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Abstract

As intelligent systems become increasingly embedded in industrial ecosystems, the demand
for transparency, reliability, and interpretability has intensified. This study investigates
how explainable artificial intelligence (XAI) contributes to enhancing accountability, trust,
and human–machine collaboration across industrial contexts transitioning from Industry
4.0 to Industry 5.0. To achieve this objective, a systematic bibliometric literature review
(LRSB) was conducted following the PRISMA framework, analysing 98 peer-reviewed
publications indexed in Scopus. This methodological approach enabled the identification
of major research trends, theoretical foundations, and technical strategies that shape the
development and implementation of XAI within industrial settings. The findings reveal
that explainability is evolving from a purely technical requirement to a multidimensional
construct integrating ethical, social, and regulatory dimensions. Techniques such as coun-
terfactual reasoning, causal modelling, and hybrid neuro-symbolic frameworks are shown
to improve interpretability and trust while aligning AI systems with human-centric and
legal principles, notably those outlined in the EU AI Act. The bibliometric analysis further
highlights the increasing maturity of XAI research, with strong scholarly convergence
around transparency, fairness, and collaborative intelligence. By reframing artificial intelli-
gence through the lens of transparent machine reasoning, this study contributes to both
theory and practice. It advances a conceptual model linking explainability with measurable
indicators of trustworthiness and accountability, and it offers a roadmap for developing
responsible, human-aligned AI systems in the era of Industry 5.0. Ultimately, the study
underscores that fostering explainability not only enhances functional integrity but also
strengthens the ethical and societal legitimacy of AI in industrial transformation.

Keywords: artificial intelligence; explainable AI; industry; Industry 4.0; Industry 5.0;
decision making

1. Introduction
Recent technological advancements have led to the rapid development of machine

learning and artificial intelligence (AI) models capable of performing complex tasks with
unprecedented precision and speed. AI innovations are transforming all sectors—from
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natural language processing and image recognition to financial modelling, healthcare di-
agnostics, and predictive maintenance—positioning AI as a cornerstone of contemporary
decision-making [1] (Felzmann et al., 2020). However, as these systems increasingly in-
fluence high-stakes decisions, their opaque “black-box” nature raises significant concerns
regarding transparency, accountability, and trust. Studies such as Greene et al. (2019) [2]
and Felzmann et al. (2020) [1] highlight persistent issues of bias, discrimination, and lack
of interpretability in AI/ML systems, underscoring the need for mechanisms that ensure
these technologies remain auditable, explainable, and ethically aligned.

This growing imperative for transparency has accelerated the emergence of Explain-
able Artificial Intelligence (XAI), a field focused on designing models that articulate their
decision logic without compromising performance. XAI represents a paradigm shift from
opaque algorithmic systems to interpretable frameworks capable of communicating reason-
ing processes to human users. Hollanek (2023) [3] describes this shift as “debunking the
illusion, seeing through—to reveal how an object really works” (p. 2071). As defined by Das
and Rad (2020) [4], XAI offers “a set of tools, techniques, and algorithms that can generate
high-quality, interpretable, human-understandable explanations of AI decisions” (p. 1).
Beyond technical explainability, these approaches are essential for building trust, ensuring
accountability, and aligning AI systems with human cognitive and ethical expectations.

Despite increasing scholarly and industrial attention, research at the intersection of
XAI and industrial transformation (Industry 4.0 and 5.0) remains fragmented and primarily
technical. Most studies examine isolated applications, such as predictive maintenance,
smart manufacturing, or automation, without addressing the broader theoretical, ethical,
and regulatory dimensions of explainability. This fragmentation reveals a critical research
gap: the lack of an integrated and systematic understanding of how XAI contributes to
responsible and human-centric industrial ecosystems. Moreover, as Industry 4.0 evolves
toward Industry 5.0—emphasising human-centricity, sustainability, and resilience—there
is an urgent need to reconceptualise AI not merely as an autonomous decision-maker but
as a collaborative and transparent partner in industrial value creation [5].

In response to this gap, the present study conducts a Systematic Bibliometric Literature
Review (LRSB) guided by the PRISMA framework. This methodological approach enables
a rigorous mapping of the scientific landscape to identify and synthesise research trends
and dominant themes concerning XAI in industrial contexts; assess methodological and
theoretical approaches that define how explainability supports accountability, fairness,
and interpretability in industrial decision-making; and highlight gaps and future research
directions to guide the transition from Industry 4.0 to Industry 5.0 through transparent
machine reasoning [6].

By systematically integrating bibliometric and conceptual insights, this study aims
to reframe artificial intelligence through transparent reasoning, positioning XAI as a key
enabler of trust and ethical alignment in next-generation industrial systems.

The remainder of this paper is structured as follows: Section 2 details the materi-
als and methods, explaining the LRSB process and PRISMA protocol; Section 3 presents
the bibliometric results, including publication trends, thematic maps, and keyword net-
works; Section 4 discusses theoretical perspectives and emerging XAI techniques; and
Section 5 concludes with the main findings, theoretical contributions, managerial implica-
tions, and directions for future research.

2. Materials and Methods
The study employs a systematic bibliometric literature review (LRSB) methodology

guided by the PRISMA framework. Marzi et al. (2024) [7] describe the LRSB as a research
approach that enables scholars to synthesise and explore existing knowledge paths by
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spotlighting gaps and interconnections and critically assessing prior literature. As a result,
this methodology facilitates a structured understanding of the field, helping to identify
underexplored areas, emerging themes, and the intellectual progression of research. Com-
bining the LRSB with the PRISMA framework enhances methodological transparency by
providing clear, replicable criteria for literature selection, screening, and inclusion (Supple-
mentary Materials) [8,9]. The integrated methodology helps explore how researchers have
conceptualised, debated, and integrated XAI across scholarly discourse.

Rosário and Dias [10–12] describe the LRSB technique as offering a more structured
and thorough approach to exploring a research field than what is typically found in
traditional literature reviews. Instead of gathering a wide range of studies, this method
focuses on carefully selecting works that directly address the core research question, all
while maintaining a high level of transparency. This thoughtful selection process allows
for a deep analysis of each study’s methods, the strength of its conclusions, and its overall
contribution to the field.

The LRSB technique follows a clear and systematic framework, guiding researchers
step by step in filtering and evaluating sources to ensure both their credibility and relevance.
According to the authors, this process is divided into three main phases, encompassing six
distinct steps, as outlined in Table 1.

Table 1. Process of systematic LRSB.

Fase Step Description

Exploration

Step 1 formulating the research problem

Step 2 searching for appropriate literature

Step 3 critical appraisal of the selected studies

Step 4 data synthesis from individual sources

Interpretation Step 5 reporting findings and recommendations

Communication Step 6 Presentation of the LRSB report
Source: own elaboration.

