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Abstract

This study proposes an integrated Industry 5.0 framework that compares and combines
generative artificial intelligence (GenAl) with traditional machine learning (ML) to enhance
the sustainability of manufacturing systems. This framework supports energy-efficient
process optimisation, waste minimisation, material recycling and environmentally friendly
production planning through data-driven decision-making. GenAl is more commonly
used to generate sustainable process configurations and alternative eco-design solutions,
whilst traditional ML models predict energy consumption, emissions and material losses
in real time. It is proposed that a life cycle assessment (LCA) be carried out to estimate
the environmental impact at all stages of production. Preliminary analyses indicate signifi-
cant potential for reducing resource consumption, improving the circular economy, and
supporting more sustainable and resilient manufacturing ecosystems and supply chains.

Keywords: artificial intelligence; machine learning; generative AIl;, manufacturing;
sustainability; Industry 5.0; Industry 6.0

1. Introduction

The transition to Industry 5.0 has shifted the focus of manufacturing from efficiency-
driven automation to human-centric, sustainable, and resilient production systems [1].
Growing concerns about climate change, resource depletion, and industrial emissions have
intensified the need for intelligent manufacturing approaches that support energy efficiency
and the principles of a circular economy [2]. Artificial intelligence (AI) has become a key
enabler of sustainable manufacturing by improving decision-making, optimizing resource
utilization, and reducing environmental impact throughout a product’s lifecycle [3]. Among
Al technologies, traditional machine learning (ML) has demonstrated strong capabilities
in predicting energy consumption, material waste, equipment performance, and process
efficiency using historical and current production data [4,5]. More recently, generative Al
(GenAl) has expanded these capabilities, generating innovative process configurations,
eco-design alternatives, and optimized production scenarios that were previously difficult
to identify using conventional analytical methods [6,7]. Despite their complementary
advantages, a comprehensive comparison of GenAl and traditional ML in the context
of an energy-efficient and circular economy remains limited in the current literature [8].
Furthermore, integrating these technologies with life-cycle assessment (LCA) enables the
assessment of environmental impacts across all production stages and supports data-
driven sustainability decision-making [9,10]. This integrated perspective can promote
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waste reduction, material recycling, lower carbon emissions, and more efficient use of
energy and natural resources, while also increasing supply chain resilience [11]. This study
addresses this research gap by proposing a life-cycle-based Industry 5.0 framework that
compares and integrates GenAl and traditional ML to realize sustainable manufacturing
applications. The proposed framework aims to demonstrate how the complementary use
of these Al paradigms can accelerate the transformation toward energy-efficient, circular,
and environmentally friendly manufacturing systems.

GenAl is characterized by its ability to generate new content, designs, solutions, or
alternative processes by learning patterns from large and diverse datasets. Traditional ML
primarily focuses on learning patterns from existing data to perform tasks such as predic-
tion, classification, optimization, anomaly detection, and decision support. Industry 5.0 is
a broader industrial paradigm that emphasizes human-machine collaboration, resilience,
sustainability, and human-centric production rather than a specific computing technology.
The relationship between them is therefore complementary: traditional ML provides data-
driven analytical and predictive capabilities, while GenAl extends these capabilities to
create new solutions and alternatives. Industry 5.0 provides an overarching production con-
text in which both technologies can be implemented to support human decision-making,
sustainable production, resource efficiency, and the goals of a circular economy. Thus,
GenAl and traditional ML can be understood as enabling technologies, while Industry 5.0
represents a broader human-centric, sustainable, and resilient manufacturing paradigm
within which these technologies are applied.

Although Al has become a cornerstone of smart manufacturing, current research on its
application to sustainable and circular production systems within the Industry 5.0 paradigm
remains largely fragmented. Existing studies primarily utilize traditional ML for predic-
tive tasks such as forecasting energy consumption, equipment degradation, emissions, and
material losses [12,13], while GenAl has only recently been explored for process design, eco-
innovation, and production planning [14]. Consequently, the complementary capabilities
of predictive Al and GenAl have rarely been explored within a unified decision support
framework for sustainable manufacturing. Another significant research gap is the limited in-
tegration of Al techniques with LCA, which limits the ability to assess environmental impacts
throughout the product and production lifecycle, rather than just at individual stages [15].
Furthermore, current approaches typically optimize single sustainability goals, such as energy
efficiency or waste reduction, without also considering the principles of the circular economy,
material recovery, carbon footprint reduction, and supply chain resilience [16,17]. Existing
frameworks also lack sufficient guidance on selecting the most appropriate Al paradigm for
various decision-making problems in manufacturing, leading to fragmented implementation
strategies and limited practical utility [18-20]. The novelty of the proposed approach lies
in the development of an integrated Industry 5.0 framework that systematically compares
and combines GenAl and traditional ML based on their complementary functional roles in
sustainable production. Unlike previous studies, the proposed framework combines Al-based
decision-making with LCA to assess environmental performance and optimize production
processes from product planning to end-of-life (which is currently more typical for medical
devices under the Medical Devices Regulation (MDR) and ISO 13485 [21]). This integration en-
ables simultaneous support for process optimization in terms of energy efficiency, sustainable
product and process design, waste minimization, material recycling, and environmentally
sensitive production planning within a single methodology. The main scientific contribution
of this study is the introduction of a lifecycle-based decision support model that combines
predictive and generative Al thus providing a comprehensive foundation for the development
of resilient, circular and environmentally sustainable production systems aligned with the
goals of Industry 5.0.
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The aim of this study is to develop an integrated Industry 5.0 framework that system-
atically compares and combines generative artificial intelligence (GenAl) with traditional
machine learning (ML) to support energy-efficient and circular production. The proposed
framework integrates the predictive and generative capabilities of artificial intelligence
with life cycle assessment (LCA) to optimise manufacturing processes, minimise resource
consumption and environmental impact, improve the circular flow of materials, and en-
hance data-driven decision-making throughout the product life cycle. By identifying the
complementary roles of generative artificial intelligence (GenAl) and traditional machine
learning (ML), the study aims to develop a comprehensive methodology for designing
resilient, sustainable and environmentally friendly production systems in line with the
principles of Industry 5.0.

We formulated the following research objectives:

e RQ1: How do GenAl and traditional machine learning differ in their capabilities
and effectiveness in supporting energy-efficient and circular production within the
Industry 5.0 paradigm?

e RQ2: How can the complementary strengths of GenAl and traditional machine learn-
ing be integrated into a unified decision support framework to optimize energy
consumption, reduce material waste, enhance recycling, and improve sustainable
production planning?

e  RQ3: What added value does integrating life-cycle analysis (LCA) provide in assessing
the environmental impact and sustainability of Al-based manufacturing decisions
across all stages of the product lifecycle?

e RQ4: How does the proposed conceptual Industry 5.0 framework integrate GenAl,
traditional ML, and LCA to support resource efficiency, environmental sustainability,
circular economy performance, and manufacturing resilience, and what empirical
validation is required to assess its practical impact?

These RQs provide key insights into the following areas:

RQ1: Comparative analysis of GenAl vs. ML;
RQ2: Methodological integration;
RQ3: Life-cycle sustainability assessment;

RQ4: Framework validation and conceptual impact.

2. Materials and Methods
2.1. Data Set

The aim of this bibliometric analysis was to assess the current state of research and
emerging trends in the development, planning and implementation of life-cycle-based sus-
tainable production frameworks. Previous research has often focused on local or small-scale
applications, which has limited our understanding of the broader, interdisciplinary impact of
these technologies. To provide a more comprehensive perspective, this study conducted a
systematic review of the global scientific literature using bibliometric methods. The analysis
covered publications released over the last decade, from January 2016 to July 2026.

As part of the analysis, the global research landscape was examined by identifying the
most influential sources of publications, key research topics, leading countries, institutions
and researchers, as well as the field’s alignment with the Sustainable Development Goals
(SDGs). This approach highlights the key scientific fields driving the development and
implementation of life-cycle-based sustainable production frameworks, whilst revealing
the geographical and organisational factors that influence technological innovation, the
dissemination of knowledge and its practical application. Incorporating a Sustainable
Development Goals (SDGs)-oriented perspective also enables an assessment of how digital
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twin technologies based on artificial intelligence and agents contribute to sustainable devel-
opment, particularly in the areas of responsible technologies and advanced manufacturing.
Overall, the research findings provide a comprehensive overview of current research priori-
ties, emerging technological trends and key stakeholders shaping this field, whilst offering
strategic directions for future research, interdisciplinary collaboration and international
partnerships supporting the digital transformation of manufacturing.

2.2. Methods

A comprehensive literature search was conducted using four major bibliographic
databases—Web of Science (WoS), Scopus, PubMed and DBLP—selected for their broad
coverage of research in the fields of engineering, medicine and interdisciplinary studies. To
ensure the quality and relevance of the retrieved publications, pre-defined eligibility criteria
were applied, including a restriction to articles in English. All records were independently
assessed by three reviewers, and the final decision on inclusion in the analysis was made
on the basis of a consensus between two of the three reviewers. The resulting dataset
was then analysed using bibliometric techniques to identify leading authors, institutions,
contributing countries, key research areas and emerging thematic trends.

Duplicate records were identified by comparing key bibliographic metadata, including
titles, digital object identifiers (DOIs), authors, publication years and other citation fields.
Records flagged as potential duplicates as a result of the automated process were then
verified manually, with particular attention paid to ambiguous cases, such as conference
papers and their expanded journal versions. This combined procedure of automated and
manual duplicate removal ensured the accurate identification and retention of unique
publications. As a result, duplicate and near-duplicate records were removed prior to the
selection stage, thereby improving the accuracy, consistency and reliability of the final
bibliometric dataset (Table 1).

Table 1. Workflow of the customized bibliometric analysis framework employed in this study.

