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Abstract 

The integration of sustainable materials and Industry 4.0 technologies as the overarching 
paradigm offers significant potential to advance manufacturing sustainability. However, 
existing research remains fragmented, often focusing on isolated topics such as recycled 
plastics in additive manufacturing or the use of machine learning and material informatics 
in material processing. As a result, limited attention has been given to the combined effects 
of these approaches across the economic, environmental, social, and technological dimen-
sions of sustainability. To address this gap, this study presents a systematic literature re-
view of 156 peer-reviewed articles published between 2015 and 2025 and develops the 
concept of Sustainable Circular Manufacturing (SCM) as the sweet spot between sustain-
able materials and Industry 4.0. The review shows that SCM-related studies primarily en-
hance data acquisition, process transparency, intelligent decision-making, process optimi-
zation, automation, and human–technology interaction. The findings also indicate that the 
literature is strongly weighted toward environmental indicators such as carbon footprint, 
energy efficiency, and circularity, whereas social sustainability and economic viability re-
main comparatively underexplored. Building on these insights, the study proposes SCM 
as an integrative conceptual framework that clarifies the causal pathways linking sustain-
able material strategies and Industry 4.0 enablers to multidimensional sustainability per-
formance. Finally, the review identifies key implementation barriers and outlines a future 
research agenda to support digitally enabled circular material strategies. 

Keywords: sustainable materials; advanced manufacturing; sustainability; artificial  
intelligence (AI); machine learning; Industry 4.0; additive manufacturing; life cycle  
assessment (LCA); circular economy; material selection; sustainable production systems; 
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1. Introduction 
Sustainable manufacturing (SM) has emerged as a paradigm that integrates eco-

nomic, environmental, and social considerations into production systems, aiming to re-
duce resource consumption, minimize waste, and promote circularity [1–3]. The concept 
draws inspiration from industrial ecology and the circular economy, which advocate for 
closed-loop material flows and the decoupling of economic growth from environmental 
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degradation [4–6]. Initial endeavors to enhance manufacturing efficiency originate from 
lean production concepts established by Toyota, including Just In Time (JIT), value-stream 
mapping (VSM), and Kaizen, that emphasize waste minimization and ongoing improve-
ment [7–9]. Over time, these principles have been extended to address environmental im-
pacts, leading to the development of eco-design, life cycle assessment (LCA), and design 
for recycling [10–12]. In this review, Industry 4.0 is used as the broad conceptual para-
digm, while additive manufacturing, artificial intelligence, machine learning, IoT, digital 
twins, simulation, and LCA are treated as distinct enabling technologies within that par-
adigm. Accordingly, Industry 4.0 emerges as a key enabler of sustainable manufacturing 
by providing the data, connectivity, and automation needed to translate sustainability ob-
jectives into operational improvements. 

The shift from Industry 3.0 to Industry 4.0 has done more than upgrade factory hard-
ware; it has embedded digital tools like the Internet of Things (IoT), artificial intelligence, 
big data analytics, automation, and additive manufacturing directly into production 
workflows [13–15]. Instead of relying on fixed, sequential processes, modern facilities now 
use these systems to monitor operations in real time, anticipate equipment failures, and 
adjust parameters on the fly [16–18]. IoT sensors, for instance, continuously track material 
movement and energy draw, while machine learning fine-tunes production settings to cut 
scrap and raise quality standards [19–21]. When this digital capability is aligned with sus-
tainability targets, it creates what researchers now refer to as “smart sustainable manufac-
turing”—a framework where technology drives environmental, economic, and social out-
comes in tandem [22–24]. 

At the core of this framework is material selection. How we source, process, and de-
ploy inputs ultimately determines whether a digitally advanced factory is also a sustain-
able one. That is why engineers are increasingly specifying bio-based polymers, natural 
fibers, recycled content, and low-carbon alternatives [25–27]. Figure 1 traces how this tran-
sition has unfolded. Before the 1990s, sustainable material use remained largely experi-
mental, centered on basic natural fibers, early recycled inputs, and foundational eco-de-
sign concepts. Between 1990 and 2010, the field matured with biodegradable polymers, 
plant-derived composites, and initial work on algae and mycelium. The 2010–2020 decade 
accelerated adoption, bringing advanced bioplastics, large-scale waste upcycling, 3D-
printed feedstocks, and the formal integration of circular economy principles into engi-
neering practice. Today, these materials are reaching the commercial scale, with carbon-
neutral textiles, next-generation sustainable packaging, and low-impact building materi-
als becoming standard rather than niche. 

 

Figure 1. Sustainable materials in an engineering context. 

These alternatives offer clear environmental advantages, including lower embodied 
carbon, renewability, and often inherent biodegradability. They also come with practical 
trade-offs. Mechanical properties can vary batch to batch, processing windows are nar-
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rower, and supply chains for novel biomaterials are still stabilizing [28–30]. That is pre-
cisely why pairing sustainable materials with digital and advanced manufacturing meth-
ods is not optional; it is the only way to scale them reliably. Smart manufacturing tools 
can compensate for material inconsistencies, but only if engineers actively address these 
performance and supply-chain gaps. 

To bridge that divide, production teams are turning to targeted advanced techniques. 
Additive manufacturing enables precise material deposition with minimal waste, while 
automated sorting and simulation-driven process tuning help normalize inconsistent 
feedstocks [31–33]. On the evaluation side, life cycle assessment (LCA) has moved from a 
retrospective academic exercise to a forward-looking design tool, giving manufacturers a 
clear baseline for the environmental trade-offs across different materials and production 
routes [34–36]. What is proving most effective is the growing practice of coupling LCA 
with machine learning and parametric modeling. Rather than relying on static environ-
mental datasets, these integrated approaches dynamically optimize eco-design, making it 
far easier to balance performance, cost, and sustainability from the earliest stages of prod-
uct development [37–39]. 

This convergence of sustainable inputs and Industry 4.0 capabilities is already re-
shaping several industries, from automotive and aerospace to construction, packaging, 
and energy [40–42]. In concrete production, for example, digital twins and process simu-
lation have been used to fine-tune recycled aggregate blends, simultaneously lowering 
costs and embodied carbon [43–45]. AI-driven predictive models are doing similar work 
for natural fiber composites, mapping out mechanical behavior so these materials can con-
fidently move into structural roles [46–48]. Additive manufacturing has also gained trac-
tion because it handles bio-based and recycled filaments efficiently, enabling localized, 
on-demand production that bypasses traditional supply-chain inefficiencies [49–51]. Yet 
for all these advances, the research landscape remains highly compartmentalized. Few 
studies offer a unified framework that ties material selection directly to digital manufac-
turing workflows while accounting for the full spectrum of sustainability outcomes—en-
vironmental, social, and economic [52–54]. 

This study is contextualized within the current literature on sustainable materials 
and advanced manufacturing, as stated in Table 1, which covers the primary literature 
reviews in this topic. This table illustrates that previous assessments emphasize results 
associated with LCA application, additive manufacturing for the circular economy, and 
the influence of Industry 4.0 on material selection. Nevertheless, minimal analysis has fo-
cused on the interrelated interaction of sustainable materials, advanced manufacturing, 
and sustainability performance (environmental, social, and economic) within a unified 
empirical conceptual framework. 

Several literature reviews considered the nexus of circular economy, Industry 4.0 and 
sustainable materials [55–57]. While previous studies mainly highlighted the role of addi-
tive manufacturing for circularity [58,59] and the application of machine learning in ma-
terials informatics [60,61], social sustainability aspects such as workers� safety, ergonom-
ics and community acceptance remain underaddressed [62,63]. Previous empirical studies 
often focus on environmental metrics (e.g., carbon footprint, energy efficiency) [64–66], 
whereas economic performance and long-term durability receive relatively less attention. 
Multi-level studies that simultaneously account for organization, technology and people 
aspects are also absent [67,68]. So, with due respect to previous work, this study identifies 
these issues and creates its conceptual foundation from a broader and more interdiscipli-
nary literature. Major contributions come from literature in life cycle assessment (LCA) 
[69–71], circular-oriented additive manufacturing [72–74] and application of machine 
learning in materials science [75–77], complemented by works on industrial symbiosis 
[78,79], sustainable supply chains [80,81], social LCA [82,83], construction materials 
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[84,85], biopolymers and biodegradability [86–88], process simulation [89,90], eco-design 
[91,92], renewable energy integration [93,94], waste management [95,96], building infor-
mation modeling [97,98], circular business models [99,100] and policy-oriented analysis 
[101,102]. Literature about methods including system dynamics [103], multi-criteria deci-
sion-making (MCDM) [104], blockchain [105], digital product passports [106] and human–
technology interaction [107,108] further support this study. All together, these studies 
highlight the interdisciplinary nature of the field and demonstrate the need for integrated 
analysis spanning materials design, digital manufacturing and sustainability assessments. 

Table 1. Summary of previous literature reviews on sustainable materials, advanced manufactur-
ing, and circular economy. 

Researcher(s) Title 
Research Articles 

Reexamined Highlights and Results 

Tavares et al. 
(2023) [17] 

“The benefits and barriers of additive 
manufacturing for circular economy: A 
framework proposal” 

73 articles Benefits and barriers of AM for CE; 
need for economic viability. 

Khan et al. (2021) 
[66] 

“Industry 4.0 and sustainable develop-
ment: A systematic mapping of triple 
bottom line, Circular Economy and Sus-
tainable Business Models perspectives” 

81 articles 
IoT dominant; CE and business models 
as emerging themes. 

Dantas et al. 
(2021) [77] 

“How the combination of Circular Econ-
omy and Industry 4.0 can contribute to-
wards achieving the Sustainable Devel-
opment Goals” 

50 articles 
CE-I4.0 nexus directly benefits multiple 
SDGs. 

Saha et al. (2025) 
[75] 

“A review of circular economy disrup-
tion research: insights into Industry 4.0-
enabled circular economy framework for 
sustainability during turbulent times” 

74 articles 
Leadership, digital infrastructure, resil-
ience as key for CE-I4.0. 

Our study 
“Synergizing sustainable materials and 
advanced manufacturing for sustainabil-
ity performance: A literature review” 

156 articles 
Three integration mechanisms; triple-
bottom-line sustainability framework. 

Sustainable Circular Manufacturing (SCM) is proposed here not as a replacement for 
existing concepts such as sustainable manufacturing, smart sustainable manufacturing, or 
circular manufacturing, but as an integrative framework that clarifies how sustainable 
materials and Industry 4.0 enablers jointly shape circular material flows and multidimen-
sional sustainability performance. While sustainable manufacturing provides the broad 
sustainability orientation, smart sustainable manufacturing emphasizes digitalization and 
data-driven control, and circular manufacturing focuses on closing material loops through 
reuse, repair, remanufacturing, and recycling, SCM explicitly links these strands with ma-
terial selection, process design, and digital capabilities within a single analytical logic. Its 
added value lies in explaining how data acquisition, intelligent decision-making, automa-
tion, and human–technology interaction translate sustainable material strategies into en-
vironmental, social, economic, and technological outcomes. In this sense, SCM frames the 
causal pathways that connect digital capabilities to circularity and sustainability perfor-
mance, which are often treated separately in the existing literature. Accordingly, this re-
view not only identifies the technologies most frequently associated with sustainable ma-
terial integration, but also examines the mechanisms through which these technologies 
influence sustainability performance and synthesizes the main barriers and sequencing 
patterns discussed in the literature in order to derive a phased implementation roadmap 
for SCM. 



