018 0.0175 53 672

The future of manufacturing industry: a
strategic roadmap toward Industry 4.0 2018 0.0164 56 1043

Fortune favors the prepared: How SMEs
approach business model innovations in
Industry 4.0

2018 0.0116 45 890

Part data integration in the Shop Floor
Digital Twin: Mobile and cloud
technologies to enable a manufacturing
execution system

2018 0.0098 4 246

How does Industry 4.0 contribute to
operations management? 2018 0.0096 22 215

4.2 Co-authorship Network Patterns
The co-authorship network analysis reveals significant
regional and institutional patterns of collaboration
within the Industry 4.0 and firm performance literature.
Indian authors, particularly those affiliated with
institutions such as Jamia Millia Islamia, the National
Institutes of Technology (NITs), and the Indian
Institutes of Technology (IITs), dominate the landscape,
often collaborating within institutional silos. For
instance, prolific collaborations involving Mohd Javaid,
Abid Haleem, and Ravi Pratap Singh frequently emerge
in studies focusing on manufacturing resilience, supply
chain responsiveness, and digital quality systems
(Javaid et al., 2021) . In contrast, scholars from Brazil
(e.g., Tortorella, Ghobakhloo) and the United Kingdom
(e.g., Garza-Reyes, Antony) show broader international
linkages and higher embeddedness in transnational
networks, contributing to themes such as lean-digital
integration and SME digital transformation (Antony et
al., 2023; Ching et al., 2022; Tortorella, Cawley Vergara,
et al., 2020a).
Cross-country collaborations are particularly strong
between authors from China, India, and the UK, where
shared research focuses include smart factory
ecosystems, cyber-physical systems, and data-driven
innovation strategies (Kumar et al., 2021; Tortorella,
Cawley Vergara, et al., 2020b) . The institutional
diversity and international orientation of these teams
enhance the thematic richness of the field. For example,

(Tortorella, M, et al., 2020) integrated lean,
sustainability, and IoT perspectives in their co-
authored contributions, reflecting the interdisciplinary
synergy prevalent in high-impact networks. While this
section does not include formal measures such as
betweenness centrality or modularity, Figure 2 (Co-
authorship Network Map) visually depicts these
patterns, showing densely connected clusters around
high-productivity institutions and thematic cores.

5. Thematic Structure and Keyword Co-occurrence
Understanding the thematic breadth of research on
Industry 4.0 and firm performance requires examining
how key concepts are articulated and interrelated
across the literature. To this end, a co-word analysis
was performed using both author-supplied and
indexed keywords drawn from the 1,582 Scopus-
indexed publications identified through the final search
protocol. Co-word analysis helps uncover the latent
semantic structure of a research field by identifying
frequently co-occurring terms, thereby allowing us to
map intellectual foci and emerging research streams.
This section is divided into two parts: the first reports
the frequency and network strength of core keywords;
the second identifies conceptual clusters inferred from
their co-occurrence patterns.

5.1 High-Frequency Keywords and Link Strength
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Table 5 presents the top keywords ranked by Total
Link Strength (TLS) a metric that indicates how
strongly each keyword is connected to others in the
dataset. TLS reflects the cumulative frequency of co-
occurrence between a keyword and all others in the
network, thus serving as a proxy for thematic centrality.
The keyword "industry 4.0" dominates the list, with a
TLS of 558, reaffirming its conceptual centrality in the
field. Closely following are "smart manufacturing" (TLS
= 312), "artificial intelligence" (304), "internet of
things" (299), and "sustainability" (291). These terms
function as semantic anchors around which the rest of
the discourse is structured.
These quantitative patterns are visually represented in
Figure 2, which displays a density diagram of author
keywords with a minimum occurrence threshold of 25.
The high-density zones reflect strong thematic

clustering around digitalization, automation, and
sustainable transformation.
A second co-word map was generated using indexed
keywords (i.e., database-curated terms), which further
validated the prominence of concepts like “big data”,
“cyber-physical systems”, and “decision making”. As
shown in Figure 3, these indexed terms are embedded
in high-density lexical neighbourhoods, suggesting they
are widely recognized across disciplines and not
restricted to specialist vocabularies.
Also notable is the appearance of terms such as
"business model", "production management",
"manufacturing industries", and "value creation",
indicating that researchers are increasingly examining
the strategic and organizational dimensions of Industry
4.0 not just the technological enablers.

