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Abstract

Governance of Artificial intelligence (Al governance) and
knowledge management of artificial intelligence are well-known,
widely discussed, popular terms with extensive technical and
methodological literature. However, existing knowledge
governance practices do not yet have to contend with the
opportunities offered by artificial intelligence (Al for knowledge
governance).

Knowledge governance of Al, however, is an increasingly
important yet undeservedly neglected issue. In this study, which is
intended to stimulate discussion, | offer a definition of the concept
of knowledge governance and place it in the context of
fundamental issues related to artificial intelligence. | demonstrate
that knowledge governance can be considered the strategic meta-
level of all areas of Al development, while it also needs to support
management and governance tasks by utilizing the results of
knowledge sciences.

Finally, using a four-level model of knowledge governance, | will
highlight one or two pressing issues, whether it be global Al
knowledge governance (macro level), that of nation states (meso
level), that of companies and large organizations (micro level), or
even that of individuals (nano level). | do so in the hope that this
will spark an exciting dialogue on the subject.
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Knowledge governance and artificial intelligence?

When it comes to artificial intelligence (hereinafter: Al) beyond its
technical and engineering aspects, legal, regulatory and ethical issues have
gained overwhelming prominence—both in communication statistics and
in the world of government regulatory efforts and international
organizations’ position statements.

Meanwhile, governance of artificial intelligence (Al governance, Al
strategy and leadership) and knowledge management of Al (knowledge
management of organizations engaged in basic research, experimental
development or application Régi  of artificial intelligence) are well-
known and increasingly discussed terms, with extensive discourse.
However, it is important not to confuse the latter with artificial intelligence
solutions used in knowledge management practices (Al in knowledge
management, Al-ready knowledge management), which are one of the
most important areas of application for, for example, new-generation
applications based on large language models (Rezaei, 2025), promising to
renew, transform and complete the traditional knowledge management
world of companies and large organizations of any profile.

The scope of knowledge management of artificial intelligence can also be
understood by identifying the components of an artificial intelligence
ecosystem (Al ecosystem) of any size where knowledge processes,
knowledge actors and knowledge sources can be identified, and, after
thoroughly understanding and analyzing them, ensuring that artificial
intelligence ecosystems and their individual elements can be more
sustainable, more capable of development and more innovative. This is not
an easy task, as everyone from end users to developers, traders and
consulting firms, as well as the researchers and policymakers involved, are
affected. It is no wonder that the need for oversight and data is growing
enormously at the most comprehensive levels: when the Global Al
Ecosystem created its decentralized and open community-building
platform on a non-profit basis to provide a democratized and universally
accessible environment for knowledge building, knowledge sharing,
analysis, knowledge exchange and knowledge creation for the "global Al
community" (https://www.ai-ecosystem.org/), its mission went far beyond
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management tasks: in fact, it can be seen as a preparatory step towards
global knowledge governance of artificial intelligence—even if its
operators modestly refer to themselves as a Knowledge Hub.

However, existing knowledge governance practices do not yet need to
contend with the possibilities offered by artificial intelligence (Al for
knowledge governance), as there are few high-level knowledge processes
in knowledge governance that can be partially or wholly transferred to Al.
Fernandes (2024) also believes that the governance of artificial
intelligence, the combination of Al and knowledge governance, is only
just emerging. It is no coincidence that only one systematic publication on
the subject of knowledge governance of Al has appeared to date, in April
2025, written by Daniel W. Rasmus, a leading expert at an analytical
boutique firm (Rasmus, 2025). This excellent overview links previous
typologies of knowledge types to different areas of Al application in such
a thorough and innovative way that we will discuss its findings in detail
later on. However practical Rasmus' model may be, as a knowledge
management approach it can be considered highly simplified: its starting
point is that artificial intelligence systems do not necessarily consume,
produce, transform and maintain knowledge in the way we would expect.
"If organizations are not aware of the types of knowledge that functioning
artificial intelligence systems come into contact with, they risk a large gap
between intent and performance, and between expectations and models"
(Rasmus, 2025).