Sustainability 2026, 18, 7077 5 of 44 
 

https://doi.org/10.3390/su18147077 

To strengthen the theoretical foundation of this review, the proposed SCM frame-
work is positioned within the dynamic capabilities perspective, complemented by a socio-
technical systems lens. In this context, sensing refers to the ability to identify sustainabil-
ity-related opportunities and threats across both internal operations and external supply 
networks, including material inefficiencies, resource constraints, regulatory pressures, 
and circularity opportunities; seizing refers to the capacity to evaluate and adopt suitable 
sustainable materials, digital tools, and process configurations that can address these op-
portunities; and reconfiguring refers to the organizational ability to redesign workflows, 
resource flows, roles, and production systems so that sustainable materials and Industry 
4.0 enablers can be integrated into resilient and circular manufacturing practices. From 
this viewpoint, data acquisition and process transparency strengthen sensing by improv-
ing visibility over material flows, intelligent decision-making supports seizing through 
adaptive material selection and trade-off management, and automation, together with hu-
man–technology interaction, supports reconfiguring by translating digital insights into 
operational redesign and circular production practices. This interpretation clarifies how 
the microfoundations of dynamic capabilities manifest specifically in sustainable material 
integration and shows that these mechanisms are capability-building processes rather 
than merely standard Industry 4.0 functions. 

This research therefore addresses the identified knowledge gap by performing a sys-
tematic literature review of 156 peer-reviewed articles analyzing the nexus of sustainable 
materials, advanced manufacturing and sustainability performances. The SLR is guided 
by the following research questions: 

• RQ1: In what way may modern manufacturing technologies (e.g., additive manufac-
turing, AI, simulation, IoT) promote the selection, processing, and circularity of sus-
tainable materials, and what contribution do they make to environmental, social, and 
economic sustainability? 

• RQ2: What are the main technological, organizational, and human-related barriers to 
the integration of sustainable materials with Industry 4.0, and what implementation 
roadmap can be derived from the literature? 

Answering these questions requires a holistic approach that combines digital trans-
formation, sustainable material engineering, and circular economy principles. The re-
mainder of this paper is structured as follows: Section 2 describes the materials and meth-
ods; Section 3 presents the descriptive results; Section 4 discusses the integration mecha-
nisms and sustainability implications; and Section 5 concludes with future research direc-
tions. 

2. Methods and Materials 
This literature review adopts a descriptive approach to examine existing research on 

the incorporation of sustainable materials within contemporary engineering contexts, 
with a focus on advancing economic, social, technological, and environmental sustaina-
bility. The methodological framework consists of a structured search protocol, a system-
atic descriptive analysis framework to maintain coherence, and well-defined inclusion 
and exclusion criteria. 
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2.1. Research Methodology 

2.1.1. Phase 1: Selection of Appropriate Research 

The analysis focusses on academic works that address the exploitation of sustainable 
materials in engineering disciplines to support sustainability transitions across sectors. 
Only peer-reviewed journal publications published in English were considered. Given 
that research on sustainable materials in engineering has developed notably during the 
past decade, the temporal scope was defined from 2015 to 2025 to capture recent advances. 

2.1.2. Phase 2: Literature Compilation 

A keyword-based approach moving from broad to specific terms was employed, 
aligned with the research objectives. The search strategy unfolded in three stages. Initially, 
broad terms related to sustainable materials and their engineering applications were used. 
Subsequently, keywords covering advanced manufacturing, material processing, and dig-
ital technologies were incorporated. Finally, sustainability-related terminology was uti-
lized to encompass technological, environmental, social, and economic performance ele-
ments. Each of the three theme groups were joined using Boolean operators (“OR” and 
“AND”) to locate overlapping areas, resulting in the following categories: 

Category A: (“Sustainable Materials”, “Green Materials”, “Eco friendly Materials”, 
“Bio based Materials”, “Biocomposites”, “Natural Fibers”, “Recycled Materials”, “Circu-
lar Economy”, “Material Selection”, “Low Carbon Materials”, “Renewable Resources”, 
“Biodegradable Polymers”, “Green Composites”, “Sustainable Engineering”, “Eco de-
sign”); 

Category B: (“Advanced Manufacturing”, “Additive Manufacturing”, “3D Printing”, 
“Material Processing”, “Life Cycle Assessment”, “LCA”, “Material Characterization”, 
“Digital Manufacturing”, “Industry 4.0”, “AI in Materials”, “Machine Learning”, “Mate-
rial Informatics”, “Process Optimization”, “Smart Manufacturing”, “Automation”, “Sim-
ulation”, “Modeling”); 

Category C: (“Sustainability”, “Environmental Performance”, “Carbon Footprint”, 
“Embodied Energy”, “Life Cycle Analysis”, “Circularity”, “Social Sustainability”, “Eco-
nomic Viability”, “Resource Efficiency”, “Waste Reduction”, “Durability”, “Recyclabil-
ity”, “Biodegradability”, “Technological Performance”, “Sustainable Development 
Goals”, “SDGs”). 

2.1.3. Phase 3: Search Strategy and Study Selection 

To improve methodological transparency and reproducibility, the literature search 
was conducted using predefined search strings tailored to each database. The search strat-
egy combined three thematic blocks: (i) sustainable materials, (ii) advanced manufactur-
ing and digital technologies, and (iii) sustainability performance. Within each block, syn-
onyms were connected using OR, while the three blocks were combined using AND to 
retrieve studies located at the intersection of the target concepts. The exact database-spe-
cific search strings and query combinations are reported in the Appendix/Supplementary 
Material. The selection of Scopus, Web of Science, and IEEE Xplore was motivated by their 
broad coverage of peer-reviewed literature in materials science, engineering, digital man-
ufacturing, and sustainability research. 

We employed a multi-stage filtering process to clean up the records we discovered 
and ensure that the methods were correct. First, papers unrelated to engineering or mate-
rials science were deleted, as were non-journal publications such as conference proceed-
ings, book chapters, and editorials. Duplicate entries were also eliminated. This initial 
screening yielded 521 peer-reviewed journal articles. Next, title and keyword screening 
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was performed to exclude studies whose focus diverged from sustainable materials or the 
core aims of this review, reducing the pool by 365 articles. 

The inclusion and exclusion criteria were defined a priori to ensure consistency with 
the objectives of the review. Studies were included if they: (i) were peer-reviewed journal 
articles published in English between 2015 and 2025; (ii) addressed sustainable materials, 
advanced manufacturing, or Industry 4.0-enabled technologies; and (iii) reported at least 
one sustainability dimension, including environmental, social, economic, or technological 
performance. Studies were excluded if they were non-journal publications, such as con-
ference proceedings, book chapters, and editorials; if they were unrelated to engineering 
or materials science; if they focused on sectors outside the scope of this review; or if they 
included only peripheral references to the target themes without substantive analytical 
contribution. These criteria were selected to maintain conceptual coherence, ensure com-
parability across studies, and retain only publications directly relevant to the research 
questions. 

A formal quality assessment was conducted during the eligibility stage of screening. 
Each full-text article was evaluated using predefined criteria covering the clarity of the 
research objectives, appropriateness of the study design, transparency of methods and 
data reporting, relevance to the review questions, and robustness of the findings. Studies 
were retained only if they met the minimum quality threshold and were considered meth-
odologically reliable for inclusion in the final corpus. This quality appraisal was applied 
to the retained studies to reduce the risk of incorporating weak or insufficiently docu-
mented evidence into the synthesis and was integrated into the PRISMA-based selection 
process to enhance transparency, consistency, and reproducibility. 

Potential selection bias was minimized through several safeguards. Duplicate rec-
ords were removed before screening, and the selection process followed a multi-stage 
procedure involving title screening, abstract screening, and full-text verification. All rec-
ords were assessed against the same predefined eligibility criteria to reduce subjective 
judgment and improve consistency. Ambiguous cases were revisited during screening to 
ensure that inclusion and exclusion decisions were applied uniformly. The overall process 
is reported in a PRISMA-style flow diagram to provide a transparent account of record 
identification, screening, eligibility assessment, and final inclusion. 

Following this process, 156 articles were retained for analysis, including review pa-
pers, empirical studies, and conceptual contributions. This final corpus provided a suffi-
ciently broad yet focused evidence base for examining the integration of sustainable ma-
terials, advanced manufacturing, and Industry 4.0 across sustainability dimensions. 

Figure 2 provides a visual summary of the literature identification and selection pro-
cedure. Initially, 734 records were obtained from Scopus, 300 from Web of Science, and 
411 from IEEE. After applying the filtering and relevance assessments based on prede-
fined criteria, 18 review articles and 138 empirical or conceptual studies remained. Con-
sequently, a final set of 156 articles constitutes the basis for the descriptive analysis pre-
sented in this literature review.  
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Figure 2. Flow diagram illustrating the PRISMA methodology applied to the literature search. 

2.2. Analytical Framework 

To analyze the selected papers in more depth and explore their content, an analytical 
framework was conducted. This analysis combined qualitative indicators with quantita-
tive categorization, thus providing an overview of the integration of sustainable materials 
and advanced manufacturing technologies to ensure multidimensional sustainability per-
formance (in terms of environmental, social, and economic factors). Specifically, the ana-
lytical framework encompassed the following dimensions: 

- Temporal distribution of publications: This article discusses the progress of research 
and its changing trends over time in the literature, a very important topic to follow 
in the research field of sustainable materials and their applications in advanced man-
ufacturing systems and sustainable performance. 

- Methodological distribution of publications: This analysis investigates the range of 
research designs employed across the selected studies, including conceptual contri-
butions, qualitative inquiries, quantitative empirical analyses, and mixed-method 
approaches, in order to assess the methodological maturity of the field. 

- Journal-wise distribution of publications: This aspect aims to identify the leading ac-
ademic outlets that have contributed to the development of this research domain, 
thereby highlighting the most influential journals shaping the discourse. 

- Technology-oriented distribution of publications: This dimension provides a struc-
tured classification of advanced manufacturing and digital technologies based on 



Sustainability 2026, 18, 7077 9 of 44 
 

https://doi.org/10.3390/su18147077 

their functional role in supporting sustainable material integration and advancing 
sustainability objectives. 

- Keyword co-occurrence analysis: This dimension explores the interrelationships 
among key terms used in the literature, allowing for the identification of dominant 
themes, research clusters, and emerging conceptual linkages within the field. 

The purpose of this analytical investigation is to systematically map and characterize 
the structure of the research field by exploring the ways in which sustainable materials 
are integrated with advanced manufacturing technologies to improve environmental, so-
cial, and economic sustainability outcomes. Through the analysis of the previously de-
fined dimensions, this study enables the identification of prevailing research patterns, in-
cluding the increasing emphasis on additive manufacturing and machine learning tech-
niques for circular material selection. At the same time, it highlights critical research gaps, 
notably the limited consideration of social sustainability aspects and the scarcity of longi-
tudinal empirical investigations addressing the biodegradability and recyclability of 
emerging bio-based composites. These findings provide a foundation for outlining poten-
tial avenues for future research. 

No statistical aggregation or meta-analytic synthesis was undertaken in this review. 
Accordingly, all quantitative results reported in the manuscript should be interpreted as 
context-specific, literature-based observations derived from individual studies rather than 
as generalized statistical evidence. 

3. Results 
A total of 156 publications were selected and finalized as the final sample for this 

literature review, which provided the empirical basis for the analysis and integration of 
existing knowledge on sustainable materials and their integration with advanced manu-
facturing technologies, including additive manufacturing and machine learning, includ-
ing life cycle assessment. The synthesis highlights how sustainable materials, additive 
manufacturing, machine learning, and life cycle assessment interact to shape sustainabil-
ity performance across environmental, social, economic, and technological dimensions. 