Stage Task(s)

Defining (research aims) Defining aims of the bibliometric analysis

Selecting appropriate data set(s) and developing

Selecting datab i ; .
electing databases and data collections research queries according to the study goals

Cleaning the collected data set(s) to remove

Data i . .
preprocessing duplicates and irrelevant records

Choosing suitable bibliometric

Bibliometric software selection .
software/tools for analysis

Description, author, journal,

Data analysis L
¥ area, topics, institution, country, etc.

Visualisation (if possible) Visualising the analysis results to present insights

Interpreting findings in the context

Interpretation and discussion of the research goals and RQs

This study adhered to ten key components of the PRISMA 2020 guidelines for biblio-
graphic reviews [22], including the rationale, objectives, eligibility criteria, information sources,
search strategy, study selection, data collection, synthesis methods, results, and discussion,
with additional methodological details provided in the Supplementary Materials. Bibliomet-
ric analyses were carried out using analytical tools available in the Web of Science (WoS),
Scopus, PubMed and DBLP databases to ensure a systematic and reproducible assessment of
the scientific literature. The methodology employed enabled a transparent classification and
evaluation of publications by research topics, disciplines, authors, documents and publication
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sources, and the results were presented in tabular form to facilitate interpretation, comparison
and visualisation of research trends. To account for differences in publication quality across
the four databases, predefined inclusion criteria, database-specific selection procedures and a
standardised quality assessment framework were applied to evaluate methodological rigour,
relevance and potential sources of systematic error.

3. Results
3.1. Data Sources

To enhance the precision and relevance of the literature retrieval process, advanced
search filters were applied, restricting the results to English-language publications (Table 2).
The search strategy was adapted to the indexing capabilities of each database by using
the Subject field (title, abstract, keywords, and Keywords Plus) in Web of Science (WoS),
the title, abstract, and keywords fields in Scopus, and manually defined keyword combi-
nations in PubMed and DBLP. All databases were searched using the predefined query
(“Industry 5.0” OR “Industry 6.0”) AND (GenAl OR ML) AND sustainab*, which was
selected to maximize the accuracy, completeness, and efficiency of the literature retrieval
process. More specific keyword combinations yielded substantially fewer results (e.g.,
“Industry 5.0 OR “Industry 6.0”) AND (GenAI OR ML) AND LCA showed only one
publication. The authors included Industry 6.0 as a predefined query to capture emerging
research that extends or follows the Industry 5.0 paradigm, ensuring that the literature
search is not limited to current terminology. This helps identify future developments in
Al sustainability, circular manufacturing, and human-machine collaboration that may
influence the evolution of Industry 5.0. Including this term also reduces the risk of missing
relevant studies discussing the development/modification of Industry 5.0 concepts toward
the emerging Industry 6.0 framework.

Table 2. Search methodology and keyword selection applied for database retrieval.

Parameter/Feature Detailed Description

Books, chapters in books, articles
Inclusion criteria (original, reviews, communication, editorials),
and conference proceedings, in English

Older than 10 years, letters, conference abstracts
without full text, other languages than English

(“Industry 5.0” OR “Industry 6.0”) AND
(GenAI OR ML) AND sustainab*

Exclusion criteria

Exact keywords used

“Subject” field (consisting of title, abstract,
keyword plus and other keywords):
(“Industry 5.0” OR “Industry 6.0”) AND
(GenAI OR ML) AND sustainab*

Used field codes (WoS)

Article title, abstract and keywords:
Used field codes (Sopus) (“Industry 5.0” OR “Industry 6.0”) AND
(GenAI OR ML) AND sustainab*

Manually: (“Industry 5.0” OR “Industry 6.0”)
AND (GenAI OR ML) AND sustainab*

Manually: (“Industry 5.0” OR “Industry 6.0”)
AND (GenAI OR ML) AND sustainab*

Yes, e.g., (“Industry 5.0” OR “Industry 6.0”) AND
(GenAI OR ML) AND sustainab*

Used field codes (PubMed)

Used field codes (dblp)

Boolean operators used

Results refined by publication year, document type
Applied filters (e.g., articles, reviews), and subject area
(e.g., industry, engineering).
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Table 2. Cont.

Parameter/Feature Detailed Description

Queries are run iteratively, refined based on results,
Iteration and validation options and validated by ensuring that relevant
publications appear among the top results

Used symbols like * for word variations and

Leverage truncation and wildcards used . .
? for alternative spellings

The initially collected publications were manually screened to remove irrelevant items
and duplicates, resulting in a final dataset that met the predefined inclusion criteria and
was suitable for bibliometric analysis (Figure 1). The selected studies were independently
assessed by two experts using standard quality assessment tools to evaluate methodological
rigour, the risk of systematic error, data reliability and the overall strength of the evidence.
As part of the assessment, a distinction was made between well-established findings
supported by robust experimental or clinical studies and new evidence based on limited
data sets, theoretical models or preliminary studies. This approach enabled a more balanced
interpretation of the literature by highlighting differences in the quality and maturity of
the evidence across different research areas.

Database initial search:

WoS (n=52) dblp (n=0)
Scopus (n=126) PubMed (n=1)

‘[ Non-English articles:

(n=37)

v
Only English documents:

WoS (n=41) dblp (0=0)
Scopus (n=100)  PubMed (n=1)

Other document types

(n=22

l - and not related to the topic:

Original and review articles:

WoS (n=26) dblp (0=0)
Scopus (n=100) PubMed (n=1)

Duplicated articles:
> @®=7)

1
Included
in bibliometric analysis:
WoS (n=15) dblp (n=0)
Scopus (n=100) PubMed (©=1)

Figure 1. PRISMA 2020-based flow diagram illustrating the study selection process.

The PRISMA 2020 flowchart systematically outlines the stages of study identification,
selection, eligibility assessment and final inclusion, promoting transparency, accuracy and
reproducibility throughout the review process. During the identification and selection
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stages, records obtained from selected databases and additional sources are documented,
duplicates are removed, and titles and abstracts are assessed in accordance with pre-defined
inclusion and exclusion criteria in order to exclude irrelevant studies. The remaining full-
text articles are then assessed for methodological quality, relevance to data collection and
data safety aspects, and their contribution to the technologies under investigation. This
structured reporting framework ensures that the final set of included studies provides
a reliable evidence base for subsequent synthesis and analysis, thereby enhancing the
accuracy and reproducibility of the review’s findings.

To sum up: a comprehensive literature search was conducted in four major biblio-
graphic databases: Web of Science (WoS), Scopus, PubMed, and DBLP, selected for their
broad coverage of engineering, medical, and interdisciplinary research. The same prede-
fined query (“Industry 5.0” OR “Industry 6.0”) AND (GenAI OR ML) AND sustainab*
was adapted to the search fields and indexing capabilities of each database. Searches were
limited to English-language publications and refined by publication year, document type,
and relevant subject areas. Shortening and Boolean operators were used to increase search
sensitivity. Eligible records included books, book chapters, original and review articles,
communications, editorials, and conference proceedings. Publications older than ten years,
conference abstracts without full text, letters, and publications in languages other than
English were excluded. Retrieved records were deduped automatically and manually based
on titles, DOIs, authors, publication years, and other bibliographic metadata. In ambiguous
cases, such as conference papers and extended versions of journals, these were manually
verified. After deduplication, titles and abstracts were screened against predefined eligi-
bility criteria, and potentially relevant publications were subjected to full-text evaluation
before final inclusion. Study selection was performed independently by reviewers, and
discrepancies were resolved by consensus, reducing the risk of reviewer bias. Included
studies were assessed for methodological rigor, risk of bias, data reliability, validity, and
overall strength of evidence using predefined and standardized quality assessment criteria.
The quality assessment also distinguished well-established evidence supported by solid
empirical, experimental, or clinical studies from new evidence based on limited datasets,
theoretical models, or preliminary findings. The identification, screening, eligibility, and
inclusion stages were presented using the PRISMA 2020 flow framework, while the fi-
nal dataset was synthesized using bibliometric methods to explore authors, institutions,
countries, research areas, and emerging thematic trends.

3.2. General Results of Analysis

A summary of the bibliometric analysis findings is provided in Table 3 and Figures 2-9.
The analysis included 116 articles published over the past decade (searched January 2016—
July 2026, published 2022-2026—older than 2022 were not observed). Publications older
than 2016 were excluded due to the rapid evolution of the research field and the replacement
of outdated knowledge by more recent developments.

Table 3. Aggregated bibliometric analysis results from Web of Science, Scopus, PubMed, and DBLP
databases.

Parameter/Feature Value

Article (28.40%), Book chapter (26.70%),
Conference paper (26.70%)

Leading types of publication

Computer science (27.40%),

Leading areas of science Engineering (21.10%)

Leading countries India, USA, Australia
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Table 3. Cont.

Parameter/Feature Value

Leading scientists Mikotajewski, D., Rojek, I, Leng, J., Liu, Q.

Kazimierz Wielki University,
Symbiosis International Deemed University,
Sri Balaji University,
Guangdong University of Technology

Leading affiliations

Kazimierz Wielki University,
European Commission, Science and
Technology Planning Project of
Guangdong Province

Leading funders (where information available)

Responsible Production and Consumption,
Industry Innovation and Infrastructure,
Good Health and Well Being, Sustainable
Cities and Communities

Sustainable development goals

The observed increase in publications (Figure 2), particularly in recent years, can be
associated with the rapid development of artificial intelligence (Al), digital twins (DTs),
additive manufacturing, and other Industry 4.0 technologies that are increasingly applied to
personalized healthcare, medical device design, rehabilitation, and advanced engineering
solutions.

Documents

60
50
40
30
20

10

2022 2023 2024 2025 2026

Year

Figure 2. Documents by year.

Bibliometric analysis indicates that the literature is dominated by research articles
(28.4%), while book chapters (26.7%) and conference papers (26.7%) constitute nearly equal
proportions of the published output. The relatively balanced distribution between journal
publications and conference proceedings suggests a dynamic and expanding research field,
where new concepts and technological developments are rapidly disseminated through
scientific meetings before being consolidated in journal articles. The substantial share of
book chapters further reflects the growing maturity of the field, emphasizing knowledge
synthesis, educational dissemination, and the development of theoretical frameworks
alongside empirical research (Figure 3).
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Editorial (0.9%)

Book (3.4%) ‘
Conference Review (4.4%)

Article (28.4%)
Review (9.5%)

Conference Paper (26.7%) ~

iy

Book Chapter (26.7%)

Figure 3. Documents by type.

