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Abstract

Generative artificial intelligence (GAI) is expanding from model-centered research into
engineering and manufacturing activities, but its scope and maturity remain uneven. This
PRISMA-guided bibliometric and abstract-level thematic review maps peer-reviewed in-
dustrial GAI research published from 2022 to 4 June 2026. Searches of Scopus, Web of
Science, and the ACM Digital Library identified 492 records; 119 duplicates and 121 ineli-
gible records were removed, leaving 252 studies. Keyword normalization, co-occurrence
analysis, dominant and secondary thematic coding, and an abstract-reported evidence
characterization were applied. The corpus shows two connected trajectories: engineering
generation based on generative models for design, topology, materials, and electronics,
and knowledge-intensive industrial intelligence based on large language models, retrieval-
augmented generation, knowledge graphs, agents, and human–AI collaboration. Most stud-
ies report empirical or computational evaluation (72.2%), but 84.5% remain research-stage;
only 0.8% indicate operational industrial evidence in their abstracts. The findings, therefore,
distinguish publication activity from deployment maturity. Priority requirements for adop-
tion include domain-grounded data, verification, manufacturability checks, traceability,
cybersecurity, intellectual property protection, system integration, workforce preparation,
and human accountability. This review contributes a reproducible cross-domain map, an
overlap-aware synthesis, and stakeholder-specific guidance for trustworthy industrial GAI.

Keywords: generative artificial intelligence; industrial AI; manufacturing; large language
models; diffusion models; generative adversarial networks; engineering design; electronic
design automation; smart manufacturing; bibliometric review

1. Introduction
Manufacturing and industrial systems must increasingly combine productivity, flex-

ibility, sustainability, and resilience. Conventional analytical AI supports classification,
forecasting, detection, and optimization, whereas generative artificial intelligence (GAI)
can create or transform technical artifacts, including text, code, geometry, process plans,
material candidates, synthetic data, and decision support content. This capability is be-
ginning to reshape engineering knowledge and work across industrial lifecycles [1,2]. In
industrial applications, generated outputs must satisfy physical, economic, safety, and
regulatory requirements in addition to being technically plausible. Their value, therefore,
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depends on reliable verification, integration with established engineering tools, and use
within accountable organizational processes.

Industrial GAI encompasses several learned model families and system architectures.
Large language models (LLMs), retrieval-augmented generation (RAG), knowledge graphs,
and agents support knowledge-intensive tasks, while generative adversarial networks
(GANs), variational autoencoders (VAEs), and diffusion models generate data, structures,
and candidate solutions. These technologies are increasingly combined with computer-
aided design (CAD), simulation, digital twins, and industrial information systems [3–6].
Their roles are complementary rather than interchangeable: language-centered systems or-
ganize and transform technical knowledge, whereas deep generative models often explore
high-dimensional design, material, image, signal, or process spaces. Hybrid architec-
tures may connect these capabilities by grounding generation in domain repositories and
submitting proposed outputs to simulation, optimization, or rule-based verification.

In this review, GAI refers to learned models that generate new content, representations,
candidate solutions, or executable artifacts. Classical generative design based solely on rule-
based search, topology optimization, evolutionary computation, or parametric optimization
is excluded unless it incorporates a learned generative model. This distinction limits false-
positive retrieval and keeps this review focused on contemporary GAI.

Applications span engineering and product development, materials discovery, ad-
ditive manufacturing, process planning, electronics design automation (EDA), robotics,
smart manufacturing, and industrial decision support. Learned generative models support
manufacturable design and product ideation [5,7,8], mechanical engineering, CAD, digital
twins, and process route generation [9–12], as well as EDA and human–AI co-design [13,14].
Knowledge-augmented automation, sustainable product development, platform person-
alization, and complex product design further extend this scope [15–18]. The generated
artifacts range from component geometries and material candidates to circuit layouts,
production instructions, explanations, and coordinated action plans. Across these settings,
usefulness depends not only on generative performance but also on constraint satisfaction,
verification, traceability, and integration with existing workflows. A plausible output may
still be unmanufacturable, unsupported by source evidence, incompatible with production
equipment, or unsafe under actual operating conditions.

GAI builds on the digital infrastructure associated with Industry 4.0 and the human-
centered, resilient, and sustainable orientation of Industry 5.0, but it is not synonymous with
either. Its industrial value lies in functions such as design space exploration, knowledge
reuse, multimodal assistance, synthetic data generation, and decision support. These
functions can shorten selected engineering activities and improve access to distributed
technical knowledge, but they also introduce risks involving data quality, hallucination,
intellectual property, cybersecurity, accountability, and human oversight [2,4,6,15]. Effective
adoption, therefore, requires more than model selection. It also requires domain-grounded
data, interoperable interfaces, documented approval points, monitoring procedures, and a
clear allocation of responsibility between developers, engineers, managers, and end users.