Table 5. High-Frequency Keywords and Their Total Link Strength in the Co-word Network (2011–2025)

Author Keyword Total Link
Strength Index Keyword Total Link

Strength
Industry 4.0 458 Industry 4.0 558
Smart Manufacturing 152 Industrial Research 312
Artificial Intelligence 83 Manufacturing Industries 304
Internet Of Things 82 Decision Making 299
Sustainability 79 Manufacture 291
Machine Learning 78 Smart Manufacturing 282
Digital Twin 75 Sustainable Development 223
Manufacturing 71 Productivity 220
Big Data 60 Supply Chains 208
Digital
Transformation 55 Internet Of Things 201

Figure 2. Density Diagram of Author Keywords (Min Occurrence = 25)

Figure 3. Density Diagram of Indexed Keywords (Min Occurrence = 40)
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5.2 Semantic Clusters and Conceptual Overlaps
Beyond individual keywords, the co-word network
reveals interconnected semantic community groups of
keywords that frequently co-occur, suggesting shared
conceptual or empirical concerns. Based on proximity
in the co-occurrence matrix and clustering inferred
through visual and quantitative analysis (e.g.,
VOSViewer modularity-based grouping), three
dominant thematic clusters were identified:
Cluster 1: Technological Enablers
This cluster is anchored around foundational
technologies that collectively constitute the digital
infrastructure of Industry 4.0. The dominant keywords
include artificial intelligence (AI), machine learning
(ML), big data, robotics, Internet of Things (IoT), cloud
computing, and digital twin. The co-occurrence of these
terms highlights the synergistic role of these
technologies in enabling data-driven automation,
intelligent decision-making, and operational
optimization across manufacturing and service sectors.
Studies such as (J. Zhang & Li, 2020) and (Primawati et
al., 2025) demonstrate how the convergence of IoT and
big data analytics facilitates real-time monitoring and
predictive maintenance, especially in high-variability
environments like smart manufacturing and logistics.
Similarly, the integration of AI with robotics and ML-
based forecasting algorithms, as explored by (Yuan et
al., 2017), enables intelligent scheduling, fault detection,
and autonomous quality control in production settings.
The role of digital twins in creating cyber-physical
synchronization is emphasized in works like (Gutmann
et al., 2023; Hwang & Noh, 2024) , where the virtual
replication of physical systems enhances visibility and
traceability in production. This is further strengthened
by applications in cloud-based MES (Manufacturing
Execution Systems), which enable scalable, responsive
control architectures (Y. Zhang et al., 2022)
Multiple studies have also identified the interplay
between these technologies and broader performance
metrics. For instance, (Arashpour et al., 2020; J. Lee et
al., 2014; Ramadan et al., 2020) link the

implementation of integrated digital stacks to
improvements in lead time reduction, equipment
utilization, and customized production. The increasing
use of AI-enabled decision support systems is evident
in supply chain contexts, where demand sensing and
risk mitigation strategies are embedded into
operational workflows (Cheng et al., 2023; C. Wang et
al., 2020).
The strong link strengths observed in the co-word
analysis between these technologies reflect not only
their frequent co-mention but also their practical
convergence in real-world applications. Rather than
operating as siloed tools, they form interdependent
layers within smart factory ecosystems, offering firms
the capability to respond adaptively to market changes,
supply shocks, and product complexity.
This cluster, therefore, captures the technological
substrate that underpins digital transformation in the
Industry 4.0 era moving beyond isolated adoption to
integrated, interoperable, and intelligent systems
capable of augmenting firm-level performance in terms
of efficiency, responsiveness, and innovation capability.

Cluster 2: Performance Outcomes
This cluster revolves around keywords such as
sustainability, decision making, performance
measurement, return on investment (ROI), financial
performance, environmental performance, and
operational efficiency. This cluster captures the
scholarly shift from a focus on technological
implementation to an outcome-driven understanding
of how Industry 4.0 technologies translate into tangible
firm-level benefits.
A central theme in this cluster is the performance
evaluation of digital transformation initiatives,
especially as firms seek to justify substantial capital
investments in advanced technologies. Studies such as
(Jabbour et al., 2013) and (Dalenogare et al., 2018a)
have highlighted that the successful deployment of
Industry 4.0 technologies is increasingly assessed
through multidimensional performance metrics
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financial (e.g., ROI, cost savings), operational (e.g.,
throughput, flexibility), and sustainability-oriented (e.g.,
carbon footprint reduction, resource efficiency).
The integration of decision support systems, often
enhanced by AI and big data analytics, has been shown
to improve strategic decision-making under
uncertainty, especially in supply chain and production
planning contexts (Al-Surmi et al., 2022; J.-H. et al.,
2024). Firms are now expected not only to adopt digital
tools but also to realign their performance frameworks
to evaluate long-term value creation across the triple
bottom line.
Several articles such as those by (Abdullah et al., 2025;
Enke et al., 2017; Schumacher et al., 2016; Sony & Naik,
2020) emphasize the interconnectedness between
technological intensity and performance maturity,
arguing that partial or fragmented digital adoption
often leads to suboptimal results. In contrast,
strategically aligned digital transformation efforts,
where technological integration is guided by well-
defined performance KPIs, yield superior outcomes.
Sustainability has emerged as a critical axis in this
discourse. Thematic overlaps with concepts like the
circular economy, green operations, and sustainable
supply chains underscore the redefinition of
performance beyond economic indicators alone.
Scholars like (Elnadi et al., 2025; Krishnan et al., 2025;
Mondal et al., 2024) argue that Industry 4.0 must be
seen as both an enabler and a metric for sustainable
industrial development, bridging environmental goals
with competitive advantage.
Collectively, this cluster signifies a conceptual evolution
in Industry 4.0 research from feasibility studies of
individual technologies to systemic analyses of value
realization. It highlights the growing academic interest
in how digital technologies contribute to firm resilience,
stakeholder value, and strategic competitiveness in
volatile business environments.