The leading scientific disciplines include computer science (27.4%) and engineering
(21.1%), highlighting the technological orientation and interdisciplinary character of this
research area (Figure 4). The predominance of these disciplines indicates that research
is primarily focused on the development of computational methods, intelligent systems,
digital manufacturing technologies, and engineering solutions rather than solely on clinical
applications. This disciplinary profile demonstrates the close integration of digital tech-
nologies with engineering principles, supporting innovation across healthcare, industrial
production, and smart manufacturing environments. At the same time, the relatively lower
representation of health-related disciplines suggests continuing opportunities for expand-
ing interdisciplinary collaboration and translating technological advances into broader

clinical practice.
.omputer Science (27.4%)
I Engineering (21.1%)

Muthemct\cs (7.7%)

Other (9.5%)

Environmental Science (2.8%)
Chemical Engineering (2.8%) __

Economics, Econometrics and Finance (4.2%)

Social Sciences (5.6%)

Decision Sciences (5.6%)
Business, Management and Accounting (6. 3%)
Energy (7 0%)

Figure 4. Documents by subject area.

The geographical distribution of publications is led by India, the United States, and
Australia, demonstrating the global nature of research efforts and reflecting differences in
national research priorities, technological capabilities, and investment in digital innovation
(Figure 5). The strong contribution from both developed and emerging economies suggests
increasing international collaboration and a growing recognition of the importance of
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Al-driven and engineering-based solutions for addressing complex societal and industrial
challenges.

India

United States
Australia
China

Poland

Saudi Arabia
Italy

United Kingdom

Hungary

45

o
v
=
o
—
(%]

20 25

w
(=]
w
v
=N
o

Documents

Figure 5. Documents by country/territory.

The most productive researchers, including Mikotajewski, D., Rojek, I., Leng, J., and
Liu, Q. (Figure 6), together with leading institutions such as Kazimierz Wielki University,
Symbiosis International Deemed University, Sri Balaji University, and Guangdong Univer-
sity of Technology (Figure 7), demonstrate the emergence of specialized research groups
that significantly contribute to advancing this field. These institutions represent diverse
geographical regions and disciplinary backgrounds, emphasizing the international and
interdisciplinary character of current research activities.

Available funding information (Figure 8) identifies Kazimierz Wielki University, the
European Commission, and the Science and Technology Planning Project of Guangdong
Province among the major funding organizations supporting research in this area. The
diversity of funding sources illustrates the strategic importance of interdisciplinary research
that combines engineering, computer science, and digital technologies with practical
applications. Such funding patterns indicate sustained institutional and governmental
commitment to technological innovation and international scientific collaboration.

Mikotajewski, D. - | EEEE———
Rojek, 1. |
teng,). [N
tiv, Q.

chakraborty, s. | NN
chen,c. NN
chen,x. NN
Dhanaraj, RK. |
Galatro, D. [N
0 1 2 3 4 5
Documents

Figure 6. Documents by author.
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Kazimierz Wielki University _
Symbiosis International Deemed University [ RS
sri Balaji University  [NNRNRMEB
Guangdong University of Technology. [N
servotech Inc. [ NG
Johns Hopkins University [ NN
Politechnika Poznanska [ NNRNREREEE
Netaji Subhas University of Technology | NRERER

0 1 2 3 4 5 6
Documents

Figure 7. Documents by affiliation.

Uniwersytet Kazimierza Wielkiego [ NN
European Commission
Science and Technology Planning Project of Guangdong Province [N
Universitetet i Agder [ NNREE
1 2 3 4

o

Documents

Figure 8. Documents by funding.

The identified publications are strongly associated with several United Nations SDGs,
particularly Responsible Consumption and Production, Industry, Innovation and Infras-
tructure, Good Health and Well-being, and Sustainable Cities and Communities (Figure 9).
This broad alignment demonstrates that the research extends beyond healthcare applica-
tions and contributes to sustainable industrial development, technological innovation, and
resilient infrastructure while simultaneously supporting improvements in quality of life
and public health.

Responsible Production Industry Innovation and Infrastructure Good Health
and Consumption and Well Being

Sustainable Cities Climate Action Affordable
and Communities and Clean
Energy

Life on Land

Figure 9. Documents by SDGs.

Not all publications included in the review directly addressed the SDGs, as SDG-
related content was not established as a criterion for study inclusion. Although the SDGs
were introduced by the United Nations as a global framework for promoting sustainable
development by 2030, their implementation and consideration vary among countries and
research organizations. The inclusion of studies with and without explicit SDG references
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allows for a broader assessment of diverse perspectives on sustainable development. This
approach also facilitates the identification of potential limitations, whether deliberate or
unintended, arising from differences in research priorities, institutional practices, and
national strategies related to sustainability objectives.

The current bibliometric landscape indicates that this research field is experiencing
steady growth and increasing international recognition. The strong representation of com-
puter science and engineering, combined with contributions from leading research institu-
tions and diverse funding organizations, suggests continued technological advancement
and expanding interdisciplinary collaboration. Future research is expected to strengthen
the integration of emerging digital technologies with practical industrial and healthcare
applications while addressing challenges related to implementation, validation, standard-
ization, and long-term sustainability. The expanding network of researchers, institutions,
and international partnerships indicates the gradual formation of a mature knowledge
ecosystem whose scientific impact and specialization are likely to become more pronounced
as research activity continues to increase.

3.3. Current Status and Challenges

Manufacturing systems are increasingly under pressure from market uncertainty, strin-
gent sustainability requirements, and aging equipment, while conventional deterministic
planning approaches struggle to balance operational reliability and environmental effi-
ciency in dynamic environments. An adaptive Al-based planning platform was developed
and validated that integrates physics-based DT with a Pareto-conditional multi-objective
policy optimization algorithm to optimize equipment efficiency, energy consumption,
carbon dioxide emissions, and material waste under operational constraints. Built on a
four-layer cyber-physical architecture with 60 s real-time planning cycles, the proposed
framework achieved statistically significant improvements across 10,000 stochastic simula-
tions and a 12-week industrial pilot, including 96.8% schedule achievement, 84.7% Overall
Equipment Effectiveness (OEE), 16.5% lower specific energy consumption, 17.1% less mate-
rial waste, and 21.4% higher carbon efficiency compared to baseline methods (p = 0.001).
Furthermore, the results revealed a strong synergistic relationship between waste reduction
and OEE improvements, demonstrating that sustainability initiatives account for 34.1% of
the observed OEE benefits and highlighting the framework’s potential to support adaptive,
resilient, and Industry 5.0-enabled manufacturing systems [23]. As manufacturing moves
away from traditional efficiency-focused optimization toward resilient, resource-efficient,
and net-zero production, Al-based digital twins are emerging as key technologies for real-
time monitoring, prediction, and adaptive control in cyber-physical systems. A critical
analysis of the evolution of digital twins from physics-based and data-driven models to
hybrid Al-physics architectures highlights their ability to integrate predictive accuracy,
physical consistency, explainability, and sustainability into manufacturing decision-making.
It also highlights the growing role of digital twins in real-time optimization, predictive
maintenance, and intelligent asset management, while identifying key challenges related
to trust, uncertainty propagation, interoperability, scalability, governance, and industrial
adaptation. Future Al-based DTs must go beyond throughput-oriented optimization by
incorporating life-cycle sustainability, circular economy, and decarbonization goals into
manufacturing intelligence, thereby supporting the transition to net-zero emission pro-
duction systems and Industry 5.0 [24]. Intelligent Manufacturing Systems (SMS) have
evolved into intelligent, data-driven environments that combine cyber-physical system:s,
DTs, and Al to improve production efficiency, sustainability, and resilience. A synthesis of
evidence from over 250 recent studies on manufacturing technologies, systems manage-
ment, sustainable production, and human-robot collaboration demonstrates significant
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benefits in process optimization, adaptive scheduling, predictive maintenance, and en-
ergy efficiency through advanced Al and optimization techniques. It also highlights the
environmental benefits of additive manufacturing, recycling, and standardized sustainabil-
ity frameworks, while emphasizing the growing importance of understandable XAI and
human-centered design for improved safety, transparency, and operational resilience. The
review identifies key research challenges and future opportunities, setting a roadmap for
the further development of intelligent, adaptive, and sustainable manufacturing systems
aligned with next-generation industrial goals [25]. DTs are a key enabler of Al-based
modeling and metrology in Industry 5.0 and the emerging manufacturing landscape of
Industry 6.0, where real-time virtual representations of physical assets enhance trans-
parency, prediction, optimization, and adaptive decision-making through the integration
of Al, ML, and sensor data. The role of DTs in improving metrology, process simulation,
predictive maintenance, fault detection, quality assurance, and sustainable production is
highlighted by supporting accurate measurements, reducing downtime, optimizing energy
consumption, minimizing waste, and enabling human-centered collaboration. The transfor-
mation toward Industry 6.0 is also discussed, where DTs leverage cognitive intelligence,
ethical automation, and autonomous optimization, while identifying key challenges related
to interoperability, cybersecurity, scalability, and real-time computing performance [26].
CNC machining simulation has become a key technology for smart manufacturing, but
its implementation in post-industrial environments is still limited by legacy hardware,
heterogeneous data, limited computing resources, and increasing cybersecurity require-
ments, particularly for small and medium-sized enterprises (SMEs). This synthesis of
research published between 2019 and 2025 on CNC machining simulation, DT architectures,
interoperability standards, and Al-assisted optimization offers a practical, standards-based
perspective on integration rather than the introduction of new simulation methods. It
proposes a seven-layer architecture compliant with ISO 23247 [27] that decouples sensors,
communications, DT, analytics, and human—machine interaction, while also offering practi-
cal guidance on selecting middleware, edge cloud computing, and choosing mechanistic,
finite element, hybrid, or ML-based modeling strategies. Additionally, an SME-focused
implementation plan is presented that combines phased digital modernization with mea-
surable operational performance improvements, including overall equipment effectiveness,
first-pass performance, uptime, cycle time, and energy efficiency [28]. The transition from
Industry 4.0 to Industry 5.0 marks a shift toward sustainable, human-centric manufacturing,
where Al and human expertise combine to enhance production flexibility, personalization,
and environmental efficiency. Advanced multi-objective optimization methods, including
genetic algorithms, particle swarm optimization, and ML, were explored to simultaneously
improve operational efficiency, minimize waste, reduce energy consumption, and lower
carbon emissions. The proposed framework integrates human creativity with Al-driven
decision-making, enabling adaptive optimization that adapts production processes to
evolving operational and sustainability goals. By combining theoretical concepts with
practical applications in personalized manufacturing, the study provides a comprehensive
model for the development of smart, resilient, and sustainable Industry 5.0 manufacturing
systems [29]. By leveraging real-time system information from data acquisition systems,
it enhances predictive maintenance, improves decision-making, and supports scalable,
context-aware diagnostics in applications such as smart grids, manufacturing, and au-
tonomous systems. This framework provides a practical foundation for creating intelligent,
reliable, and resilient fault diagnostic solutions adapted to today’s data-intensive industrial
environments [30]. Al is rapidly developing in various fields, but the increasing complexity
and scale of modern Al models create significant demands on computational power, storage
resources, and energy, making implementation on resource-constrained edge devices chal-

