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Abstract

The rapid development of artificial intelligence (AI) is accompanied by increasing computational 
complexity and decreasing model transparency, which significantly limits its adoption in critical 
domains that require a high level of trust, interpretability, and justification of decisions. Under these 
conditions, the field of Explainable Artificial Intelligence (XAI) has gained particular importance as it 
focuses on approaches and technologies that enable understanding of AI system logic and interpretation 
of their outputs. This article examines the timely topic of implementing XAI in the context of Industry 
5.0. Special attention is given to practical application scenarios: the authors present concrete industrial 
cases from IBM, Siemens, and other companies demonstrating how XAI contributes to enhancing 
the reliability, safety, efficiency, and trustworthiness of AI systems. The study includes a systematic 
search and analysis of the literature in this domain and proposes well-grounded key criteria for 
comparing existing XAI approaches. The article also outlines the advantages, current limitations, and 
promising directions for the development of XAI, highlighting the opportunities it opens for improving 
effectiveness, transparency, and trust in business.
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Introduction

The emergence of explainable artificial intel-
ligence (XAI) is directly associated with the 
rapid progress of modern machine learning 

methods, particularly deep neural networks. These 
models have demonstrated outstanding performance 
across a wide range of tasks; however, they have also 
come to be perceived as so-called “black boxes”, that 
is, highly complex systems whose internal mechanisms 
are largely opaque to users [1]. In contrast to earlier 
AI systems, such as expert systems or rule-based mod-
els that were relatively transparent, contemporary deep 
learning algorithms contain millions of parameters. As 
their complexity has increased, interpreting the deci-
sions they produce has become nearly impossible in 
practice. This has given rise to what is often described 
as an “explainability barrier”, which limits the adop-
tion of AI due to insufficient trust in opaque models 
[2].

Modern society expects artificial intelligence to be 
not only effective, but also reliable, transparent, and 
fair [3–5]. A lack of clear explanations for algorithmic 
decisions leads to concerns among users as well as reg-
ulatory authorities.

Explainable artificial intelligence has emerged 
as a response to this challenge. Its primary aim is to 
improve the interpretability and transparency of AI 
black-box models. XAI seeks to bridge the gap between 
the growing complexity of modern algorithms and the 
human need to understand the results they generate. 
Within the XAI paradigm, methods, techniques, and 
algorithms are developed to provide interpretable and 
intuitively meaningful explanations of AI-driven deci-
sions. In this way, XAI offers developers, users, and 
regulators clear and well-reasoned explanations.

Within the human-centric vision of Industry 5.0, 
XAI is regarded as a key enabler of successful AI 
deployment. It allows users to understand and trust 
algorithmic outcomes, which is essential for effec-
tive human-machine interaction. Explainable AI 
also helps ensure that digital systems remain ethi-
cal, accountable, and aligned with human values and 
objectives [6, 7].

For business leaders, XAI is no longer merely a 
technical add-on, but a necessary condition for effec-
tive decision-making and governance. As algorithmic 
complexity increases, black-box models deprive man-
agers of the ability to assess the rationale behind deci-
sions that underpin strategic and operational actions. 
The adoption of XAI helps address this challenge by 
providing transparent explanations of algorithmic 
behavior. This supports more informed and responsi-
ble decision-making, reduces organizational risks, and 
creates new opportunities for innovation and develop-
ment. For companies seeking to remain competitive in 
the context of Industry 5.0, the implementation of XAI 
becomes a strategic necessity [8–10].

In this study, the authors analyze contemporary 
approaches and requirements related to explainabil-
ity that aim to enhance the transparency and reli-
ability of intelligent systems and to strengthen trust 
in their decisions. A systematic literature review on 
XAI was conducted based on defined inclusion and 
exclusion criteria, analysis of citation databases, and 
structured synthesis of the selected publications. Sec-
tion 1 examines the nature of XAI in the context of 
Industry 5.0, discusses its role and the black-box 
problem in business applications, and compares exist-
ing approaches. Section 2 focuses on opportunities 
for applying XAI in business and key directions for 
its adoption. Section 3 presents practical cases and 

Keywords: XAI, explainable artificial intelligence, Industry 5.0, machine learning, industry

Citation: Avdoshin, S. M., & Pesotskaya, E. Yu. (2026). Explainable AI for Industry 5.0: Shedding light on the black 
box. Business Informatics, 20(1), 7–28. https://doi.org/10.17323/2587-814X.2026.1.7.28

	8	 Sergey Mikhailovich Avdoshin, Elena Yuryevna Pesotskaya



BUSINESS INFORMATICS        Vol. 20         No. 1        2026

industry examples demonstrating the effectiveness of 
XAI in corporate settings. Section 4 analyzes barriers 
and limitations that hinder the widespread adoption 
of XAI and assesses associated risks. Finally, Section 
5 discusses promising directions for future develop-
ment and potential trajectories for the use of XAI in 
business decision-making.

1. The Concept of explainable AI  
in the context of Industry 5.0

1.1. Industry 5.0 and explainable AI

The widespread adoption of artificial intelligence 
(AI) in critical domains has revealed a number of 
challenges related to explainability, particularly in 
the context of Industry 5.0. The European Commis-
sion defines Industry 5.0 as a model of industry that 
complements the existing Industry 4.0 paradigm with a 
human-centric approach and resilience to external dis-
ruptions [11]. While Industry 4.0 primarily focused on 
technologies such as autonomy, digital connectivity, 
and data-driven processes, Industry 5.0 places humans 
at the center, emphasizes close integration with AI, 
and incorporates social responsibility as a core princi-
ple. Industry 5.0 positions human involvement as a key 
element of production and management processes [11, 
12] and promotes closer collaboration between humans 
and AI or robotic systems in the workplace. In this 
paradigm, humans are not removed from decision-
making processes; instead, technologies are designed 
to augment human capabilities, enhance comfort and 
safety, and enable personalized production tailored to 
individual needs.