Existing reviews provide valuable depth but generally emphasize a particular model
family, application domain, or lifecycle stage. Manufacturing-wide syntheses examine ap-
plications and barriers [1,2], whereas other reviews focus on diffusion-based engineering [3],
industrial LLMs [4,6], generative design [5], EDA [13], or knowledge-enhanced product
development [18]. The literature, therefore, lacks a common cross-domain account of how
these research streams relate and whether publication growth is accompanied by stronger
validation, reproducibility, and operational adoption. This distinction is important because
increasing research activity does not necessarily indicate technical maturity, reproducible
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performance, or sustained industrial use. A cross-domain synthesis can reveal both techno-
logical convergence and the gap between research activity and deployment readiness.

This study addresses four research questions:

RQ1: How have the publication volume and normalized vocabulary of industrial GAI
research developed?
RQ2: Which application domains and technological relationships structure the literature?
RQ3: What levels of validation, reproducibility reporting, and industrial adoption are
reported in titles and abstracts?
RQ4: Which technical and organizational priorities emerge for researchers, managers,
engineers, and policymakers?

This study makes four contributions. First, it provides a reproducible three-database
corpus supported by a record-level screening audit. Second, it combines normalized
keyword mapping with dominant and secondary thematic coding. Third, it characterizes
the validation, reproducibility, and adoption signals reported in titles and abstracts, thereby
distinguishing publication activity from deployment maturity. Fourth, it translates the
synthesis into stakeholder-specific research and implementation priorities.

The remainder of this review is organized as follows. Section 2 describes the review
design, information sources, eligibility criteria, coding procedure, keyword normalization,
and analytical methods. Section 3 positions this study relative to representative reviews
and clarifies its cross-domain contribution. Section 4 presents the corpus profile, key-
word network, thematic structure, and abstract-reported evidence and adoption maturity.
Section 5 interprets the convergence of engineering generation and industrial intelligence,
discusses system integration challenges, presents stakeholder-oriented recommendations,
and outlines this study’s limitations. Section 6 summarizes the conclusions and identifies
priorities for reproducible research and operational industrial validation.

2. Materials and Methods
This section describes the identification, screening, coding, normalization, and analysis

of the review corpus. The methodological sequence maintains traceability between database
retrieval, eligibility decisions, bibliometric and thematic analyses, and the abstract-reported
evidence characterization. Particular attention is given to distinguishing learned GAI from
classical generative design methods.

2.1. Review Design and Scope

This study follows PRISMA 2020 reporting principles [19] and is conducted as a
PRISMA-guided bibliometric and abstract-level thematic review. It does not involve
systematic full-text outcome extraction or a formal risk-of-bias assessment of every included
publication. The primary unit of analysis is the bibliographic record, including its indexed
title, abstract, author keywords, publication year, source, and document type.

Eligible records were English-language peer-reviewed articles, reviews, and confer-
ence papers published between 2022 and the search date of 4 June 2026. Each record had to
combine a learned generative approach with an industrial, manufacturing, engineering,
materials, electronics/EDA, production, or closely related artifact-development context.
Biomedical structure and built environment studies were included only when their prin-
cipal contributions concerned transferable engineering design, materials, fabrication, or
infrastructure methods rather than clinical applications. General healthcare, pharmaceuti-
cal, educational, tourism, and non-industrial business applications were excluded.

In accordance with the definition established in the Introduction, studies described
as generative design were eligible only when they explicitly applied a learned generative
model. Rule-based, parametric, topology optimization, evolutionary computation, and
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numerical search methods were not classified as GAI solely because they used the term
“generative design.”

2.2. Information Sources and Search Strategy

Scopus, Web of Science Core Collection, and the ACM Digital Library were selected
to provide complementary coverage of engineering journals, manufacturing and mate-
rials research, electronics and computing venues, and relevant conference proceedings.
Database-specific search syntax and fields differed, while the queries retained a common
conceptual structure combining learned generative technologies with industrial, man-
ufacturing, engineering, and artifact development contexts. The final queries required
an explicit learned-generative concept together with an industrial or engineering context.
Broad standalone uses of “generative design” were removed because they retrieved classical
optimization studies without a learned generative model. Database-specific syntax, search
fields, limits, retrieved counts, and the execution date are reproduced in Supplementary
Material Section S1 and the public dataset.

The search strategy combined terms describing learned generative technologies, in-
cluding GAI, LLMs, foundation models, GANs, VAEs, diffusion models, RAG, and gen-
erative agents, with terms related to manufacturing, industry, production, engineering,
products, materials, electronics, semiconductors, EDA, CAD, process planning, robotics,
and factories. Search fields were adapted to the syntax of each database while preserving
this conceptual structure.

Broad standalone uses of “generative design” were not used as sufficient evidence
of eligibility because they retrieved numerous studies applying classical optimization
without a learned generative model. Synthetic data generation was included when the data
were produced by an eligible learned model and applied in an industrial or engineering
context. Final inclusion decisions were made through author screening rather than an
automated classifier.