https://doi.org/10.3390 /machines14091006


https://doi.org/10.3390/machines14091006

Machines 2026, 14, 1006

14 of 36

lenging. The following article reviews the current state of edge intelligence, examining key
techniques such as model sparsity, quantization, knowledge distillation, neural architecture
search, and federated learning to improve performance while addressing challenges related
to scalability, interpretability, privacy, security, and energy consumption. It also compares
these approaches, analyzes their pros and cons, and presents an implementation frame-
work for applications spanning industry, healthcare, automotive systems, and consumer
technology. Finally, the article outlines future research directions to overcome existing limi-
tations and highlights the transformative potential of edge intelligence in enabling scalable,
sustainable, and ubiquitous intelligent services [31]. Although existing research provides
well-established methodological guidelines for conducting thematic analysis, there is little
work on its application in the era of generative Al The following article demonstrates
how researchers and ChatGPT can collaboratively conduct reflexive, non-positivist the-
matic analysis, using Al to support tasks such as transcription, code generation, theme
development, interpretation, and proofreading. The proposed approach emphasizes the
complementary role of human expertise in maintaining reflexivity, minimizing algorithmic
bias, ensuring ethical research practices, and generating contextually rich interpretations.
Drawing on Braun and Clarke’s six-phase model of reflexive thematic analysis, this study
offers a practical model for Al-assisted qualitative research and encourages reflection on
best practices for human-AlI collaboration in thematic research [32]. The following article
presents a prototype implementation of the Predictive Maintenance Model Context Protocol
(MCP), an open-source framework that enables machine condition monitoring and predic-
tive maintenance through the interaction of natural language with large language models.
The proposed system combines deterministic diagnostic tools such as vibration analysis,
Fast Fourier Transform (FFT) spectral analysis, envelope analysis, ISO-compliant vibration
assessment, and semi-supervised anomaly detection, while providing structured results
that improve traceability and repeatability. Within this framework, the LLM functions as
an intelligent orchestrator, selecting appropriate tools, configuring analysis parameters,
and generating evidence-based conclusions instead of relying solely on textual reasoning.
This repeatable implementation, supported by source code, demonstration datasets, and
publicly available repositories, provides a practical foundation for community validation
and future industrial-scale applications of predictive maintenance [33]. The next study
presents an Al-based framework for predicting production equipment failures using histor-
ical operational and maintenance data, supporting sustainable maintenance in Industry 4.0
environments. The proposed approach compares the performance of Random Forest and
XGBoost models across different prediction horizons, using explainable Al to interpret
model results and convert them into dynamic risk metrics consistent with Failure Mode
and Effects Analysis (FMEA). A scenario-based assessment demonstrates the framework’s
potential to reduce unplanned downtime, material waste, and energy consumption, while
also improving maintenance planning and system reliability. By integrating predictive
maintenance, explainable Al, recovery-based maintenance assessment, dynamic FMEA,
and sustainability impact assessment into a unified decision support system, the study
provides a comprehensive solution for smart and sustainable manufacturing [34]. Agentic
Al extends GenAl by introducing autonomous, goal-oriented agents that communicate and
collaborate across distributed enterprise systems, enabling the creation of intelligent and
self-organizing architectures. Leveraging agent-to-agent communication, the Agent Com-
munication Protocol, and large language model (LLM)-based reasoning, these architectures
optimize workflows, strengthen cybersecurity, and increase operational resilience. The
proposed enterprise architecture integrates event-driven communication, vector memory,
and optional blockchain-based verification to ensure secure, transparent, and adaptive
coordination between intelligent agents. Through effective Al governance and oversight,
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Agentic Al offers a scalable and composable foundation for building agile, resilient, and
high-performance enterprise systems [35].

Human factors and ergonomics (HF/E) are fundamental to sustainable manufacturing
because they improve employee well-being, reduce occupational risks, and enhance overall
system performance, while supporting the human-centered principles of Industry 5.0 and
Society 5.0. Manufacturing companies with high occupational health and safety (OHS)
scores in a globally recognized investor ranking system were analyzed to identify how
they implement HF/E principles and communicate their benefits through sustainability
reports and public disclosures. Particular attention was paid to the use of Al and digital
technologies to improve workplace safety, including human presence detection in haz-
ardous areas, ergonomic machine design, occupational risk assessment, and employee
well-being initiatives. The results provide evidence that integrating HF /E strengthens both
organizational competitiveness and sustainability performance, while offering practical
guidance for companies seeking to improve OHS practices across manufacturing sectors
and countries [36]. Industry 5.0 represents a broader transformation beyond automation,
emphasizing the integration of advanced technologies with human well-being, sustain-
ability, and resilience, although current research remains fragmented across technological,
industrial, and ecological perspectives. A review of 52 peer-reviewed studies published
between January 2021 and March 2026, based on ten research questions covering tech-
nologies, applications, methodologies, human-centered approaches, sustainability, and
implementation challenges, provides a novel approach. The results, supported by high
peer-review reliability (Cohen’s k = 0.981), point to Al, collaborative robotics, the Internet of
Things (IoT), and DTs as dominant technologies, primarily implemented in human-assisted
systems in manufacturing and healthcare. Despite reported improvements in safety and
workload reduction, the review reveals that sustainability integration remains limited,
indicating that an inclusive and sustainable Industry 5.0 requires further conceptual devel-
opment and practical consolidation [37]. Human-centricity, sustainability, and resilience are
fundamental pillars of Industry 5.0, emphasizing the creation of socio-technical systems that
improve human health, safety, well-being, and social value. A systematic literature review
aimed to identify the fundamental characteristics and requirements of human-centric work
environments while also analyzing current developments in the fields of human factors
and ergonomics. The findings demonstrate the growing importance of ergonomics but
reveal significant research gaps in cognitive ergonomics, particularly regarding cognitive
workload, psychological well-being, and their impact on productivity and motivation. The
study offers valuable guidance for researchers and industry practitioners by defining key
principles for implementing effective human-centric production systems that support both
employee well-being and organizational performance [38].

Three-dimensional printers (3DP), a key component of additive manufacturing (AM),
are playing a key role in digital transformation, integrating Al to improve print accuracy,
handle complex geometries, and support more sustainable and environmentally friendly
production systems. To address the challenges organizations face in selecting appropri-
ate 3DP technologies, a hybrid decision-making framework combining Fermatean Fuzzy
Stepwise Weight Assessment Ratio Analysis and Fermatean Fuzzy Ranking of Alternatives
through Functional Mapping of Criterion Sub-Intervals into a Single Interval is proposed.
This framework is applied to two automotive case studies, where an extended Delphi
method based on Fermatean fuzzy sets is used to identify and prioritize selection criteria,
with accuracy and quality emerging as the most influential factors. Robustness and valida-
tion analyses confirm that the proposed model is a reliable and effective decision support
tool, supporting the implementation of additive manufacturing using Al and accelerating
the digital transformation of industrial production [39]. AM has become a disruptive tech-
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nology in the manufacturing sector, offering an alternative to conventional processes while
simultaneously posing challenges in process selection and early design decision-making. A
hybrid multi-criteria decision-making model (MCDM) is proposed that combines the best—
worst-method approach for weighting criteria with the proximity index value approach for
ranking alternative manufacturing methods, improving performance and reliability. The
proposed approach is validated in a case study from the aerospace industry comparing
CNC machining, high-pressure die casting, and powder-based laser fusion, with AM being
identified as the preferred option for low- and medium-volume production. The results
highlight the importance of material selection, process design considerations, and pro-
duction volume in selecting appropriate manufacturing technologies, providing practical
support for informed decision-making by professionals with limited AM expertise [40].
3D printing has become an important technology for improving the sustainability and
competitiveness of aircraft production and maintenance. However, selecting appropriate
3D printers remains challenging due to the increasing number of available technologies,
high costs, and complex interdependencies between evaluation criteria. A novel decision-
making framework is presented that combines the nonlinear fuzzy geometric mean method
for precise criterion prioritization with the fuzzy VIKOR method, which takes into account
interdependencies, enabling realistic evaluation and ranking of alternatives. The proposed
method was applied to evaluate five 3D printers for the production of aircraft components,
demonstrating its effectiveness in solving complex selection problems and supporting more
reliable technology investment decisions [41]. Industry 4.0 enables highly customized and
competitive production through autonomous and adaptive manufacturing systems, but
achieving these benefits requires effectively aligning I4.0 technologies with the outcomes of
the manufacturing strategy (MSO). We analyzed the impact of Industry 4.0 technologies on
MSO by developing a hybrid, multi-criteria decision-making model that integrates fuzzy
DEMATEL and fuzzy TOPSIS methods to eliminate uncertainty in expert assessments.
The fuzzy DEMATEL method identifies the relationships between evaluation factors and
assigns their weights, while the fuzzy TOPSIS model ranks Industry 4.0 technologies based
on their contribution to manufacturing competitiveness. The results indicate that cost, flexi-
bility, and efficiency are the most important factors for MSO, and additive manufacturing
was identified as the most suitable Industry 4.0 technology, providing managers with a
structured approach to technology selection and strategic decision-making [42].