This study used the Scopus database to identify and select relevant academic sources,
taking advantage of its strong reputation within the scholarly community. The exclusive
focus on Scopus was a deliberate choice, based on its wide subject coverage, strict indexing
criteria, and powerful analytical tools. As one of the most comprehensive platforms for
peer-reviewed research, Scopus brings together content from respected journals, books,
and conference proceedings across a broad range of disciplines. Its features for citation
tracking, bibliometric analysis, and keyword mapping allow for an in-depth exploration
of research trends and scholarly impact—critical elements for developing a robust and
methodologically sound literature review. In addition, Scopus’s standardised metadata and
consistent indexing practices help ensure transparency and make the research process
easier to replicate. Given these advantages, restricting the review to Scopus sources
was a strategic decision aimed at maintaining analytical rigour and reliability in this
academic investigation.

However, relying exclusively on Scopus is also a limitation, as it risks omitting relevant
studies, particularly regional contributions, non-English publications, or very recent works
not yet indexed. While this constraint was acknowledged, future research could expand the
scope by incorporating complementary databases such as Web of Science, Google Scholar,
or IEEE Xplore to ensure broader coverage and mitigate potential selection bias.

The inclusion and exclusion criteria were designed to ensure methodological trans-
parency and thematic coherence. Only peer-reviewed academic publications, including



Information 2025, 16, 1044 4 of 29

journal articles, conference papers, book chapters, and books, were considered. Preprints,
theses, and grey literature were excluded to maintain academic quality. Duplicate records
were systematically removed through metadata comparison and manual verification. Al-
though the study excluded non-peer-reviewed materials, this may have constrained the
representation of emerging discussions still in progress.

While the step-by-step process ensures procedural clarity, the authors acknowledge
that the methodological choices, particularly the database restriction and exclusion of
non-peer-reviewed sources, may influence the scope and balance of the review, poten-
tially favouring English-language and mainstream academic outputs. Nevertheless, this
approach enhances replicability and strengthens alignment with the study’s objectives by
focusing on high-impact, peer-reviewed contributions.

The literature search process began with identifying the database, in this case, the
Scopus database. This selection was based on Baas et al. (2020) [13], who recognise Scopus
as one of the “largest curated abstract and citation databases,” offering a wide range of
high-quality resources from scientific journals, books, and conference proceedings. The ini-
tial search began with the keyword “artificial intelligence,” resulting in 689,969 documents.
Adding the keyword “explainable AI” reduced these search results to 5496. The researcher
then added the keyword “industry,” which further reduced the document results to 467.
Keywords “industry 4.0” further reduced the results to 45, which then increased to 49
after adding “industry 5.0.” Finally, the researcher limited the search to the exact keyword
“decision making,” resulting in 98 sources that were synthesised in the final reporting. The
Boolean query used was (TITLE-ABS-KEY (“artificial intelligence”) AND TITLE-ABS-KEY
(“explainable AI”) AND TITLE-ABS-KEY (“Industry”)) AND ( LIMIT-TO (EXACTKEY-
WORD, “Industry 4.0”) OR LIMIT-TO (EXACTKEYWORD, “Industry 5.0”) OR LIMIT-TO
(EXACTKEYWORD, “Decision Making”)).

To ensure that the final selection of studies was both relevant and methodologically
solid, the research applied clearly defined inclusion and exclusion criteria (see Table 2). The
review focused exclusively on peer-reviewed publications that examined Explainable AI in
industrial contexts, particularly within the evolution from Industry 4.0 to Industry 5.0. Any
works that did not address this intersection were excluded to maintain thematic focus and
methodological consistency.

Table 2. Screening Methodology.

Database Scopus Screening Publications

Meta-search Keyword: artificial intelligence 689,969

First Inclusion Criterion Keyword: artificial intelligence, explainable AI 5496

Inclusion Criteria

Keyword: artificial intelligence, explainable AI, Industry 467

Keyword: artificial intelligence, explainable AI, Industry, Industry 4.0 45

Keyword: artificial intelligence, explainable AI, Industry, Industry 4.0,
Industry 5.0 49

Keyword: artificial intelligence, explainable AI, Industry, Industry 4.0,
Industry 5.0, Decision Making 98

Screening Keyword: artificial intelligence, explainable AI, Industry, Industry 4.0,
Industry 5.0, Decision Making Until June 2025 98

Source: own elaboration.

This careful filtering process helped ensure that the selected literature was academ-
ically rigorous and directly aligned with the study’s objectives, namely, to map research
trends, identify dominant themes, and reveal knowledge gaps concerning the role of XAI
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in industrial transformation. In this way, the methodological design directly supports the
research goal of clarifying how explainability contributes to accountability, interpretability,
and trust in industrial decision-making systems.

A thorough analysis of the selected materials was conducted using a structured ap-
proach inspired by Rosário and Dias [10–12], with careful attention given to both the
content and underlying themes. Each study was evaluated for its methodological quality,
theoretical contribution, and relevance to the intersection of XAI and industrial transforma-
tion. While this approach strengthens analytical depth, it also highlights the potential for
bias introduced by database and language constraints—an issue that future studies should
address by adopting multi-source strategies and multilingual screening protocols.

A visual representation of this selection process is provided in Figure 1.

 

Figure 1. PRISMA 2020 Flow Diagram of Study Selection Process [9].

Each source was critically evaluated for its relevance, methodological robustness,
and publication quality. In total, 98 academic and scientific documents were analysed
using a combination of narrative synthesis and bibliometric techniques, following the
methodological guidelines of Rosário and Dias [10–12]. This dual approach allowed for
a comprehensive exploration of patterns, relationships, and research trends that directly
address the study’s objectives.

3. Publication Distribution
This section presents the bibliometric distribution and analytical trends derived from

the 98 documents included in the systematic bibliometric literature review. The purpose of
this section is to provide an interpretive overview of how research on Explainable Artificial
Intelligence (XAI) has evolved within the context of industrial transformation, and how
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this distribution relates to the broader objectives of the study—namely, to understand
how explainability contributes to accountability, transparency, and human-centric decision-
making across Industry 4.0 and Industry 5.0.

3.1. Search Parameters and Dataset Scope

The bibliometric dataset was compiled exclusively from the Scopus database, chosen
for its robust citation tracking, structured metadata, and wide disciplinary coverage. The
search was performed in June 2025, using the following Boolean query:

TITLE-ABS-KEY (“artificial intelligence”) AND TITLE-ABS-KEY (“explainable AI”)
AND TITLE-ABS-KEY (“industry” OR “industry 4.0” OR “industry 5.0”) AND TITLE-ABS-
KEY (“decision making”)

To ensure transparency and replicability, the following parameters were applied:

• Source type: Peer-reviewed journal articles, books, book chapters, and conference papers;
• Language: English;
• Publication years: ≤June 2025;
• Subject areas: Computer Science, Engineering, Decision Sciences, Business, Manage-

ment & Accounting;
• Inclusion criteria: Documents addressing explainability in industrial or decision-

making contexts;
• Exclusion criteria: Preprints, theses, and grey literature were excluded to maintain qual-

ity; duplicates were removed through metadata comparison and manual verification.

This deliberate configuration ensured methodological rigour but also introduced
inherent limitations, notably the exclusion of regional or non-English contributions that
might provide complementary insights. The implications of this bias are discussed in
subsequent subsections.