The term "organization™ should be understood primarily to mean corporate
players in the business world, although the lessons learned are, of course,
valid and applicable in many ways to other (large) organizations (public
administration, higher education, etc.). Among the additional issues not
addressed by Rasmus but requiring review and analysis, and which are
sure to be discussed more and more in the near future, I will focus on two
particularly important areas in this study:

o the relationship between knowledge governance of artificial
intelligence and the various strategic and practical professions of
artificial intelligence

e outside the corporate-organizational world, | present and review
each of the knowledge governance microcosms that have
expanded from one level to four (macro-meso-micro-nano).
Although many knowledge management considerations apply to
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and are true for all system levels (each has its own rules, laws,
characteristics and functions that differ from the others), which is
why a separate, brief discussion of each is strongly justified.

First and foremost, however, it is worth defining knowledge governance
itself, as it is such an under discussed and neglected concept and practice.
According to an earlier definition (Z. Karvalics, 2013), the knowledge
governance paradigm in its most general sense refers to techniques for
influencing interconnected knowledge processes, the design of structures
and mechanisms that support the production and sharing of knowledge,
selection, construction and control of structures and mechanisms that
support the production and sharing of knowledge, at the highest level of
intervention with transformative power in a given system, using a holistic
approach.

Today, | would rephrase this definition as follows: "if any leader or
representative of any action community who is sensitive to the knowledge
ecosystem in which the community operates and, in order to act more
effectively in the future, approaches any element of this ecosystem with a
designer's mindset to shape, improve, maintain, develop, recreate, or
perform knowledge governance, even if they view all this as a mere
management task."

This knowledge ecosystem is extremely rich and complex: it includes
knowledge processes themselves, with their channels and media of
knowledge flow, knowledge carriers (educated human beings), knowledge
repositories, knowledge platforms, knowledge markets and supporting
knowledge technologies. And since the most advanced artificial
intelligence systems are now capable of supporting every element of this
ecosystem, and even replacing more and more parts of traditional
solutions, it is high time to start a serious dialogue about high-level
knowledge governance approaches.

The suitability of the knowledge ecosystem chosen as a conceptual
framework can also be clearly understood from the perspective of long-
established path dependency research.
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Figure 1: Knowledge governance can also be interpreted as a path dependency
challenge. Three-phase model of path dependency based on Sydow (2009) Kovacs-
Weber (2022)

With an eye to the future, in the extensive, point-like range of possibilities,
the number of elements to be considered can be reduced along the lines of
exclusions and preferences, and where choice becomes action, it is
possible to gradually approach a desired range. However, early steps can
become hugely significant, even a little later: in many cases, it is the small,
random, seemingly insignificant moments that exist in the space of
alternatives at the beginning of the journey that can be decisive in shaping
the final outcomes. And although even professional knowledge
management practices cannot guarantee that it will be possible to steer
artificial intelligence, which is permeating more and more corners of
society, in the desired direction (especially given that the desired direction
itself is determined in a discursive space), the risks can be reduced, the
dangers can be better avoided, and there is a greater chance of steering
reality closer to the desired objectives.

Knowledge governance of artificial intelligence as a strategic meta-
level

The ultimate meaning of the "promotion™ of the knowledge governance
perspective is that there is no basic discourse related to artificial
intelligence that cannot form its "meta-level". In fact, the key to success,
effectiveness and authenticity of every choice, decision, situation
assessment, planning and action is the quality of the processing of the
knowledge elements involved, based on what background knowledge.
Behind every "input" there is some kind of live knowledge management

5
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solution, routine or workflow element, and their current state and
capabilities are the consolidated result of previous knowledge
management moments (instants, events, practices). Their further
development, modernization, modification, recalibration or replacement
opens new knowledge management cycles.