Cluster 3: Organizational Contexts
The third co-word cluster is centered around keywords
such as business models, enterprise architecture,
manufacturing systems, organizational change, and
supply chains. This cluster reflects a systemic,
organization-wide perspective on Industry 4.0,
focusing on how digital technologies are embedded
within larger frameworks of business transformation.
Thematically, it bridges the technological stack
explored in Cluster 1 and the outcome-based
evaluations of Cluster 2, positioning the firm as the unit
of integration and transformation.
Studies associated with this cluster emphasize that
digital transformation in the Industry 4.0 context is not
merely a technical upgrade, but a strategic realignment
of organizational structures, workflows, and inter-
functional coordination mechanisms. Authors like
(Goerzig & Bauernhansl, 2018; Kornyshova & Barrios,
2019; Müller, 2019; Paiva et al., 2020) have shown that
effective implementation requires reconfiguring
enterprise architectures to accommodate flexible
manufacturing systems, real-time data flows, and
digitally enabled value streams.

A prominent theme in this cluster is the redefinition of
business models in response to digital capabilities. This
involves shifts toward platform-based value delivery,
servitization (e.g., product-as-a-service), and the
incorporation of cyber-physical capabilities into firm
strategy (Chalal et al., 2015; Harrmann et al., 2023;
Kohtamäki et al., 2020; Rymaszewska et al., 2017) .
These transformations often necessitate changes in
governance structures, process standardization, and
cross-functional alignment across operations, IT,
finance, and R&D units.
Another important strand is the capability-building
imperative. Scholars such as (Aboelmaged & Hashem,
2019; Akdil et al., 2018; Bulmuş et al., 2013; Munir et
al., 2023) argue that the success of Industry 4.0
adoption depends not just on technological investment
but on organizational readiness measured through
dynamic capabilities, absorptive capacity, and
leadership commitment to change management. Firms
with high digital maturity often exhibit superior
integration between supply chain orchestration,
manufacturing execution systems, and enterprise-level
planning.
Additionally, supply chains are reconceptualized not
just as logistical networks but as digitally
interconnected ecosystems. Concepts like supply chain
visibility, cyber-resilience, and demand sensing become
focal points in studies that situate Industry 4.0 within
broader system-of-systems architectures (Ani et al.,
2017); (Rejeb et al., 2021)
This cluster, therefore, underscores the
interdependence between digital technology
deployment and organizational adaptability. It
represents a maturing body of research that
acknowledges that technological sophistication alone
cannot deliver firm-level performance benefits unless it
is supported by robust architectural redesign, cultural
transformation, and enterprise-wide coordination.
Together with the previous clusters, this set of themes
reinforces the idea that Industry 4.0 research has
evolved toward conceptual convergence, where digital
technology development, organizational
transformation, and performance evaluation are
increasingly studied as mutually reinforcing domains.
These interdependencies are visually reflected in the
semantic proximities displayed in Figures 2 and 3,
where dense co-occurrence patterns underscore the
fusion of technical, organizational, and evaluative
constructs.

5.3 Observations and Theoretical Implications
The co-word analysis confirms that the literature is
evolving from isolated examinations of individual
technologies toward integrative, systems-level analysis.
The co-occurrence of sustainability and artificial
intelligence, for example, suggests that digitalization is
increasingly being positioned as an enabler of both
economic and environmental value.
Additionally, the presence of decision-making, business
model innovation, and organizational architecture
terms signals an ongoing interdisciplinary fusion
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across operations, strategy, and information systems
literature.
This thematic integration not only aligns with the
transdisciplinary nature of digital transformation but
also opens new research avenues in governance,
institutional alignment, and impact assessment
domains historically underexplored in the Industry 4.0
conversation.

6. Intellectual Structure: Co-citation Clusters and
Knowledge Domains

To understand how research on Industry 4.0 and firm
performance is organized conceptually, a co-citation
analysis was performed. This method identifies
frequently co-cited references, which often signal the
formation of coherent intellectual communities or
“schools of thought” within a field.
The co-citation network was subjected to clustering
using modularity-based algorithms, yielding five
dominant thematic clusters, as reported in Table 6.
These clusters span foundational concepts, applied
methodologies, and emerging strategic concerns.