2.3. Screening and Eligibility

The database searches intentionally used broad generative design terminology to
maximize sensitivity. After deduplication, 373 unique records underwent title, abstract,
and keyword screening. Ninety-two records were excluded because generative design re-
ferred only to rule-based, parametric, evolutionary, or conventional topology optimization
methods without a learned generative model, and 29 records were outside the industrial or
manufacturing scope. The resulting analytical corpus comprised 252 records.

Figure 1 presents the identification, deduplication, screening, exclusion, and inclusion
decisions according to the PRISMA sequence.

As Figure 1 shows, deduplication reduced the initial set from 492 to 373 records,
after which substantive screening removed approximately one-third of the unique records.
The large number of exclusions related to classical generative design demonstrates the
importance of applying a clear learned model eligibility criterion.

2.4. Coding and Keyword Normalization

Two authors screened the records and resolved ambiguous eligibility and dominant-
topic decisions through discussion. A preliminary codebook was refined iteratively using
titles, abstracts, author keywords, and source context. Each retained study was assigned
one dominant topic for mutually exclusive counting and any applicable secondary tags for
overlap analysis. Dominant categories support concise corpus and annual comparisons,
whereas secondary tags preserve cross-domain relationships.
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Figure 1. Simplified flow diagram based on PRISMA 2020 [19] for identification, screening, and
inclusion of the strict industrial GAI corpus.

No formal independent double-coding exercise or inter-rater reliability coefficient
was completed. Consensus-based resolution is not equivalent to independently quantified
agreement, and this limitation is acknowledged in Section 5.4. The codebook, record-level
screening decisions, dominant categories, and secondary tags are provided to support
reproduction and alternative classification.

Author keywords were normalized using an instance-preserving thesaurus. The
normalization rules covered capitalization, punctuation, whitespace, singular and plural
forms, British and American spelling, unambiguous abbreviations, and clearly synonymous
model names. Conceptually related but non-equivalent terms were retained separately.
For example, “machine learning” was not merged with “deep learning,” and “generative
design” was not merged with “topology optimization.” Ambiguous variants were also
kept separate. Sensitivity to normalization was examined by comparing the normalized
top-20 keyword list with a minimally cleaned raw list.

2.5. Bibliometric, Network, and Evidence Characterization

The bibliometric analysis reports annual publication counts and shares, year-over-year
changes for complete years, document types, normalized keyword frequencies, and binary
document-level keyword co-occurrence. The network comprises the 20 most frequent
normalized author keywords. Node size represents the number of records containing
a keyword, while edge weight represents the number containing both connected terms.
To preserve readability, the weighted co-occurrence network of the 20 most frequent
normalized author keywords displays the 42 strongest edges, while the complete set of
94 nonzero edges is provided in the supplementary analysis workbook.

Calculations were performed in Python 3.12.4 (Python Software Foundation, Wilmington,
DE, USA) using pandas and openpyxl, and the figures were generated with Matplotlib 3.9.1.
Temporal development is described using publication counts, shares, and year-over-year
changes. Inferential trend regression was not applied because the dataset contains only four
complete annual observations, while the 2026 value covers only the period up to 4 June.
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A rule-based evidence characterization was applied to the indexed titles and abstracts.
It records the study type, reported validation context, mention of publicly available code or
data, and abstract-reported stage of industrial adoption. These variables characterize
the evidence reported in the available metadata. They do not constitute a validated
quality score, a formal full-text risk-of-bias assessment, or independent confirmation of
operational effectiveness.

The methodology combines explicit eligibility criteria, record-level screening, transpar-
ent keyword normalization, mutually exclusive and overlapping thematic classifications,
bibliometric and network analyses, and a bounded characterization of reported evidence
and adoption maturity. This approach supports cross-domain mapping while preserving
the inferential limitations of an abstract-level review. Section 3 uses this methodological
basis to position the study relative to existing reviews.

3. Positioning Against Existing Reviews
A cross-domain synthesis should complement rather than duplicate the specialized

reviews already available. This section, therefore, compares the coverage of representative
review streams and identifies the additional analytical value provided by the present study.

Manufacturing-wide reviews summarize applications, cases, barriers, and future
directions [1,2]. Diffusion-focused reviews examine generative modeling under engineering
and physical constraints [3]. Product lifecycle and smart-manufacturing reviews emphasize
LLM adaptation, RAG, knowledge integration, and industrial assistants [4,6]. EDA reviews
analyze circuit and layout automation [13], while materials reviews address inverse design,
discovery, and structure–property relationships [20–26]. These studies provide domain
depth but use different boundaries, evidence bases, and taxonomies.

Table 1 summarizes this comparison. Its purpose is not to rank previous reviews, but to
show that their main strengths are concentrated in particular technological or application layers.

Table 1. Positioning of the present review relative to representative review streams.