Another important aspect of the "meta-level nature” is the special situation
in which a properly tuned knowledge governance perspective must
simultaneously take into account all mutually interacting strategic areas,
regardless of where the thinking and pathfinding starts. From this point of
view, the most important are decisions and actions, regulations and
institutions related to the governance of artificial intelligence, because
these fundamentally determine what each area will be capable of. They
provide resources and set directions for the research community, orient the
educational arena, and regulate economic actors. Governance control is
perhaps least prevalent in the cultural dimension (arts, education, media),
and it is very interesting that it is precisely these "soft" areas that
sometimes exert a decisive influence on how politics or science think
about artificial intelligence issues. The above correlations are presented
in Table 1, illustrated with ten selected key areas of artificial intelligence.

Table 1: Knowledge governance as a strategic meta-level of Al

Knowledge governance of - Knowledge sciences
Artificial Intelligence (Al) <« Management sciences
Al governance Al development Sciences of Al Al Economy Al literacy
Al policies Al law Al Education Al Art Al (in the) Media

It is striking that knowledge management also has a meta-level: this
includes the knowledge that determines the quality of knowledge
management. This is based in part on the mobilization of decades of
management science knowledge, and in part on precedents dating back
several millennia, drawing on specialized disciplines dealing with the
phenomenon of knowledge (Wierzbicki, 2007—epistemology, sociology
of knowledge, cognitive science, knowledge engineering), but to a certain
extent also creatology, talent science, linguistics, and even information and
knowledge history. These background sciences are partly theoretical in
nature but can also be of great practical importance (which is why applied
knowledge sciences have become a separate category). It is particularly
interesting that they overlap with the sciences of artificial intelligence:

6



KNOWLEDGE MANAGEMENT IN ARTIFICIAL INTELLIGENCE: THE FIRST STEPS

cognitive science, epistemology and linguistics are of particular
importance in both fields.

Rasmus (2025) also mentions in his article on knowledge governance that
if we have a well-developed typology of primary knowledge types, we
should not hesitate to use it and build on it: it is enough to compare these
with the types of tasks related to artificial intelligence systems to find out
what management and governance tasks belong to them. The "inner circle”
of knowledge types (explicit, implicit, tacit) is surrounded by four basic
categories that are distinct based on the nature of knowledge. Declarative
knowledge is the world of facts and statements, embedded knowledge is
found in tools and artefacts, procedural knowledge answers the question
"how to know", and contextual knowledge adapts current challenges to the
situation and interpretative framework.

The 7
Knowledge Tacit
Types

Figure 2 Types of knowledge: inner and outer circles

From knowledge types to governance tasks (Rasmus, 2025)

For those coming from the world of Al development, it may be convincing
to see how types of knowledge can be identified in the familiar subtasks
of system construction and operation—and from there, it is easy to see
what this means for governance.
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Table 2: From knowledge types to governance tasks (Rasmus, 2025)

Type of Al system examples Type of governance action
knowledge

Explicit Prompts, model metadata, Versioning, documentation,
configuration files change control

Implicit Compliance (guardrails), agent | Testing, benchmarking, drift
behaviour patterns detection

Implicit Prompting skills, agent knowledge capture, communities

(Tacit) coordination of practice

Declarative Retrieval-supported language Source authentication, reliability
model, knowledge graphs ranking

Embedded Agent architectures, immutable | Transparent design, bias testing
settings

Procedural Sequential (multi-step) agents, Process mapping, risk reduction,
learning pattern recognition "override" mechanisms

Contextual Dynamic content management, | Context and trigger logging,
script-based rules audit

So what is the point and benefit of this kind of systematization?

A simple conclusion can be drawn from this: what tasks arise for a
knowledge management leader from the above correlations?

Developing the knowledge management practices of Al product
teams

Knowledge-based audit of current Al systems

Building a common vocabulary to facilitate collaboration
Urging governance measures that resonate with real knowledge
dynamics

Extracting the valuable tacit knowledge of Al system builders
and users

Raising awareness among managers that all Al is knowledge
work

Planning practices aligned with the knowledge asset lifecycle
within the Al workflow

Finally, as an excellent example, | am pleased to present Mihaly Nyary's
(2024) summary of the latest professional material from one of the world's
leading think tanks, the legendary American RAND (Vermeer, 2024),
which examines historical analogies that can be used in the management
of artificial intelligence.