3.2. Temporal Evolution of Publications

Figure 2 illustrates the annual growth of publications between 2018 and June 2025. The
pattern reveals a pronounced increase beginning in 2020, culminating in a publication peak
in 2024 (44 papers), before a moderate decline in 2025. This temporal trajectory mirrors the
intensification of scholarly and policy interest in ethical and transparent AI, particularly fol-
lowing the consolidation of frameworks such as the European Union Artificial Intelligence
Act (EU AI Act).
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Figure 2. Documents by year.

Rather than indicating a mere quantitative expansion, this evolution reflects a con-
ceptual transformation in the literature—from a focus on algorithmic optimisation toward
human-centred, interpretable, and ethically responsible AI. The rise in 2024 corresponds
to the convergence of discussions around trustworthiness, regulation, and Industry 5.0’s



Information 2025, 16, 1044 7 of 29

human-centric paradigm, signalling a transition in research priorities from automation
to collaboration.

3.3. Geographic Distribution and Research Biases

Figure 3 and Table 3 present the global distribution of publications by country. The
dataset shows a clear concentration of research activity in technologically advanced
economies, with India (66), the United States (44), Italy (32), Greece (31), and Germany
(28) leading in publication output. This pattern suggests that XAI research is strongly
linked to industrial digitalisation capacity, national AI strategies, and investment in
innovation ecosystems.

 

Figure 3. Scientific production by country.

Table 3. Top 10 countries by number of publications.

Country Number of Publications

India 66
USA 44
UK 33

Italy 32
Greece 31

Germany 28
Ireland 26
France 17
Spain 12

Portugal 10
Source: own elaboration.

However, this distribution also reveals regional asymmetries that align with the known
Scopus indexing bias, which tends to privilege English-language journals and Western
publication outlets. Consequently, research produced in Latin America, Africa, and parts of
Asia may be underrepresented, limiting the inclusiveness of the global perspective. Despite
these imbalances, the growing participation of European and Asian countries indicates that
explainable AI has become a globalised yet unevenly distributed research domain.
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These findings reveal how the geopolitics of innovation influences the production of
knowledge in XAI. Nations with robust AI policies and industrial transformation agendas—
such as India, the USA, and EU member states—serve as intellectual hubs driving the
global conversation on ethical AI deployment. This geographical concentration also reflects
how industrial maturity correlates with research visibility, an insight that connects directly
to this review’s focus on the evolving industrial paradigm.

3.4. Core Journals and Thematic Concentration

Applying Bradford’s Law, the analysis identified a core cluster of journals that account
for approximately 10% of total publications, indicating a growing consolidation of XAI
research around key scholarly outlets (Figure 4). The most prominent among these are IEEE
Access, Procedia Computer Science, Ceur Workshop Proceedings, and Applied Sciences.

 

Figure 4. Core sources by Bradford’s law (2015–2025).

This concentration suggests a maturing research domain in which publication venues
have become specialised platforms for interdisciplinary exchange between AI engineer-
ing, ethics, and industrial management. The consolidation of these journals underscores
their role in setting the academic agenda for explainability in industrial ecosystems—
particularly in relation to predictive maintenance, trust in automation, and hybrid
human–machine collaboration.

The stabilisation of these outlets highlights the emergence of a cohesive scholarly
community, aligning with one of the review’s central objectives: to trace the intellectual
architecture and publication dynamics that underpin XAI’s integration into Industry 4.0
and 5.0 frameworks.

3.5. Disciplinary Landscape and Research Impact

The 98 documents analysed spanned 18 Scopus subject categories, confirming the
field’s interdisciplinary nature. Most publications are concentrated in Computer Science (79)
and Engineering (46), followed by Mathematics (17), Decision Sciences (14), and Business,
Management, and Accounting (9). This distribution demonstrates that explainability is no
longer an exclusively technical challenge but an emerging managerial and socio-technical
issue central to decision-making in industrial environments.
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The most cited article, “A Review of Trustworthy and Explainable Artificial Intelli-
gence (XAI)” (IEEE Access), has received 114 citations, exemplifying the field’s emphasis on
integrating trust, transparency, and ethical alignment into AI development. As of June 2025,
the dataset accumulated 1068 citations (Appendix A), with an h-index of 18, confirming a
high degree of intellectual influence and topic maturity.

Figure 5 illustrates the citation trajectory, showing steady growth since 2018. This
increase is not merely numerical; it signifies the progressive diffusion of explainability
principles into industrial AI applications and the consolidation of XAI as a fundamental
dimension of technological governance.
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Figure 5. Evolution of citations between ≤2015 and 2025.

3.6. Keyword Co-Occurrence and Thematic Networks

To examine the intellectual structure of the field, a keyword co-occurrence analysis was
conducted using VOSviewer (version 1.6.18). Core keywords included artificial intelligence,
explainable AI, industry 4.0, industry 5.0, and decision-making.

Figure 6 visualises the co-occurrence network, where node size represents keyword
frequency and proximity indicates thematic relatedness. The clustering reveals three main
conceptual domains:

• Technical explainability (machine learning, deep learning, neural networks);
• Industrial application (predictive maintenance, resource optimisation);
• Ethical and organisational dimensions (trust, transparency, accountability).

The convergence of these domains confirms that explainability operates as a bridg-
ing construct, connecting algorithmic logic with human interpretability—precisely the
relationship explored in this review.

3.7. Three-Field Plot: Authors, Keywords, and References

To map the intellectual flow of knowledge, a three-field plot (Figure 7) was generated
using the Bibliometrix package (version 5.1.1). The plot links authors (AU), cited references
(CR), and keywords (DE), highlighting influential contributors and conceptual overlaps.

The analysis shows that the most prolific authors are associated with recurring key-
words such as explainable AI, Industry 4.0, trustworthy systems, and decision support,
indicating a strong convergence between research productivity and thematic focus.

This mapping reveals that the field’s intellectual structure is dominated by cross-
disciplinary collaborations between computer scientists and industrial engineers, reinforc-
ing the importance of XAI as a transversal competence in the transition to Industry 5.0.
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Figure 6. Network of all keywords.

Figure 7. Three fields plot analysis (AU = authors, CR = references, DE = author keywords).

3.8. Thematic Map Analysis

A thematic map (Figure 8) was produced to examine the maturity and centrality of re-
search topics. The map is divided into four quadrants—motor themes, basic themes,
emerging/declining themes, and niche themes—based on the dimensions of density
and centrality.

Motor themes (upper-right quadrant): “Industry 4.0,” “deep learning,” “predictive
maintenance,” and “artificial intelligence learning”—conceptually mature and core to
the field.
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Figure 8. Thematic map analysis.

Basic and transversal themes (lower-right quadrant): “Industry 5.0,” “smart manufac-
turing,” “resource allocation,” and “case studies,” which represent foundational areas for
future research expansion.

Niche themes (upper-left quadrant): “automation,” “bias detection,” and “zero de-
fects,” showing strong internal coherence but limited broader influence.

Emerging/declining themes (lower-left quadrant): “decision makers,” “workflows,”
and “anomaly detection,” suggesting potential new directions or fading relevance.