Table 6. Literature Classification from Co-citation Analysis

Cluster Publication
Period Number of Articles Thematic Area

Cluster 1 1958-2024 2974
Digital Transformation and Sustainable
Performance through Industry 4.0
Technologies

Cluster 2 1952-2024 1248
Readiness, Adoption Barriers, and
Enablers for Industry 4.0 and Circular
Economy Integration

Cluster 3 1942-2024 940

Technological Transformation and its
Socioeconomic Impact: Productivity,
Labor, and Sustainability in the Era of
Robotics and Digitalization

Cluster 4 1934-2024 862
Integrating Lean Production with Digital
Technologies for Human-Centric and
Sustainable Industry 4.0 Transformation

Cluster 5 1963-2024 824
Global Value Chains, Human Capital, and
Labor Market Transformation in with
Automation

6.1 Overview of Identified Clusters
Cluster 1: Digital Transformation and Sustainable
Performance
This cluster represents the largest thematic
aggregation in the bibliometric landscape,
encompassing 2,974 articles that collectively map the
convergence of digital innovation and sustainability
within industrial contexts. At its core, the cluster
focuses on how advanced technologies such as the
Internet of Things (IoT), Artificial Intelligence (AI),
additive manufacturing, and cyber-physical systems
are transforming traditional business and production
models to deliver not only economic efficiency but also
long-term environmental and social value.
A striking feature of this cluster is its interdisciplinary
character. Contributions span operations management,
sustainability science, manufacturing engineering, and
information systems.
1. Digital Technologies Enabling Circular
Economy
Numerous studies investigate how digital enablers
support circularity in manufacturing. For instance,
many articles explore real-time data tracking using IoT
for material traceability and lifecycle management
(Marques et al., 2019; Nozari et al., 2021; W.-K. et al.,
2020) . Titles referencing “closed-loop supply chains,”
“remanufacturing,” and “resource efficiency” dominate
this sub-stream (Bag, Dhamija, et al., 2021; Cannella et
al., 2016; Delpla et al., 2022; Simeone et al., 2020; Souza,
2013; S. Yang et al., 2018) . Articles like “An integrated
framework for Industry 4.0 and circular economy in

smart manufacturing” emphasize the synergy between
technological adoption and ecological goals (Nirmal et
al., 2025).
2. Performance Measurement and ROI from
Digitalization
Another significant segment within the cluster
evaluates how firms capture economic benefits from
digital transformation. Articles frequently analyze key
performance indicators such as return on investment
(ROI), productivity gains, waste reduction, and energy
savings (Wiktorsson et al., 2018; Zhao et al., 2022) .
Several works deploy multi-criteria decision-making
(MCDM) methods and fuzzy logic to model these trade-
offs in Industry 4.0 settings (Chang et al., 2017; Zhou et
al., 2015).
3. Digital Maturity and Sustainable Business
Models
A distinct line of inquiry assesses organizational
readiness and transformation maturity. These works
delve into how digital capabilities are embedded into
business models to achieve sustainability at scale.
Common keywords include “value co-creation,”
“modular platforms,” and “sustainable innovation”
(Barbu & Militaru, 2019; Bonamigo et al., 2024; Doran
et al., 2007; Marcon et al., 2017; M. Yang et al., 2017) .
The studies underscore that it is not technology alone
but its alignment with strategic intent and business
architecture that drives sustainable performance.
4. Smart Factory Design and Operational
Resilience
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Articles in this domain focus on configuring smart
factories that are both digitally integrated and resilient
to disruptions. These studies examine AI-enabled
production scheduling, machine learning for predictive
maintenance, and autonomous systems for flexibility
(Enrique et al., 2023; J. Lee et al., 2020; M. Li et al., 2022;
Parente et al., 2020; Phongmoo et al., 2025) . The
COVID-19 pandemic emerges as a contextual inflection
point in some studies, driving interest in resilience and
agility (Belhadi et al., 2021; Mohan et al., 2022; Narula
et al., 2022).

Conceptual Significance
Cluster 1 is pivotal in establishing Industry 4.0 not
merely as a technological shift but as a vehicle for
sustainable transformation. It connects the
technological stack (AI, IoT, CPS) with managerial
constructs (capabilities, strategy, governance) and
outcome dimensions (economic, environmental, social).
These interdependencies are reflected in high-impact
articles that offer frameworks, taxonomies, or
empirical validations linking digitalization to value
creation.
Cluster 2: Readiness, Adoption Barriers, and
Enablers
Comprising 1,248 articles, Cluster 2 centers on the
organizational, strategic, and institutional factors that
shape a firm’s readiness to adopt Industry 4.0
technologies. This stream of research emphasizes the
preconditions for successful digital transformation,
such as leadership alignment, institutional support, and
cultural preparedness.
Recent studies have increasingly sought to
operationalize the concept of digital maturity in SMEs.
For example, (Nirmal et al., 2025) develop a structured
adoption framework that integrates enablers like
leadership commitment, employee training, and
regulatory facilitation, offering actionable roadmaps for
managers navigating early-stage transformation.
Similarly, (Guo, 2025) investigates the relationship
between the adoption of Industry 4.0 technologies and
total quality management (TQM) principles, revealing
that alignment with quality systems significantly eases
transition hurdles.
The institutional and market contexts also emerge as
critical. (Y. Wang et al., 2025) explore how internal
governance structures and market orientation jointly
influence a firm’s innovation approach, highlighting
that exploitative versus explorative strategies must be
matched with the firm’s digital maturity level. (J. K. Y.
Lee et al., 2025) provide a cross-disciplinary view of
life-cycle assessment (LCA) adoption, identifying
resistance at the process level particularly due to data
integration challenges across departments and weak
top management support.
Other studies offer deeper insights into sector-specific
barriers and strategic interventions. For instance, (X.
Zhang et al., 2025) propose a cloud–edge hierarchical
diagnosis framework to support decentralized
decision-making under limited infrastructure readiness,
while (Z. Li et al., 2025) emphasize the role of machine

learning integration readiness in performance-critical
environments.
Taken together, these contributions extend the cluster
beyond descriptive accounts, offering diagnostic tools,
multilevel frameworks, and implementation protocols
to address real-world readiness gaps. They also stress
that Industry 4.0 success is not purely technological—it
is deeply institutional, cultural, and strategic.