Classic knowledge management approach: if, in practice, our question is
"how can we maximize the benefits of artificial intelligence with increasing
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capabilities while minimising the potential risks", what source of
knowledge can we draw on for the right answers?

This leads the author to four categories of technology where the questions
of governance have been very similar in recent decades: nuclear
technology, the Internet, encryption products, and genetic engineering. A
historical overview of these four areas clearly shows that "the history of
their governance illustrates three themes: the need for consensus on
technological standards, the important differences between the
governance of physical and non-physical goods, and the role of public-
private partnerships in governance.

Based on these theoretical starting points, three recommendations that can
be used for governance can be formulated:

(1) Artificial intelligence systems that pose a serious risk of
widespread harm, require significant resources to acquire and
use, and have physical resources that can be tracked and
controlled can be governed using the structure created for the
international governance of nuclear technologies.

(2) The Internet governance model may be suitable for governing
artificial intelligence systems that pose minimal risk.

(3) For accessible but high-risk Al systems, the genetic engineering
governance model could be applied, but stakeholders should
exercise caution when applying governance models similar to
those used for encryption.

The four levels of knowledge governance—application to the world of
Avrtificial Intelligence

In conclusion, | believe it is necessary to reflect on the constantly changing
and expanding knowledge governance scene in relation to the knowledge
governance of artificial intelligence.  The initially homogeneous
interpretative framework, which was considered to apply exclusively to
corporate knowledge processes, has gradually expanded over the past
quarter of a century, and now the knowledge phenomena that require
governance (and, of course, management) can be interpreted at four system
levels.



LASzLO Z. KARVALICS

Table 3 Models of knowledge governance—expansion of the interpretative framework

Original model Enhanced model Dalal-Z. Z. Karvalics four-level
(Grandori, 1997) (Whitley, 2000) Karvalics model (2012)
three-level

model (2009)

personal (individual)

company company (nano level)
company (micro level) (micro level) company/organisation
(company/ (micro level)
corporate/ nation-state nation-state
enterpreneurial) nation-state (meso level) (meso level)
(national) global global
(macro level) (macro level) (macro level)

Since attention is typically focused on the corporate-organizational world,
it is worth considering some more powerful ideas in the case of less
frequently explored system levels.

Macro level: Towards global knowledge governance of artificial
intelligence

A separate study could be devoted to the fundamental global/planetary
issues related to artificial intelligence that affect everyone. Discussions on
this topic are not yet taking place in the context of knowledge governance;
the most concrete ideas are seeking an institutional framework that could
be suitable for building a kind of international knowledge bridgehead
around critical coordination tasks. However, the interpretation of these
tasks is not insignificant.

In an interview, Gary Marcus and Anka Reuel (2025) propose the
establishment of an international Al agency, while Josh Simons argues in
his book for a new Al Platforms Agency that would not entrust the task to
politicians but would instead set itself the mission of creating mechanisms
for participatory governance. Shared experiences and mutual learning
could be a means of preserving equality, self-determination and
democratic foundations in the face of large corporations that are built on
machine learning, sensitive only to profit considerations and striving for
monopoly (Simons 2023: 218-220).

In the summer of 2025, the Chinese president presented his country's
action plan for global artificial intelligence governance (Goh, 2025), in
which he called on governments, international organizations, businesses
and research institutes to work together and promote international

10
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knowledge exchange, including through a cross-border open source
community. However, whether we think in terms of institutions or
communities of values, only continuous exchange of ideas and dialogue
can bring us closer to either goal.

Meso level: nation states and knowledge governance

So far, we see a single strategic "filter" emerging not only in the minds of
rival superpowers, but also in those of political leaders of smaller
countries: not to fall behind in the technological race represented by Al, to
somehow promote the international business success of companies in the
national Al sector—while at the same time reassuringly conveying the
awareness that the political class is capable of averting the dangers posed
by Al and robotisation.