This content analysis led to the development of a conceptual structure that depicts 
the interactions between sustainable material selection and digital manufacturing tools 
and their impact on resource efficiency and circularity, which are related to the desired 
sustainability outcomes. 

3.1. Publication Distribution 

3.1.1. Temporal Distribution of Publications 

Figure 3 illustrates how the number of publications on sustainable materials, ad-
vanced manufacturing, and sustainability has evolved from 2015 to 2026. In the earliest 
period (2015–2017) output was very low, with only three papers in 2015, one in 2016, and 
none in 2017, indicating that the intersection of these three themes was just beginning to 
attract attention. A modest rise occurred between 2018 and 2019 (four and three papers, 
respectively), signaling a slowly growing academic interest. A more substantial increase 
took place in 2020, which reached eight publications—the first noticeable peak. This up-
turn may reflect a broader shift in engineering and materials research toward circular 
economy and low-carbon solutions during that period. The years 2021 and 2022 saw fur-
ther growth, with 19 and 21 papers respectively, marking a phase where researchers be-
gan consolidating empirical case studies and conceptual frameworks that explicitly link 
sustainable materials with digital manufacturing technologies (e.g., additive manufactur-
ing, machine learning, LCA). Although 2023 experienced a slight dip to 17 papers, the 
field rebounded strongly in 2024 (23 papers) and reached its highest level so far in 2025 
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(42 papers). By the time of the search, 15 papers were already indexed in 2026, indicating 
ongoing research activity in the field and suggesting continued expansion of the literature. 
Overall, this trend demonstrates a clear and sustained increase in scholarly interest in 
combining sustainable materials, advanced manufacturing, and sustainability perfor-
mance. However, as with any bibliometric analysis, these fluctuations should be inter-
preted with caution, because they can be influenced by external factors such as funding 
cycles, special issues, or delays between submission and publication. Therefore, this over-
view serves to provide general context about the field�s evolution rather than to establish 
direct causal explanations. 

 

Figure 3. Annual distribution of publications from 2015 to 2026. 

3.1.2. Methodological Distribution of Publications 

Figure 4 presents the methodological breakdown of the 156 selected papers on sus-
tainable materials, advanced manufacturing, and sustainability performance. The papers 
were classified into four research types: empirical and case studies, systematic literature 
reviews and critical syntheses, conceptual and theoretical contributions, and analytical 
studies (qualitative or quantitative). This typology helps to understand how researchers 
have approached the intersection of sustainable materials with advanced digital and man-
ufacturing technologies and how they assess environmental, social, and economic out-
comes. 

The results show that empirical and case studies are the most frequent category. Out 
of the 156 papers, 138 are original research articles, the majority of which present experi-
mental data, case-based life cycle assessments, process-optimization trials, or material 
characterization studies. This dominance indicates that research in this field is strongly 
grounded in practical investigations. Researchers often test bio-based or recycled materi-
als using additive manufacturing or simulation tools, then measure carbon footprint, em-
bodied energy, or recyclability in real or realistic settings. Such studies provide tangible 
evidence of how sustainable materials perform under specific advanced manufacturing 
conditions. 
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Figure 4. Trends in publication output by research type over time (2015–2025). 

Systematic literature reviews and critical syntheses constitute the second most prev-
alent category, with 18 review papers. These contributions play an essential role in struc-
turing the field. They organize existing knowledge, identify key trends (e.g., the rise in 
machine learning for material selection), map research gaps (e.g., limited social sustaina-
bility indicators), and propose future agendas. Reviews also help consolidate fragmented 
evidence on topics like circular economy integration or the use of LCA in additive manu-
facturing. 

Conceptual and theoretical contributions appear less frequently but remain mean-
ingful. These papers typically introduce new frameworks, models, or taxonomies that link 
sustainable materials with Industry 4.0 technologies or sustainability dimensions. Alt-
hough their number is relatively low, they provide foundational insights that guide sub-
sequent empirical work—for example, by defining a multi-criteria decision framework for 
material selection under circular economy principles. In this context, MCDM studies gen-
erally follow a structured workflow in which criteria are first defined, weights are as-
signed through expert judgment or pairwise comparison, and alternatives are then ranked 
using methods such as AHP, TOPSIS, VIKOR, or hybrid combinations. In the reviewed 
literature, these methods are used to compare material options, evaluate additive manu-
facturing routes, and support sustainability-oriented process selection. Overall, these 
workflows transform qualitative sustainability objectives into structured and transparent 
ranking outputs, thereby enabling reproducible decision support and explicit trade-off 
analysis. 
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Finally, analytical studies using purely qualitative or quantitative methods (without 
full empirical case work) are the least represented category. These investigations often 
rely on mathematical modeling, simulation only, or survey-based data without experi-
mental validation. Their scarcity suggests that the field prioritizes applied, demonstrative 
research over purely theoretical or statistical analyses, even though such analytical ap-
proaches are important for formalizing trade-offs and validating decision frameworks. 

Overall, the methodological distribution reveals a strong applied orientation: most 
studies test sustainable materials in real or simulated advanced manufacturing environ-
ments and evaluate their sustainability performance using life cycle or circularity metrics. 
Reviews and conceptual papers support this applied core by synthesizing knowledge and 
offering theoretical guidance. This balance highlights the maturity of the field, where prac-
tical demonstrations are backed by systematic organization of the literature and concep-
tual framing. Future research could benefit from more analytical studies that isolate spe-
cific causal relationships—for example, between machine learning parameters and carbon 
footprint reduction—as well as from more longitudinal empirical work on biodegradabil-
ity and social sustainability. 

3.1.3. Journal-Wise Distribution of Publications

As illustrated in Figure 5, the 156 selected studies are distributed across a diverse set 
of academic journals, highlighting the interdisciplinary scope of research at the interface 
between sustainable materials, advanced manufacturing technologies, and sustainability 
performance. The Journal of Cleaner Production is the most prominent outlet, accounting 
for 36 papers (approximately 23% of the total). This dominance indicates the journal�s 
strong focus on life cycle thinking, circular economy, and environmental impact assess-
ment—core themes of the reviewed literature. The second most frequent source is Sustain-
able Production and Consumption, with 11 papers (about 7%), highlighting the growing at-
tention to sustainable consumption and production patterns. The International Journal of 
Production Economics follows with five papers (3%), while Industrial & Engineering Chemis-
try Research and several other journals—such as Production Planning & Control, Computers 
& Industrial Engineering, and Additive Manufacturing—each contribute three to four papers. 
In addition to these leading journals, a substantial share of the literature (over 60% of the 
journals) appears in sources that have published only one or two relevant articles. Exam-
ples include Materials, Polymers, IEEE Access, Sustainability (Switzerland), and Construction 
and Building Materials. This broad dispersion confirms that the field draws from multiple 
disciplines, including materials science, mechanical engineering, industrial engineering, 
environmental science, and business management. Consequently, no single journal mo-
nopolizes the area; instead, the research landscape is fragmented yet rich, with contribu-
tions scattered across specialized engineering journals, sustainability-focused periodicals, 
and interdisciplinary publications. This pattern underscores the complexity and multidis-
ciplinary scope of the domain, where innovations in eco-design, additive manufacturing, 
and life cycle assessment intersect with broader sustainability goals such as the UN Sus-
tainable Development Goals (SDGs). 
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Figure 5. Distribution of selected articles by journal. 
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Figure 6. Frequency of key technologies in the reviewed literature. 
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The most frequently occurring keyword is “circular economy” (91 occurrences), fol-
lowed by “sustainable development” (73), “industry 4.0” (41), “life cycle” (36), “environ-
mental impact” (19), “life cycle assessment” (19), “sustainability” (19), “supply chains” 
(19), “decision making” (18), “industrial economics” (17), “ecodesign” (16), “recycling” 
(15), “machine learning” (15), and “additives” (12). These terms occupy central positions 
in the network, indicating their foundational role in the literature. 

The co-occurrence links reveal several interconnected clusters. One major cluster 
groups “circular economy” with “recycling”, “ecodesign”, “additives”, and “life cy-
cle”/“life cycle assessment”. This suggests that research frequently examines how product 
design, material additives, and end-of-life recycling contribute to circular material flows. 
A second cluster links “industry 4.0” with “machine learning”, “decision making”, “sup-
ply chains”, and “industrial economics”. Here, digital enablers are used to optimize man-
ufacturing processes and supply-chain decisions while considering economic and envi-
ronmental trade-offs. A third cluster revolves around “sustainable development” and 
“sustainability”, often appearing together with “environmental impact”, indicating that 
sustainability is evaluated primarily through environmental metrics. Notably, social sus-
tainability terms are absent from the most frequent keywords, revealing a gap in the cur-
rent literature. 

Overall, the keyword co-occurrence analysis shows a research landscape where cir-
cular economy principles, Industry 4.0 technologies, and life cycle thinking converge. The 
network confirms that additive manufacturing (implied via “additives” and related 
terms) and machine learning are the dominant advanced manufacturing tools being ap-
plied to sustainable material challenges. This descriptive mapping also points to future 
research directions, particularly the need to integrate social sustainability dimensions and 
to conduct more longitudinal empirical studies on biodegradability and recyclability of 
novel bio-based composites. 

3.2. Content Analysis 

Building on the descriptive results, this section synthesizes the principal mechanisms 
and sustainability implications emerging from the 156 selected studies. The analysis con-
siders publication year, research methodology, the advanced manufacturing or digital 
technology employed, and the sustainability dimension addressed. The literature shows 
clear maturation: early work (2015–2018) emphasized material properties and founda-
tional life cycle assessment, whereas more recent studies increasingly combine digital en-
ablers such as machine learning, simulation, and process optimization to improve mate-
rial selection, reduce waste, and enhance circularity. Several studies also report quantita-
tive outcomes on carbon footprint reduction, embodied energy savings, and economic vi-
ability; however, these values are treated here as illustrative, study-specific findings rather 
than pooled effect sizes, since this review does not perform meta-analysis. To structure 
the synthesis, this section is organized around two themes: (i) integration mechanisms 
linking advanced manufacturing and digital technologies to sustainable-material pro-
cessing, and (ii) contributions to sustainability performance across environmental, social, 
and economic dimensions. 

3.2.1. Integration Mechanisms Between Sustainable Materials and Advanced  
Manufacturing Technologies 

The shift from conventional material selection to sustainable material engineering 
has increasingly been supported by advanced manufacturing technologies, many of 
which originate from the Industry 4.0 paradigm. This integration goes beyond waste re-
duction or process optimization by incorporating simulation modeling, machine learning, 
automation, and life cycle assessment (LCA) to improve the environmental, social, and 
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economic performance of material systems. For example, several studies report the use of 
LCA and simulation methods prior to manufacturing implementation to estimate carbon 
emissions and embodied energy [109,110]. 