Al-based and bio-inspired control strategies are transforming industrial robotics by
increasing precision, adaptability, and sustainability, supporting the human-centric vision
of Industry 5.0 by improving energy efficiency, material circularity, and full-lifecycle emis-
sions. A systematic review analyzed 160 peer-reviewed studies published between 2023
and 2025, following the PRISMA 2020 guidelines, to assess emerging control methods, the
role of DTs and 5G connectivity, and the technical, ethical, and environmental challenges
associated with advanced robotic systems. The findings indicate significant benefits, includ-
ing up to 30% lower optimization latency, 22% higher operational efficiency with DTs, and
25% energy savings with bio-inspired control methods, while also identifying significant
barriers such as increased computing power requirements and cybersecurity threats. The
review concluded that the integration of artificial intelligence, bio-inspired intelligence
and quantum computing could accelerate the transition to sustainable and human-centric
Industry 5.0 robotics, provided standard frameworks for safety, ethical governance and
hybrid control architectures are established [43]. The rapid adoption of Al in industrial
automation has made reinforcement learning (RL) a key approach for adaptive control,
intelligent optimization, and autonomous decision-making in smart manufacturing en-
vironments. We explore the limitations of existing reviews by presenting a bibliometric
analysis of the development of RL and deep RL in industrial automation and robotics, based
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on the results of the PRISMA 2020 project, which draws on 672 peer-reviewed scientific
articles published between 2017 and 2026. DRL, multi-agent RL, and classical RL account
for 42%, 27%, and 31% of the research, respectively. The results show that RL applications
are primarily focused on robot control, process optimization, and predictive maintenance,
while limited real-world implementation highlights ongoing challenges in scalability, safety,
interpretability, and deployment readiness. The study proposes a strategic roadmap linking
theoretical research with industrial implementation across four dimensions: algorithm
development, integration technologies, validation maturity, and anthropocentricity, to sup-
port scalable, transparent, sustainable, and Industry 5.0-compliant intelligent automation
systems [44]. The manufacturing sector is currently undergoing a significant transfor-
mation through the integration of Industry 4.0 technologies, including IoT, robotics, DTs,
machine learning, and edge computing, to enable smarter and more adaptive production
systems. An analysis of 14 empirical studies published between 2019 and 2025, using
PRISMA guidelines and the Mixed-Methods Appraisal Tool, identified three key themes:
IoT-enabled optimization, robotics and human-robot collaboration, and emerging technolo-
gies, demonstrating improvements such as reduced cycle times, improved robot safety, and
the strong predictive capabilities of DTs. Despite these advances, challenges related to data
integration, standardization, and limited industrial validation remain, requiring further
efforts to develop scalable, resilient, and intelligent manufacturing ecosystems [45].
Manual assembly remains a key element of modern manufacturing, but increasing
product personalization places increasing cognitive demands on workers and increases
the likelihood of assembly errors. At the same time, existing spatial augmented reality
(SAR) systems often lack adaptive interaction and real-time feedback. This study presents
Gest-SAR, an Al-based SAR platform that integrates a custom gesture recognition model
based on MediaPipe to provide adaptive assembly guidance, gesture-based control, and
real-time closed-loop error feedback during manual assembly. A ten-participant exper-
iment showed that Gest-SAR significantly outperformed paper and tablet instructions
by reducing assembly cycle times, reducing errors by a factor of seven, reducing mental
workload, and achieving a 90% user preference for the SAR interface. These findings
demonstrate that combining gesture recognition with augmented reality improves as-
sembly efficiency, accuracy, and user comfort, highlighting Gest-SAR as a human-centric
solution that supports Industry 5.0 goals of resilience, intelligence, and sustainability [46].
Augmented reality (AR) is gaining importance in industrial environments as a technology
to enhance worker training and support complex assembly operations, particularly through
advanced devices such as Microsoft HoloLens 2. An integrated assessment framework
combining direct observation, performance analysis, interviews, SWOT analysis, life-cycle
assessment (PDCA), and economic analysis was developed and applied to examine the
effectiveness and potential of implementing AR-based work instructions in real-world
production settings. Results indicate improved consistency in task guidance, improved
training support, and a favorable strategic positioning. Cost analysis indicates that AR
training becomes economically viable when implemented for larger employee groups.
Despite challenges related to initial investment, ergonomics, and user adoption, the study
confirms that structured AR-based training frameworks can provide a valuable path for in-
dustrial learning and workforce development [47]. AR and mixed reality (MR) technologies
are rapidly developing in Industry 4.0 manufacturing environments, particularly in appli-
cations such as product design, operator training, and assembly assistance. An innovative
MR-based assistive application was developed that utilizes dynamic component tracking
and advanced programming logic to provide immersive support for novice operators
performing assembly tasks. Experimental evaluations with experienced and inexperienced
users, supported by performance data and surveys, demonstrate that the system improves
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instruction clarity, increases user confidence, and provides valuable guidance during as-
sembly operations. Although some users reported that visual cues could sometimes restrict
their field of view, the study provides a foundation for the development of more robust
and consistent MR-based assistive assembly systems [48]. We have demonstrated that
human-robot collaboration (HRC) is a new element of Industry 4.0, enabling flexible and
adaptive production by creating new models of interaction between workers and intelligent
machines. We propose a hybrid brain-computer interface (BCI) and augmented reality
(AR) system that combines NextMind technology with Microsoft HoloLens 2 headsets to
support intuitive and hands-free collaboration with robots in industrial environments. The
proposed interface utilizes signals from the visual cortex to control the robot, while AR
provides real-time information about assembly components, robot state, and interaction
signals during collaborative pick-and-place tasks. User evaluations indicate promising
usability and performance, suggesting that the BCI-AR approach can provide the basis for
affordable, ergonomic, and effective real-time interfaces for HRC [49].

The results can be summarized in four interrelated themes: predictive and generative
Al capabilities, energy and resource efficiency, lifecycle sustainability and the circular
economy, and human-centric resilience in Industry 5.0. The first theme demonstrates
that traditional ML and GenAlI should be viewed as complementary, not competitive,
approaches. ML primarily supports the prediction and monitoring of energy consumption,
emissions, equipment performance, and material waste, while GenAl can support the
generation of alternative process configurations, eco-design options, and production scenar-
ios. The second theme indicates that Al-based DTs, predictive maintenance, optimization,
robotics, and edge intelligence can contribute to more efficient production by supporting
adaptive scheduling, energy management, waste reduction, equipment utilization, and
process control, although the scale of these benefits varies depending on the application
and validation settings. The third theme addresses sustainability from a broader life-cycle
perspective, where LCA, recycling, additive manufacturing, eco-design, and the circular
economy provide mechanisms for assessing environmental impacts beyond individual pro-
duction operations. These findings directly support the proposed framework, as ML-based
predictions can provide operational and environmental information that GenAl then uses to
explore alternative, sustainable decisions, while LCA provides criteria for evaluating these
alternatives throughout the product lifecycle. The fourth theme highlights the Industry 5.0
dimension, where DTs, XAI, augmented and mixed reality, human-robot collaboration,
ergonomics, and human-centric interfaces suggest that technological optimization should
be considered alongside employee well-being, safety, adaptability, and human decision-
making. In relation to these themes, the literature suggests that integrating predictive
intelligence, generative capabilities, digital representations, and life-cycle assessment can
support more adaptive, resource-efficient, and resilient manufacturing systems. How-
ever, because the proposed framework is conceptual in nature, and the studies analyzed
differ significantly in their methods, contexts, and levels of empirical validation, these
results should be interpreted as evidence of potential rather than as evidence of uniform
or statistically confirmed improvements attributed to the proposed framework itself. This
thematic synthesis therefore positions the proposed GenAI-ML-LCA framework as an
integrated conceptual framework that combines existing technological capabilities and
research findings while identifying empirical implementation, interoperability, data quality,
explainability, cybersecurity, and lifecycle validation as priorities for future research.

A significant benchmark can be established based on the authors’ own research on
fused filament fabrication (FFF), where process parameters, energy consumption, material
consumption, and environmental impact can be assessed within a common decision-
making framework. A purely ML-based setup utilizes models such as XGBoost or MLP to
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predict energy consumption, waste, or environmental impact based on design and process
parameters. Our studies achieved approximately 98% prediction accuracy, demonstrating
the feasibility of data-driven environmental forecasting. A purely GenAl-based setup
generates alternative part geometries, material choices, or manufacturing scenarios, but
these alternatives still require quantitative analysis and environmental assessment before
selection. A combined ML + GenAl + LCA setup therefore utilizes ML to predict process
and environmental performance, GenAl to generate and modify feasible design or manu-
facturing alternatives, and LCA to compare the resulting alternatives in terms of relevant
life cycle impacts. This integrated setup demonstrates that AI-LCA approaches can move
sustainability assessment from post-production to the design and decision-making stages
of the process. In a quantitative simulation, three configurations can be evaluated using
identical FFF data sets and constraints, with energy consumption, material losses, global
warming potential, and production efficiency as common performance measures. The
expected difference is that the ML-only approach provides stronger predictive capabilities,
the GenAl-only approach allows for broader exploration of alternatives, and the combined
approach provides more sustainable optimization by combining prediction, generation,
and life-cycle environmental assessment. Importantly, these comparisons are presented as
a proposed benchmark or simulation project, not as a proven superiority claim, as direct
empirical evidence comparing ML-only, GenAl-only, and integrated ML + GenAl + LCA
production systems remains limited.