From a knowledge management perspective, an audit would find serious
shortcomings in this single, fragmented filter. Discussions of risk are
disproportionately exaggerated, shaped not by state-of-the-art science but
by panic narratives in the media. For many smaller countries, it makes no
sense to seek a place in endlessly competitive and resource-intensive
development processes, given that even the most powerful players burn
through vast amounts of money on poorly calculated development
directions. Instead, they should turn to applying and disseminating existing
results and solutions. But above all, government plans typically serve the
ambitions of the dominant companies in the Al industry, while these
companies also dominate research institutes in the "academic" world
(Jacobides, Brusoni and Candelon, 2021). It is no coincidence that the
People's Al Action Plan movement (https://peoplesaiaction.com/), which
brings together many players and aims to steer the development of Al
towards common well-being, a sustainable future and fairer distribution,
when it became clear that the Trump administration's Al action plan was
"top-heavy" for a well-defined business circle. From a knowledge
governance perspective, it is particularly concerning that both the position
prophesying the imminent explosion of artificial intelligence (Al
boosterism) and the panic narratives that exaggerate the dangers come
from both Al industry leaders and background players, who are also
eagerly recruited by international organizations to sit on committees
compiling technical materials on the future of Al. (Suffice it to mention
the names of Geoffrey Hinton, Joshua Bengio or Sam Altman.) Schneier
and Sanders (2025) have devoted an entire monograph to the question of

11
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what key actions governments can take to steer Al developments in the
direction of the public good. In fact, the raw material for this challenge
has been taking shape for a long time.

Thirty years ago, Star (1989:41) proposed introducing the Durkheim test
for Al: where the result of a community's collaboration is the real-time
design, acceptance, use and modification of an Al system, the
"intelligence" of the system could be directly measured by its "beneficial
effects on community activity or the community's ability to change and
adapt”.

In any case, it is the states that bear the greatest responsibility for how
deeply they understand the information and knowledge components of
the national Al ecosystem and how they are able to create and use the
necessary knowledge to shape this ecosystem.

I think it is worth presenting what | consider to be the best practice, the
Dutch Artificial Intelligence Innovation Centre ( Innovation Centre for
Artificial Intelligence, ICAIl ). The Dutch government wanted to give a
boost to social, community and human applications, which were sorely
lacking in research and development, by combining many resources to
create the ROBUST network of 51 partners. Development work is carried
out in 17 newly established research centers (laboratories), in line with the
UN's Strategic Development Goals: each center is organized to investigate
a specific social issue defined here. And not just any old way: right from
the start, 85 PhD-positions were created so that, with a young research
staff of 170 within five years, they could move forward with a work plan
that, instead of long thesis maturation, aims to influence key players
through shared results and continuously displayed application possibilities
with a turnaround time of a few months. This speed is particularly
beneficial to small and medium-sized enterprises, which, lacking
sufficient capital and human resources, are unlikely to consider long-term
projects. In addition, ROBUST is attracting this group of entrepreneurs to
partnership by creating data laboratories for them, based on a previous
successful practice. In these laboratories, skilled students with expertise in
various data technologies solve sensitive problems for companies in cycles
of up to twelve weeks for a nominal fee.

The network's activities focus on transparency, reliability and
measurability, and the key word in its development philosophy is "context
sensitivity" (it matters what the environment and scope of a technology is).

12
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This provides a good basis for fulfilling the role that ROBUST leaders
refer to as "orchestrating” the Dutch Al ecosystem: this concept includes
both the coordination of stakeholders and the task of connecting to EU
joint initiatives and networks.

Micro level: companies and large organizations

There is no doubt that the application of knowledge governance
considerations is a necessity for companies developing artificial
intelligence systems. However, it is just as important in the world of
knowledge companies, whose entire value chain is being challenged by the
latest Al solutions. Numerous studies have already been conducted on
knowledge management in knowledge-based companies. And in fact, a
hospital, hospital operations and healthcare systems as a whole can be
considered knowledge companies, just like the world of universities and
colleges, or even public education itself.