Review Emphasis Primary Coverage Boundary Source

Manufacturing-wide GAI Applications, cases,
and challenges

Broad synthesis; limited cross-domain
bibliometric integration [1,2]

Diffusion in
design/manufacturing

Diffusion models and
physical design

Strong method focus; narrower
model family [3]

Industrial LLMs/smart
manufacturing

LLM adaptation, RAG, and
lifecycle support

Knowledge-centered; limited
engineering generation coverage [4,6]

EDA and complex
product design

LLMs, agents, and
knowledge graphs

Domain-specific
electronics/product focus [13,18]

Materials and inverse design Molecules, alloys, structures,
and properties

Deep materials focus; limited
organizational synthesis [20–26]

Present review 252-study cross-domain map Overlap, evidence maturity, and
stakeholder guidance This study

Note: The comparison describes analytical emphasis and scope rather than methodological quality.

As Table 1 indicates, the present contribution lies in using one screened corpus and
one analytical procedure to connect engineering generation, industrial knowledge systems,
EDA, materials, process applications, and organizational readiness. The secondary-tag
analysis and evidence characterization add two dimensions that are rarely combined in the
earlier reviews: cross-domain technological overlap and the distinction between research
visibility and reported deployment maturity.

This positioning establishes the gap addressed by the Results section. This review
does not claim greater domain depth than each specialist synthesis; instead, it provides

https://doi.org/10.3390/electronics15153485

https://doi.org/10.3390/electronics15153485


Electronics 2026, 15, 3485 7 of 18

a common systems-level map through which their otherwise separate findings can be
interpreted together.

4. Results
The results are presented from general corpus structure to more interpretive analyses.

First, annual output and document types describe the evidence base. Second, normalized
keywords and their co-occurrences reveal the conceptual structure. Third, dominant
and secondary codes show application domains and their overlap. Finally, the evidence
characterization distinguishes reported evaluation from industrial adoption.

4.1. Corpus Profile and Temporal Development

The strict corpus comprises 252 studies: 201 articles, 28 proceedings papers, 17 reviews,
four early-access articles, one article/proceedings paper, and one early-access review.
Figure 2 combines annual publication output with the number of unique normalized
author keywords, allowing growth in volume to be considered together with vocabulary
diversification.

 

Figure 2. Annual publication output and unique normalized author-keyword counts. The asterisk (*)
indicates incomplete annual data as of the search date.

Figure 2 shows modest growth between 2022 and 2024, followed by a pronounced
increase in 2025. The parallel increase in unique keywords suggests thematic diversifi-
cation, but it should not be interpreted as evidence that the field has reached industrial
maturity. The 2026 observation is partial and cannot be compared directly with complete
calendar years.

Table 2 provides the exact annual values behind Figure 2, including each year’s share
of the 252-study corpus and the year-over-year change for complete years.

Table 2. Annual output, relative frequency, and vocabulary breadth.

Year Publications Share (%) YoY (%) Keyword Instances Unique Keywords

2022 21 8.3 — 96 76
2023 26 10.3 23.8 126 101
2024 29 11.5 11.5 159 125
2025 98 38.9 237.9 493 336

2026 * 78 31.0 — 369 269
Note: YoY = year-over-year change. The asterisk (*) indicates incomplete annual data as of the search date.
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Table 2 confirms that 2025 accounts for 38.9% of the corpus and records a 237.9%
increase over 2024. This jump is descriptively important, but the short observation window
and database-indexing effects preclude a strong statistical trend claim.

4.2. Keyword Structure and Normalization Sensitivity

Among the 252 retained studies, 225 records contained author keywords. The normal-
ization procedure retained 1243 keyword instances and produced 769 unique normalized
labels. Table 3 presents the 20 most frequent labels used to construct the keyword co-
occurrence network.

Table 3. Twenty most frequent normalized author keywords in the strict corpus.

Rank Normalized Keyword Frequency

1 large language models 70
2 machine learning 45
3 generative ai 31
4 generative adversarial networks 29
5 generative design 26
6 artificial intelligence 21
7 diffusion models 16
8 topology optimization 12
9 variational autoencoders 11
10 deep learning 11
11 inverse design 10
12 electronic design automation 9
13 knowledge graph 9
14 additive manufacturing 9
15 multi-objective optimization 9
16 design automation 8
17 design optimization 8
18 data-driven design 8
19 smart manufacturing 7
20 computer-aided design 6

Note: Frequencies count records containing the normalized keyword; synonymous surface forms were consoli-
dated according to the supplementary thesaurus.

Large language models (LLMs) are the most frequent normalized keyword, followed
by machine learning, GAI, generative adversarial networks (GANs), and generative design.
The list contains model families, broad technological concepts, engineering methods, and
application areas. This mixture shows that the vocabulary of industrial GAI research com-
bines computational approaches with design, manufacturing, optimization, and automation
tasks. However, keyword frequency alone does not establish that these technologies are
technically integrated.

Normalization affected the resulting ranking. The normalized and minimally cleaned
raw top-20 lists share 16 terms, producing a Jaccard similarity of 0.667. Thus, four terms dif-
fer between the lists because abbreviations, singular and plural forms, spelling variants, and
synonymous labels were consolidated during normalization. The raw-versus-normalized
comparison is, therefore, reported as a sensitivity assessment rather than assuming that
normalization is a neutral preprocessing operation.