3.4. Complementary Capabilities of Predictive Al and GenAl Within a Unified Decision Support
Framework for Sustainable Manufacturing

As part of a unified decision support system for sustainable manufacturing, traditional
ML and GenAl offer complementary capabilities that improve decision quality throughout
the product lifecycle [50,51]. Traditional ML excels at predicting energy consumption,
material waste, equipment failures, and greenhouse gas emissions based on historical and
current production data [52]. These predictive insights enable continuous monitoring,
anomaly detection, and proactive optimization of manufacturing processes to improve
operational efficiency [53,54]. GenAl, in turn, generates innovative process configurations,
eco-design alternatives, production schedules, and resource allocation strategies that meet
sustainability goals [55]. By integrating predictive ML results with GenAl’s creative de-
sign capabilities, manufacturers can evaluate multiple sustainable production scenarios
before implementation [56]. The system supports closed-loop decision-making by continu-
ously updating GenAl-generated recommendations using real-time predictions from ML
models [57,58]. An LCA layer further validates these recommendations by quantifying the
environmental impacts associated with energy consumption, emissions, waste generation,
and material recycling throughout the product lifecycle [59]. This synergy allows manufac-
turers to balance efficiency, cost-effectiveness, environmental performance, and circular
economy goals in line with Industry 5.0 principles [60]. The combined use of predictive
ML and GenAlI also improves the resilience of manufacturing systems, enabling adaptive
responses to changing production conditions and supply chain disruptions [61]. Therefore,
a unified decision support platform demonstrates how the complementary strengths of tra-
ditional ML and GenAl can accelerate the transformation toward energy-efficient, circular,
and human-centric sustainable production [62-65].

Figure 10 highlights the complementary roles:
e Traditional ML predicts energy consumption, emissions, material losses, quality,

and failures;
e  GenAl creates sustainable process plans, eco-designs, schedules, and alternatives for

circular production;
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e  The Decision Support Engine combines forecasts with generated alternatives using
multi-criteria optimization;

o  LCA assesses environmental impact throughout the product lifecycle;

e A feedback loop continuously updates machine learning models and GenAlI recom-
mendations using operational production data, supporting adaptive decision-making
in Industry 5.0.

Traditional ML
Prediction models
Energy consumption, material loss,
carbon emissions, equipment failures,
proces quality

Unified decision suport
engine
Multi-objective optimization, predictive

Data integration layer
Data cleaning, feature engineering,
data fusion, digital twin,

knowledge base " and generative reasoning, human-in-
Generative Al the-loop recommendations
Generation models
Eco-design, sustainable scheduling,
resoutce allocation, circular strategies,
proces alternatives

LCA
Energy footprint, carbon footprint,
waste and recycling, circularity
indicators

Sustainable manufacturing

outcomes
Energy-efficient production, reduced

emissions and waste, circular
manufacturing, resource optimisation

Figure 10. Decision support framework for sustainable manufacturing (Industry 5.0).

3.5. Integration of Al Techniques with LCA

The integration of traditional ML, GenAl and LCA creates a comprehensive framework
for assessing and improving the sustainability of manufacturing systems in Industry 5.0 [66].
Traditional ML models provide accurate predictions of energy consumption, greenhouse gas
emissions, material losses, and equipment performance, leveraging historical and current
production data [67,68]. These predictive outputs serve as quantitative inputs to product
LCAs, enabling more dynamic and accurate environmental impact assessments throughout the
product lifecycle [69]. In parallel, GenAl generates sustainable product designs, manufacturing
process configurations, production schedules, and circular economy strategies that meet
predefined environmental and operational constraints [70]. Each Al-generated alternative is
assessed using a product LCA to quantify its environmental impact throughout all stages:
from raw material extraction, through production, distribution, product use, and end-of-life
recovery [71]. LCA results provide objective sustainability metrics that guide the selection of
manufacturing strategies with lower carbon emissions, reduced energy requirements, and
improved resource efficiency [72,73]. LCA feedback continuously refines both the predictive
ML models and the GenAl-generated solutions, creating an iterative optimization process that
supports continuous sustainability improvement [74]. This integration allows manufacturers
to compare multiple production scenarios by simultaneously considering environmental,
economic, and operational metrics [75]. The combined use of predictive ML, GenAl, and
LCA supports data-driven decision-making, promoting circular production through waste
minimization, material reuse, recycling, and life-cycle optimization [76,77]. Therefore, the
proposed life-cycle framework demonstrates how Al techniques integrated with LCA can
accelerate the transformation towards energy-efficient, environmentally friendly, and resilient
production systems aligned with Industry 5.0 principles [78-80].

The overall integration path can be described as follows (Table 4): Production data —
ML forecasting — Dynamic LCA — GenAl sustainable alternatives — LCA — Feedback
optimization — Circular and sustainable Industry 5.0 production.
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Table 4. Stages of Integration of Al techniques with LCA.

Stage

Integrated AI-LCA Activity

Al Technique Involved

Role of LCA

Data acquisition
and preparation

Collection and processing of
historical and real-time
manufacturing data, including
energy use, emissions,

Traditional ML as a
data-driven analytical

Provides lifecycle inventory
requirements and defines
relevant environmental data

Predictive modelling of
manufacturing performance

material flows, waste foundation P
generation and equipment parameters for assessment
performance indicators
Development of ML models to
. . . L-
predict energy consumption, Traditional ML models, Uses ML-generated

greenhouse gas emissions,
material losses, equipment
efficiency, and
production behaviour

e.g., predictive analytics,
regression, classification,
forecasting models

predictions as quantitative
inputs to improve lifecycle
inventory data and update
product LCA calculations

Integration of predictive
outputs into product LCA

Quantifies impacts from raw
material extraction,

. ML-enh d . e
Dynamic product LCA models to evaluate enhance manufacturing, distribution,
. . LCA framework
environmental impacts across product use, and
the entire lifecycle end-of-life stages
Generation of alternative
product designs,
. . . manufacturing configurations, Evaluates the environmental
Al-driven sustainable design - .
. production plans, and circular GenAl consequences of Al-generated
and process generation . . .
economy strategies under alternatives using LCA
environmental and
operational constraints
i f multipl . -
Al genérated manufactuin Provides objective
LCA-based evaluation and & & GenAlI combined with LCA sustainability metrics to rank

selection of alternative

scenarios using
environmental, economic, and
operational criteria

decision-support mechanisms

and select the most
sustainable solution

Continuous improvement of

Supplies feedback on

Iterative AI-LCA ML predictions and Integrated ML + GenAlI + environmental performance to
optimization loop GenAl-generated solutions LCA optimization framework refine Al models and
based on LCA feedback generated solutions
Application of Al

Circular production
optimization

recommendations to minimize

waste, promote material reuse,
enhance recycling, and
optimize resource flows

ML predictive analytics and
GenAl strategy generation

Assesses circularity impacts
and lifecycle benefits of
different recovery and
reuse pathways

Industry 5.0 sustainable
manufacturing transformation

Deployment of integrated
AI-LCA framework for
resilient, human-centric, and
environmentally responsible
manufacturing

Combined Al ecosystem
(ML + GenAI + LCA)

Provides lifecycle-based
guidance for sustainable
operational decisions

3.6. Selecting the Most Appropriate Al Paradigm for Various Decision-Making Problems in
Sustainable Manufacturing

Selecting the most appropriate Al paradigm is crucial for solving the diverse decision-
making problems in sustainable manufacturing within Industry 5.0 [81]. Traditional ML
is best suited for predictive tasks such as energy forecasting, carbon dioxide emission
estimation, equipment failure detection, and material loss prediction based on historical
and real-time data [82-84]. These predictive capabilities enable manufacturers to opti-
mize operational efficiency through accurate monitoring and data-driven forecasting [85].
Generative GenAl, on the other hand, is better suited for design and planning problems
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that require the creation of novel manufacturing solutions under multiple sustainability
constraints [86,87]. GenAl can generate alternative product designs, process configurations,
production schedules, and circular resource management strategies that simultaneously
improve environmental and operational performance [88]. Therefore, decision-making
problems involving scenario exploration, innovation, and multi-criteria optimization bene-
fit more from GenAlI than from conventional predictive models alone [89]. For complex
manufacturing applications, the combination of machine learning and GenAlI offers com-
plementary strengths by integrating accurate predictions with the generation of optimized
and feasible alternatives [90]. LCA frameworks further support the choice of Al paradigm
by assessing the environmental impact of both predicted operational outcomes and Al-
generated production scenarios throughout the product lifecycle [91]. Therefore, the choice
of Al paradigm should be guided by the primary decision-making objective, where pre-
diction, classification, and anomaly detection favor ML, while design generation, process
innovation, and sustainability-oriented optimization favor GenAlI [92]. Therefore, matching
the appropriate Al technique to specific decision-making tasks in manufacturing enables
more efficient resource use, improved circular economy performance, and greater progress
toward energy-efficient and sustainable Industry 5.0 production systems [93-95].
The general decision rule for each use case is as follows:

e  Prediction, forecasting, classification, and anomaly detection: traditional ML;

e  Design generation, innovation, scenario exploration, and sustainability optimization:
GenAl

e  Complex sustainable production decisions requiring both prediction and optimization:
ML + GenAl supported by LCA.

Detailed selection criteria are presented in Tables 5 and 6.

Table 5. General selection criteria for Al paradigm choice.