This structure demonstrates the dynamic evolution of XAI research from purely
computational themes to socio-technical and managerial applications, reinforcing the
interdisciplinary character central to this review.

3.9. Co-Citation Network Analysis

Finally, a co-citation network (Figure 9) was developed to visualise how foundational
works are interlinked through shared citation patterns. The central cluster is formed by
seminal studies on trustworthy AI, explainability techniques, and ethical governance,
which constitute the intellectual backbone of the field.

Peripheral nodes represent emerging research streams, such as fairness in AI, hybrid
human–machine collaboration, and sustainability in Industry 5.0. The presence of these
clusters illustrates that while XAI research is theoretically consolidated, it remains open to
diversification and innovation

The co-citation structure captures a research community that is methodologically
robust yet conceptually expanding—a field moving toward synthesis between technological
precision and human accountability, which is the defining argument of this paper.
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Figure 9. Network of co-citation.

4. Theoretical Perspectives
Opacity is a major problem in AI/ML decision-making systems. Facchini and Termine

(2021) [13] explain that these opaque models make it difficult for users to understand
how they work, interpret decisions at various levels, and assess their behaviours against
ethical and scientific norms. The inability to trace how an algorithm arrived at a particular
outcome can undermine accountability, hinder error detection, and exacerbate social biases
embedded in training data [14,15] (Chamola et al., 2023; Ganguly & Singh, 2023). As a
result, Facchini and Termine (2021) [13] note that many philosophers and social scientists
have begun researching and interpreting the opacity issue and its implications, while
engineers are working to create explainable AI systems that mitigate the opacity. These
XAI models aim to improve transparency and make AI/ML systems more understandable
to humans.

4.1. Goals for Pursuing Explainability in XAI

AI systems have become increasingly embedded in decision-making processes. As
a result, the demand for explainability has expanded beyond technical performance to
encompass ethical, social, and legal considerations. In this case, Miltiadou et al. (2023) [16]
explain that XAI is not just about understanding how an algorithm works but also about
designing systems that align with human values, societal expectations, and institutional
accountability. The goals outlined below represent the multi-dimensional motivations
driving the pursuit of explainability in AI development and deployment:

4.1.1. Trustworthiness

Trust is foundational for AI adoption in decision-critical settings [17]. Explainability
contributes by showing how and why outputs are produced, enabling users to justify
reliance on the system [18,19]. Still, trust is contingent: it depends on whether explanations
are understandable to the intended audience, anchored in domain norms, and demonstrably
useful for task performance [20]. When models are opaque or appear biased or data-



Information 2025, 16, 1044 13 of 29

dependent without justification, measurable trust indicators deteriorate (e.g., adoption
rates, confidence surveys, efficiency metrics) [21,22]. In short, explainability is necessary
but insufficient for trust; it must be paired with credibility, usability, and contextual fit.

4.1.2. Intelligibility

Intelligibility concerns the user’s ability to grasp what a model does and why it behaves
as it does, without needing to inspect algorithmic internals [23–25]. It has been linked to im-
provements in accuracy, decision latency, learning curves, and error reduction, though these
gains vary with user training, domain knowledge, and interface quality [26,27]. Effective
intelligibility helps users build stable, verifiable mental models rather than mere procedural
familiarity, supporting collaboration and handoffs between human and machine.

4.1.3. Transparency

Transparency is often positioned as a foundational mechanism for explainability, of-
fering visibility into the internal structure, logic, and processes of AI systems. Arora and
Gajjar (2025) [28] define transparent systems as those that openly disclose their architecture,
parameters, data sources, and decision logic, thereby enabling external auditing, interroga-
tion, and critical evaluation. While this framing aligns transparency with accountability,
debugging, and regulatory compliance, its practical implementation raises deeper tensions
between interpretability, complexity, and usability.

Not all transparency is equally useful or usable. Arrieta et al. (2020) [23] propose
three conceptual levels—simulatability, decomposability, and algorithmic transparency—
as pathways for making models understandable. Yet these levels differ significantly in
their cognitive demands and their implications for different stakeholders. What counts as
transparent for a developer may remain opaque to a regulator, operator, or end-user.

Simulatability

Simulatability focuses on whether a person can mentally simulate or predict a model’s
behaviour based on its inputs, an ability often constrained by the model’s complexity.
Arrieta et al. (2020, p. 10) [23] define it as the human capacity to “think through” the
model, making simplicity a prerequisite. Models like decision trees or linear regressions
are typically cited as fulfilling this condition [29,30] (Beshaw et al., 2025; Alexander et al.,
2024), but this introduces a trade-off: increasing model complexity to improve accuracy
often reduces simulatability.

While simulatability can be measured through user prediction accuracy or time-to-
decision metrics, these indicators oversimplify the problem. Users may accurately guess
outputs without grasping why a model made a decision, raising concerns about false
interpretability. Furthermore, simulatability benefits vary depending on task complexity
and user expertise, limiting its generalizability as a universal design goal.

Decomposability

Decomposability refers to the interpretability of individual model components, such
as inputs, parameters, and internal computations. Arrieta et al. (2020) [23] argue that de-
composable models allow users to assess the contribution of each part to the overall output.
Logistic regression, for example, facilitates understanding through direct interpretation of
feature weights [31,32] (Chander et al., 2018; Bajpai et al., 2025).

Yet decomposability also faces critical limitations. It assumes that users can mean-
ingfully isolate and understand these components, which may not hold in complex, high-
dimensional models. While decomposability may improve debugging and allow traceable
adjustments, the cognitive load involved can restrict its practical utility. In regulated en-
vironments, metrics like intervention rates or error-diagnosis speed provide quantifiable
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benefits, but they do not resolve the fundamental issue: transparency at the component
level does not guarantee comprehension at the systemic level.

Algorithmic Transparency

Algorithmic transparency concerns the visibility of the model’s training and optimi-
sation processes—including objective functions, convergence criteria, and regularisation
methods. Arrieta et al. (2020) [23] suggest that this level of transparency is essential for as-
sessing reproducibility, stability, and fairness [33,34] (Fares et al., 2023; Roy et al., 2023). Yet
disclosing such technical details often favours expert users while excluding those without
formal training.

Measurable indicators, such as reproducibility audits, documentation scores, and
variance analyses, may signal algorithmic transparency, but they tell us little about how
stakeholders interpret or act upon that information. In many cases, users are asked to place
trust in documentation they cannot independently verify. Moreover, when transparency
in training processes is insufficient, even highly interpretable models may be rejected as
unreliable or misaligned with institutional expectations.

Taken together, the promise of transparency in explainable AI rests on its ability to
make models accountable and interpretable, but its effectiveness is shaped by who is inter-
preting, for what purpose, and under what constraints. Simulatability prioritises cognitive
accessibility but may sacrifice predictive power; decomposability enables component-level
insight but struggles with systemic complexity; algorithmic transparency offers procedural
visibility but often excludes non-technical users. Recognising these tensions is essential for
designing transparency strategies that are not only technically sound but also contextually
meaningful and socially actionable.