In all cases, the key is having the right basic knowledge about what
existing systems are worth using and how. If someone at a university
conducts a poorly designed and methodologically questionable experiment
with students using ChatGPT, and then joins the chorus of those who say
that "artificial intelligence makes you stupid,"” then their institution will be
at a disadvantage compared to those who develop a vision and strategy for
the future of Al in their institution based on valid knowledge. With
appropriate knowledge management routines, this type of danger can be
easily avoided—but it is clear how important it is, for example, to
formulate effective counter-messages to the messages of the media world,
which influence the thinking of decision-makers and greatly discount their
preparedness.

Al knowledge management is progressing slowly at this level because
knowledge management practices themselves are slow to gain ground in
the corporate world. Although the first Chief Knowledge Officers (CKOs)
took up their posts before the turn of the millennium, the culture and
organizational solutions of knowledge management have not yet found
their way into many companies—and they face even greater difficulties in
the world of Al, because the time requirements of certain cycles of
knowledge production and use are seriously challenged by the astonishing
pace of change in the Al market and technology.

13
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Nano level: individual knowledge management strategies

It is clear that if even properly "trained" decision-makers can be misled by
clickbait tabloid media, then this danger is even greater for the average,
"ordinary" citizen who is looking for guidance, support and direction in
the world of Al. Their goal can be nothing other than to increase their own
life and career opportunities, keep up with the rapidly changing world of
tools and services, and develop personalized adaptation and learning
strategies. The relevant knowledge is spread through family and friend
channels, and the development of general "artificial intelligence literacy"
(Al literacy) is still pending. However, the European Commission, for
example, already recognized the importance of this in 2018 as a skill and
civic competence (Hirvonen, 2024) that enables people to act as
responsible citizens, participate fully in the life of their communities,
understand social, economic and political structures, know key concepts,
follow global developments and be sufficiently sensitive to sustainability
issues.

And at the individual level, there is not just one but several layers of
problems, depending on the social role each person finds themselves in.
As an employee, the goal is job security and meaning in work, love for
one's job, and higher income, which is why it is necessary to constantly
monitor developments in the world of Al. As a parent, the challenge is to
create and supervise an Al-supported digital environment for your child
(games, health monitoring, learning support, skill development,
communication). As a social being and network citizen, the challenge is
how to bring existing Al practices closer to what you would expect on a
normative basis. Meanwhile, the time is approaching when young people
will develop increasingly complex relationships with their personal digital
companions (Artificial Lifetime Companions, ALCs) from the moment
they first encounter the digital ecosystem. Such a cohabitation relationship
goes far beyond the current concepts of Al literacy, as it is built on
continuous, human-assisted self-education, self-development and learning
(Z. Karvalics, 2024), and can play a key role in the success of one's life
path.

14
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Summary

The study had a single objective: to demonstrate that the time has come
for discourses on knowledge governance in the world of artificial
intelligence. The review is admittedly not systematic and does not even
strive for partial completeness: it aims to stimulate interest in knowledge
governance issues and presents examples that demonstrate the importance
and viability of this approach and discourse. All this in the hope that a
lively dialogue on the subject might ensue.
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Abstract

Artificial intelligence (Al) is transforming business processes;
however, trust remains a key factor in its adoption. Drawing on a
survey of Central European professionals, we examine the
relationship between Al use and trust, approaches to assessing Al
reliability, and the role of different strategies in responsible
deployment. The results highlight the importance of trust-
enhancing tools and regulatory frameworks, which can support the
responsible uptake of Al in the business environment.

Kulcsszavak: artificial intelligence, Al, business application,
trust, RAG, evaluation

Introduction and context

The development of Artificial Intelligence (Al) systems has gained
significant momentum over the past fifteen years, particularly with the
latest wave of deep neural network technology, known as Deep Learning
(for the origin of the term, see also: (Dechter 1986), (Fradkov 2020). This
progress has led to the emergence of so-called foundational models

17



LEVENTE SZABADOS, ADAM BUZA

(Bommasani et al. 2022), and more specifically, Large Language Models
(LLMs; (Brown et al. 2020)), whose widespread and low-cost accessibility
has driven their adoption (regarding the decreasing consumer cost of LLM
usage, see also: (Appenzeller 2024)).