Decision-Making Requirement

Most Appropriate AI Approach Reason for Selection

Prediction of manufacturing performance

Regression models, RF, XGBoost, SVR,
ANN, LSTM, Transformer-based
forecasting model

Excels at learning patterns from
historical and real-time data

Classification and anomaly detection

Decision Trees, Random Forest, SVM,
k-NN, CNN, Autoencoders

Provides accurate identification of
equipment faults, defects, and
abnormal conditions

Generation of sustainable
product designs

LLMs, Diffusion Models, GANs, VAEs,
Generative Design algorithms

Creates novel designs, processes, and
strategies under defined constraints

Exploration of multiple
manufacturing scenarios

ML prediction models + LLM agents +
Reinforcement Learning + Bayesian
Optimization + Genetic Algorithms

Enables rapid generation and comparison
of alternative solutions

Sustainability optimization with
multiple constraints

LLM-based agents, RAG systems,
Multi-Agent Al, Evolutionary
Generative Algorithms

Combines creative solution generation
with lifecycle impact evaluation

Integration of operational accuracy and
innovative decision-making

Knowledge Graphs, LLM agents,
Reinforcement Learning, Graph Neural
Networks (GNN),
Optimization algorithms

Combines predictive reliability with
generative optimization capability

Environmental impact validation

ML regression models combined with
lifecycle impact assessment databases

Ensures decisions are evaluated using
objective lifecycle sustainability metrics
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Table 6. Selected inputs and outputs for sustainable manufacturing decision-making problems.

Decision-Making Problem in
Sustainable Manufacturing

Main Input Data

Expected Outputs

Sustainability Application

Energy consumption
forecasting

Historical energy
consumption, production
volume, machine states,
process parameters,
environmental condition

Short- and long-term energy
demand predictions

Energy optimization,
peak-load reduction,
energy-efficient
production planning

Greenhouse gas
emission prediction

Energy data,
material consumption,
production parameters,
emission inventories,
process conditions

Predicted CO, equivalent
emissions and emission trends

Carbon footprint reduction
and low-carbon
manufacturing strategies

Equipment failure prediction
and predictive maintenance

Sensor data, vibration,
temperature, pressure,
machine operating conditions,
maintenance records

Failure probability, remaining
useful life, anomaly detection

Reduced downtime,
extended equipment lifetime,
reduced resource waste

Material loss and
waste prediction

Material flow data,
production parameters, defect
rates, quality inspection data

Predicted material losses,
waste generation patterns,
defect causes

Waste minimization,
improved material efficiency,
circular production

Quality prediction and
defect detection

Product images, sensor
measurements, process
parameters, inspection data

Defect classification, quality
prediction, process adjustment
recommendations

Reduced scrap rates and
improved resource utilization

Process optimization and
parameter tuning

Process parameters,
production constraints,
performance indicators

Optimal process settings and
operating conditions

Lower energy consumption,
improved productivity,
reduced emissions

Production orders, machine

Reduced energy peaks,

Production scheduling availability, energy tariffs, Optimized production improved resource utilization,
optimization delivery requirements, schedules sustainable manufacturing
sustainability constraints planning
esign requirements, Alternative eco-design Lightweight design,

Sustainable product
design generation

material databases,
functional constraints,
sustainability targets

concepts and product
architectures

reduced material use,
improved recyclability

Manufacturing process
configuration generation

Process knowledge,
manufacturing constraints,
equipment capabilities,
sustainability requirement

Alternative process chains and
manufacturing configurations

Lower environmental
impact and improved
process efficiency

Circular economy
strategy generation

Material databases, recycling
pathways, product lifecycle
data, circular economy rules

Reuse, remanufacturing,
recycling, and recovery
strategies

Increased circularity and
reduced raw material
consumption

The proposed framework conceptually integrates GenAl and traditional ML to explore

their potential contribution to sustainable production within Industry 5.0. Rather than

demonstrating proven improvements, the framework suggests that GenAl can support the

development of alternative, sustainable process configurations and eco-design solutions.

Traditional ML could complement these capabilities by predicting energy consumption,

emissions, and material losses based on available production data. Together, these ap-

proaches can support more informed process optimization and potentially contribute to

improved energy and resource efficiency. The framework also considers waste minimiza-

tion, material recycling, and environmentally conscious production planning as potential

applications. By incorporating LCA, the framework aims to assess environmental im-

pacts across the various stages of the production lifecycle, rather than focusing solely on

individual processes. The conceptual analysis thus indicates the potential for improved
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resource efficiency, circular economy, and environmental performance, but these benefits
require empirical validation before they can be considered proven results. Similarly, GenAl
and ML can contribute to more flexible and resilient manufacturing systems and supply
chains, although the extent of such improvements depends on implementation, data quality,
system integration, and future experimental or industrial evidence.

4. Discussion

A lifecycle-based decision support model that combines predictive ML and GenAl
provides a comprehensive approach to sustainable production throughout a product’s life-
cycle [96,97]. The model integrates data from raw material extraction, production, distribu-
tion, product use, maintenance, and end-of-life recovery to support informed sustainability
decisions at every stage [98]. Predictive ML continuously analyzes historical and current
production data to estimate energy consumption, carbon dioxide emissions, material losses,
equipment health, and process efficiency [99,100]. This predictive output provides quan-
titative information that identifies operational inefficiencies and outlines constraints for
sustainability-focused optimization [101]. Based on these predictions, GenAl generates
alternative product designs, production process configurations, production schedules, and
circular resource management strategies that meet technical, economic, and environmental
objectives [102-104]. Each alternative generated by the Al is evaluated using LCA to quan-
tify environmental impacts, including energy demand, greenhouse gas emissions, waste
generation, resource depletion, and recycling potential across all lifecycle stages [105,106].
The decision support model utilizes an iterative feedback mechanism where LCA results
refine both predictive ML models and GenAl results, enabling continuous learning and
incremental improvements in sustainability performance [107]. The model’s multi-objective
optimization balances efficiency, product quality, operating costs, environmental impact,
and circular economy metrics to identify the most sustainable production solutions [108].
By combining predictive analytics, generative design capabilities, and life-cycle assessment,
the model supports adaptive and evidence-based decision-making in dynamic production
environments and evolving sustainability requirements [109]. Therefore, the proposed
life-cycle decision support model demonstrates how integrating predictive ML, GenAl,
and LCA can accelerate the transformation toward energy-efficient, circular, resilient, and
human-centric production systems aligned with Industry 5.0 principles [110-112].

Through research and analysis, we obtained the following answers to RQs:

e RQ1I1: GenAl and traditional ML are complementary, not competitive, options for
sustainable production. Traditional ML is particularly effective at predicting energy
consumption, emissions, equipment efficiency, and material waste using historical and
current operational data. GenAl, on the other hand, excels at generating innovative
process configurations, alternative eco-design solutions, and optimized production
scenarios that support circular economy goals. Comparative analysis indicates that
ML is more suitable for predictive analytics, while GenAl provides greater value in
design-oriented and strategic decision-making.

e RQ2: Integrating GenAl and traditional ML enables the creation of a comprehensive
decision support system that combines predictive intelligence with generative opti-
mization. ML continuously monitors production processes and provides accurate
predictions of energy consumption, waste generation, and environmental performance,
while GenAl uses these predictions to generate sustainable process improvements and
alternative production solutions. The interaction between these two Al paradigms
supports adaptive and data-driven optimization throughout the entire production
system. As a result, the integrated framework improves energy efficiency, material
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utilization, production planning, and circular resource management more effectively
than either approach used alone.

e RQ3: Incorporating life cycle assessment (LCA) provides a systematic mechanism
for assessing the environmental impact of Al-supported manufacturing decisions
across all stages of a product’s lifecycle. LCA extends the optimization process beyond
individual production operations to consider resource extraction, production, product
use, recycling, and end-of-life management. This holistic assessment enables Al-
generated solutions to be evaluated based on multiple environmental metrics, not
just operational performance. As a result, the proposed framework supports more
sustainable decision-making aligned with Industry 5.0 and the circular economy.

e RQ4: The proposed framework provides a conceptual foundation for integrating
predictive ML, GenAl, and LCA to support resource-efficient, environmentally sus-
tainable, circular, and resilient production. Instead of demonstrating experimentally
validated improvements, the framework identifies potential pathways through which
ML-based prediction and GenAl-based solution generation can support more in-
formed production decisions. Incorporating LCA further provides a mechanism for
assessing these decisions from a life-cycle perspective, including resource consump-
tion, emissions, recycling, and end-of-life impacts. The framework therefore suggests
that combining these approaches can provide broader decision support capabilities
than considering GenAl or traditional ML independently. However, the magnitude
and statistical significance of any improvements in energy efficiency, waste reduction,
circular economy, environmental performance, or resilience cannot be determined
solely from the conceptual framework. Empirical validation using industrial case
studies, controlled simulations, test datasets, or pilot implementations is required to
compare the integrated approach with alternatives based solely on ML and GenAl
Validation should also consider practical factors such as data quality, interoperability,
computational requirements, explainability, cybersecurity, scalability, and human-AI
collaboration. Therefore, the proposed framework should be considered as a con-
ceptual and testable foundation for the future development and validation of smart,
circular, sustainable, and resilient Industry 5.0 production systems.

4.1. Limitations

A major limitation of this study is that the proposed Industry 5.0 framework is con-
ceptual in nature and requires empirical validation through real-world industrial case
studies across various manufacturing sectors [113]. The comparative analysis of GenAl and
traditional ML is based on their predicted capabilities rather than extensive benchmarking
under identical production conditions [114-116]. The framework assumes the availability of
high-quality, integrated, real-time production data, which may be unavailable in many pro-
duction environments due to data fragmentation or limited digital infrastructure [117,118].
The proposed LCA approach relies on accurate and comprehensive inventory data, and
uncertainty in LCA datasets can impact the reliability of environmental impact assess-
ments [118,119]. The study focuses primarily on environmental sustainability and does
not comprehensively assess the long-term economic costs, implementation complexity, or
return on investment associated with Al implementation [120]. Differences in production
processes, organizational maturity, and technological readiness may limit the generaliz-
ability of the proposed framework across industries and geographies [121]. The rapid
development of GenAl technologies may lead to changes in their capabilities, which means
that some conclusions may be revised as new models, algorithms, and industrial appli-
cations emerge [122]. The proposed framework does not fully address challenges related
to Al explainability, cybersecurity, data management, and regulatory compliance, which
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may impact successful industrial implementation [123]. Human factors such as employee
acceptance, digital literacy, organizational culture, and change management are included
but not explored in sufficient depth within the proposed framework [124].