Analysis of the 156 selected articles reveals three recurring mechanisms: (1) data ac-
quisition and process transparency, (2) intelligent decision-making and workflow en-
hancement, and (3) automation and human–technology interaction. These mechanisms 
act jointly to translate sustainability-oriented material innovation into measurable perfor-
mance improvements. Data acquisition and process transparency improve visibility over 
material flows, identify environmental hotspots, and reduce implementation uncertainty. 
Digital monitoring, simulation, and LCA are frequently used to assess alternative material 
blends and process scenarios before physical implementation, thereby improving design 
robustness. Intelligent decision-making converts monitoring outputs into operational im-
provements, with machine learning, optimization algorithms, and AI-supported decision 
systems used to support material selection, parameter tuning, and trade-off analysis, par-
ticularly for variable bio-based or recycled inputs. Automation and human–technology 
interaction stabilize production, reduce variability, and minimize material losses; how-
ever, the literature shows that these gains depend on organizational learning, staff en-
gagement, and leadership support [111]. Multiple investigations show that digital simu-
lation platforms can track resource movement, detect hotspots of non-circularity, and test 
alternative bio-based or recycled material compositions before physical production 
[112,113]. Moreover, LCA integrated with additive manufacturing has been reported to 
reduce material waste and eliminate redundant processing steps, supporting circular 
economy goals [114]. In a similar manner, artificial intelligence (AI) and real-time moni-
toring can enhance the traceability of recycled content and improve the reliability of bio-
degradability assessments [115]. It has been demonstrated by a number of review-based 
studies that digital tools have a significant impact when embedded within material devel-
opment workflows, rather than when used as standalone software. A collective analysis 
of the extant literature indicates that the synergy between sustainable materials and ad-
vanced manufacturing is contingent upon organizational learning, staff engagement, and 
leadership support. These factors have been identified as critical enablers of a successful 
transformation [116]. 

To further clarify how machine learning supports parameter optimization in the 
presence of biomaterial inconsistency, Table 2 compares representative algorithms used 
in the reviewed literature, highlighting their typical applications, target inconsistencies, 
and main advantages. These findings suggest that machine learning and LCA are not only 
decision-support tools but also key enablers of robust material selection under conditions 
of material variability. 

Table 2. Comparison of machine learning algorithms for biomaterial variability. 

Algorithm Typical Use Biomaterial Inconsistency 
Addressed 

Manufacturing Appli-
cation 

Main Contribution 

Random Forest 
Prediction and fea-
ture importance 

Variability in material com-
position and mechanical 
properties 

Material selection, qual-
ity prediction 

Handles nonlinear rela-
tionships and identifies 
key variables 

Support Vector 
Machine (SVM) 

Classification and re-
gression 

Batch-to-batch variation 
Property classification, 
defect prediction 

Performs well with small 
datasets and complex pat-
terns 

Artificial Neu-
ral Network 
(ANN) 

Nonlinear prediction Inconsistent input–output re-
lationships 

Process parameter opti-
mization 

Captures hidden depend-
encies in material behavior 
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Gradient 
Boosting/XGBo
ost 

High-accuracy pre-
diction 

Multi-factor variability in bi-
omaterial performance 

Process tuning, perfor-
mance prediction 

Strong predictive power 
and robustness 

Decision 
Tree/Hybrid 
models 

Rule-based decision 
support 

Mixed property incon-
sistency 

Sustainable material se-
lection 

Easy to interpret and use-
ful for decision-making 

Data acquisition and process transparency emerges as the first core mechanism. 
Among the key objectives of sustainable manufacturing is the identification of material 
flows using digital value-stream mapping (VSM) or material flow analysis (MFA), making 
waste and inefficiencies visible [117]. Simulation-based data acquisition tools are the most 
frequently reported technologies in the selected papers, with “Simulation” and “Model-
ing” appearing as prominent keywords. The studies demonstrate how simulation can 
identify congestion points in material processing, support real-time interventions for en-
ergy efficiency, and anticipate system behavior to minimize environmental risk [118,119]. 
In the same way, digitalization of material processing workflows simplifies the applica-
tion of life cycle monitoring and strengthens transparency. Overall, the findings strongly 
support the use of data acquisition and monitoring mechanisms alongside sustainable 
material practices. 

Another key mechanism is smarter decision-making and workflow improvements, 
where the reviewed literature reports on the use of discrete-event simulation and machine 
learning in decision-making processes, which impacts factors like system responsiveness. 
Also, the literature reports an increase in staff satisfaction related to material handling 
after the implementation of an AI-assisted sorting system, leading to a more balanced al-
location of human resources [120–122]. AI can further support decision-making within a 
sustainable manufacturing system structure. For instance, in visual inspection systems 
based on deep learning technology when used together with lean materials handling ap-
proaches there is a huge reduction in reject rates of material since defect detection pro-
cesses become automatic and more accurate while eliminating waste at the same time. 
When deep learning technology is used in these processes, there can be an improvement 
rate of between 95% and 99% [123]. The application of AI-supported sustainable material 
processes in smart manufacturing requires digital technology integration to make better 
decisions, predict outcomes, and act in real time. The main components of these processes 
are digital material flow analysis, AI-supported LCA, digital kanban for materials, and 
the incorporation of continuous improvement loops [124].  

In terms of specific technologies and smart decision-making, AI-based techniques can 
further improve traditional material flow analysis (MFA), advancing it from a static exer-
cise to a changing source of insights. While conventional MFA depends on human obser-
vation and often periodic sampling of data, AI-based MFA systems can pull and analyze 
changing data on material flows from various manufacturing execution systems. Simi-
larly, researchers can analyze production event logs to identify inefficiencies in material 
use and provide objective insights into the performance of circularity initiatives. In sum, 
with the constant updating of material flow maps, these systems can better inform deci-
sion-making. 

The third identified mechanism includes both automation and collaboration between 
people and technology. Environmentally responsible production systems focus on getting 
the most out of resources, following the same steps every time, and always getting better 
[125]. As a result, Industry 4.0 technologies make it easier to put sustainable material 
guidelines into practice. Numerous studies indicate that the integration of personnel and 
technological systems, along with automated operations, enhances the stability of mate-
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rial handling processes. Also, combining eco-friendly workflows with mechanized pro-
cesses increases productivity and shortens cycle times, which improves both operational 
performance and sustainable workflow practices [126,127]. This progress is due to auto-
mated barcode verification systems that ensure that material specifications and batch data 
match up correctly. This cuts down on wrong material choices and gets rid of unnecessary 
handling steps, ultimately leading to more efficient logistics operations and contributing 
to the overall sustainability improvements mentioned. Also, the application of this frame-
work results in exemplary environmental sustainability improvements that include a de-
cline in energy intensity of between 25% and 40%, a decrease of 40% in carbon emissions 
associated with logistics operations, and increased system uptime of 15%, all pointing to-
wards the framework�s potential application [128]. Cross-functional collaboration and the 
rapid implementation of digital technologies in production environments can be en-
hanced when sustainable material development is facilitated by digital monitoring of ma-
terial properties [129]. Research shows that eco-friendly materials and advanced manu-
facturing can work together through human–system collaboration. This gives production 
systems the tools they need to deal with more and more complex environmental problems 
while also strengthening resource-efficient practices at their core. 

In addition, advanced manufacturing technologies can improve upon the established 
methods for sustainable materials. For instance, while material flow analysis relies on 
manual tracking and spot sampling, material flow analysis could become digitalized if 
IoT sensors are deployed to gain real-time visibility into material flows and precisely pin-
point non-value-added steps [130]. AI can augment continuous improvement by predict-
ing opportunities to improve material inefficiencies and suggesting focused improve-
ments. Automation has also been utilized to enable error proofing and process control for 
recycling processes and processing of bio-based materials. 

Taken together, many publications describe predictive and proactive approaches to 
manufacturing management that leverage both sustainable materials and advanced man-
ufacturing. Table 3 presents an overview of research focusing on how data collection, ma-
terial flow tracking, process transparency, smart decision-making, process optimization, 
and automation, coupled with human–technology collaboration, drive continuous im-
provement throughout the entire manufacturing journey. As shown in the table, these 
papers suggest that advanced manufacturing empowers sustainable materials; however, 
the strength of this relationship is dependent on the contextual pairing of the technology 
to particular improvement goals (e.g., reducing carbon footprint, circularity, economic 
feasibility). 

Table 3. Overview of integration mechanisms linking sustainable materials with advanced manu-
facturing technologies. 

Integration Mechanism 
Main Advanced Manufactur-

ing/Digital Technologies 
Sustainable Materials 

Context 
Sustainability Objectives 

Supported 

Data acquisition, material-
flow monitoring, and pro-
cess transparency 

Discrete-event simulation, material 
flow analysis (MFA), digital prod-
uct passports, IoT sensors, real-
time dashboards, life cycle assess-
ment (LCA) software 

Bio-based and recycled 
material processing, 
composite manufactur-
ing, construction mate-
rial supply chains, waste 
sorting facilities 

Material flow visibility, waste 
identification, circularity 
tracking, hotspot detection 
for environmental impact 

Decision-making and intel-
ligent process optimization 

Simulation modeling, artificial in-
telligence (AI), machine learning 
(e.g., ANN, random forest, 
XGBoost), optimization algorithms 

Material selection for 
eco-design, additive 
manufacturing parame-
ter optimization, recycled 

Evidence-based material 
choice, process standardiza-
tion, reduction of carbon foot-
print and embodied energy, 
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(e.g., genetic algorithm, particle 
swarm), decision-support systems 

aggregate concrete for-
mulation, biocomposite 
development 

continuous improvement in 
circularity 

Automation and human–
technology interaction 

Automated sorting and recycling 
lines, robotic disassembly, 3D 
printing (FDM, SLS) for repair/re-
manufacturing, collaborative ro-
bots, digital twins, blockchain for 
traceability 

End-of-life product pro-
cessing, polymer recy-
cling, metal powder re-
use in additive manufac-
turing, bio-based compo-
site fabrication 

Reduction in non-value-
added manual handling, op-
erator engagement, standard-
ized sustainable workflows, 
learning and capability devel-
opment for circular economy 

To systematically map our findings to RQ1, the causal relationships between the 
three identified SCM mechanisms and the four sustainability performance dimensions are 
detailed in Table 4 below. 

Table 4. SCM mechanism-to-performance mapping table. 

SCM Mechanism 
Economic Perfor-
mance 

Environmental Perfor-
mance 

Social Performance 
Technological Perfor-
mance 

Data Collection and 
Process Transpa-
rency 

Identifies cost ineffi-
ciencies and tracks re-
source expenditure in 
real time. 

Pinpoints energy 
hotspots and tracks ex-
act carbon footprint 
across the life cycle. 

Monitors workplace 
conditions and ergo-
nomic data for im-
proved safety. 

Creates foundational 
digital twins and en-
sures real-time opera-
tional visibility. 

Intelligent Decision-
Making (AI/ML) 

Reduces downtime via 
predictive maintenance 
and optimizes supply-
chain logistics. 

Selects optimal bio-
based material mixes to 
lower embodied carbon 
dynamically. 

Adapts operating pa-
rameters to minimize 
worker fatigue and haz-
ardous exposure. 

Enables autonomous er-
ror correction and con-
tinuous process optimi-
zation. 

Automation and Hu-
man–Tech Interac-
tion 

Increases labor effi-
ciency and directly re-
duces material scrap 
costs. 

Lowers overall energy 
intensity through stabi-
lized, highly precise 
workflows. 

Replaces human labor 
in physically dangerous 
or toxic manufacturing 
roles. 

Ensures high-fidelity 
additive manufacturing 
and consistent product 
quality. 