4.1.4. Comprehensibility

Comprehensibility focuses on cognitive alignment: explanations should resonate
with users’ reasoning styles, vocabulary, and domain frames [35,36]. Clinicians, for in-
stance, often prefer clinical rationales over abstract statistics [37,38]. Techniques such as
natural-language explanations, guided visuals, and step-through interfaces can improve
accessibility [39,40]. The design challenge is balance: over-simplification can induce false
confidence, while excessive technicality can overload or exclude users.

4.1.5. Causality

Causal explanations move beyond association to clarify mechanisms and “what-if”
scenarios, enabling counterfactual and intervention-oriented reasoning [41,42]. This can
increase actionability and perceived trustworthiness when interventions are required [43].
However, valid causal accounts depend on strong assumptions about data, identifiability,
and feasibility; if left implicit, they may mislead. Causal XAI therefore demands explicit
statement of assumptions and empirical checks.

4.1.6. Transferability

Transferability asks whether explanations retain their meaning across datasets, con-
texts, and user groups [23]. Consistent explanatory patterns help standardise operations
and support governance across units or jurisdictions [44–46]. Yet over-generalised explana-
tions may lose local nuance, while highly tailored ones can be hard to reuse. Designing
for transferability means balancing stability with contextual adaptation and routinely
validating whether explanations still “travel well.”
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4.1.7. Informativeness

Informativeness refers to explanatory depth and practical utility: which features
mattered, how similar cases were treated, what uncertainty surrounds the output [47,48].
More detail is not always better; too much technical content can obscure signal, while
oversimplification hides trade-offs and limitations [49,50]. Targeting the “right” level
requires profiling tasks and audiences, then calibrating explanations to decision stakes and
time constraints.

4.1.8. Interactivity

Interactivity reframes explanation as dialogue: users query, test, and manipulate
inputs while the system responds with tailored feedback [23,51]. Interfaces, dashboards,
and conversational agents can improve understanding, engagement, and retention [36,52].
Poorly designed interaction, however, may produce confusion, over-fitting to user probes,
or hidden drift in explanation behaviour, which raises issues of traceability, versioning,
and reproducibility [53,54]. Interactive XAI should therefore include guidance, guardrails,
and logs.

4.1.9. Improve Model Bias Understanding and Fairness

Explainability can surface disparate impacts and proxy effects, revealing how features
drive outcomes across groups [55,56]. Yet visibility alone does not remediate bias. Fairness
claims are plural and sometimes conflicting (distributive vs. procedural criteria) [57]
(Figure 10); progress requires organisational mechanisms that can act on evidence (e.g.,
monitoring, escalation paths, corrective retraining) [58]. Explainability supports fairness
when embedded in governance, not as a stand-alone metric.

Figure 10. Seven claims of fairness related to XAI models [57] (Deck et al., 2023).

4.1.10. Accessibility

Accessibility extends explainability across different literacies, languages, and cognitive
profiles [23,59]. Without inclusive design, explanatory tools can reproduce inequalities
or assume unrealistic baseline competencies [60,61]. Practical measures include multilin-
gual content, layered explanations, and participatory testing with diverse users to ensure
equitable comprehension and use.

4.1.11. Privacy Awareness

Explanations can inadvertently expose sensitive attributes, proprietary logic, or attack
surfaces [62]. Privacy-aware XAI therefore balances disclosure with protection via abstrac-
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tion, access control, and privacy-preserving techniques, coupled with institutional oversight
and clear protocols [63,64]. The goal is to remain informative enough for accountability
while sufficiently bounded for confidentiality and safety.

4.1.12. Regulatory Compliance

With emerging frameworks (e.g., EU AI Act), explainability has become a legal obli-
gation tied to traceability, auditability, and non-discrimination [65,66]. Documentation,
audit logs, and validation artefacts help operationalise compliance [67,68], but risk drifting
into box-ticking if they prioritise auditor needs over user understanding. Mature practice
integrates compliance with human-centred explanation so systems are both verifiably
accountable and genuinely interpretable.

4.2. XAI Techniques for Improving Explainability

Researchers and developers have designed a wide range of technical strategies to
achieve the goals of explainability, such as trust, transparency, comprehensibility, and
fairness. These techniques aim to make complex machine learning (ML) and AI mod-
els more understandable to human users by providing insight into how predictions are
made, what factors influence decision outcomes, and how models behave under various
scenarios [69,70] (Puthanveettil Madathil et al., 2025; Kotriwala et al., 2021). However,
their effectiveness varies across industrial settings. In process industries, such as energy,
chemicals, or pharmaceuticals, explainability focuses on continuous variable monitoring
and causal relationships, while in discrete manufacturing, such as automotive or electronics,
it centres on real-time traceability, quality control, and decision support. The following
subsections critically evaluate major XAI techniques with respect to their industrial appli-
cability, human-centric outcomes, and regulatory alignment:

4.2.1. Counterfactual Reasoning

Counterfactual reasoning shows how outcomes would differ if specific input features
changed [71]. For example, a counterfactual explanation might state, “If the requested loan
amount were lower, approval would have been granted” [71]. This aligns well with human
reasoning because it illuminates cause-and-effect relationships. Effective counterfactuals
require identifying minimal and feasible feature adjustments [72] and are widely applied in
predictive maintenance and process optimisation, helping engineers simulate adjustments
in operating conditions. In discrete manufacturing, they assist quality and inspection tasks
by highlighting how small configuration shifts influence defect likelihood.

Prolixity

Prolixity refers to the tendency of counterfactual explanations to include too many
feature changes, resulting in unnecessarily long or overly complex explanations. When
a counterfactual modifies numerous input variables to achieve a different output, it can
overwhelm users with information, making the explanation harder to follow and less
actionable [72] (Keane et al., 2021). For example, if a loan application is denied and the
system suggests that ten different financial attributes need to change to reverse the decision,
the user may struggle to discern which features are most critical or realistic to adjust.
Prolix explanations compromise the core purpose of counterfactual reasoning, clarity and
simplicity, by failing to prioritise minimal changes that have maximum impact [73]. In
practice, addressing prolixity involves optimising for sparse and focused counterfactuals
that highlight the most relevant variables, improving both the intelligibility and usefulness
of the explanation.
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Sparcity

This problem is associated with the argument that good explainable counterfactuals
need to be sparse. Keane and Smyth [73] (2020) indicate that this perspective is often linked
to the limitations of human working memory. For example, the scholars argue that learners
in concept learning prefer single-feature changes over multi-feature changes because it
makes learning easier. This means counterfactuals are more likely to be effective when
they focus on the most salient change necessary to alter a model’s decision. Sparse counter-
factuals reduce cognitive load and support clearer human reasoning, making them more
intuitively accessible. However, while sparsity enhances interpretability, it also presents
challenges [72] (Keane et al., 2021). Explanations that are too sparse may suggest statisti-
cally or causally weak or irrelevant changes, thereby compromising their informativeness
and actionability [74,75] (Byrne, 2019; Keane & Smyth, 2020). For instance, suggesting
that changing a single non-causal feature like a zip code would reverse a loan denial may
raise questions about the model’s fairness or validity. Therefore, while sparsity is desirable
for counterfactuals, it must be balanced with plausibility and relevance to ensure that the
explanation remains cognitively effective and substantively meaningful.