4.2. Technological Implications

The proposed Industry 5.0 framework integrates GenAl and traditional ML to improve
the technological efficiency and sustainability of manufacturing systems throughout the
product lifecycle [125]. GenAl enables the automatic creation of energy-efficient process
configurations and eco-design alternatives, supporting technological innovation in sustain-
able production [126]. Traditional machine learning enhances manufacturing intelligence
by accurately predicting energy consumption, greenhouse gas emissions, and material
losses using real-time production data [127]. The comprehensive use of GenAl and ML
enables adaptive decision-making, where generative models design optimal production
scenarios and predictive models continuously evaluate their operational performance [128].
The integration of LCA with Al technologies provides a comprehensive technological
framework for quantifying environmental impacts, from raw material extraction to end-
of-life recycling [129]. Al-based optimization technologies improve resource utilization
by reducing energy demand, minimizing production waste, and increasing the recovery
and reuse of valuable materials in circular production systems [130]. The proposed frame-
work supports intelligent production planning by dynamically balancing productivity,
environmental efficiency, and resource efficiency under changing production conditions.
DTs, IoT-based monitoring systems, and Al-based analytics can further enhance the tech-
nological capabilities of this framework, enabling continuous process optimization and
predictive sustainability management [131,132].

4.3. Economic and Organizational Implications

Integrating GenAl and traditional ML in Industry 5.0 has the potential to reduce pro-
duction costs by improving energy efficiency, minimizing waste, and optimizing resource
utilization [133]. By supporting data-driven production planning, the proposed framework en-
ables organizations to achieve higher operational efficiency while maintaining environmental
sustainability goals [134]. GenAl facilitates the development of cost-effective and sustainable
product designs by reducing expenses related to material consumption, prototyping, and
process redesign [135]. Traditional ML contributes to improved economic performance by
accurately forecasting energy demand, emissions, and material losses, enabling manufacturers
to implement proactive cost control strategies [136]. Integrating LCA into decision-making
allows organizations to identify environmental hotspots and allocate investments to pro-
cesses that deliver the greatest economic and sustainability benefits [137]. This framework
strengthens supply chain resilience by promoting circular economy practices, including mate-
rial recovery, recycling, and resource recirculation, thereby reducing dependence on volatile
raw material markets [138]. Implementing Al-powered manufacturing requires organiza-
tional transformation, including cross-functional collaboration, employee upskilling, and
the development of digital competencies that support advanced decision-making [139]. The
combined use of GenAl and ML increases organizational agility, enabling rapid adaptation
to market changes, regulatory requirements, and sustainability goals through intelligent
production optimization [140]. Implementing the proposed framework can improve enter-
prise competitiveness by reducing operating costs, improving environmental performance,
and strengthening compliance with increasingly stringent sustainability regulations [141].
Thus, integrating GenAl, traditional ML, and lifecycle-based sustainability assessment pro-
vides organizations with a strategic foundation for achieving long-term economic resilience,
operational excellence, and sustainable value creation in Industry 5.0 [142-145].
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4.4. Social Implications

Integrating GenAl and traditional machine learning in Industry 5.0 can improve
worker well-being by reducing exposure to hazardous, energy-intensive, and repetitive
production tasks through intelligent automation. The proposed framework supports a
human-centric production environment by combining Al-assisted decision-making with
expert knowledge, ensuring that technological innovations complement, not replace, the
workforce. Implementing Al-based sustainable production requires continuous upskilling
and reskilling of workers to develop competencies in digital technologies, data analytics,
and sustainability management [146]. By minimizing energy consumption, emissions, and
industrial waste, this framework contributes to healthier communities by improving envi-
ronmental quality and reducing pollution [147]. Promoting circular production practices
fosters greater social responsibility by supporting sustainable resource use and reducing
the environmental burden on future generations [148]. Integrating LCA into manufactur-
ing decision-making increases transparency and accountability, enabling organizations
to demonstrate their environmental and social performance to stakeholders [149]. Imple-
menting GenAl and machine learning can strengthen collaboration between engineers,
production managers, sustainability specialists, and supply chain partners by fostering in-
terdisciplinary teamwork and knowledge sharing [150]. The proposed framework supports
the creation of more resilient local and global manufacturing ecosystems by promoting
responsible manufacturing practices that benefit companies, workers, consumers, and
society [151]. Ethical Al governance, including fairness, transparency, data privacy, and
understandability, is crucial to building worker and societal trust in smart manufacturing
systems within Industry 5.0 [152]. Integrating GenAl, traditional machine learning, and
lifecycle-based sustainability assessment promotes socially responsible manufacturing by
empowering the workforce, improving the environment, fostering stakeholder engagement,
and contributing to inclusive and sustainable industrial development [153].

4.5. Ethical and Legal Implications

Integrating GenAl and traditional ML in Industry 5.0 requires robust ethical gover-
nance to ensure transparency, fairness, and accountability of Al-supported production
decisions [153]. The proposed framework should incorporate understandable Al techniques
to enable manufacturers and stakeholders to understand how GenAl and ML models gen-
erate recommendations for sustainable production and resource optimization. The growing
reliance on production data necessitates strict adherence to data privacy and cybersecurity
regulations to protect sensitive industrial information and intellectual property. Organi-
zations implementing Al-based production systems must establish clear accountability
mechanisms to define responsibility for decisions generated or supported by GenAl and
traditional ML models [154]. Ethical Al implementation requires minimizing algorithmic
bias to ensure objectivity and fairness in production planning, resource allocation, and
sustainability assessments across all production operations. Integrating LCA with Al tech-
nologies should be conducted using transparent and verifiable methodologies to ensure
the credibility and reliability of environmental performance assessments. Compliance with
new Al regulations and sustainability reporting standards is essential for organizations
seeking to implement intelligent manufacturing systems while meeting legal and gover-
nance requirements. The use of GenAl for eco-design and process generation should respect
intellectual property rights by ensuring that Al-generated solutions do not inappropriately
replicate proprietary designs, confidential knowledge, or protected innovations [155]. Orga-
nizations should implement an ethical Al governance framework, including regular audits,
risk assessments, human oversight, and continuous monitoring, to ensure responsible use
of Al throughout the product lifecycle [156]. Successful implementation of GenAl and
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traditional machine learning in Industry 5.0 depends on balancing technological innova-
tion with ethical principles, legal compliance, transparency, data security, and responsible
governance to create sustainable and trustworthy production systems.

4.6. Directions of Further Studies

Future research should focus on validating the proposed Industry 5.0 framework
through large-scale industrial implementations in various manufacturing sectors, including
automotive, aerospace, electronics, and process industries [157,158]. Comparative studies
should evaluate the performance of GenAl and traditional ML models under standard
conditions to identify their relative advantages in optimizing energy consumption, re-
ducing waste, and managing circular production [159]. Longitudinal studies should be
conducted to examine the long-term environmental, economic, and organizational impact
of Al-based sustainable production systems and determine their effectiveness across var-
ious operational cycles. Further research should focus on integrating GenAl, ML, DTs,
IoT technologies, and advanced analytics to create more adaptive and autonomous man-
ufacturing ecosystems [160]. Future research should develop more comprehensive LCA
methodologies that consider Al-related factors such as computational energy consumption,
impact on data infrastructure, and the sustainability of digital technologies themselves.
Additional research should address organizational and human factors, including workforce
adaptation, Al literacy, collaborative decision-making, and change management strategies
essential for successful Industry 5.0 implementation [161]. Research should also address
the ethical, legal, and cybersecurity challenges associated with Al-driven manufacturing,
including data protection, algorithm transparency, intellectual property management, and
responsible Al governance [162]. Future research should aim to develop universal as-
sessment frameworks and industry benchmarks that enable organizations to measure the
sustainability performance, economic benefits, and societal value of combined GenAl and
ML applications in diverse production environments [163].

5. Conclusions

The proposed ‘Industry 5.0 framework demonstrates that the complementary in-
tegration of generative artificial intelligence (GenAl) and traditional machine learning
(ML) can significantly enhance the sustainability of production systems in environmental,
operational and economic terms. Whilst GenAl enables the creation of innovative eco-
design solutions and resource-efficient production scenarios, traditional machine learning
provides accurate real-time forecasting and optimisation of energy consumption, emissions
and material flows. The inclusion of life-cycle assessment (LCA) ensures a comprehensive
evaluation of sustainability improvements across all stages of a product’s life cycle, sup-
porting more informed and transparent decision-making. This integrated approach has
significant potential to accelerate the transition to circular manufacturing by reducing waste,
increasing material recovery and improving energy efficiency throughout the production
process. Furthermore, the proposed framework contributes to the achievement of Industry
5.0 objectives by promoting resilient, human-centred and environmentally responsible
manufacturing ecosystems, supported by smart, data-driven technologies. Future research
should focus on validating this framework through industrial case studies, the integra-
tion of digital twins and IoT-based monitoring, and the quantification of its long-term
environmental and economic benefits under real-world manufacturing conditions.
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Abbreviations

The following abbreviations are used in this manuscript:

3DP Three-dimensional printers
AM Additive manufacturing
Al Artificial intelligence

DT Digital twin

FFF Fused filament fabrication
FFT Fast Fourier Transform

GenAl Generative Al

HF/E  Human factors and ergonomics

LCA Life cycle analysis

LLM Large language model

MCP Predictive Maintenance Model Context Protocol
MDR  Medical devices regulation

ML Machine learning

MSO Manufacturing strategy outcomes
OEE Overall equipment effectiveness
OHS Occupational health and safety

RL Reinforcement learning

SDG Sustainable Development Goals
SME Small- and medium-sized enterprise
SMS Intelligent manufacturing system

WoS Web of Science
XAI eXplainable Al
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