Binary document-level co-occurrence was calculated for the 20 keywords in Table 3.
Figure 3 displays the 42 strongest of the 94 nonzero edges. Node size represents doc-
ument frequency, and edge width represents the number of retained records in which
the connected keywords co-occur. Node positions were calculated using a weighted
Fruchterman–Reingold spring-layout algorithm with a fixed random seed. Stronger edges
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exert greater attractive force in this layout. All nodes use the same color, and no thematic
categories or manually assigned coordinates determine their positions. The orientation
and exact spatial distances are outputs of the visualization algorithm and should not be
interpreted as independently measured similarities.

 

Figure 3. Weighted co-occurrence network of the 20 most frequent normalized author keywords.
Node size represents document frequency, and edge width represents co-occurrence weight. Notes:
Node positions were calculated using a weighted spring-layout algorithm with a fixed random seed.
All degree and weighted-degree values discussed below refer to the 42-edge network displayed in
Figure 3. Corresponding statistics for the complete 94-edge network are reported separately in the
repository workbook.

The displayed network forms one connected component, but its keywords differ
substantially in connectivity. Machine learning has the largest number of displayed connec-
tions, with 12 incident edges and a weighted degree of 63, where weighted degree is the
sum of its incident co-occurrence weights. LLMs have nine displayed connections and a
weighted degree of 52. This distinction is informative: LLMs have the highest document
frequency, whereas machine learning connects with the widest range of model families,
design approaches, and optimization concepts in the thresholded network.

The strongest LLM relationships are with artificial intelligence, machine learning,
electronic design automation, design automation, and GAI. LLMs also co-occur with
knowledge graphs, smart manufacturing, generative design, and computer-aided design
among the displayed edges. This pattern associates LLM research with both general AI
terminology and specialized engineering or industrial contexts. It does not, however,
demonstrate that LLMs were operationally integrated with all these technologies.

Machine learning has strong or repeated connections with GANs, generative de-
sign, topology optimization, data-driven design, design optimization, multi-objective
optimization, artificial intelligence, GAI, LLMs, deep learning, variational autoencoders,
and computer-aided design. Its broad connectivity indicates that machine learning termi-
nology is used across multiple forms of industrial generation, prediction, optimization,
and automation.
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The model families show different local co-occurrence patterns. GANs are most
strongly associated with machine learning and are also connected with deep learning
and topology optimization. Diffusion models co-occur with inverse design and topology
optimization, linking them to constrained engineering generation problems. Variational
autoencoders have one connection within the 42-edge thresholded network, namely, with
machine learning. GAI connects with LLMs, machine learning, artificial intelligence,
additive manufacturing, multi-objective optimization, and smart manufacturing.

Keywords with fewer displayed connections should not be interpreted as unimportant
or isolated. Their apparent peripheral positions may reflect lower document frequencies
or the restriction of Figure 3 to the 42 strongest edges. For example, electronic design
automation has a strong connection to LLMs, while knowledge graphs connect to LLMs
and smart manufacturing. The complete 94-edge network is, therefore, provided in the
supplementary workbook.

Keyword co-occurrence represents thematic association at the publication level. It does
not demonstrate technical interoperability, causal relationships, successful implementation,
or operational industrial adoption. Figure 3 should, consequently, be interpreted as a map
of the vocabulary relationships reported in the retained literature.

Because displaying all edge values would reduce readability, Table 4 reports the 15
strongest associations numerically.

Table 4. Fifteen strongest normalized-keyword co-occurrence edges.

Keyword 1 Keyword 2 Weight

large language models artificial intelligence 11
machine learning generative adversarial networks 10

large language models machine learning 8
large language models electronic design automation 7
large language models design automation 6
large language models generative ai 6

machine learning generative design 6
machine learning artificial intelligence 5
machine learning data-driven design 5
machine learning design optimization 5
machine learning generative ai 5
machine learning multi-objective optimization 5
machine learning topology optimization 5

generative ai additive manufacturing 4
generative ai artificial intelligence 4

Note: Weight is the number of retained records in which both normalized author keywords occur.

Table 4 quantifies the relationships that visually dominate the network. LLMs have
their strongest association with artificial intelligence, whereas machine learning has its
strongest association with GANs. The remaining leading edges connect general AI concepts
and model families with design, optimization, manufacturing, and automation terminology.
These relationships demonstrate cross-domain thematic overlap in the literature without
implying technical integration or deployment. The complete table of 94 nonzero edges is
supplied in the supplementary workbook.

4.3. Dominant Themes and Cross-Domain Overlap

Table 5 presents a mutually exclusive classification based on the primary research
objective of each retained study. Each record is assigned to one dominant category, pro-
viding an interpretable overview of the principal application areas. Table 6 subsequently
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uses non-exclusive secondary tags to capture thematic relationships that extend across
these categories.

Table 5. Dominant thematic categories by publication year.