Cluster 3: Technological Transformation and
Socioeconomic Impact
This cluster, comprising 940 articles, extends the
analysis of Industry 4.0 from firm-level transformation
to broader societal and macroeconomic implications. A
central theme is the disruptive impact of automation
and artificial intelligence on labor markets. Scholars
have examined how technologies such as collaborative
robotics, machine learning, and autonomous systems
displace routine jobs while simultaneously creating
demand for advanced digital and cognitive skills (Lopes
de Sousa Jabbour et al., 2018; Siddiqui et al., 2023).
Several studies focus on the need for reskilling and
human-machine collaboration as firms navigate this
transition. For instance, (Mahmoodpour & Lobov,
2019) discuss the evolution from traditional labour-
intensive models to knowledge-driven systems, arguing
that Industry 4.0 heralds the rise of "platform
economies" where value creation is increasingly
mediated by data and digital infrastructure.

There is also growing attention to the socioeconomic
divides exacerbated by uneven digital adoption. (Bag,
Gupta, et al., 2021) find that digital transformation
tends to benefit larger, more technologically advanced
firms, further marginalizing SMEs in emerging markets
unless policy support and digital literacy programs are
in place. This structural asymmetry also manifests
geographically, with urban regions integrating faster
than rural and semi-urban zones (S. S. Kamble et al.,
2020).
Beyond labour issues, this cluster includes literature
that examines how digital technologies reconfigure
firm–society relationships and reshape industry
boundaries. (Bittencourt Marconatto et al., 2016)
explore the convergence of smart city infrastructures,
industrial platforms, and public-private partnerships in
facilitating digital ecosystems. (Keller et al., 2014) , one
of the earlier empirical studies in this domain, highlight
how digital manufacturing alters traditional production
models, moving toward decentralized, demand-driven
systems.
Collectively, the literature in this cluster underscores
the dual nature of technological transformation
offering pathways to productivity and growth, but also
posing significant challenges in terms of equity, job
security, and social cohesion. These insights contribute
to an emerging consensus that the future of Industry
4.0 depends not only on technological readiness but
also on institutional capacity to address its social
implications.

https://acr-journal.com/
https://acr-journal.com/
https://acr-journal.com/


Advances in Consumer Research
https://acr-journal.com/

2919

Cluster 4: Integrating Lean Production with Digital
Technologies
This cluster, comprising 862 articles, explores the
fusion of lean manufacturing principles with Industry
4.0 technologies to form what many scholars are now
referring to as "Digital Lean Manufacturing Systems".
The underlying thesis of this stream is that lean
thinking with its focus on waste reduction, continuous
improvement (Kaizen), and process standardization
can find a powerful complement in cyber-physical
systems, AI, IoT, and real-time data analytics.
Multiple studies in this cluster develop theoretical
models that position digital technologies as enablers of
lean outcomes. For instance, (Sony & Naik, 2020) offer
a structured framework showing how lean objectives
like reduced lead times and defect rates can be
enhanced by predictive analytics and sensor-based
monitoring systems. Their later work further develops
this argument by demonstrating that digital maturity is
a prerequisite for lean–digital synergy.
In line with these findings, (Rebelo et al., 2016) provide
empirical validation from the automotive sector,
revealing that firms integrating Industry 4.0 tools into
lean environments achieve statistically significant gains
in OEE (Overall Equipment Effectiveness), time-to-
market, and energy efficiency. They argue that such
integration leads to hybrid manufacturing
architectures that are both agile and cost-effective.
Rather than viewing digital tools as mere add-ons to
existing lean practices, many studies in this cluster
conceptualize a systemic transformation. (Ulhe et al.,
2024) , for example, argue that the introduction of
cyber-physical systems enables the real-time
visualization of value streams a foundational element
of lean but now embedded in dynamic, sensor-driven
feedback loops. This enables adaptive standardization
where process parameters self-adjust based on live
data.
The literature also shifts from technocentric
discussions to examining organizational conditions
necessary for successful lean-digital convergence.
(Pansare et al., 2022) , through a study of Indian SMEs,
highlight the role of top management support, digital
upskilling, and lean maturity as critical enablers.
Meanwhile, (Liboni et al., 2019) argue that employee
empowerment and bottom-up innovation are essential
in avoiding resistance to change.
This cluster does not merely focus on implementation;
it critically examines barriers, such as lack of digital
infrastructure, fragmented data ecosystems, and
cultural inertia. It also reveals how value creation logics
are being redefined shifting from economies of scale to
economies of speed, scope, and responsiveness.
Collectively, the cluster 4 literature suggests that lean
and Industry 4.0 are no longer sequential stages in
manufacturing evolution but rather co-evolving
paradigms. The convergence enables intelligent
systems that are both efficient and responsive, moving
beyond cost-cutting toward resilience and adaptability.