Plausibility

Sometimes the produced counterfactuals may be unrealistic or impossible to change.
Thus, Keane and Smyth (2020) [73] describe plausibility as a problem that occurs when
“the counterfactuals generated may not be valid data-points in the domain or they may
suggest feature-changes that are difficult-to-impossible” (p. 5). An example is if the
counterfactual recommends the user to increase their income by an impossible amount (If
you earned $1 million, you would get the loan) or radical propositions (If you changed your
gender, you would get the loan). Such implausible counterfactuals erode user trust, limit
interpretability, and risk misinforming decision-making [71] (Keane et al., 2021). To enhance
plausibility, many counterfactual generation methods incorporate constraints drawn from
domain knowledge, data distributions, or causal models to ensure that explanations remain
meaningful and actionable.

4.2.2. Causal Modelling

Causal modelling explains not only what correlations exist, but why, allowing users
to test interventions and simulate “what–if” scenarios using causal graphs or structural
models [43,76]. In process industries, where variables interact continuously, causal models
support root-cause analysis and operational reliability. In discrete manufacturing, they
diagnose production defects and optimise sequences. Causal modelling strengthens inter-
pretability and supports regulatory transparency by making reasoning chains auditable, a
key requirement in emerging compliance frameworks such as the EU AI Act [77,78].

4.2.3. Hybrid Neuro-Symbolic Frameworks

Hybrid neuro-symbolic frameworks integrate neural networks with symbolic rule
systems to combine predictive performance with explainable reasoning [79–81]. These
approaches are well suited to smart manufacturing environments that integrate robotics,
sensing, and real-time control. Symbolic components provide interpretable logic checks
that domain experts can validate, while neural components handle complex perception
tasks. Such systems also support distributed or federated architectures, maintaining
interpretability across decentralised networks [82–84].
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4.2.4. Natural Language Generation

Natural language generation (NLG) translates model reasoning into accessible textual
explanations [85,86]. In industrial settings, NLG can automatically narrate anomaly detec-
tions, maintenance alerts, or decision summaries in operator-appropriate language. This
improves clarity, reduces error rates, and supports multilingual communication in global
operations. NLG also aligns with regulatory requirements for transparent user-facing
explanations under the EU AI Act [87–91].

4.2.5. Visual Analytics Tools

Visual analytics use interactive dashboards, saliency maps, and feature heatmaps to
illustrate how models behave [92–97]. In process industries, they highlight relationships
among continuous variables; in discrete manufacturing, they support real-time defect
detection and maintenance prediction. These tools enhance cross-team interpretability
and facilitate auditability, which is increasingly important for regulatory and internal
transparency reviews [65,98].

4.2.6. White-Box Modelling

White-box models (e.g., decision trees, generalised additive models) provide direct
interpretability and are preferred in high-regulation contexts where audit trails are critical
(Figure 11) [99–102]. While they may trade some predictive accuracy for transparency,
their simulatability supports operator trust and compliance documentation, aligning with
accountability requirements in emerging regulatory regimes [60,65,66,103,104].

Figure 11. A comparison of white-box, grey-box, and black-box models [99] (Ali et al., 2023).

4.2.7. Interpretable Learning Architectures

Interpretable architectures embed explanation directly into model design through com-
ponents such as attention mechanisms, prototype networks, or modular layers [102–109].
In process industries, attention layers highlight the most influential operational param-
eters; in discrete manufacturing, prototype-based classifiers enable explainable visual
inspection. These models support measurable improvements in decision confidence and
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cognitive workload and can be deployed in distributed industrial environments where
local interpretability is required.

In summary, the comparative analysis of XAI techniques demonstrates that no single
method universally optimises explainability across all industrial contexts. Instead, their
effectiveness depends on the nature of the process, degree of automation, regulatory envi-
ronment, and human interaction level. By integrating human-centric metrics, regulatory
linkages, and decentralised challenges, this revised section highlights how explainable AI
can simultaneously enhance operational reliability, ethical accountability, and measurable
user trust within both Industry 4.0 and Industry 5.0 paradigms.

5. Conclusions
The accelerating deployment of artificial intelligence (AI) and machine learning across

high-impact industrial sectors has generated both unprecedented opportunities and pro-
found challenges, particularly regarding the opacity and accountability of automated
decision-making processes. This study sought to address these concerns by systematically
reviewing the evolution of Explainable Artificial Intelligence (XAI) within the context of
Industry 4.0 and the emerging Industry 5.0 paradigm.

Rather than treating explainability as a purely technical attribute, this review re-frames
it as a multidimensional construct encompassing ethical, regulatory, and human-centric
dimensions that underpin trustworthy AI. By combining a systematic bibliometric analysis
(LRSB) with conceptual synthesis, the study identifies and interprets key research trends,
methodological patterns, and theoretical tensions in XAI literature.

The findings indicate a growing convergence between technological transparency and
societal accountability. Explainability has evolved from a technical feature into an enabler
of ethical governance and human–machine collaboration, with XAI now positioned as a
foundation for industrial systems that are interpretable, auditable, and aligned with the
principles of the EU AI Act. Techniques such as causal modelling, counterfactual reasoning,
and hybrid neuro-symbolic frameworks emerge as crucial pathways toward transparent
machine reasoning, fostering greater user trust and organisational legitimacy.

From a theoretical standpoint, this study contributes by articulating a conceptual
framework of Transparent Machine Reasoning (TMR), which integrates interpretability,
ethical accountability, and regulatory compliance. Practically, it provides a roadmap
for applying explainability principles in industrial environments, linking transparency
mechanisms to measurable indicators of trust, reliability, and human oversight.

The thematic clusters identified in the literature review directly inform the architecture
of the TMR framework. The cluster grounded in explainability principles shapes the
normative foundation of the model, while the cluster centred on human-AI interaction
informs its emphasis on cognitive alignment and user-oriented interpretability. In turn, the
cluster focused on industrial implementation and governance underpins the framework’s
operational dimension, demonstrating how explainability practices must be embedded
within organisational processes, regulatory expectations, and domain-specific constraints.
As such, the TMR framework emerges not only as a conceptual contribution but also as an
empirically aligned structure capable of guiding the design and evaluation of explainable
AI systems in industrial contexts.

As with any systematic literature review, this study was not without limitations. The
first concerned the exclusive reliance on the Scopus database, which, although chosen for
its breadth, consistency, and robust metadata structure, may have introduced publication
and language biases, potentially excluding relevant regional or non-English contributions.
To mitigate this limitation, future research could expand the scope of database selection
and triangulate searches with complementary indexing platforms such as Web of Science
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and IEEE Xplore, thereby increasing representativeness and reducing potential indexing
bias. Secondly, the analysis was restricted to peer-reviewed academic sources, thus omit-
ting grey literature, white papers, and preprints that could have provided emerging or
practice-oriented perspectives on XAI implementation. Thirdly, while bibliometric tools
such as VOSviewer and Bibliometrix offered quantitative rigour, they inherently privi-
leged frequency and co-occurrence patterns over qualitative nuance, meaning that certain
contextual or interpretive dimensions may not have been fully captured.