Under these conditions, XAI becomes a crucial fac-
tor for both trust and effectiveness, serving as a bridge 
between the growing complexity of modern black-box 
models and the demand for reliable and transparent AI 
systems. XAI is commonly defined as the ability of a 
system to provide human-understandable explanations 
of how decisions are made [13]. Its goal is to make AI 
models transparent, interpretable, and trustworthy by 
explaining both the internal processes and the outputs 
of algorithms [14].

The motivation for developing XAI in business is 
largely driven by ethical and legal considerations. First, 
regulators increasingly impose requirements for algo-
rithmic transparency. In the European Union, the con-
cept of a “right to explanation” for decisions made by 
automated systems is actively discussed. For example, in 
the banking sector, if a loan application is rejected by an 
automated decision-making system, the client has the 
right to be informed about the reasons behind that deci-
sion [15]. Such regulations, including the requirements 
of the General Data Protection Regulation (GDPR), 
compel organizations to implement explainability 
mechanisms; otherwise, the use of black-box models 
may entail legal risks and consequences [16].

Second, socio-organizational factors also play a sig-
nificant role. As noted by Zavodna et al. [17], insuf-
ficient transparency of AI systems leads to resistance 
among users and managers during implementation. 
In business practice, there is growing evidence that 
opaque AI systems are often rejected by organizations, 
ultimately reducing the effectiveness of digital transfor-
mation initiatives.

Ensuring explainability is therefore a necessary con-
dition for building trust in AI among employees, cus-
tomers, and service users. According to recent studies 
[18, 19], XAI helps identify and mitigate model biases, 
ensure compliance with ethical standards, and improve 
the justification of algorithmic decisions. As a result, 
explainability increases users’ willingness to accept 
and effectively utilize AI-based systems. It can be con-
cluded that within the human-oriented paradigm of 
Industry 5.0, where machines are intended to comple-
ment rather than replace humans, transparency of AI 
decisions becomes a prerequisite for safe and produc-
tive human-AI collaboration.

As part of this study, a systematic literature search 
and analysis on XAI was conducted based on defined 
inclusion and exclusion criteria, citation database 
analysis, and structured organization of the selected 
materials (Fig. 1). The research is grounded in a com-
prehensive review and analysis of scientific literature 
on explainable artificial intelligence and its applica-
tions in business and Industry 5.0.

Explainable AI for Industry 5.0: Shedding light on the black box	 9
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The most significant growth in publications is 
observed in the period from 2021 to 2024, which can 
be attributed to the increasing business interest in algo-
rithmic transparency and evolving regulatory require-
ments.

The thematic structuring was carried out along the 
following directions, which form the basis of the struc-
ture of this study:

	♦ conceptual foundations of XAI;
	♦ methods and metrics;
	♦ applications in business;
	♦ barriers and risks;
	♦ regulatory aspects.

It is important to note that explainability is not a 
single or static attribute. In academic research on XAI, 
it is treated as a complex, multidimensional criterion 
that encompasses a range of aspects, from model trans-
parency (the extent to which its internal mechanisms 
are accessible for understanding) and interpretability 
(the extent to which one can understand why a specific 
decision was made), to accuracy, fairness, the faithful-
ness of explanations (i.e., avoiding misleading ration-
ales), and accountability. For example, a simple and 

transparent model may be easy to understand, but not 
necessarily accurate. For this reason, each XAI project 
must strike a balance between these dimensions.

Joyce et al. [20] propose to view explainability as a 
function of comprehensibility that reflects both trans-
parency and interpretability. Arrieta et al. [14], along 
with Murdoch [21], place these concepts within a 
broader framework of responsible AI, extending them 
with notions such as trust, reliability, and related con-
siderations. In this article, the authors propose an orig-
inal map of the most commonly discussed explainabil-
ity properties (Fig. 2).

At present, there is no single, widely accepted stand-
ard that defines what should be considered explainabil-
ity in artificial intelligence. This multidimensionality 
reflects the inherent complexity of the concept itself 
and highlights the need for systematization and align-
ment of terminology and evaluation approaches for 
XAI, depending on the application context, including 
the industry, model type, and target audience.

There is also no universal set of quantitative or 
qualitative metrics for measuring the level of explain-
ability. Different approaches rely on different criteria, 
ranging from subjective user understanding of explana-

Fig. 1. Bibliometric analysis methodology.
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tions to formal measures of stability and local fidelity 
of interpretations [22, 23]. As a result, the adoption of 
explainable AI requires not only technical implemen-
tation, but also methodological effort to determine 
what constitutes “sufficient” explainability in a given 
context.

Despite the diversity of existing approaches, it can 
be argued that the comparison of explainability meth-
ods is based on a number of recurring criteria [13, 14, 
20, 21]. The following characteristics are most fre-
quently discussed in the literature:

	♦ Type of explanation (local vs. global, post-hoc vs. 
built-in / intrinsic).

	♦ Transparency and interpretability (the extent to which 
a human can understand the model’s reasoning).

	♦ Stability of explanations (the degree to which expla-
nations change in response to small variations in 
input data).

	♦ Accuracy and informativeness of explanations 
(whether the explanation correctly reflects the mod-
el’s underlying logic).

	♦ Robustness to noise and adversarial attacks (high or 
low robustness).

	♦ Temporal and computational complexity, which is 
particularly important for industrial applications and 
real-time processing (high, medium, or low).

These criteria are widely discussed in international 
studies and are commonly used as a basis for the sys-
tematic comparison of XAI approaches.

1.2. The “black box” problem  
and AI trust in business

The demand for responsible, transparent, and 
human-centric artificial intelligence in business is 
steadily growing, in line with current technological 
and managerial trends. Best practices are gradually 
emerging, industry-specific guidelines are being devel-
oped, primarily in the financial sector and healthcare, 
and many companies begin to define explainability 
requirements independently, based on the specifics of 
their business processes.

In managerial and business domains, the use of arti-
ficial intelligence is already becoming routine, ranging 
from recommendation systems in e-commerce to algo-

Fig. 2. Overview of key explainability characteristics.
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rithms for business process optimization and data-
driven decision-making. However, the willingness of 
companies and organizations to entrust critical pro-
cesses to black-box models remains limited.