3.2.2. Role of Sustainable Materials and Advanced Manufacturing Technologies in  
Sustainability Performance 

Several studies address the integration of sustainable material selection with ad-
vanced manufacturing technologies (Industry 4.0) in relation to sustainable production 
systems [131]. In the same manner, technologies are being designed and implemented to 
address these requirements and help realize sustainability targets in manufacturing set-
tings. Numerous reports highlight findings with regard to economical, environmental, 
social and technological sustainability metrics. Henceforth sustainability, within the realm 
of sustainable manufacturing, will be referred to as the capability of a production system 
to promote long-term organizational and system health with minimal use of resources 
and reduced environmental impact [132]. Sustainability is embedded within many con-
tinuous improvement philosophies (i.e., Kaizen, lean manufacturing), one of which con-
sists of the continuous efforts to eliminate waste and improve efficiency. Therefore, dis-
cussions of sustainability within the realm of sustainable materials and advanced manu-
facturing pertained to the topics of production processes and material life cycles in the 
reviewed literature. Additionally, sustainability with regard to sustainable materials and 
advanced manufacturing is more than blending eco materials and I4.0 together. It focuses 
on implementation of constant monitoring, communal knowledge and real-time data 
analysis rather than responding to problems after they occur. A number of research arti-
cles highlight the implementation of data-driven decision-making with regard to pairing 
sustainable materials and I4.0 technologies [133]. By digitally connecting materials and 
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processes, manufacturing operations are less reliant on spontaneous efforts and able to 
absorb process variabilities. One of the other key aspects of the sustainable materials–I4.0 
integration is the ability to stabilize production processes and make the entire system 
more predictable. Figure 8 presents an integrated framework in which technological sus-
tainability is not treated as a distinct sustainability pillar. Instead, it is understood as an 
enabling framework that supports sustainable performance through capabilities such as 
interoperability, robustness, scalability, digital infrastructure, and process intelligence. 

 

Figure 8. Conceptual and theoretical overview. 

• Sustainability of the economy 

Empirical studies show that the integration of sustainable materials with advanced 
manufacturing technologies is associated with benefits in terms of economic sustainabil-
ity. These findings are discussed in relation to financial performance whilst delivering 
high-quality products. Recent research highlights the significant impact of Industry 4.0 
and the circular economy on improving economic and environmental performance [134]. 

The adoption of Industry 4.0 technologies, such as the Internet of Things (IoT), cloud 
computing, big data and artificial intelligence (AI), is associated with improved produc-
tivity and the generation of new business opportunities, particularly in the healthcare sec-
tor [135]. These technologies also help reduce waste by redirecting systems or workers 
that deviate from the most efficient pathways. Furthermore, the integration of these tech-
nologies into green supply chains promotes green innovation for sustainable products 
and processes, thereby contributing to a sustainable circular economy. 

When it comes to cost reduction, the circular economy, supported by digital trans-
formation, plays a crucial role. For example, in pharmaceutical reverse logistics, digital 
transformation can lead to substantial savings for a country and ensure a more efficient 
supply of essential medicines, whilst reducing healthcare costs [136]. Circular economy 
practices and lean principles, supported by data analysis, improve material waste man-
agement and reduce material consumption and energy use. Studies confirm that Industry 
4.0 and the circular economy contribute to the reduction in material and energy waste, as 
well as to lower emissions [137]. 

Process optimization is also a key factor in economic sustainability. The life cycle as-
sessment of co-firing systems for plastic waste and lignite, for example, confirms the sus-
tainability and benefits in terms of optimization and the conversion of waste into energy 
[138]. New business models, such as mobile wastewater treatment services, can generate 
additional financial benefits through the recovery of value-added compounds [139]. 
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Finally, digital monitoring and smart diagnostics, including AI-based quality control, 
enhance cost control and can reduce material rejection rates [140,141]. The application of 
AI and machine learning improves operational efficiency and enables more informed de-
cisions regarding material selection. 

• Sustainability of the environment 

Environmental sustainability within manufacturing systems is recognized as a cru-
cial outcome of process strategies aimed at minimizing ecological impact. Recent studies 
highlight the integration of sustainable materials and Industry 4.0 (I4.0) into every pro-
duction stage, noting that industrial activities contribute significantly to global green-
house gas emissions [128]. This integration is crucial for the transition towards carbon 
neutrality and resource management [142]. 

Several key performance indicators (KPIs) for environmental sustainability have 
been presented, such as CO2 emissions, waste generation per unit of product, energy con-
sumption per part, and water usage. These metrics are commonly employed to measure 
environmental performance and progress across different manufacturing sectors [139]. 
Energy consumption, in particular, has been identified as a critical gap in environmental 
sustainability, with efforts to optimize it in data centers and industrial processes [137]. 

Life cycle assessment (LCA) is a fundamental tool for tracking sustainability im-
provements. The integration of LCA into manufacturing frameworks, supported by ad-
vanced technologies, allows for a comprehensive evaluation of environmental perfor-
mance [143,144]. For instance, LCA has been used to assess the environmental impact of 
PLA-basalt/hemp biocomposites, demonstrating the benefits of natural fibers [145]. Re-
gionalized LCA models are also being developed to analyze the impact of bio-based ma-
terials in construction [146]. 

Environmental sustainability is also explicitly addressed in waste management and 
circular economy contexts. The combination of circular material selection with digital 
tools contributes to reducing hazardous waste generation by facilitating more efficient 
and data-driven material processing, enabling better classification, monitoring, and en-
suring that only the required material quantities are used [147]. I4.0 strengthens the circu-
lar economy by reducing waste and promoting advanced sustainability initiatives, partic-
ularly in the healthcare sector and in solid-waste management [148,149]. Circular econ-
omy solutions are also explored for plastic waste, improving the rheological properties of 
recycled PET for direct 3D printing [128]. Dynamic system modeling is used to optimize 
resources and reduce waste in vertical farming, integrating the circular economy for en-
hanced sustainability [150]. 

The integration of I4.0 and the circular economy is a growing research area, with 
studies exploring key drivers, barriers, and mitigation strategies at different organiza-
tional levels to enhance sustainable performance [151]. Digital technologies, such as the 
Internet of Things (IoT), cloud computing, big data, and artificial intelligence (AI), are 
essential for improving productivity and sustainability by reducing emissions and opti-
mizing resource utilization [152]. 

• Sustainability on a Social Scale 

Although the environmental and economic sustainability dimensions dominate the 
literature on sustainable materials and advanced manufacturing, social sustainability re-
mains comparatively underrepresented in the reviewed corpus. This imbalance is not only 
visible in the thematic focus of the articles, but also in the way social issues are distributed 
across the corpus: they appear sporadically, are rarely developed as primary analytical 
objects, and are less frequently operationalized than environmental performance indica-
tors. Most studies focus primarily on technical efficiency, carbon footprint reduction, en-
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ergy optimization, and circularity performance, while the human and organizational im-
plications of sustainable manufacturing are often treated as secondary outcomes rather 
than core sustainability objectives. This reveals an important gap in the literature, partic-
ularly because the transition toward sustainable and digitalized production systems di-
rectly affects workers, skill requirements, workplace organization, and the relationship 
between industrial facilities and local communities. 

In the context of sustainable materials and Industry 4.0 integration, social sustaina-
bility may be understood as the ability of manufacturing systems to improve occupational 
safety, ergonomics, workforce resilience, inclusiveness, stakeholder participation, and 
quality of working life across the material and production life cycle. In the reviewed cor-
pus of 156 articles, the social dimension is not consistently mapped across studies. Instead, 
it appears through a limited set of recurring indicators, with occupational safety and er-
gonomics emerging most frequently, while employee satisfaction, retention, and commu-
nity acceptance are mentioned less often. Social life cycle assessment (S-LCA) is only mar-
ginally represented, suggesting that formal social impact assessment remains limited in 
this research area. 

Several studies indicate that Industry 4.0 technologies can positively influence occu-
pational health and working conditions through automation, intelligent monitoring sys-
tems, and human–machine collaboration. In manufacturing environments, collaborative 
robots, sensor-based monitoring, and AI-assisted control systems can reduce workers� ex-
posure to hazardous substances, repetitive tasks, and physically demanding operations. 
These technologies can also improve ergonomics by supporting safer workstation design, 
clearer task allocation, and real-time detection of process deviations, thereby reducing op-
erational stress and contributing to higher employee well-being and job satisfaction. How-
ever, these contributions are typically presented as case-specific observations rather than 
as systematically aggregated social outcomes. 

Beyond workplace safety, the literature also shows that social sustainability is closely 
linked to workforce adaptation and organizational readiness. The introduction of ad-
vanced manufacturing technologies and sustainable materials often requires new tech-
nical skills, cross-functional collaboration, and continuous digital training. In this respect, 
social sustainability depends not only on technological deployment but also on the capac-
ity of organizations to support employee upskilling, reduce resistance to change, and pro-
mote acceptance of new production practices. Human-centered implementation therefore 
becomes essential for ensuring that digital and circular transitions are socially viable as 
well as technically effective. 

Stakeholder engagement also emerges as an important dimension of social sustaina-
bility in manufacturing systems. The transition toward circular and digitally enabled pro-
duction requires coordination among managers, engineers, operators, suppliers, and local 
communities. Research suggests that insufficient participation of internal and external 
stakeholders can slow implementation, whereas inclusive decision-making processes can 
improve worker acceptance of automation, strengthen trust in sustainable material strat-
egies, and enhance community acceptance of industrial transformation. In this sense, so-
cial sustainability extends from the factory floor to the broader network of actors influ-
enced by manufacturing activities. 

Despite these contributions, the literature still lacks standardized indicators for sys-
tematically assessing the social impacts of sustainable manufacturing systems. Most stud-
ies discuss social aspects descriptively rather than embedding measurable indicators 
within broader sustainability assessment frameworks. Across the reviewed corpus, the 
most recurrent indicators include workplace accident rates, ergonomic risk reduction, em-
ployee satisfaction and retention, workforce upskilling, acceptance of automation tech-
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nologies, stakeholder participation, job creation linked to circular manufacturing initia-
tives, and community acceptance of sustainable production practices. However, these in-
dicators are not applied consistently across studies, and no single social metric clearly 
dominates the literature. 

This gap persists for several reasons. The field remains strongly oriented toward en-
vironmental and technical metrics, such as carbon footprint, energy efficiency, and mate-
rial circularity, which are easier to quantify and compare across studies. By contrast, social 
outcomes are highly context-dependent and less standardized, making them difficult to 
measure using common indicators across sectors, materials, and manufacturing settings. 
In addition, the research area is largely shaped by engineering and manufacturing disci-
plines, where labor conditions, community impacts, and equity considerations are not al-
ways integrated into study design. As a result, social life cycle assessment and related 
approaches appear only marginally in the literature. To address this gap, future studies 
should adopt more concrete and comparable indicators, including worker safety, ergo-
nomics, job quality, skill development, community acceptance, supply-chain fairness, and 
stakeholder well-being. Mixed-method frameworks combining social LCA, stakeholder 
analysis, and multi-criteria decision-making could further strengthen the operationaliza-
tion of social sustainability in advanced manufacturing research. 

The keyword co-occurrence analysis further confirms this pattern. Social sustainabil-
ity terms are not among the most frequent keywords in the corpus, which suggests that 
the social dimension remains less visible than environmental and technical themes in the 
literature. This does not mean that social issues are absent, but rather that they are often 
embedded in broader discussions of process improvement, human–machine interaction, 
or organizational transformation instead of being treated as explicit sustainability key-
words. In addition, social life cycle assessment (S-LCA) appears only marginally in the 
reviewed studies, indicating that formal social impact assessment is still at an early stage 
in this research area. 

Taken together, the findings suggest that social sustainability is acknowledged in the 
literature but not yet systematically operationalized. It should therefore be treated not 
only as an outcome of technological transformation, but also as a critical enabling factor 
for the successful integration of sustainable materials and Industry 4.0 technologies. Or-
ganizational culture, leadership support, employee engagement, and interdisciplinary 
collaboration strongly influence the effectiveness of digital and circular transformation 
initiatives. 

From a conceptual standpoint, future research should adopt more integrated socio-
technical approaches capable of examining environmental, economic, technological, and 
social sustainability simultaneously. Longitudinal empirical studies are particularly 
needed to assess how sustainable materials and advanced manufacturing technologies 
affect employment quality, workforce adaptation, occupational health, inclusiveness, and 
community acceptance over time. Strengthening the social sustainability dimension 
would therefore contribute to a more holistic and resilient understanding of sustainable 
manufacturing systems. 