Moreover, the study’s temporal scope (up to June 2025) limits its ability to account
for rapidly evolving policy frameworks, such as ongoing updates to the EU AI Act and
national AI strategies. Lastly, as this research synthesises existing knowledge, it does not
include empirical validation or statistical testing of causal relationships among variables,
which would be necessary to operationalize the conceptual framework in applied contexts.

Building on these limitations, several avenues for future research are proposed:

• Multi-Database Integration: Future systematic reviews should triangulate Scopus with
databases such as Web of Science, IEEE Xplore, or Google Scholar to enhance coverage
and reduce indexing bias.

• Longitudinal and Comparative Analyses: Investigations could track how XAI dis-
course evolves over time and across industrial sectors, mapping the diffusion of
explainability practices between manufacturing, healthcare, finance, and logistics.

• Empirical Validation of the TMR Framework: Quantitative studies could operational-
ize and test the proposed Transparent Machine Reasoning framework through surveys,
case studies, or mixed-method approaches.

• Cross-Cultural and Ethical Perspectives: Future work should examine how cultural,
institutional, and legal contexts shape perceptions of explainability, fairness, and
accountability in AI systems.

• Human-AI Interaction Metrics: Experimental research could measure the behavioural
and cognitive effects of explainability tools (e.g., dashboards, visual analytics, or
natural language explanations) on user trust, decision accuracy, and satisfaction.

• Policy and Governance Studies: Further exploration is needed into how explainabil-
ity mechanisms can inform regulatory compliance and organisational governance,
particularly within the broader transition toward Industry 5.0.

In conclusion, this study underscores that explainability must be reconceptualized
as more than a technical function—it is a strategic and ethical capability essential for
the sustainability, accountability, and societal legitimacy of industrial AI. As Industry 5.0
advances, the ability to design systems that are both intelligent and transparent will define
the next frontier of responsible technological innovation.
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Appendix A

Table A1. Overview of document citations period ≤2015 to 2025.

Documents ≤2015 2016 2017 2018 2019 2021 2021 2022 2023 2024 2025 Total

Counterfactual explanations for remaining
useful life estimation within a Bayesian

framework
2025 0 0 0 0 0 0 0 0 0 0 1 1

An extensive bibliometric analysis of artificial
intelligence techniques from 2013 to 2023 2025 0 0 0 0 0 0 0 0 0 0 1 1

Generative AI in AI-Based Digital Twins for
Fault Diagnosis for Predictive Maintenance in

Industry 4.0/5.0
2025 0 0 0 0 0 0 0 0 0 0 3 3

Enhancing transparency and trust in
AI-powered manufacturing: A survey of

explainable AI (XAI) applications in smart
manufacturing in the era of industry 4.0/5.0

2025 0 0 0 0 0 0 0 0 0 0 2 3

How do ML practitioners perceive
explainability? an interview study of

practices and challenges
2025 0 0 0 0 0 0 0 0 0 0 1 1

A cognitive digital twin for process chain
anomaly detection and bottleneck analysis 2025 0 0 0 0 0 0 0 0 0 0 1 1

A Comparative Analysis of LIME and SHAP
Interpreters With Explainable ML-Based

Diabetes Predictions
2025 0 0 0 0 0 0 0 0 0 6 11 17

Artificial Intelligence and Smart Technologies
in Safety Management: A Comprehensive

Analysis Across Multiple Industries
2024 0 0 0 0 0 0 0 0 0 0 6 6

Explainable artificial intelligence to increase
transparency for revolutionizing healthcare

ecosystem and the road ahead
2024 0 0 0 0 0 0 0 0 0 10 10 20

On the Application of Artificial
Intelligence/Machine Learning (AI/ML) in

Late-Stage Clinical Development
2024 0 0 0 0 0 0 0 0 0 0 1 1

Evaluative Item-Contrastive Explanations in
Rankings 2024 0 0 0 0 0 0 0 0 0 0 1 1

Barriers to adopting artificial intelligence and
machine learning technologies in nuclear

power
2024 0 0 0 0 0 0 0 0 0 2 3 5

Intelligent decision support systems in
construction engineering: An artificial

intelligence and machine learning approaches
2024 0 0 0 0 0 0 0 0 0 9 15 24

Explainable artificial intelligence (XAI) in
finance: a systematic literature review 2024 0 0 0 0 0 0 0 0 0 2 30 32

https://susy.mdpi.com/user/manuscripts/displayFile/370357210bbe42726c68cc4a22ed82b5/dataset_file
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Table A1. Cont.

Documents ≤2015 2016 2017 2018 2019 2021 2021 2022 2023 2024 2025 Total

Leveraging artificial intelligence for enhanced
risk management in banking: A systematic

literature review
2024 0 0 0 0 0 0 0 0 0 4 1 5

An Interrogative Survey of Explainable AI in
Manufacturing 2024 0 0 0 0 0 0 0 0 0 6 9 15

An explanation framework and method for
AI-based text emotion analysis and

visualisation
2024 0 0 0 0 0 0 0 0 0 9 11 20

Artificial intelligence in manufacturing:
Enabling intelligent, flexible and

cost-effective production through AI
2024 0 0 0 0 0 0 0 0 0 1 3 4

Recent trends and advances in machine
learning challenges and applications for

industry 4.0
2024 0 0 0 0 0 0 0 0 0 0 1 1

Harnessing Deep Learning for Fault
Detection in Industry 4.0: A Multimodal

Approach
2024 0 0 0 0 0 0 0 0 0 0 1 1

A Conceptual Framework for Predictive
Digital Dairy Twins: Integrating Explainable

AI and Hybrid Modeling
2024 0 0 0 0 0 0 0 0 0 0 1 1

Advancing Manufacturing Through Artificial
Intelligence: Current Landscape, Perspectives,

Best Practices, Challenges, and Future
Direction

2024 0 0 0 0 0 0 0 0 0 1 5 6

Leveraging Information Flow-Based Fuzzy
Cognitive Maps for Interpretable Fault

Diagnosis in Industrial Robotics
2024 0 0 0 0 0 0 0 0 0 0 2 2

Potential Technological Advancements in the
Future of Process Control and Automation 2024 0 0 0 0 0 0 0 0 0 1 2 3

Explainability of Brain Tumor Classification
Based on Region 2024 0 0 0 0 0 0 0 0 0 0 4 4

Explainable AI for Industry 5.0: Vision,
Architecture, and Potential Directions 2024 0 0 0 0 0 0 0 0 0 6 9 15

Insightful Clinical Assistance for Anemia
Prediction with Data Analysis and

Explainable AI
2024 0 0 0 0 0 0 0 0 0 2 1 3

Explainable AI for Cyber-Physical Systems:
Issues and Challenges 2024 0 0 0 0 0 0 0 0 0 6 6 12

Impact of social media posts’ characteristics
on movie performance prior to release: an

explainable machine learning approach
2024 0 0 0 0 0 0 0 0 0 0 4 4

Trustworthiness of the AI 2024 0 0 0 0 0 0 0 0 0 0 2 2

Explainable Predictive Maintenance: A
Survey of Current Methods, Challenges and

Opportunities
2024 0 0 0 0 0 0 0 0 0 10 15 25

Explainable AI for 6G Use Cases: Technical
Aspects and Research Challenges 2024 0 0 0 0 0 0 0 0 0 10 18 28

Toward Transparent AI for Neurological
Disorders: A Feature Extraction and

Relevance Analysis Framework
2024 0 0 0 0 0 0 0 0 0 3 5 8

Translating Image XAI to Multivariate Time
Series 2024 0 0 0 0 0 0 0 0 0 1 2 3

Explainable Predictive Maintenance of
Rotating Machines Using LIME, SHAP, PDP,

ICE
2024 0 0 0 0 0 0 0 0 0 9 20 29
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Table A1. Cont.