A black-box model refers to a system whose inter-
nal structure is hidden or too complex to be under-
stood by humans. Many high-performing machine 
learning algorithms, including deep neural networks 
and ensemble methods, are characterized by a high 
degree of opacity. While such models were previously 
applied to narrowly scoped tasks, this lack of trans-
parency was not considered critical. However, as AI 
systems have increasingly been deployed in domains 
that directly affect human decision-making and 
activities, opacity has become a fundamental issue, 
as emphasized in a number of XAI studies [24–26]. 
As AI systems began to influence decisions with real-
world consequences, the lack of transparency turned 
into a serious concern. For businesses, a key question 
arises: if the internal workings of an algorithm are not 
understood, can its decisions be trusted?

The absence of explanations makes it difficult to 
detect errors and biases. Hidden biases in training 
data may lead to unfair or discriminatory outcomes. 
For example, algorithms used for recruitment or cus-
tomer selection may unintentionally discriminate 
against certain groups of applicants.

When it comes to trust in artificial intelligence, 
especially in high-risk domains such as transporta-
tion, finance, and industry, people tend to reject even 
highly accurate model outputs if no rational explana-
tion is provided. In the banking sector, for instance, 
both clients and managers expect to understand the 
reasons behind a loan rejection. In industrial set-
tings, the absence of explanations may result not only 
in distrust, but also in critical safety risks if a model 
fails. Any decision of significant importance must 
therefore be accompanied by explanations that are 
understandable to humans. Without this, the use of 
black-box models in such domains is generally con-
sidered unacceptable.

A trade-off between model accuracy and interpret-
ability is widely discussed in the literature. Indeed, 

the most transparent models, such as shallow deci-
sion trees, often demonstrate lower accuracy on 
complex tasks compared to deep neural networks. 
Conversely, efforts to maximize performance met-
rics frequently result in highly complex models at 
the expense of interpretability. In practice, this leads 
either to a simpler, so-called ‘gray-box’ models with 
limited performance, or to powerful black-box mod-
els whose high accuracy is achieved through a loss 
of transparency [27, 28]. The objective of XAI is to 
reduce this gap by offering methods that preserve 
predictive performance while providing meaningful 
explanations. However, this trade-off has not yet been 
fully resolved, and the question of how much perfor-
mance can be sacrificed for the sake of transparency 
remains open.

In summary, the black-box problem is not merely a 
technical metaphor, but a serious barrier to the wide-
spread adoption of artificial intelligence across busi-
ness domains.

2. Business needs  
for explainable  

artificial intelligence

Based on the results of the bibliometric analysis, 
the authors found that the most densely represented 
application domains of explainable artificial intelli-
gence today are finance and industry. In these areas, 
XAI is used both to build trust in algorithmic systems 
and to support operational and strategic decision-
making. The energy sector, public administration, 
and healthcare appear predominantly in studies of a 
regulatory and normative nature, reflecting the grow-
ing attention to transparency, auditability, and non-
discrimination of algorithms in high-risk domains.

Logistics is emerging as a new and rapidly devel-
oping area of XAI application. Although the number 
of publications in this field remains relatively limited, 
the domain demonstrates strong growth and increas-
ing interest from both researchers and companies in 
explainability for supply chain systems and intelligent 
optimization (Table 1).
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Table 1.
Bibliometric analysis of XAI application areas in various industries
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Research focus and key ideas

1. Martins et al. (2024) [10] X X X X Overview of XAI in finance; SHAP/LIME;  
transparency of credit scoring

2. Gramegna & Scardapane (2021) [31] X X Discrimination assessment; explainability in credit risk

3. Hjelkrem & de Lange (2023) [32] X X Explaining deep learning models in open banking

4. Poyiadzi et al. (FACE, 2020) [30] X X X X X Counterfactual explanations; applicability  
across domains

5. Weitz et al. (2022) [18] X X AI acceptability; reduction of organizational resistance

6. Chehbi-Gamoura (2023) [6] X X Explainability in decision-making

7. Tabassi (NIST AI RMF, 2023) [16] X X X X X X X X Regulatory requirements for XAI

8. EU AI Act (2024) [41] X X X X X X X X Legal requirements for explainability

9. Ahmed et al. (2022) [12] X X X X XAI in Industry 4.0 / Industry 5.0

10. Adadi & Berrada (2018) [13] X X X X X X XAI taxonomy; post-hoc methods

11. Arrieta et al. (2020) [14] X X X X X X X X Responsible AI; properties of explainability

12. Černevičienė & Kabasinskas (2024) [42] X X X X Systematic review of XAI in finance; tasks:  
scoring; SHAP/ANN/XGBoost methods

13. Brasse et al. (2023) [43] X X X XAI in information systems; classification  
of research directions

14. Samek W., Montavon G., et al. (2019) [1] X X X X Survey of XAI methods; taxonomy of rule-based,  
model-agnostic and intrinsic models; widely cited

15. Carvalho et al. (2019) [44] X X X X Systematic review of XAI challenges; industry-focused 
limitations and opportunities

16. Molnar (2025) [45] X X X X Comprehensive interpretability; model-agnostic  
techniques; stability of explanations

17. Angelov et al. (2021) [46] X X X Explainable-by-design methods; self-explainable  
models; interpretable fuzzy-rule

18. Rai (2020) [47] X X X X Explainable AI in management and decision support; 
accountability frameworks

19. Samek & Müller (2017) [22] X X X Visualization techniques; explainability evaluation; 
relevance propagation

20. Liao & Varshney (2021) [48] X X X X Human-centered XAI; user modeling;  
adaptive explanations for stakeholders

21. Chamola V et al. (2023) [49] X X X X X X Explainability in cyber-physical systems;  
domain-aware explanations; OT/IT integration

22. Belle & Papantonis (2021) [50] X X X Logic-based XAI; symbolic reasoning; foundations  
for transparent decision-making
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The integration of explainable algorithms into real-
world practice helps mitigate the black-box prob-
lem and makes AI systems more understandable and 
acceptable for business use. Requirements for explain-
able AI in business, economics, and management can 
be classified into several key dimensions that reflect 
both the practical needs of organizations for explaina-
ble algorithms and the demands imposed by the exter-
nal environment.