Cluster 5: Global Value Chains, Human Capital, and
Labor Capabilities

Cluster 5 contains 824 articles that examine how digital
transformation reshapes global value chains, labor
markets, and human capital capabilities, particularly
within the context of emerging economies. The
literature in this cluster pivots from traditional
automation discourse toward more human-centric
themes such as workforce augmentation, hybrid task
environments, and institutional labour reforms driven
by Industry 4.0.
A prominent thematic thread is the reconfiguration of
global production networks and value delivery systems
due to automation, servitization, and AI-enabled
logistics. (Pero et al., 2015) highlight how global value
chains are increasingly becoming modular and digitally
coordinated, necessitating real-time data flows and
decentralized decision-making. These trends place new
pressures on local suppliers to digitally integrate or
risk exclusion from higher-tier supply networks.
In parallel, there is extensive engagement with labour-
related challenges and transitions. (Campbell & Weihl,
2018) offer a robust framework for understanding
human–machine collaboration, where cognitive
automation complements rather than replaces human
labour. This approach has led to nuanced explorations
of cobotics, wearable technologies, and AR/VR-
enhanced training programs, particularly in labour-
intensive sectors.
Multiple empirical studies document the growing need
for dynamic reskilling and cross-disciplinary
capabilities. For instance, (Maisiri et al., 2019)
emphasize the shift from domain-specific to hybrid
skillsets merging technical fluency, data analytics, and
contextual judgment. Similarly, Bonilla et al. (2018)
analyse how smart manufacturing ecosystems in Latin
America are fostering new vocational education models
in response to job role hybridization.
Studies also draw attention to the emerging role of
labour governance and ethical frameworks.
(Margherita & Braccini, 2020) propose a human-centric
Industry 5.0 model, wherein inclusivity, worker
empowerment, and social sustainability are
foregrounded alongside productivity. These values
align closely with ESG benchmarks and future-of-work
discourse.
In sum, Cluster 5 reveals an evolving narrative:
Industry 4.0 is not merely a technological upgrade, but
a complex socio-technical transformation reshaping
human roles, skills, and international economic
interdependencies. The cluster shows conceptual
convergence across human resource development,
strategic operations, and global logistics, forming a
critical axis in the broader Industry 4.0 discourse.

6.2 High-Impact Articles Across Clusters
To identify structurally influential works within each
cluster, we examined the top articles ranked by
PageRank centrality. These are reported in Table 7,
which presents the top ten contributors across each
cluster. Across clusters, notable publications such as
(Ghobakhloo, 2018b; Ghobakhloo et al., 2024) , (Rosin
et al., 2020), and (Hofmann & Rüsch, 2017; Kasper et al.,
2022) emerge as bridging works cited across multiple
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domains and serving as conceptual connectors between
technology adoption, strategy, and value creation.

Table 7. Top 10 Most Influential Papers in Each Cluster Based on PageRank

Articles in Cluster 1 PageRank Score Articles in Cluster 2 PageRank
Score

(Frank et al., 2019a) 0.002578 (S. Kamble et al., 2020) 0.002709
(Dalenogare et al., 2018a) 0.002534 (Barney, 1991) 0.002596
(Teece, 2010) 0.001902 (Wagner et al., 2017) 0.002545
(Hofmann & Rüsch, 2017) 0.001684 (Rosin et al., 2020) 0.002132
(Ghobakhloo, 2020a) 0.00168 (Ghobakhloo, 2020) 0.002121
(Stock & Seliger, 2016) 0.001578 (Sanders et al., 2016) 0.002102
(Moeuf et al., 2018) 0.001566 (S.-V. et al., 2018) 0.002101
(Xu et al., 2018) 0.001563 (Zheng et al., 2021) 0.002098
(Ghobakhloo, 2018a) 0.001558 (Kolberg et al., 2017) 0.00208

(Porter & Heppelmann, 2014) 0.001395 (Tortorella & Fettermann,
2018) 0.002077

Articles in Cluster 3 PageRank Score Articles in Cluster 4 PageRank
Score

(Acemoglu & Restrepo, 2020) 0.006712 (Frank et al., 2019b) 0.005899
(Koch et al., 2021) 0.005249 (Culot et al., 2020) 0.002957
(Graetz & Michaels, 2018) 0.005065 (Y. Li et al., 2020) 0.002957
(Melitz, 2003) 0.002772 (Machado et al., 2020) 0.002947
(Javaid et al., 2021) 0.002744 (Xu & Duan, 2019) 0.002152
(Levinsohn & Petrin, 2003) 0.002709 (Zheng et al., 2021) 0.002152
(Ballestar et al., 2020) 0.002666 (Russmann et al., 2015) 0.00213
(Acemoglu & Restrepo, 2018) 0.002631 (Calabrese et al., 2021) 0.002129
(Acemoglu & Restrepo, 2019) 0.002617 (Llopis-Albert et al., 2019) 0.002112
(Fan et al., 2021) 0.002492 (Strauss & Corbin, 1998) 0.002073