Documents ≤2015 2016 2017 2018 2019 2021 2021 2022 2023 2024 2025 Total

AI-Based Task Classification with Pressure
Insoles for Occupational Safety 2024 0 0 0 0 0 0 0 0 0 3 2 5

Moving Towards Explainable Artificial
Intelligence Using Fuzzy Rule-Based

Networks in Decision-Making Process
2024 0 0 0 0 0 0 0 0 0 1 0 1

Deep Learning in Industry 4.0: Transforming
Manufacturing Through Data-Driven

Innovation
2024 0 0 0 0 0 0 0 0 0 5 7 12

Expl(AI)ned: The Impact of Explainable
Artificial Intelligence on Users’ Information

Processing
2023 0 0 0 0 0 0 0 0 5 37 39 81

ENIGMA: An explainable digital twin
security solution for cyber–physical systems 2023 0 0 0 0 0 0 0 0 3 22 21 46

TEA-EKHO-IDS: An intrusion detection
system for industrial CPS with trustworthy

explainable AI and enhanced krill herd
optimization

2023 0 0 0 0 0 0 0 0 2 15 5 22

An optimized model for network intrusion
detection systems in industry 4.0 using XAI

based Bi-LSTM framework
2023 0 0 0 0 0 0 0 0 6 29 22 57

An Explainable AI Framework for Artificial
Intelligence of Medical Things 2023 0 0 0 0 0 0 0 0 0 4 4 8

Explainable AI for Breast Cancer Detection: A
LIME-Driven Approach 2023 0 0 0 0 0 0 0 0 0 3 0 3

Explainable Artificial Intelligence: A Study of
Current State-of-the-Art Techniques for
Making ML Models Interpretable and

Transparent

2023 0 0 0 0 0 0 0 0 0 1 1 2

AI-enabled IoT Applications: Towards a
Transparent Governance Framework 2023 0 0 0 0 0 0 0 0 0 3 1 4

Towards Explainable AI Validation in
Industry 4.0: A Fuzzy Cognitive Map-based

Evaluation Framework for Assessing
Business Value

2023 0 0 0 0 0 0 0 0 0 0 1 1

A novel Explainable Artificial Intelligence
and secure Artificial Intelligence asset sharing

platform for the manufacturing industry
2023 0 0 0 0 0 0 0 0 0 3 0 3

XAI Requirements in Smart Production
Processes: A Case Study 2023 0 0 0 0 0 0 0 0 0 6 4 10

Introduction to artificial intelligence and
current trends 2023 0 0 0 0 0 0 0 0 0 4 4 8

Explainable Artificial Intelligence (XAI) for
the Prediction of Diabetes Management: An

Ensemble Approach
2023 0 0 0 0 0 0 0 0 2 4 3 9

Explainable Artificial Intelligence (XAI)
Based Analysis of Stress Among Tech
Workers Amidst COVID-19 Pandemic

2023 0 0 0 0 0 0 0 0 1 7 0 8

A Review of Trustworthy and Explainable
Artificial Intelligence (XAI) 2023 0 0 0 0 0 0 0 0 5 61 48 114

6G-BRICKS: Developing a Modern
Experimentation Facility for Validation,

Testing and Showcasing of 6G Breakthrough
Technologies and Devices

2023 0 0 0 0 0 0 0 0 0 2 0 2

Application of explainable artificial
intelligence in medical health: A systematic

review of interpretability methods
2023 0 0 0 0 0 0 0 0 1 54 41 96

Transparent Artificial Intelligence and
Human Resource Management: A Systematic

Literature Review
2023 0 0 0 0 0 0 0 0 0 1 0 1
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CHAIKMAT 4.0—Commonsense Knowledge
and Hybrid Artificial Intelligence for Trusted

Flexible Manufacturing
2023 0 0 0 0 0 0 0 0 2 1 1 4

Human-in-Loop: A Review of Smart
Manufacturing Deployments 2023 0 0 0 0 0 0 0 0 2 15 4 21

Towards big industrial data mining through
explainable automated machine learning 2022 0 0 0 0 0 0 0 8 10 18 12 48

Internet-of-Explainable-Digital-Twins: A Case
Study of Versatile Corn Production Ecosystem 2022 0 0 0 0 0 0 0 1 1 3 2 7

Using an Explainable Machine Learning
Approach to Minimize Opportunistic

Maintenance Interventions
2022 0 0 0 0 0 0 0 0 1 3 1 5

Resource Reservation in Sliced Networks: An
Explainable Artificial Intelligence (XAI)

Approach
2022 0 0 0 0 0 0 0 0 2 10 5 17

Information Model to Advance Explainable
AI-Based Decision Support Systems in

Manufacturing System Design
2022 0 0 0 0 0 0 0 1 1 4 3 9

On the Intersection of Explainable and
Reliable AI for Physical Fatigue Prediction 2022 0 0 0 0 0 0 0 0 2 10 2 14

Explainable AI for Industry 4.0: Semantic
Representation of Deep Learning Models 2022 0 0 0 0 0 0 0 2 7 12 5 26

XAI for operations in the process
industry—Applications, theses, and research

directions
2021 0 0 0 0 0 0 0 1 0 1 1 3

IEC 61499 Device Management Model
through the lenses of RMAS 2021 0 0 0 0 0 0 1 3 0 5 1 10

A human cyber physical system framework
for operator 4.0—artificial intelligence

symbiosis
2020 0 0 0 0 0 0 10 15 12 15 5 57

Choose for AI and for explainability 2020 0 0 0 0 0 0 0 0 1 0 0 1

Depicting Decision-Making: A Type-2 Fuzzy
Logic Based Explainable Artificial Intelligence

System for Goal-Driven Simulation in the
Workforce Allocation Domain

2019 0 0 0 0 0 0 4 3 2 5 1 15

A fuzzy linguistic supported framework to
increase Artificial Intelligence intelligibility

for subject matter experts
2019 0 0 0 0 0 0 0 0 1 1 0 2

Interval type-2 fuzzy logic based stacked
autoencoder deep neural network for
generating explainable AI models in

workforce optimization

2018 0 0 0 1 1 2 0 3 2 1 0 10

Working with beliefs: AI transparency in the
enterprise 2018 0 0 0 0 2 2 3 9 3 0 0 19

Total 0 0 0 1 3 4 18 46 74 467 454 1068
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