A. Trust and transparency of decisions. Trust is 
regarded as a fundamental prerequisite for the func-
tioning of artificial intelligence systems in the digi-
tal economy [29]. Explainable AI can provide expla-
nations in a human-understandable form, thereby 
reducing the risks of mistrust and discrimination, 
and justifying AI-based recommendations to clients, 
shareholders, auditors, and employees. For example, 
XAI-based credit scoring systems can detail the con-
tribution of individual factors such as income level or 
credit history, thus meeting regulatory requirements 
and strengthening customer trust. In human resource 
management, explainability helps prevent unjustified 
decisions. If an algorithm filters out job candidates, 
a company must ensure that this occurs for relevant 
reasons rather than due to hidden discrimination. By 
providing HR specialists with interpretable criteria 
and information about which skills or competencies 
were decisive, XAI makes the selection process more 
transparent and fair. This reduces the risk of bias and 
increases employee trust in such systems.

B. Integration of AI into operational workflows. 
Explainability facilitates the integration of algorithms 
into everyday work processes, reduces staff resist-
ance, and helps establish a shared “language” between 
humans and AI systems. At the organizational level, 
researchers introduce the concept of AI acceptabil-
ity, which reflects the willingness of employees and 
managers to adopt and use AI tools. Empirical studies 
show that the main barriers are socio-organizational 
factors, largely related to trust and understanding [16, 
43]. Employees may resist algorithmic decision-mak-
ing due to fears of losing control or skepticism toward 
“machine-generated” outcomes. However, when sys-
tems provide clear explanations and involve users in 

the decision-making process, the likelihood of mutual 
and trust-based collaboration increases. For instance, 
engineers are more likely to rely on a predictive system 
if it indicates which specific sensor readings led to a 
given forecast and provides relevant contextual infor-
mation.

C. Strategic management and business analytics. 
XAI supports top management and business owners 
in strategic decision-making. Businesses increasingly 
rely on analytical models for strategic planning, risk 
assessment, and analysis of consumer behavior. How-
ever, executives are often unwilling to base decisions 
on model outputs if the underlying assumptions and 
reasoning are unclear. As a result, explainable models, 
such as econometric models with interpretable coeffi-
cients or advanced machine learning models enriched 
with XAI explanations, are preferred in corporate ana-
lytics.

Recent surveys, including the work by Tchuente, 
Lonlac, and Kamsu-Foguem [9], propose a structured 
evaluation approach based on theoretical foundations, 
application context, data and task characteristics, and 
solution methodology (TCCM: Theory, Context, 
Characteristics, Methodology). In real-world set-
tings, it is important to explain the entire managerial 
decision-making process: why a particular question 
is posed, why specific data are used, how the model 
arrives at its conclusions, and whether domain experts 
validate these explanations in practice. Without human 
validation of explanations, the application of XAI in 
business remains incomplete. This is why experts rec-
ommend establishing an iterative cycle consisting of 
model development, explanation generation, expert 
evaluation of explanations, and subsequent adjustment 
of the model or its application.

D. Control of complex industrial systems. Modern 
industrial environments generate vast amounts of data, 
ranging from equipment sensor readings to financial 
and logistics information. AI models are capable of 
identifying hidden patterns in these data and optimiz-
ing operations. Nevertheless, engineers and operators 
must understand these patterns, especially when sys-
tems propose non-standard actions, such as shutting 
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down a machine due to a detected anomaly. XAI ena-
bles the integration of explanatory modules into indus-
trial analytics systems, clarifying which sensors or 
indicators exceeded normal thresholds, why a failure is 
predicted, or which factor was decisive in identifying a 
product defect.

For these purposes, the FACE (Feasible and 
Actionable Counterfactual Explanations) approach 
has proven effective and is well documented in the 
literature [30]. FACE identifies realistic and achiev-
able pathways from the current state to a desired out-
come while accounting for feasibility constraints such 
as technological tolerances, safety requirements, and 
operational regulations. As a result, personnel receive 
explanations from AI systems in an understandable 
form, whether as charts, textual descriptions, or vis-
ual highlights of problematic components within sys-
tem diagrams. These explanations indicate which fac-
tors were critical to the system’s conclusions and what 
changes are required. If a robot or automated produc-
tion line behaves unpredictably, this poses risks to 
both personnel and production safety. The availabil-
ity of explanations, for example, “the robot reduced 
speed because a sensor detected a deviation in raw 
material quality,” allows engineers to analyze the data 
and rules underlying the decision and to adjust the 
algorithm to prevent similar errors in the future.

E. Compliance with regulatory requirements. Many 
sectors of the economy are subject to strict regulation, 
including finance, industry, and energy. To avoid repu-
tational and legal risks, businesses require ethical over-
sight mechanisms and algorithmic audit procedures. 
XAI tools provide technical support for these initia-
tives. In effect, explainability becomes a competitive 
advantage: companies that can demonstrate the trans-
parency and fairness of their algorithms gain greater 
trust from both consumers and regulators [10], includ-
ing in the context of regulations such as the GDPR [15] 
and the AI Act [41].

In summary, in business, economics, and manage-
ment, explainable AI enhances the transparency of 
business analytics, improves human-algorithm inter-
action within organizations, and supports compliance 

with ethical and regulatory standards. Explainabil-
ity is gradually becoming part of corporate data cul-
ture. Managerial decisions are now expected to be not 
only data-driven, but also explanation-driven, that is, 
accompanied by clear and understandable justifica-
tions. Only when algorithmic decisions are supported 
by meaningful explanations are all stakeholders willing 
to accept and endorse them.

3. Practical applications of XAI:  
Use cases and industries

Explainable artificial intelligence is most in 
demand in domains where automated decisions have 
a direct impact on people, their health, well-being, 
rights, and safety. In such contexts, improving predic-
tive accuracy alone is insufficient. It becomes essen-
tial to ensure that decisions are understandable and 
well justified, which makes XAI a critical component 
of AI deployment.

Below, we outline key business domains in which 
XAI is already being applied or actively introduced, 
along with representative use cases and tasks where 
explainability plays a decisive role.