Articles in Cluster 5 PageRank Score
(Acemoglu & Restrepo, 2020) 0.006326
(Graetz & Michaels, 2015) 0.006186
(Frank et al., 2019b) 0.004918
(Acemoglu & Restrepo, 2018) 0.003284
(Dalenogare et al., 2018b) 0.002893
(Cette et al., 2021) 0.002605
(Morrison et al., 2008) 0.002339
(Bogliacino et al., 2012) 0.002309
(Domini et al., 2022) 0.002309
(Domini et al., 2021) 0.002309

7. Evolution of Research Themes: A Dynamic Co-citation Analysis
While static co-citation clustering reveals the conceptual structure of the field at a given point, dynamic co-citation
analysis allows us to trace how intellectual foci have emerged, expanded, or faded across time. Using longitudinal co-
citation data from 2011 to 2025, this section examines the growth trajectories of each of the five previously
identified clusters (see Section 6) to understand temporal shifts in research priorities.
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The temporal distribution of articles across clusters is presented in Table 8, which captures the yearly count of
articles mapped to each cluster. The analysis draws on time-stamped co-citation matrices that reflect the clustering
of articles based on changing co-citation relationships across years.
Year Number of Articles Published

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5
2011 48 21 26 20 18
2012 58 26 36 19 19
2013 86 37 36 30 16
2014 115 57 29 25 22
2015 146 60 45 45 37
2016 189 88 38 38 40
2017 249 106 52 68 73
2018 312 120 64 80 93
2019 285 106 73 76 105
2020 375 157 86 105 76
2021 256 135 85 69 65
2022 167 56 79 37 52
2023 109 35 33 21 29
2024 33 5 11 15 2

7.1 Emergence and Growth Patterns
The early period (2011–2014) saw limited activity
across all clusters, with only Cluster 4 (Lean + Digital
Integration) appearing sporadically in initial years.
From 2015 onward, research volume across all clusters
increased, but Cluster 1 (Digital Transformation and
Sustainability) and Cluster 2 (Adoption Readiness and
Barriers) began to exhibit exponential growth from
2018.
 Cluster 1 saw rapid expansion from 2018 to
2023, likely driven by growing interest in sustainable
smart manufacturing and regulatory frameworks
around ESG. Its leadership in cumulative publication
volume reflects a strong convergence between
environmental and digital agendas.
 Cluster 2 grew in parallel, capturing
institutional and organizational concerns particularly
within emerging markets where digital readiness,
workforce preparedness, and capital constraints are
pressing issues.
 Cluster 3 (Technological Change and
Socioeconomic Impact) rose modestly, peaking around
2021, likely due to pandemic-related discourse on
automation and labor resilience.
 Cluster 4 (Lean–Digital Convergence)
demonstrated a steady yet niche trajectory, indicating
ongoing academic interest in hybridizing efficiency-
driven and intelligence-driven paradigms.
 Cluster 5 (Value Chains and Labor Capabilities)
remained comparatively modest in volume but gained
relevance in post-2020 literature, as supply chain
disruptions and workforce reskilling became
prominent.
This dynamic view underscores a temporal deepening
and broadening of the field. Early literature was
technologically focused, but as the discourse matured,

there was a marked shift toward systems integration,
strategy, and social impact.
Moreover, the overlapping growth trajectories of
Clusters 1 and 2 suggest that future research may
increasingly straddle digital transformation strategy
and organizational change management, possibly
giving rise to new hybrid clusters focused on
governance, ecosystems, and institutional adaptation.

8. Research Gaps and Future Agenda
The bibliometric and co-citation analyses reveal a field
in transition evolving from fragmented, technology-
specific investigations toward an integrated,
interdisciplinary understanding of how Industry 4.0
technologies influence firm-level performance. Despite
the field’s growth and conceptual diversification,
several critical research gaps and unexplored linkages
remain, offering fertile ground for future scholarship.

8.1 Underrepresentation of Cross-Cluster
Integration
While thematic clusters such as digital-sustainability
linkages (Cluster 1) and organizational readiness
(Cluster 2) are individually well-developed, there is
limited work that integrates strategic enablers with
outcome evaluations. Few studies empirically assess
how readiness dimensions (e.g., leadership, resources,
digital maturity) translate into measurable gains in
productivity, ROI, or sustainability metrics. Bridging
this divide calls for causal modelling frameworks that
map inputs to outcomes. Future research should focus
on multi-stage models connecting readiness →
adoption → performance → sustainability.