• Sustainability of technology 

Having evaluated economic, environmental, and social sustainability in the previous 
section, now we will examine the concept of technological sustainability by analyzing how 
sustainable material processes benefit from advanced digital technologies. The literature 
emphasizes the importance of deploying IoT, big data analytics, and artificial intelligence 
(AI) enablers of Industry 4.0 to advance the circular economy by limiting waste and im-
proving the flow of materials [139]. Particularly, it is stated that such technologies contrib-
ute greatly to enhancing system efficiency through the use of predictive analytics and ma-
chine learning models. For example, there were cases when machine learning was applied 
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to maximize profits while decreasing the negative environmental impacts of manufactur-
ing in areas such as aluminum recycling and solar trucks [114,153]. 

Moreover, cyber–physical systems and digital twins help increase decision-making 
speed and perform real-time execution of data, fostering more efficient and transparent 
communication within the supply chain. In this way, it becomes possible to direct any 
deviated processes or equipment back to their optimum sustainable paths [154]. In addi-
tion to that, blockchain is considered another technology that must be implemented in 
sustainable manufacturing to avoid its common issues [155]. 

A number of scientific studies show that additive manufacturing (3D printing) and 
simulations are among the main technologies driving technological readiness. The ability 
to design fibrous structures and biodegradable polymers and to predict how they will 
behave upon decomposition with the help of numerical methods plays an important role 
in sustainable manufacturing [138]. It becomes possible to make appropriate eco-design 
decisions early in product development due to PLCA and neural network techniques 
without the necessity to conduct various scenarios [156]. 

Summing up, technological sustainability can cover automation and electrification-
based models, as well as multi-scale models, which are all crucial for creating a smart 
circular economy. Such technologies do not function solely as a means to improve effi-
ciency but as pillars of sustainable systems interacting with economic and environmental 
dimensions. 

Figure 9 highlights the various dimensions of sustainability that pertain to the imple-
mentation of sustainable manufacturing, including economic, social, technological, and 
environmental perspectives, together with their respective KPIs. 

 

Figure 9. Classification of sustainability indicators in sustainable materials and advanced manufac-
turing. 
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4. Discussion 
This section discusses the drivers and constraints influencing the integration of sus-

tainable materials and advanced manufacturing (I4.0) toward sustainable production sys-
tems. It then presents a proposed framework and highlights potential ideas for further 
research. 

4.1. Enablers of Sustainable Materials—Industry 4.0 Integration 

The integration of sustainable materials with Industry 4.0 technologies is primarily 
enabled by the growing availability of digital tools that improve material visibility, pro-
cess control, and decision quality. Rather than functioning as isolated technical upgrades, 
these technologies create the conditions under which sustainable material strategies can 
be evaluated, tested, and implemented more effectively. In the reviewed literature, the 
most frequently cited enablers include simulation models, real-time data acquisition sys-
tems, analytics platforms, life cycle assessment tools, digital twins, and smart material 
processing equipment. These tools support manufacturers in mapping material flows, an-
ticipating process behavior, and assessing the implications of alternative production sce-
narios before implementation. 

At the technological level, simulation and digital modeling are particularly relevant 
because they allow firms to test the behavior of bio-based, recycled, and other sustainable 
materials under different operating conditions. This is important given the variability of-
ten associated with such materials, especially in terms of mechanical consistency, thermal 
stability, and process sensitivity. By enabling virtual experimentation, these tools reduce 
uncertainty and improve the feasibility of circular strategies in manufacturing environ-
ments. Likewise, real-time data acquisition and advanced analytics enhance traceability 
and process transparency, thereby supporting more informed operational decisions. 

At the organizational level, the integration of sustainable materials and Industry 4.0 
is facilitated by strategic alignment, top management commitment, and cross-functional 
coordination. The literature suggests that digital transformation becomes more effective 
when sustainability objectives are embedded into managerial priorities rather than treated 
as separate technical initiatives. In this respect, the role of management is not limited to 
funding technological investments; it also involves creating an organizational climate that 
supports experimentation, learning, and collaboration across production, engineering, 
and sustainability functions. 

Human capabilities also represent a key enabling condition. The reviewed studies 
repeatedly highlight the importance of upskilling, interdisciplinary knowledge, and 
workforce readiness. Implementing digital tools for sustainable manufacturing requires 
competencies that combine materials engineering, data interpretation, process optimiza-
tion, and sustainability assessment. Employees therefore need access to training pathways 
that strengthen both technical and analytical capabilities. In addition, worker acceptance 
of new technologies is more likely when employees are involved early in the transfor-
mation process and can perceive the practical value of these tools for improving both ef-
ficiency and sustainability. 

Overall, the literature indicates that the convergence of sustainable materials and In-
dustry 4.0 is enabled by a combination of digital infrastructure, organizational support, 
and human capability development. These enabling conditions do not guarantee success-
ful implementation, but they create the operational and strategic basis for more transpar-
ent, adaptable, and resource-efficient manufacturing systems. 
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4.2. Challenges and Potential Solutions for Sustainable Materials—Industry 4.0 Integration 

Despite the clear potential of integrating sustainable materials with Industry 4.0 tech-
nologies, the reviewed literature also reveals several persistent challenges that hinder im-
plementation. These challenges are not limited to one domain; rather, they span techno-
logical, economic, organizational, human, and assessment-related dimensions. Address-
ing them is essential if digital transformation is to support circularity and sustainability 
rather than create new forms of complexity or environmental burden. 

A first major challenge concerns the technological variability of sustainable materials. 
Bio-based polymers, recycled composites, and biodegradable materials often exhibit het-
erogeneous properties that complicate process standardization and reduce predictability 
in manufacturing systems. In additive manufacturing and related digital processes, this 
variability can affect quality stability, performance repeatability, and process reliability. 
Another issue is the limited interoperability of data across systems and platforms. Alt-
hough Industry 4.0 relies heavily on data integration, the literature shows that material-
related datasets are often fragmented, inconsistent, or insufficiently standardized. This 
limits the ability of firms to develop robust predictive models or compare sustainability 
performance across production contexts. 

A second challenge is economic. The adoption of sensors, automation systems, digital 
twins, analytics software, and other Industry 4.0 components requires substantial upfront 
investment. These costs are especially burdensome for small and medium-sized enter-
prises, which often operate with limited financial and technical resources. At the same 
time, sustainable materials may be more expensive or harder to source consistently, par-
ticularly in early commercialization phases. The result is a double economic pressure that 
can slow down adoption even when the long-term sustainability benefits are clear. 

Organizational and human-centered barriers are equally important. Many compa-
nies still rely on conventional linear production logics and may lack a clear strategic 
roadmap for circular and digital transformation. Resistance to change, weak managerial 
commitment, and limited cross-functional collaboration frequently reduce the pace of im-
plementation. In addition, the use of advanced technologies such as artificial intelligence, 
simulation, life cycle assessment, and blockchain requires specialized skills that are not 
yet widespread. Without adequate training, employees may struggle to use these tools 
effectively or may view them as disruptive rather than enabling. 

The literature also highlights limitations in sustainability assessment. Many studies 
focus on carbon emissions and energy use, while social sustainability, circularity, and 
long-term durability remain underexplored. This narrow emphasis can lead to incomplete 
evaluations of the actual contribution of Industry 4.0 to sustainable manufacturing. More-
over, digitalization itself may generate new environmental pressures, such as increased 
data storage demand, computational energy use, and electronic waste. These risks show 
that Industry 4.0 should not be assumed to be inherently sustainable. 

Several potential solutions emerge from the reviewed studies. First, interoperable 
digital architectures and standardized material databases are needed to improve tracea-
bility and data quality. Digital product passports, blockchain-based traceability systems, 
and secure cloud infrastructures can also support better life cycle visibility. Second, policy 
support mechanisms such as subsidies, tax incentives, and green innovation funds can 
reduce the financial burden of adoption, especially for SMEs. Third, organizations should 
invest in training, participatory change management, and multidisciplinary capability de-
velopment to improve technology acceptance and implementation quality. Finally, future 
research should move toward more integrated assessment frameworks combining LCA, 
social LCA, circularity indicators, and AI-supported sustainability analytics. 
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Thus, the integration of sustainable materials and Industry 4.0 should be understood 
as a transition that is technically promising but institutionally and organizationally de-
manding. The barriers identified in the literature are not insurmountable, but they require 
coordinated solutions that combine digital infrastructure, financial support, human capa-
bility development, and more comprehensive sustainability evaluation. 

4.3. SCM Implementation Roadmap 

To address RQ2, this study synthesizes the identified barriers and technological ena-
blers into a three-stage SCM implementation roadmap. The roadmap is intended as a con-
ceptual guide rather than a prescriptive schedule because the pace of implementation will 
vary according to organizational readiness, company size, sectoral context, resource avail-
ability, and existing digital maturity. Accordingly, the short-, medium-, and long-term 
phases should be interpreted flexibly, rather than as fixed time periods. 

Step 1: Foundation and Readiness (Short-Term). 
In the initial phase, organizations should establish the basic digital and organiza-

tional conditions required for SCM adoption. This includes setting up essential digital in-
frastructure, such as IoT sensors and data collection systems, and conducting baseline life 
cycle assessments (LCAs) for current materials and processes. At the same time, firms 
should secure management commitment, raise awareness of SCM objectives, and begin 
introductory digital literacy training for operators and technical staff. 

Step 2: Integration and Pilot Testing (Medium-Term). 
In the second phase, manufacturers should move from preparation to targeted ex-

perimentation and integration. This may involve applying machine learning to support 
sustainable material selection, introducing additive manufacturing in pilot product lines, 
and using digital tools to improve process monitoring and decision-making. From an or-
ganizational perspective, cross-functional teams involving materials engineers, data spe-
cialists, production managers, and sustainability staff should be formed to coordinate pi-
lot projects and evaluate their outcomes. 

Step 3: Scaling and SCM Convergence (Long-Term). 
The final phase involves broader deployment and deeper system integration. At this 

stage, firms can expand successful pilots across operations, strengthen closed-loop mate-
rial flows, and integrate automation, circularity, and multidimensional sustainability 
tracking into routine decision-making. This phase represents the long-term realization of 
SCM as an integrated socio-technical system, where digital capabilities, circular material 
practices, and workforce skills are aligned to support continuous improvement and eco-
efficient production. 

4.4. Development of the Conceptual Framework 

The development of the conceptual framework aims to shed light on the research 
field by clarifying the relationship between sustainable materials and Industry 4.0 and 
their contribution to sustainable manufacturing performance. In this case, the framework 
is an integrated, implementation-oriented synthesis derived from the reviewed literature, 
focusing on operational mechanisms, enabling technologies, barriers, and sustainability 
outcomes, as shown in Figure 10. The framework has been further refined to more explic-
itly operationalize the main constructs and clarify their interrelationships. In this frame-
work, technological capabilities are considered enabling mechanisms that support envi-
ronmental, economic, and social sustainability outcomes, which are treated as dynami-
cally interconnected rather than independent dimensions. The framework also captures 
feedback effects, suggesting that improvements in one dimension may reinforce or con-
strain performance in the others over time. Accordingly, the proposed framework pro-
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vides a basis for future empirical investigation through case studies, longitudinal anal-
yses, or quantitative modeling approaches. At the same time, the quantitative improve-
ments reported across the reviewed studies, such as reductions in waste, carbon footprint, 
or processing time, should be interpreted as illustrative, study-specific outcomes rather 
than generalized effect sizes, since this review does not conduct meta-analytic synthesis. 