3.1. Financial sector

Finance can be regarded as one of the core sec-
tors and among the most heavily regulated areas of AI 
application. Here, explainability directly affects not 
only customer trust but also compliance with man-
datory legal and ethical requirements. At the same 
time, a well-known tension exists between accuracy 
and interpretability: deep learning models often dem-
onstrate high predictive performance but remain dif-
ficult to explain. To improve transparency, banks tend 
to rely either on more interpretable models, such as 
gradient boosting methods where feature importance 
can be assessed, or on the application of XAI tech-
niques. These include interpretable scoring cards and 
monotonic Gradient Boosting Machines (GBMs), 
which preserve logical relationships between input 
factors and the final score.

Explainable AI for Industry 5.0: Shedding light on the black box	 15
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Methods such as LIME (Local Interpretable Model-
agnostic Explanations) and SHAP (SHapley Additive 
Explanations) are gaining increasing popularity, par-
ticularly in credit scoring, investment analysis, and risk 
assessment, as reported in recent studies [31–33].

 Credit scoring and loan approval. When credit deci-
sions are made automatically, banks are often required 
to provide borrowers with reasons for rejection. Cus-
tomers have the right to understand why their applica-
tion was denied, while banks must ensure that model 
decisions are not based on discriminatory attributes 
such as gender, age, or ethnicity. SHAP, for instance, 
provides numerical estimates of feature contribu-
tions. These values can be simplified and communi-
cated as human-readable justifications, for example: 
insufficient income (–20 points), short credit history 
(–15), high current debt (–10). The model can then 
analyze what changes in the input data would lead to 
a different outcome and suggest ways for the customer 
to improve creditworthiness. This approach satisfies 
regulatory requirements while also improving trans-
parency and customer understanding.

 Investments and trading. In investment analysis, 
explainability acts as a trust-building factor between 
the system and its users. Algorithms that generate 
investment recommendations must justify them in 
order to persuade investors to follow such advice. 
Investors relying on AI-based recommendations need 
to understand which macroeconomic or market sig-
nals underlie a forecast. Explanations may take the 
form of narrative reasoning, for example: “We rec-
ommend reducing equity exposure due to emerging 
risk signals, such as rising inflation and declining cor-
porate earnings.” Such explanations help justify deci-
sions and reduce both regulatory and reputational 
risks.

Risk analysis and fraud detection. The growing com-
plexity of financial transactions and the constant evo-
lution of fraud schemes require explainable solutions. 
In this area, XAI serves as a tool for expert validation 
of model behavior. Explainability helps clarify why 
a transaction was flagged as suspicious, for example 
due to an unusual geographic location or an exceeded 

transaction limit. This makes it possible to distinguish 
genuine threats from false positives and reduces oper-
ational costs. The use of XAI in insurance analytics 
and risk management further improves the interac-
tion between algorithmic outputs and expert judg-
ment, enabling model correction, retraining, and the 
creation of additional competitive advantages [34].

3.2. Industry

Another key domain for XAI adoption is indus-
try and so-called smart manufacturing, where AI is 
used to predict equipment failures, optimize product 
quality, and manage supply chains. In the context of 
Industry 5.0, it becomes critical not only to predict 
events but also to explain the reasoning behind algo-
rithmic recommendations. This allows engineers and 
operators to trust system outputs and act upon them.

Predictive maintenance. Traditional maintenance 
approaches face multiple challenges. Algorithms often 
generate numerous false alarms without explaining 
their origin, leading to unnecessary inspections and 
downtime. Moreover, sensor-based data are highly 
dynamic: after repairs or upgrades, equipment behav-
ior changes, reducing predictive accuracy and causing 
data drift. Operators may also receive opaque alerts 
without understanding which parameters triggered 
them or what actions should be taken.

Research by Watanabe et al. shows that constrained 
generalized additive models (GA2M+) combine 
strong predictive performance with a structure that is 
more interpretable for engineers and aligned with the 
physical logic of processes [35]. Risk attribution tech-
niques for time series analysis enable the assessment 
of individual factor contributions within specific 
observation windows. Surrogate rule-based decision 
trees built on top of black-box models translate com-
plex predictions into simple, operator-friendly expla-
nations, while counterfactual explanations indicate 
which parameter changes would reduce failure prob-
ability to an acceptable level.

A practical example is IBM Maximo Predict [36], 
which uses AI together with sensor data, mainte-
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nance reports, and failure histories to forecast equip-
ment breakdowns and provide interpretable explana-
tions to specialists. As shown by Hermans et al. [37], 
incorporating SHAP analysis and interpretable mod-
els into predictive maintenance systems can reduce 
false-positive alerts by more than 90 percent, signifi-
cantly increasing engineer trust and operational effi-
ciency.

Quality control. XAI is also becoming increasingly 
important in product quality inspection. Computer 
vision algorithms are widely used to detect defects on 
production lines, but traditional models often limit 
output to binary classifications without explaining 
the reasons behind them. This undermines opera-
tor trust and complicates root cause analysis. Inter-
pretation techniques such as LIME and SHAP allow 
visualization of image regions that were decisive for 
classification. As a result, engineers can better under-
stand system decisions, identify defect sources more 
quickly, and more confidently adopt automated qual-
ity control.

Logistics. Logistics and supply chain manage-
ment benefit from AI in route optimization, resource 
allocation, and warehouse management. However, 
inventory and delivery optimization algorithms are 
often perceived by managers as black boxes, which 
reduces their willingness to adopt recommended 
strategies. Explainability helps overcome this bar-
rier. Systems that clearly demonstrate which factors, 
such as demand growth, supplier delays, or trans-
portation cost changes, influenced a decision inspire 
greater trust and improve alignment between human 
judgment and algorithmic recommendations. Experi-
mental studies show that the use of SHAP and LIME 
increases transparency and trust in AI-driven logistics 
and inventory management decisions [38].