8.2 Neglected Human Capital and Institutional
Contexts
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Cluster 5, focused on labour, human capital, and value
chain evolution remains comparatively smaller and
underexplored. Given the socio-technical nature of
Industry 4.0 transformations, research must move
beyond technological determinism to examine how
workforce reskilling, job redesign, and institutional
arrangements (e.g., policies, incentives, governance
models) shape digital transformation outcomes. There
is a need for cross-country comparative studies that
explore how national institutional settings mediate
technology adoption and its impact on firm
performance.

8.3 Methodological Silos and Limited Longitudinal
Work
The majority of empirical studies remain cross-
sectional, limiting the ability to capture learning curves,
path dependencies, or delayed performance effects of
digital investments. Moreover, there is an over-reliance
on survey-based perceptual data, with fewer studies
utilizing longitudinal firm-level datasets, digital trace
data, or real-time operational metrics (e.g., OEE, digital
twin logs).
Methodologically, the field needs more mixed-method,
process-tracing, and simulation-based studies,
particularly in SMEs and public sector manufacturing.

8.4 Absence of Governance and Ecosystem-Level
Perspectives
Despite the growing complexity of digital
transformation projects often involving multiple
vendors, cloud platforms, IoT protocols, and external
certifications the literature offers scant insight into
ecosystem governance, data interoperability, or
standardization frameworks. These issues are critical
for firms aiming to scale digital solutions across supply
chains.
Future research can benefit from borrowing constructs
from platform strategy, modularity theory, and multi-
actor network governance.

8.5 Performance Metrics Beyond Financial Returns
Although the field increasingly uses KPIs like ROI, ROA,
and efficiency, there is little attention to non-financial
and long-horizon performance metrics such as
innovation capacity, carbon productivity, social equity,
or stakeholder trust. As Industry 4.0 is deployed in
sustainability-sensitive sectors (e.g., energy, textiles,
food processing), such measures become vital.
Researchers should broaden their evaluation lenses to
incorporate multi-capital models (financial, natural,
human, social) aligned with SDG frameworks.

8.6 Future Research Agenda: A Consolidated
Outlook
Drawing from the identified gaps, the future research
agenda on Industry 4.0 and firm performance should
advance in several key directions. First, scholars must
develop robust frameworks that trace readiness-to-
impact causal chains linking strategic intent and
adoption enablers to operational, financial, and
sustainability outcomes. Such frameworks would offer

a more integrated understanding of how organizational
capabilities translate into measurable performance
gains. Second, comparative research across
institutional and cultural contexts is essential,
particularly to assess how national environments,
policy regimes, and socio-economic structures mediate
digital transformation success. Third, there is a need to
diversify methodological approaches by incorporating
longitudinal, system-dynamic, and real-time data
methods that can capture the temporal unfolding of
transformation trajectories, learning curves, and lagged
performance effects.
Additionally, future studies should expand their
analytical lens to include governance, platform
architectures, and ecosystem-level interactions. As
firms increasingly rely on external vendors,
interoperable platforms, and cross-firm collaborations,
research must address the complexities of
orchestrating digital change across entire value chains.
Finally, performance evaluation frameworks should
move beyond narrow financial indicators to embrace
multi-capital models that account for financial, human,
natural, and social dimensions of value creation.
Aligning measurement systems with sustainability and
stakeholder theory will enable more holistic
assessments of Industry 4.0’s long-term impact. Taken
together, these directions will help consolidate the field
into a more decision-oriented, theory-rich science of
digital transformation and firm performance.
9. Conclusion
This study presents a comprehensive bibliometric
analysis of scholarly research at the intersection of
Industry 4.0 technologies and firm-level performance
over the period 2011–2025. By synthesizing data from
1,582 Scopus-indexed articles across business, decision
sciences, and economics domains, it maps the
intellectual landscape, key contributors, thematic
clusters, and temporal evolution of the field. The
findings underscore the growing centrality of digital
transformation in performance discourses, with a
noticeable shift from technology-centric to outcome-
centric research over time.
The co-citation analysis reveals five dominant thematic
clusters: digital sustainability, adoption readiness,
socioeconomic implications, lean–digital integration,
and human capital transformation. These clusters
reflect an interdisciplinary convergence, combining
technological innovation with organizational strategy,
institutional readiness, and workforce adaptation.
Dynamic co-citation patterns further reveal how
thematic priorities have evolved, particularly the
recent surge in research around sustainability-linked
digital adoption and value chain reconfiguration.
Despite this progress, the field remains fragmented
along methodological and theoretical lines. Research is
still dominated by cross-sectional, perceptual studies,
and tends to emphasize either technological
capabilities or performance outcomes in isolation.
There remains a paucity of integrative frameworks that
connect strategic intent, technological execution, and
multidimensional performance metrics. Furthermore,
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ecosystem-level governance, non-financial evaluation,
and institutional contingencies are underexplored.
This study not only highlights these gaps but also
proposes a structured research agenda spanning causal
performance models, ecosystem governance,
methodological diversification, and broader
performance constructs. By advancing this agenda,
future scholarship can support more effective,
sustainable, and inclusive digital transformation
practices in global manufacturing and services sectors.
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