No. Dominant Research Topic 2022 2023 2024 2025 2026 * Total

1 Mechanical/component generative design, topology
optimization, and additive manufacturing 2 2 2 9 9 24

2 Materials discovery, molecular/alloy/catalyst design,
and property prediction 2 8 8 23 20 61

3 LLM/RAG/knowledge graph/agent systems for
engineering design, CAD, and process planning 0 0 2 18 11 31

4 Lattice, metamaterial, architected, biomimetic, and
biomedical structure design 4 0 2 6 4 16

5 Civil, architectural, building, construction, and
infrastructural applications 0 2 3 7 2 14

6 Product styling, customization, human–AI co-design,
and user-driven design 0 2 4 10 14 30

7 GAN/VAE/diffusion/synthetic data approaches for
process modeling, monitoring, reliability, and quality 9 5 3 4 3 24

8 Electronics, semiconductor, EDA, photonics, and
electrical device design 2 4 5 15 7 33

9 Factory/smart-manufacturing systems, robotics, digital
twins, production systems, and supply chains 1 1 0 4 6 12

10 Cross-domain industrial GAI and enabling systems 1 2 0 2 2 7
Note: Each study is counted once according to its dominant research objective. The asterisk (*) indicates incomplete
annual data as of the search date.

Table 6. Secondary-tag overlap matrix.

Secondary_Tag Engineering
Generation Materials LLM/Knowledge

Systems
Manufacturing/

Process
Electronics/

EDA
Human–AI/

Product
Robotics/

Digital Twins

Engineering generation 166 77 73 148 30 38 24
Materials 77 98 37 94 12 10 4

LLM/knowledge systems 73 37 109 93 27 43 26
Manufacturing/process 148 94 93 222 38 59 36

Electronics/EDA 30 12 27 38 49 11 17
Human–AI/product 38 10 43 59 11 70 19

Robotics/digital twins 24 4 26 36 17 19 41

Note: Diagonal values are individual tag frequencies, and off-diagonal values are joint assignments. Multiple
secondary tags may be assigned to each study; therefore, diagonal frequencies should not be summed as mutually
exclusive totals.

Materials discovery is the largest dominant category, accounting for 61 studies. It
is followed by electronics, semiconductor, and EDA applications with 33 studies; LLM,
RAG, knowledge graph, and agent systems with 31; and product styling and human–AI
co-design with 30. Mechanical and component generation and GAN-, VAE-, diffusion-,
and synthetic-data-based process applications each contain 24 studies.

The annual distribution indicates differences in the development of the principal
themes. GAN-, VAE-, diffusion-, and synthetic-data-based process applications are repre-
sented from the beginning of the observation period, with nine studies in 2022. In contrast,
the dedicated LLM and knowledge systems category first appears in 2024 and expands
substantially in 2025. Materials discovery remains prominent throughout the period, while
product styling and human–AI co-design also increase in the later years. Because the 2026
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search period is incomplete, its counts should not be compared directly with complete
annual totals.

Representative studies illustrate the breadth of the dominant categories. Product
and mechanical applications include LLM-assisted engineering [27], product appear-
ance design [28], controllable concept generation and analogy-based ideation [29,30], and
human–LLM collaboration [14]. Learned generative models support structural component
generation [31], metamaterial design [32], topology optimization [33–35], and lattice de-
sign [36]. EDA research includes domain reviews [13,37], interactive copilots [38], and
autonomous agents for circuit and layout workflows [39]. Process-planning research in-
cludes multi-agent LLM-based route generation [12] and the integration of LLMs, smaller
language models, and knowledge graphs [40]. Materials and smart-manufacturing stud-
ies extend the field toward foundation-model-supported production [6,41] and learned
materials generation and discovery [42,43].

The dominant classification necessarily simplifies studies that address several domains
simultaneously. Table 6, therefore, reports non-exclusive secondary-tag assignments. Diag-
onal values show the number of records receiving each tag, whereas off-diagonal values
indicate the number receiving both corresponding tags.

Table 6 complements the dominant classification by reporting joint secondary-tag
assignments. The diagonal gives the number of records receiving each tag, and the off-
diagonal cells show how often two tags occur together.

Manufacturing/process is the most frequent secondary tag, appearing in 222 records,
followed by engineering generation in 166, LLM/knowledge systems in 109, and materials
in 98. This distribution shows that manufacturing and process considerations occur across
many studies whose primary objectives are classified elsewhere.

The largest joint assignment count connects manufacturing/process with engineer-
ing generation, involving 148 records. Manufacturing/process also overlaps extensively
with materials in 94 records and LLM/knowledge systems in 93. Engineering gener-
ation co-occurs with materials in 77 records and with LLM/knowledge systems in 73.
Human–AI/product applications overlap with manufacturing/process in 59 records and
with LLM/knowledge systems in 43, while robotics/digital-twin studies most frequently
intersect with manufacturing/process.