The concept of industrial XAI for manufactur-
ing processes is actively promoted by Siemens. In 
its technical report [39], the company emphasizes 
explainability as a core requirement for industrial 
AI, stating that it must be ensured throughout the 
entire lifecycle of AI systems, from problem formu-
lation to monitoring and operational support. This 

example highlights the growing role of XAI as a 
mandatory element for transparency and governance 
in Industry 5.0 systems.

The range of domains in which AI can be applied 
is much broader. Beyond business, transparency and 
explainable AI are increasingly relevant in social 
domains such as healthcare, politics, law, and pub-
lic administration, where the cost of decisions is par-
ticularly high and public trust is critical. At the same 
time, many areas remain less explored from an XAI 
perspective, especially where AI adoption is still lim-
ited. These include agriculture, such as crop yield 
forecasting and machinery management, energy sys-
tems optimization, the entertainment industry, where 
understanding audience preferences is essential, as 
well as culture and the arts.

4. Barriers to XAI adoption:  
Economic, technical,  

and organizational factors

Despite the clear benefits of XAI in terms of trust 
enhancement and risk reduction, its widespread 
adoption in business still faces significant barriers. A 
central question in the business environment is return 
on investment. If the benefits are not immediately 
visible or do not directly translate into profit growth, 
XAI may be perceived as an optional feature. To con-
vince management or investors, tangible effects must 
be demonstrated: increased customer loyalty, reduced 
error rates, or lower compliance costs. Such conclu-
sions require empirical evidence, yet compared to tra-
ditional AI deployments, there are still relatively few 
published cases that quantify the impact of XAI.

To further clarify and empirically validate the key 
barriers to XAI adoption in business and industrial 
contexts, a targeted bibliographic analysis of scientific 
publications was conducted (Table 2). The analysis 
included only studies in which XAI is examined not 
as an abstract technical concept, but in the context of 
real-world applications in organizations, industry, dig-
ital manufacturing, corporate governance, the finan-
cial sector, or the regulation of high-risk AI systems.
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The most frequently cited barrier in the literature 
relates to organizational challenges. The human factor, 
rooted in long-standing reliance on personal expertise 
and intuition, often leads to organizational resistance 
to the adoption of XAI. Not all organizations are ready 
to accept “advice from a machine.” Concerns arise as 
to whether employees will trust insights generated by 
AI without an adequate level of explainability. In addi-
tion, effective use of XAI requires new roles, ranging 
from explanation designers to interpretation special-
ists. Investments in staff training are therefore neces-
sary so that employees perceive XAI as a supportive 
tool rather than a threat to their professional position.

Resistance may also result in slower decision-mak-
ing processes. Explainable models require time for 
review and interpretation, which contrasts with the 
business drive for speed and efficiency. If not properly 
integrated into workflows, XAI can reduce operational 
agility. This creates a need for time-saving solutions, 
for example, reducing the number of meetings because 
all participants immediately understand the algo-
rithm’s logic and spend less time debating the validity 
or transparency of its outcomes.

Another important barrier is the lack of personaliza-
tion of explanations. Most current XAI systems provide 
standardized explanations without accounting for the 
user’s level of expertise, task, or situational context. As 
a result, explanations may be overly complex for some 
users and overly simplistic for others. Research has 
begun to explore adaptive explanation approaches, in 
which the system assesses whether the user has under-
stood previous explanations and adjusts the level of 
detail accordingly. However, such methods have not 
yet been widely adopted in practice.

Technical limitations and resource constraints rep-
resent another major obstacle. Many XAI methods 
remain at the level of research prototypes, often imple-
mented as scripts or notebooks that are difficult to inte-
grate into production environments. These methods 
can be computationally intensive, slow, and depend-
ent on access to the internal structure of models. For 
example, generating a single explanation using LIME 
may require hundreds or even thousands of model 
evaluations, resulting in substantial computational 
overhead [40]. In real-world settings, engineering 
teams are forced to seek compromises, such as cach-
ing, approximation techniques, or optimization of XAI 

Table 2.
Taxonomy of XAI adoption barriers

Type of barrier 
based on bibliographic analysis Source

1. Technical limitations (integration complexity,  
lack of standards, low performance of XAI methods) [7], [8], [9], [10], [12], [25], [27], [28], [36], [39], [40], [43], [49], [58]

2. Organizational challenges (lack of competencies,  
need for staff training, process changes) [6], [7], [8], [9], [11], [12], [17], [18], [19], [29], [36], [39], [47], [48], [43], [54], [55]

3. Economic barriers (implementation costs,  
return on investment (ROI), resource constraints) [7], [8], [9], [12], [17], [18], [19], [29], [34], [36], [39], [42]

4. Regulatory and compliance barriers [3], [4], [10], [11], [12], [15], [16], [29], [34], [36], [39], [41], [42]

5. User-related / human factors (trust, cognitive load,  
non-intuitive explanations) [6], [8], [9], [11], [17], [18], [19], [29], [36], [39], [47], [48], [49], [54], [55]
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components, to ensure that explanations can be deliv-
ered in real time or within acceptable latency. Users are 
unlikely to tolerate long delays while a system “thinks” 
about an explanation.

In addition, there is a lack of widely accepted indus-
try standards for explanation formats and no unified 
platform that supports all models out of the box. As a 
result, companies often develop XAI solutions tailored 
to their specific needs. This leads to duplicated efforts, 
increased costs, and limited scalability, as each organi-
zation invests its own time and resources into bespoke 
implementations.

Finally, high implementation costs and complex-
ity pose a significant constraint. Explainability is often 
treated as an additional module that requires interface 
redesign, business process adaptation, and substantial 
team preparation. In financial institutions, for example, 
it is not sufficient to generate explanations for scoring 
models; employees must be trained, client-facing inter-
faces updated, and explanations presented in a clear and 
compliant manner. These associated costs can hinder 
adoption, particularly when XAI is not explicitly man-
dated by regulators or industry standards. Consequently, 
even where the importance of explainability is acknowl-
edged, XAI may still be perceived as a secondary feature 
rather than a necessary strategic investment.

The identified barriers can be represented in the 
form of a risk map, allowing for the assessment of their 

likelihood and potential negative impact. In Fig. 3, the 
authors highlight key risks with medium to high proba-
bility of occurrence and the most significant economic, 
technical, and organizational consequences associated 
with the implementation and use of XAI in business 
contexts. Table 3 presents the mitigating measures.