 

Figure 10. Operational and integrated implementation framework derived from the literature syn-
thesis. 

To move beyond a purely descriptive representation, the proposed framework is 
grounded in socio-technical systems (STS) theory, which provides a robust lens for un-
derstanding the interdependence between technology, materials, and human actors in 
manufacturing environments. From an STS perspective, manufacturing performance can-
not be improved by focusing on technological advancement alone. Instead, sustainable 
production depends on the joint optimization of three interrelated subsystems: the tech-
nical subsystem, represented by Industry 4.0 tools and digital infrastructures; the material 
or ecological subsystem, represented by sustainable, bio-based, or recycled materials; and 
the social subsystem, represented by human capabilities, organizational readiness, and 
human–technology interaction. This theoretical positioning is important because it shifts 
the discussion from a narrow technology-centered view to a broader systemic under-
standing in which sustainable manufacturing emerges from the coordinated alignment of 
technical, ecological, and organizational elements. To operationalize this theoretical lens, 
Table 5 maps representative studies from the reviewed corpus to sensing, seizing, and 
reconfiguring based on their reported mechanisms and outcomes. 
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Table 5. Examples of studies illustrating the dynamic capabilities framework. 

Representative 
Study Main Mechanism/Evidence 

Dynamic Capability Dimen-
sion Interpretation 

Javaid et al. (2021) 
[135] 

Industry 4.0 tools, digital 
monitoring, and smart manu-
facturing applications 

Sensing 
Illustrates how digital systems im-
prove visibility over processes, materi-
als, and performance conditions. 

Kamalakkannan 
and Kulatunga 
(2021) [156] 

Parametric life cycle assess-
ment for eco-design decisions 

Sensing/Seizing 
Shows how data collection is trans-
formed into decision support for mate-
rial and design selection. 

Alimohammadi 
and Behnamian 
(2025) [136] 

Digital transformation in 
pharmaceutical reverse logis-
tics using multi-objective 
modeling 

Seizing 
Demonstrates the use of analytical 
tools to improve operational and sus-
tainability decisions. 

Laskurain-Iturbe 
et al. (2021) [137] 

Circular economy and Indus-
try 4.0 integration in manu-
facturing 

Seizing/Reconfiguring 
Highlights how digital tools support 
strategic adaptation and process rede-
sign. 

Tavares et al. 
(2023) [157] 

Additive manufacturing for 
circular economy and supply-
chain restructuring 

Reconfiguring 
Reflects the redesign of production 
and supply-chain structures through 
additive manufacturing. 

Jamwal et al. 
(2022) [155] 

Blockchain-enabled sustaina-
ble manufacturing and circu-
lar economy measures 

Reconfiguring 
Shows how digital technologies sup-
port organizational and process recon-
figuration. 

Morganti et al. 
(2025) 
[119] 

Digital twin for wood-for-
construction supply-chain 
and actor-based LCA infor-
mation 

Sensing/Reconfiguring 
Demonstrates real-time information 
capture and system redesign across the 
supply chain. 

Thomsen et al. 
(2025) [158] 

Additive manufacturing for 
repair through bio-based ma-
terials 

Reconfiguring 
Indicates process and product redesign 
through circular repair-oriented manu-
facturing. 

Pert and Torres 
(2025) [159] 

Dynamic modeling of circular 
economy networks 

Seizing/Reconfiguring 
Shows how system dynamics supports 
strategic planning and structural adap-
tation. 

Table 5 shows that the three capability dimensions are not isolated concepts but ap-
pear as interconnected mechanisms across the reviewed literature. Sensing is most visible 
in studies emphasizing material-flow monitoring, process transparency, and real-time 
data acquisition; seizing is reflected in studies using AI, machine learning, optimization, 
and simulation to support decision-making; and reconfiguring is evident in studies in-
volving automation, digital twins, and human–technology coordination to redesign pro-
duction and supply-chain structures. This mapping provides an empirical basis for the 
SCM framework and clarifies how dynamic capabilities are expressed in the corpus. 

The theoretical novelty of the framework lies in the way it reconceptualizes the rela-
tionship between digitalization and sustainability. In much of the existing literature, In-
dustry 4.0 and circular economy are treated as separate or parallel strategic initiatives, 
each contributing independently to organizational improvement. In contrast, the pro-
posed framework argues that their relationship is inherently synergistic. More specifi-
cally, Industry 4.0 technologies are conceptualized as dynamic capabilities that enable 
firms to address and compensate for the inherent limitations of sustainable materials. 
Such limitations may include variability in mechanical properties, inconsistent quality, 
uncertain supply, or difficulties in processing secondary and bio-based inputs. Within this 
perspective, digital technologies do not merely coexist with sustainable materials; they 
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actively facilitate their integration into manufacturing systems by increasing visibility, 
adaptability, and responsiveness across production processes. 

Building on this premise, the framework establishes a clear causal logic among three 
interrelated integration mechanisms. The first mechanism, data acquisition and transpar-
ency, functions as the antecedent condition of the entire process. Through technologies 
such as IoT sensors, smart monitoring devices, digital tracking systems, and connected 
platforms, firms are able to capture real-time information on material characteristics, pro-
cess conditions, machine performance, and waste generation. This enhanced transparency 
is particularly critical when sustainable materials are used, as these materials often present 
greater variability than conventional ones. By generating reliable and timely data, this first 
mechanism creates the informational foundation required for more adaptive and in-
formed decision-making. 

The second mechanism, intelligent decision-making and process optimization, trans-
forms raw operational data into actionable insights. Once data are collected and pro-
cessed, advanced analytics, artificial intelligence, and machine learning tools can be used 
to identify patterns, predict deviations, optimize process parameters, and support real-
time decision-making. At this stage, Industry 4.0 technologies moderate the relationship 
between sustainable material use and production performance by dynamically adjusting 
manufacturing settings to maintain quality, efficiency, and consistency. For example, if a 
recycled material exhibits slight variations in composition or performance, intelligent sys-
tems can automatically recalibrate temperature, pressure, speed, or material proportions 
to accommodate such variations. This mechanism is therefore central to reducing uncer-
tainty and ensuring that the use of sustainable inputs does not compromise operational 
reliability or final product quality. 

The third mechanism, automation and human–technology interaction, represents the 
operational execution of these optimized decisions on the factory floor. Once production 
parameters have been defined or adjusted, automated systems, robotic devices, cyber–
physical systems, and digitally assisted operators translate those decisions into concrete 
production actions. However, this mechanism should not be understood as purely tech-
nological. In line with STS theory, human actors remain essential to supervising systems, 
interpreting outputs, handling exceptions, and ensuring continuous improvement. Hu-
man–technology interaction thus becomes a key condition for successful implementation, 
particularly in contexts where flexible adaptation is required. The framework therefore 
acknowledges that automation alone is insufficient; sustainable manufacturing depends 
equally on worker involvement, digital skills, training, and organizational support. 

By operationalizing these three mechanisms, the framework moves from an illustra-
tive synthesis to an analytical model with explanatory power. It hypothesizes that the 
successful integration of sustainable materials into sustainable production systems is me-
diated by Industry 4.0 integration mechanisms and further strengthened or constrained 
by technological enablers such as interoperability, system robustness, data quality, and 
cybersecurity. In this sense, sustainable materials constitute the independent variable, 
while sustainability performance, expressed through environmental, economic, and social 
outcomes, constitutes the dependent variable. Industry 4.0 mechanisms serve as the me-
diating pathway through which material sustainability can be translated into measurable 
manufacturing improvements. This causal structure provides a clearer basis for empirical 
testing and offers a more rigorous explanation of how and why digital technologies can 
support sustainable manufacturing transitions. 

At the heart of this framework is an effort to address a key problem identified in the 
scientific literature: how to combine sustainable materials and Industry 4.0 technologies 
in order to develop genuinely sustainable manufacturing processes. Sustainable materials 
are often associated with resource efficiency, waste prevention, circular material flows, 
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and the substitution of virgin resources with renewable or recycled alternatives. At the 
same time, Industry 4.0 encompasses a range of digital capabilities, including IoT, big data 
analytics, artificial intelligence, additive manufacturing, digital twins, and automation. 
When these two streams are integrated, they create the conditions for a more intelligent 
and circular production model. Digital technologies enhance the traceability, predictabil-
ity, and controllability of material flows, while sustainable materials provide the ecologi-
cal basis for reducing environmental impact. Their integration therefore produces a syn-
ergistic effect in which digitalization strengthens circularity and circularity gives strategic 
direction to digital transformation. 

A practical example illustrates this interaction clearly. IoT sensors can be used to 
monitor material flows in real time throughout the production process, tracking the move-
ment, condition, and quantity of both virgin and recycled materials. The resulting data 
can then be analyzed through AI and machine learning tools to forecast waste generation, 
detect inefficiencies, and recommend corrective actions before losses occur. In parallel, 
intelligent systems can optimize production scheduling by taking into account the quan-
tity and quality of recycled materials available at a given moment. Such capabilities enable 
firms to make proactive decisions rather than reactive adjustments. As a result, manufac-
turers can reduce raw material consumption, minimize waste, avoid overproduction, and 
eliminate non-value-added activities such as unnecessary material handling, waiting 
times, or excessive reprocessing. This makes the production system not only more efficient 
but also more aligned with circular economy principles. 

The technological enablers within this framework can also be assessed through a set 
of specific key performance indicators. These indicators help evaluate whether the inte-
gration of digital technologies effectively supports sustainable material use and broader 
sustainability objectives. Relevant KPIs may include the number of cybersecurity inci-
dents, which reflects the security and reliability of digital tracking and data exchange sys-
tems; system uptime, which indicates the availability of digital infrastructure such as life 
cycle assessment software, material flow dashboards, or predictive analytics platforms; 
user adoption rate, which captures the extent to which engineers and operators actively 
engage with simulation tools, decision-support systems, and AI-based applications; and 
automation rate, which reflects the level of process digitalization and the reduction in re-
petitive manual tasks. Together, these indicators allow organizations to monitor both the 
technical performance and the organizational maturity of technological sustainability in-
itiatives. 

Despite its significant potential, the integration of sustainable materials with Indus-
try 4.0 is not without challenges. Several barriers may hinder implementation, including 
employee resistance to change, technological complexity, inadequate digital infrastruc-
ture, and insufficient financial resources. These challenges are shaped by both internal and 
external factors. Internally, employee attitudes, management commitment, skill levels, 
and organizational culture influence the willingness and ability of firms to adopt innova-
tive practices. Externally, policy support, market conditions, funding availability, and eco-
system readiness affect the pace and feasibility of transformation. A thorough under-
standing of these barriers is therefore essential for designing effective implementation 
strategies and building the infrastructures needed for secure, reliable, and scalable digital 
solutions. 

Among these factors, organizational culture plays a particularly important role. A 
culture that encourages learning, collaboration, and openness to innovation is more likely 
to support the successful adoption of advanced technologies and sustainable practices. 
Such a culture fosters employee engagement, facilitates cross-functional coordination, and 
strengthens trust in digital systems. Collaboration is especially important because sustain-
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able manufacturing requires interaction between multiple actors, including engineers, op-
erators, managers, suppliers, and technology providers. When these actors work together, 
firms are better positioned to align economic, environmental, social, and technological 
goals. In this sense, sustainability is not achieved solely through technical investment, but 
through the development of organizational capabilities that enable people and technolo-
gies to work in a complementary and mutually reinforcing way. 