These values represent raw joint assignment counts and are influenced by the overall
prevalence of the individual tags. They should, therefore, not be interpreted as normalized
measures of association strength. Nevertheless, the overlap matrix demonstrates that the
dominant categories are analytical summaries rather than isolated research domains. The
retained literature frequently combines artifact generation, materials knowledge, process
constraints, electronics, human interaction, and knowledge-intensive assistance within the
same studies.

4.4. Abstract-Reported Evidence and Adoption Maturity

Table 7 summarizes the evidence characterization derived from titles and abstracts.
The table separates methodological form, validation context, reproducibility resource
reporting, and apparent adoption stage so that high publication activity is not interpreted
as equivalent to operational readiness.

Table 7 shows that empirical or computational evaluations constitute 72.2% of the
corpus, while 19.8% are conceptual or methodological, and 7.9% are reviews. Simulation,
benchmark, or case evaluation is reported for 49.2%; industrial cases or operational contexts
for 12.3%; and laboratory/prototype validation for 6.3%. Nevertheless, 84.5% are classified
as research-stage, 14.7% as pilot/case, and only 0.8% as indicating operational evidence.
Code or data resources are mentioned in only 2.0% of abstracts.
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Table 7. Abstract-reported evidence characterization of the 252 included studies.

Dimension Category N Percent

Study_Type Empirical/computational evaluation 182 72.2
Study_Type Conceptual/methodological 50 19.8
Study_Type Review/synthesis 20 7.9

Validation_Context Simulation/benchmark/case evaluation reported 124 49.2
Validation_Context No empirical validation identified in abstract 81 32.1
Validation_Context Industrial case or operational context reported 31 12.3
Validation_Context Laboratory/prototype validation reported 16 6.3

Reproducibility_Resource Not reported in abstract 247 98.0
Reproducibility_Resource Code/data resource reported 5 2.0

Industrial_Adoption Research-stage evidence 213 84.5
Industrial_Adoption Pilot/case context indicated 37 14.7
Industrial_Adoption Operational/industrial evidence indicated 2 0.8

Note: Categories describe signals reported in titles and abstracts. They are not a formal full-text quality or
risk-of-bias assessment.

The obtained results answer the research questions at complementary levels. Publica-
tion and keyword analyses describe field development; the network and thematic tables
reveal two connected research trajectories; the overlap matrix demonstrates cross-domain
integration; and the evidence characterization shows that deployment maturity remains
substantially lower than bibliometric visibility. These findings provide the basis for the
interpretive and stakeholder-oriented discussion that follows.

5. Discussion
The results reveal a rapidly expanding but uneven field. This section moves beyond

description by interpreting why the technological emphasis has changed, how the applica-
tion domains can be connected as an industrial system, what evidential limits remain, and
which actions are appropriate for different stakeholders.

5.1. From Engineering Generation to Integrated Industrial Intelligence

The corpus does not show a simple replacement of generative engineering by LLM-
based industrial intelligence. Instead, it shows convergence. The earlier engineering trajec-
tory concentrated on constrained generation of shapes, structures, materials, and process
representations. The later LLM trajectory adds conversational access, knowledge retrieval,
task decomposition, agent coordination, and tool use. Foundation model availability after
2022, wider digitization of engineering documentation, improved access to computational
infrastructure, and demand for accessible human–tool interfaces help explain why LLM,
RAG, knowledge graph, and agent studies expanded sharply in 2025–2026 [4,6,7,9,12,15,18].

This transition also reflects a change in the object being generated. Earlier systems pri-
marily generated an artifact or candidate design. Newer systems increasingly generate an
intermediate representation, explanation, plan, command, query, or coordinated sequence
of actions. Such outputs can connect unstructured requirements with engineering tools
and enterprise knowledge, but their value depends on grounding and verification. Flu-
ent interaction alone cannot guarantee that an output satisfies physics, manufacturability,
regulation, or company-specific practice.

The strongest cross-topic overlaps indicate a potential workflow chain: materials
models propose candidates; generative engineering explores geometry; simulation and
manufacturability checks constrain alternatives; EDA or process-planning tools translate
designs into domain artifacts; digital twins and production systems provide operational
context; and LLM/RAG agents connect documents, tools, and human decisions. This life-
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cycle interpretation explains why industrial value lies less in a single model than in verified
integration across data, knowledge, physics, software, and accountable human work.

5.2. Challenges, Evidence, and Systems Integration

The maturity profile tempers claims based on publication growth. A high keyword
frequency or dense network position measures research attention, not comparative effec-
tiveness. The small share of operational evidence reflects persistent obstacles: proprietary
and heterogeneous data, hallucination and unverifiable output, weak physical constraint
handling, limited benchmark comparability, model drift, intellectual property exposure,
cybersecurity, computational cost, and integration with CAD/CAE, product lifecycle man-
agement (PLM), manufacturing execution (MES), enterprise resource planning (ERP), and
quality systems [2–6,9–13].

Research-stage systems may perform well on curated benchmarks yet fail when
faced with changing product variants, incomplete documentation, safety constraints, or
legacy interfaces. Industrial evaluation should report not only model accuracy but also
constraint satisfaction, provenance, failure modes, human override, latency, integration
effort, lifecycle monitoring, and economic value. These measures are necessary to connect
technical performance with systems practice.