To overcome the identified risks and barriers, it is 
necessary not only to advance technologies and sys-
tem architectures, but also to establish new standards, 
develop relevant competencies, and adapt business 
processes. In addition, specialized artifacts need to be 
designed, which are discussed in the following sec-
tions.

5. The future of XAI adoption  
in business AI solutions

Industry 5.0 effectively positions explainable AI as a 
standard rather than an optional feature. This require-
ment creates the foundation for genuine human-AI 
partnership, which is frequently highlighted as a core 
principle of Industry 5.0. In the factories and organi-
zations of the future, highly skilled operators and man-
agers will make decisions jointly with AI systems: the 
AI will identify risks or optimization opportunities, 
explain the logic behind its recommendations, while 
the human expert, having understood this logic, will 
approve or reject the proposed action, introducing 
human judgment, creativity, intuition, and responsi-

Fig. 3. Mapping of key risks for XAI adoption.

Risk Categories

1 - financial 
2 - technical
3 - technological
4 - organizational
5 - ethical
6 - legal
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bility. Such synergy is only possible when supported by 
a robust XAI infrastructure combined with appropriate 
organizational changes.

5.1 Development  
of regulatory requirements

Regulatory pressure remains one of the most power-
ful drivers of XAI adoption in business. In Europe, the 
proposed AI Act places a strong emphasis on explain-
ability, transparency, and auditability, defining them 
as fundamental requirements for high-risk AI systems, 
ranging from financial decision models to industrial 
applications. Legislators are gradually formalizing 
expectations regarding algorithmic explainability, par-
ticularly in critical domains.

In the financial sector, for example, regulations may 
require that all decision-making models provide clients 
with clear information about the key factors influenc-
ing outcomes. Future scoring and trading systems will 
be expected to demonstrate transparency, avoid dis-
criminatory behavior, and explicitly disclose associ-

ated risks. A promising direction is the emergence of 
self-diagnostic algorithms that not only explain their 
outputs but also automatically check for prohibited 
dependencies and integrate explanation generation 
directly into reporting and compliance workflows.

5.2. Human-machine  
symbiosis

Modern XAI systems must be context-aware and 
capable of adapting explanations to domain-specific 
logic. This requires close collaboration with subject-
matter experts and the incorporation of domain knowl-
edge, including ontologies and formal rules.

Seminal works by d’Avila Garcez et al. and Besold 
et al. propose approaches for embedding logical rea-
soning into neural networks through neuro-symbolic 
AI methods, which combine deductive reasoning with 
deep learning. These approaches enable models to rely 
on explicit rules, ontologies, and domain knowledge, 
thereby improving interpretability, traceability, and 
documentation of reasoning processes.

Table 3.
Mitigations

Key Risks Mitigations

1. Unclear return on investment, budget constraints, 
additional costs for XAI integration

XAI dashboards and monitoring panels; explainability KPIs; phased pilots;  
stop-criteria

2. Infrastructure upgrades and high computational  
cost of XAI methods

Approximations and caching; precomputation; hybrid models: fast rule-based 
components with asynchronous explanations

3. Complex integration of XAI outputs into system 
architecture; lack of unified standards

XAI explanation interfaces with REST APIs and JSON outputs; modular 
architecture solutions

4. Resistance to change, lack of XAI expertise, 
complex user interfaces

Training materials (XAI guidelines, workshops); two-level explanations;  
UX/UI protocols

5. Risks of discrimination, bias, manipulative  
or incomplete explanations, erosion of trust

Multi-level bias audits; removal or restriction of sensitive attributes;  
counterfactual testing; regular drift monitoring

6. Leakage of confidential information through 
explanations; lack of accountability

Control of explanation granularity and access; built-in output filtering policies; 
logging and audit trails
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In the future, business decision support systems are 
likely to evolve toward delivering not only predictions 
(for example, the risk of a deal failure) but also struc-
tured and readable justifications. Such systems may 
reference similar historical cases, statistical evidence, 
and explicitly indicate which facts and assumptions 
underpin their conclusions.

Research on explanation interfaces by Kim et al. 
and Rong et al. highlights the importance of tailoring 
explanations to the user. In practice, this may result 
in interactive dashboards for executives and manag-
ers, where market forecasts and strategic recommen-
dations are accompanied by visualizations illustrating 
the underlying assumptions and key drivers. Particular 
attention will be paid to aligning these interfaces with 
managerial reasoning styles and providing appropriate 
abstractions, diagrams, and visual summaries.

5.3. Embedding XAI  
into business processes  

and organizational knowledge sharing

When aggregated, explanations generated by XAI 
systems can reveal broader organizational patterns and 
serve as a basis for high-level managerial insights. In 
this sense, XAI may accelerate bottom-up feedback: 
instead of lengthy reports prepared by middle manage-
ment, consolidated explanations produced by AI sys-
tems can provide executives with a rapid understanding 
of what is happening and why.

It is conceivable that future systems will adapt to 
organizational culture and business specifics, learning 
which types of explanations decision-makers find most 
understandable and presenting insights in a famil-
iar style. Complex managerial situations may require 
not a single recommendation, but multiple alternative 
scenarios, each accompanied by its own explanation. 
AI systems may propose several options, justify each 
of them, or suggest decomposing a complex problem 
into sub-tasks, explaining why such decomposition 
improves decision quality.

This leads to the concept of end-to-end explana-
tions that cover the entire decision-making process, 

from problem formulation to the final choice. At the 
same time, it is crucial to maintain a balance, ensuring 
that explanations clarify rather than distort reality. A 
multi-level explanation approach appears particularly 
promising: a concise, high-level explanation for initial 
understanding, complemented by a more detailed ver-
sion for verification and deeper analysis.

The XAI artifacts proposed in this study (Table 4) 
are derived from an analysis of existing documentation 
practices, monitoring approaches, and UX method-
ologies, while extending them with new elements that 
address business needs and identified risks. As such, 
they represent an original contribution by the authors 
to the development of XAI in an organizational and 
business context.