Ultimately, the integration of sustainable materials and Industry 4.0 contributes to 
multidimensional sustainability performance. Economically, it can reduce costs through 
better resource utilization, lower waste generation, and improved process efficiency. En-
vironmentally, it supports material conservation, circularity, and lower emissions associ-
ated with resource extraction and production losses. Socially, it can improve worker safety 
and job satisfaction by reducing exposure to hazardous substances, minimizing ergo-
nomic risks, and enabling workers to engage in higher-value tasks supported by digital 
tools. Underpinning these three dimensions, technological enablers strengthen system re-
silience, adaptability, and process intelligence. The framework therefore highlights that 
sustainable manufacturing should be understood as a socio-technical transformation in 
which digital innovation and sustainable material strategies jointly create long-term 
value. 

4.5. Implications and Future Research Directions 

The presented outcomes of the research provide different directions for future re-
search in the field of sustainable materials and I4.0 integration which can lead to greener 
manufacturing practices in the future. 

4.5.1. Theoretical Insights 

This research adds to the literature by addressing I4.0 technology implementation in 
material-centric sustainable manufacturing processes. It further develops the extant liter-
ature by considering not only the role of I4.0 in increasing the productivity of manufac-
turing systems, but also in implementing circular economy practices in production facili-
ties. Based on the literature review conducted as part of this research, one may claim that 
digital technologies create value in the manufacturing sector not only owing to their tech-
nical features, but also by engaging in practices linked to the reduction, reuse, and recy-
cling of materials. Moreover, this research provides a theory about the process of integrat-
ing sustainable materials into I4.0 by presenting specific pathways, namely data acquisi-
tion, intelligent optimization, and automation. 

4.5.2. Practical Implications for Manufacturing Management 

The results have been identified to have significant practical implications for manu-
facturing management. Manufacturing managers need to consider digital technologies as 
facilitators of implementation of sustainable circular material strategies rather than 
standalone solutions. At the same time, it is crucial to invest in training programs that will 
develop employees� ability to implement sustainable manufacturing while shifting their 
mindsets towards embracing this change. Moreover, production staff need to become 
more competent in using LCA software, simulation programs, and intelligent decision-
making solutions. As this study has identified some issues related to implementation of 
sustainable materials in production in conjunction with I4.0, the obtained results may help 
in focusing on improving system interoperability for better data-based decision-making 
related to material circularity. 
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4.5.3. Further Research Directions 

Despite the growing body of literature addressing the integration of sustainable ma-
terials and advanced manufacturing technologies, several important research gaps remain 
unresolved. Future studies should move beyond isolated environmental assessments and 
adopt a more systemic, interdisciplinary, and longitudinal perspective capable of captur-
ing the complex interactions between digital technologies, circular material systems, and 
sustainability performance. 

First, additional research is required to develop integrated multidimensional assess-
ment frameworks that simultaneously evaluate environmental, economic, social, and 
technological sustainability. Current studies predominantly focus on environmental indi-
cators such as carbon footprint, embodied energy, and waste reduction, while social di-
mensions—including worker well-being, occupational safety, skill transformation, ethical 
governance, and societal acceptance of sustainable materials—remain underexplored. Fu-
ture investigations should therefore incorporate social life cycle assessment (S-LCA), hu-
man-centered manufacturing indicators, and stakeholder-oriented evaluation methods to 
provide a more balanced sustainability assessment. 

Second, future work should emphasize longitudinal empirical studies examining the 
long-term performance, durability, recyclability, and biodegradability of emerging sus-
tainable materials under real industrial conditions. Most existing investigations rely on 
laboratory-scale experiments or short-term simulations, which limits the understanding 
of material behavior throughout multiple life cycles. Longitudinal monitoring using dig-
ital twins, IoT-enabled sensing systems, and predictive analytics could provide deeper 
insights into material aging, reuse potential, and circularity performance over extended 
operational periods. 

Third, the role of artificial intelligence and machine learning in sustainable material 
engineering remains at an early stage and requires further theoretical and practical devel-
opment. Existing studies mainly employ AI for process optimization or defect detection; 
however, future research should investigate explainable AI models for sustainable mate-
rial selection, autonomous circular manufacturing systems, generative material design, 
and AI-driven eco-design optimization. In particular, combining machine learning with 
life cycle assessment (LCA), material flow analysis (MFA), and multi-criteria decision-
making (MCDM) methods may enable more dynamic and adaptive sustainability-ori-
ented decision-support systems. 

Another important research direction concerns the integration of digital traceability 
technologies within circular supply chains. Blockchain, digital product passports, and 
cyber–physical systems have considerable potential to improve transparency, traceability, 
and accountability across material life cycles. Nevertheless, the literature still lacks robust 
empirical evidence regarding their scalability, interoperability, cybersecurity implica-
tions, and energy consumption. Future studies should therefore examine how these tech-
nologies can support closed-loop manufacturing while simultaneously minimizing digital 
waste and computational energy demand. 

Furthermore, research should investigate the organizational and managerial dimen-
sions influencing sustainable manufacturing transformation. While technological capabil-
ities are frequently discussed, limited attention has been given to leadership styles, organ-
izational culture, workforce readiness, and change management strategies required for 
successful integration of sustainable materials with Industry 4.0 technologies. Future em-
pirical studies could explore how organizational learning, cross-functional collaboration, 
and employee engagement influence the adoption and effectiveness of circular manufac-
turing practices. 

The scalability of advanced manufacturing technologies for sustainable materials 
also deserves deeper examination. Although additive manufacturing has demonstrated 
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promising capabilities for reducing waste and enabling localized production, challenges 
related to production speed, material standardization, energy intensity, and economic fea-
sibility remain insufficiently understood. Comparative studies across industries such as 
construction, aerospace, automotive, and healthcare could help identify sector-specific 
barriers and best practices for scaling sustainable advanced manufacturing solutions. 

Additionally, future research should address the policy and governance dimensions 
of sustainable manufacturing ecosystems. There is a need for studies examining how reg-
ulatory frameworks, green procurement policies, carbon taxation mechanisms, and inter-
national sustainability standards influence the adoption of sustainable materials and dig-
ital manufacturing technologies. Comparative international analyses may further reveal 
how regional policy environments shape circular economy transitions and sustainable in-
dustrial innovation. 

From a methodological perspective, future investigations would benefit from em-
ploying hybrid research designs that combine bibliometric analysis, simulation modeling, 
experimental validation, case studies, and real-time industrial data analytics. Such mixed-
method approaches could improve the robustness and practical relevance of sustainabil-
ity assessments while reducing the fragmentation currently observed in the literature. 

Finally, future studies should focus on developing integrated predictive frameworks 
capable of linking sustainable material selection, advanced manufacturing technologies, 
circular economy principles, and sustainability outcomes within a unified analytical eco-
system. Such frameworks could support proactive decision-making, real-time sustaina-
bility optimization, and resilient manufacturing system design, thereby contributing to 
the transition toward smart, circular, and carbon-neutral industrial systems. 

4.5.4. Limitations and Future Scope 

This review has several limitations that should be acknowledged. First, the search 
was restricted to peer-reviewed journal articles published in English, which may have 
excluded relevant studies published in other languages. Second, conference proceedings, 
book chapters, editorials, and gray literature were excluded to maintain consistency and 
methodological rigor, but this may also have led to the omission of emerging or practice-
oriented evidence. Third, despite using a systematic search protocol and predefined in-
clusion criteria, the review remains subject to residual publication bias and selection bias, 
since studies with stronger or more positive findings are more likely to be indexed and 
retrieved. Finally, as with all literature reviews, the synthesis reflects the scope and quality 
of the available evidence at the time of the search. These limitations should be considered 
when interpreting the findings, and future reviews could broaden the evidence base by 
incorporating multilingual databases, gray literature, and complementary bibliometric 
approaches. 

5. Conclusions 
This literature review examined the growing convergence between sustainable ma-

terials and advanced manufacturing technologies within the broader context of sustaina-
ble production systems. Based on an analysis of 156 peer-reviewed articles published be-
tween 2015 and 2025, the review suggests that the integration of Industry 4.0 technologies 
with sustainable material strategies is progressively reshaping manufacturing toward 
more resource-efficient, circular, and data-informed systems. The literature indicates that 
sustainable manufacturing is no longer limited to substituting conventional materials 
with bio-based or recycled alternatives; rather, it increasingly depends on the interaction 
between material innovation, digital technologies, and sustainability-oriented decision-
making frameworks. 
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The reviewed studies indicate that additive manufacturing, artificial intelligence, ma-
chine learning, simulation tools, digital twins, and life cycle assessment (LCA) are among 
the most influential technologies supporting this transition. These technologies are re-
ported to facilitate sustainable material selection, improve process parameter optimiza-
tion, strengthen traceability, reduce waste generation, and enhance circularity across 
product life cycles. These studies also report context-specific quantitative improvements 
in waste reduction, carbon footprint, and processing time. These values are presented as 
illustrative outcomes from individual studies rather than aggregated effect sizes. Because 
this review does not apply meta-analytic synthesis, the reported values are presented only 
to demonstrate the types of benefits observed in specific contexts. Across the literature, 
three dominant integration mechanisms emerge: (i) data acquisition and process transpar-
ency, (ii) intelligent decision-making and process optimization, and (iii) automation com-
bined with human–technology interaction. Together, these mechanisms provide a concep-
tual basis for understanding how advanced manufacturing may contribute to sustainabil-
ity performance while also improving operational efficiency and economic viability. 

The review also shows that the environmental dimension remains the most exten-
sively investigated sustainability pillar. Most studies focus on reducing carbon emissions, 
embodied energy, material waste, and resource consumption through digitalized produc-
tion systems and circular material strategies. LCA emerges as a central methodological 
tool for evaluating environmental impacts and supporting eco-design decisions. Eco-
nomic sustainability is likewise associated with productivity gains, waste minimization, 
process efficiency, and the development of circular business models enabled by Industry 
4.0 technologies. By contrast, social sustainability dimensions—including worker well-be-
ing, ergonomics, skills development, public acceptance, and organizational readiness—
remain comparatively underexplored. 

The findings further suggest that the effectiveness of sustainable material–Industry 
4.0 integration depends not only on technology, but also on organizational and human 
factors. Leadership commitment, employee engagement, digital competencies, interdisci-
plinary collaboration, and organizational culture are repeatedly identified as critical ena-
blers of sustainable transformation. At the same time, implementation barriers such as 
high costs, interoperability problems, cybersecurity concerns, limited expertise, and re-
sistance to organizational change continue to constrain large-scale adoption, particularly 
among small and medium-sized enterprises. 

From a theoretical perspective, this review contributes an integrated conceptual 
framework linking sustainable material principles, Industry 4.0 technologies, and multi-
dimensional sustainability performance through the proposed Sustainable Circular Man-
ufacturing (SCM) lens. Rather than treating these domains as separate streams of research, 
the framework clarifies how they interact through distinct mechanisms and implementa-
tion conditions. This contribution offers a structured basis for future empirical and con-
ceptual studies and helps move the field beyond descriptive mapping toward a more ex-
planatory understanding of sustainable manufacturing transitions. 

Overall, the review suggests that the convergence of sustainable materials and ad-
vanced manufacturing technologies represents an important pathway toward smarter 
and more circular manufacturing systems. However, the field remains fragmented and 
continues to evolve. Future research should therefore prioritize longitudinal empirical 
studies, standardized sustainability indicators, stronger integration of social sustainability 
metrics, ethical governance of AI-driven systems, and interoperable digital infrastructures 
capable of supporting circular material ecosystems at scale. Such efforts are needed to 
advance sustainable manufacturing beyond technological optimization toward more re-
silient, inclusive, and environmentally responsible industrial systems. 
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