Data governance is particularly important because industrial GAI often combines
intellectual property, customer requirements, engineering drawings, maintenance records,
and operational data. Organizations must define which information can be used for
prompting, retrieval, fine tuning, logging, and external service calls. Generated artifacts
also require ownership, version control, and traceability so that later design or operational
decisions can be reconstructed.

5.3. Stakeholder-Oriented Recommendations

Table 8 translates the review findings into differentiated recommendations. This
distinction is important because methodological, organizational, technical, and regulatory
responsibilities cannot be assigned to one stakeholder group alone.

Table 8. Stakeholder-specific implications derived from this review.

Stakeholder Priority Actions

Researchers Shared benchmarks; non-generative baselines; external validity; code/data and failure reporting
Managers Bounded use cases; data/integration readiness; value metrics; workforce preparation; ownership
Engineers Approved sources; physical/manufacturability checks; provenance; testing; human approval

Policymakers/standards bodies Accountability, IP, safety, cybersecurity, auditability, interoperability, and SME support

Note: The recommendations synthesize recurring needs in the reviewed literature and the evidence maturity
results; they are not tested causal effects.

Table 8 indicates that researchers should strengthen reproducibility and comparative
evaluation, managers should focus on organizational readiness and measurable use cases,
engineers should establish verification and approval controls, and policymakers should
support common rules for accountability and interoperability. Their actions are comple-
mentary: a technically strong model cannot be deployed responsibly without suitable data
governance, workflow ownership, and standards.

A practical maturity sequence begins with low-autonomy, reversible applications such
as document retrieval, drafting, design ideation, and synthetic test-data support. Pilot deploy-
ment should add domain grounding, access control, logging, benchmark and user evaluation,
and explicit approval gates. Higher-impact applications involving geometry release, process
planning, equipment control, quality disposition, or safety decisions require independent
verification, configuration management, monitoring, and accountable human authorization.
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5.4. Limitations

This review is limited by its three selected databases, English-language restriction,
2022–2026 window, search-string dependence, and the incomplete 2026 observation. Screen-
ing and thematic synthesis rely mainly on indexed titles, abstracts, and keywords; full-text
outcomes were not extracted systematically for all 252 studies. The evidence character-
ization is rule-based and abstract-reported, not a validated risk-of-bias instrument. No
formal inter-rater reliability coefficient was calculated. Keyword normalization includes
judgment, although the thesaurus, raw comparison, and sensitivity results are disclosed.
Citation-based impact was not used because recent papers have unequal exposure time.
Finally, rapid model and product change makes implementation conclusions time-sensitive.

These limitations define the appropriate interpretation of this review. This study
provides a reproducible map of indexed research and reported maturity signals, not a
definitive comparison of model effectiveness. Future reviews can extend the database
coverage, conduct independent double coding, extract full-text validation outcomes, and
update the corpus as industrial deployments become better documented.

Overall, the discussion connects the bibliometric structure with technological con-
vergence and organizational readiness. Industrial GAI appears most promising when
generative capabilities are embedded in governed workflows that combine domain knowl-
edge, computational verification, interoperable tools, and human accountability. This
systems interpretation informs the final conclusions.

6. Conclusions
This review set out to clarify how learned generative models are being studied across

manufacturing and industrial systems, how the application domains connect, and how
far the published literature indicates movement toward operational adoption. The final
252-study corpus provides a stricter basis for answering these questions than a search set
containing classical generative design records.

Two increasingly connected trajectories organize the literature. Engineering generation
concerns artifacts, structures, materials, and electronics; industrial intelligence concerns
LLMs, RAG, knowledge graphs, agents, and human–AI collaboration. Their overlap
suggests that future value will come from integrated workflows in which models generate
candidates, knowledge systems provide context, simulation and engineering rules verify
feasibility, and humans retain responsibility for consequential decisions.

The evidence remains less mature than publication growth alone suggests. Most
records are research-stage, and only a small fraction indicate operational industrial use in
their abstracts. Organizations should, therefore, progress from bounded and reversible
applications toward higher-impact use only when data governance, domain grounding,
manufacturability, traceability, cybersecurity, intellectual property protection, interoperabil-
ity, monitoring, workforce competence, and accountable oversight are in place.

Future research should publish reproducible benchmarks, compare GAI-enabled
approaches with appropriate conventional baselines, report failures and lifecycle costs,
and validate integrated workflows in real industrial settings. Longitudinal studies are also
needed to determine whether promising pilots produce sustained improvements in quality,
productivity, sustainability, and engineering decision making. In this way, industrial GAI
can develop from a collection of visible research topics into trustworthy systems practice.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/electronics15153485/s1, (Section S1: Database-Specific Search
Strategies; Section S2: Keyword Normalization and Co-Occurrence Mapping; Section S3: Re-
producibility Tables for Keyword Frequencies and Co-Occurrence). The supplementary pack-
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