Research highlights the importance of model docu-
mentation as a key mechanism for transparency and 
knowledge transfer across teams. Mitchell et al. [56], 
for example, emphasize the role of model interpreta-
tion documents such as Model Cards, while Gebru et 
al. [57] argue for the value of Datasheets for Datasets, 
which describe intended use cases, data sources, identi-
fied limitations, and mechanisms for generating expla-
nations. The relevance of such documentation becomes 
particularly pronounced in large organizations, where 
knowledge transfer cannot rely solely on informal com-
munication or code repositories. Well-structured docu-
mentation enables faster onboarding of new models, 
especially in contexts of staff turnover or solution scaling.

Equally important is the design of interaction inter-
faces. Whereas explanations of model outputs were 
previously accessible mainly through specialized ana-
lytical tools, explanations are now increasingly embed-
ded directly into operational applications. As a result, 
analysts or managers can receive contextual comments 
alongside predictions, clarifying which factors influ-
enced the outcome and how strongly it deviates from 
typical behavior. Moreover, explanation formats can 
be adapted to the user’s role, ranging from concise 
business summaries to detailed technical breakdowns. 
Such interfaces significantly enhance AI acceptance in 
corporate environments, particularly when decision-
making time is limited.
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At the strategic level of model operation, visual 
monitoring panels and reporting views can be used 
to regularly track the distributions of key features and 
predictions, detect data and target drift, and automati-
cally generate alerts when thresholds are exceeded. 
Such monitoring supports timely identification of 
quality degradation and enables corrective actions 
(e.g., resolving data quality issues or triggering model 
retraining) [58].

Special attention is also given to the automated vali-
dation of explanations. In regulated domains such as 
banking or healthcare, manual review of every expla-
nation is infeasible. As a result, frameworks are being 
developed to automatically assess explanations for 
compliance with internal policies, absence of discrimi-
natory patterns, and overlooked risks. This shifts XAI 
from a visualization layer to an integral component of 
organizational quality assurance systems.

Finally, sustainable XAI adoption is impossible 
without educational and supporting materials accessi-
ble not only to developers, but also to a broader range 
of employees. These materials include guidelines, 

training programs, and step-by-step instructions for 
interacting with XAI systems. Their purpose is to lower 
entry barriers and enable responsible use, particularly 
for professionals involved in data interpretation who 
may lack technical backgrounds. According to Don-
oso-Guzmán et al. [59], human-centered approaches 
to XAI evaluation that account for the goals and con-
texts of different user roles are especially promising. 
Such evaluation frameworks can also be applied to tai-
lor explanations to corporate practices and managerial 
expectations, helping to anticipate which explanations 
will be perceived as convincing, excessive, or insuffi-
cient, and how arguments should be structured for dif-
ferent stakeholders.

Overall, XAI artifacts do more than merely explain 
individual outcomes; they facilitate the integration 
of AI into organizational reasoning, turning it into a 
transparent, accessible, and governable tool.

The outlined perspectives form a roadmap for XAI 
development in the coming years. The dominant trend 
is a deeper integration of AI and human judgment, 
shifting from narrowly focused explanations of indi-

Table 4.
Key XAI artifacts in business contexts

Artifact Purpose / Function User

XAI documentation and protocols 
(Model Cards, Datasheets)

Formalized description of the model, data,  
and limitations to ensure transparency and auditability

Model developers, auditors,  
regulators

Explanation interfaces 
(Explainability UI/UX)

Interactive access to explanations within the user 
interface End users, analysts, operators

XAI monitoring dashboards  
and panels

Visualization of factors influencing predictions  
to support managerial decision-making Middle and senior management

Automated XAI validation 
frameworks

Automated verification of explanation quality  
and detection of deviations from expected behavior

Quality engineers, risk management 
teams, internal audit

Training and supporting materials 
(XAI guides, workshops)

Supporting staff in adopting and understanding XAI 
through training courses and guidelines

Managers, business analysts, learning 
and development specialists
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vidual predictions toward human-centered intelligence 
embedded in collective decision-making processes. In 
this sense, XAI is evolving from a standalone interpret-
ability module into a design paradigm for AI systems 
that are inherently conceived for collaboration with 
humans.

Conclusion

Explainability has become a critical requirement for 
AI applications in business, industry, and management, 
where real financial resources, safety, and responsibil-
ity toward people are at stake. It is increasingly a fac-
tor of both competitiveness and regulatory compliance: 
organizations that are able to explain the behavior of 
their algorithms are better positioned to withstand reg-
ulatory scrutiny and to gain the trust of customers and 
stakeholders. Even today, XAI facilitates the integra-
tion of AI into smart manufacturing and the financial 
sector, positively influencing the development pros-
pects of Industry 5.0, where human-centricity, safety, 
and sustainability play a central role.

Explainable AI enables companies to meet these 
demands by providing tools for algorithm monitoring, 
decision rationale reporting, and control of discrimi-
natory behavior. In the foreseeable future, XAI may 
become an integral part of enterprise quality manage-

ment systems. Just as ISO standards currently exist for 
business processes, similar standards may emerge for 
the explainability and ethical compliance of AI com-
ponents embedded in organizational workflows.

Decision-makers equipped with algorithms that 
can justify their outputs gain a powerful instrument 
that combines the strength of data-driven models with 
the clarity and logical structure of traditional analysis. 
This enables more informed yet innovative decision-
making: while AI can uncover non-obvious patterns, 
explainability makes these insights acceptable and 
actionable in practice. New forms of organizational 
learning based on interaction with XAI systems may 
further accelerate the dissemination of best practices 
and institutional knowledge.

At the same time, it must be acknowledged that 
large-scale adoption of XAI is still constrained by 
economic, technical, and organizational barriers. 
The greatest potential for XAI development lies in 
domains where regulatory pressure, high cost of error, 
and strong data and process discipline converge, such 
as finance, insurance, manufacturing, and industrial 
operations. Where organizations deliberately invest 
in explainability and embed it into system architec-
tures, quality processes, and user experience design, 
explainable AI can become a source of sustainable 
competitive advantage. 
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