However, the concept of Artificial Intelligence is not new: Al development
can be divided into several phases, during which technology has attempted
to simulate different aspects of human thinking using various approaches.
The Al systems that emerged in the 1950s were primarily based on
symbolic logic, fitting within the paradigm of expert systems, which
operated using strict rule-based frameworks and manually encoded
knowledge bases. While these systems were effective in certain domains
such as medical diagnostics and financial analysis, they lacked the ability
to dynamically adapt to new situations.

In the early 2000s, the Machine Learning (ML) paradigm took the lead,
enabling systems to learn from data without explicitly programmed rules.
ML methods, particularly supervised learning, were successfully applied
in fields such as image recognition and market predictions. The evolution
of this technology reached a breakthrough point in 2012 when deep neural
networks (Deep Learning) demonstrated their dominance in computer
vision and other Al applications. Nevertheless, Al at this stage remained
strictly narrow Al, meaning that models were designed for specific tasks
and optimized for particular applications.

After 2020, Al research underwent another paradigm shift, driven
primarily by the emergence of Large Language Models (LLMs). Unlike
earlier models trained for single tasks, LLMs exhibited general problem-
solving capabilities, demonstrating the ability to synthesize human
language and solve complex problems through linguistic interaction. The
release of OpenAl’s ChatGPT model in November 2022 widely
showcased these capabilities, generating global media attention and
unprecedented industrial and economic interest.

Given this context, it is not surprising that AI’s application in the world of
work has also undergone rapid development (Anthropic 2025), and also
the economics community took note (see (Szabados 2024)). A McKinsey
survey (Singla et al. 2024) from early 2024 found that 65% of respondents’
organizations use generative Al, mainly LLMs in some capacity. With this
in mind, we set out to investigate the adoption patterns and surrounding
attitudes about Al usage in the Central-European region to get a better
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insight into the possibilities as well as impediments with respect to Al
usage in business relevant contexts.

Emerging trust problems with Al systems

Parallel with the drastic increase in capabilities of foundational models in
general and LLMs in particular some problems seemed to rise quite
naturally from the fact that these models are in a sense "too good" at
playing their roles, so even in their early work (Radford et al. 2019)
mentioned the capability of models to produce convincing but factually
incorrect answers (later on popularly called "hallucinations"), that
undermine the trust of their users in their abilities, and especially their
usefulness in business relevant applications.

Current broad consensus from the technical community seems to have
settled (for now) on the solution framework proposed by (Lewis et al.
2020), namely "Retrieval Augmented Generation™ (or RAG for short), that
is basically constituting a hybrid solution, where the LLM is paired with a
knowledge retrieval / search capability that provides relevant (often
company specific or even internal) sources to "ground" the behaviour of
LLM models, thus enabling them to substantially mitigate the problems
caused by hallucination.

Thus said, even with these efforts in place, pretty impactful - and
reputationally as well as monetarily damaging - cases appeared in the news
that report failure cases of LLM based solutions in business applications,
like the case (Ea 2024) when Air Canada was ordered by the British
Columbia Civil Resolution Tribunal to honour a policy created by its
chatbot, which incorrectly promised a bereavement fare refund, after the
airline argued the chatbot was a separate legal entity, or the case when a
ChatGPT-powered Al chatbot at a Chevrolet dealership was tricked into
agreeing to sell a 2024 Chevy Tahoe for $1 after a buyer manipulated it
into accepting any customer request as a legally binding offer (AIAAIC
2024).

These - and multiple similar - events were quickly disseminated by the
media, and contributed to a substantial degree of (quite justified, one might
argue) mistrust towards the application of Al in the business community.
With our survey we specifically set out to investigate this trust
relationship, and the possible venues for mitigation of distrust.
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Research question

With the previous context in mind, we set out to investigate the following
research questions:
. What is the current state of adoption of Al systems in the Central
European region?
. What is the perceived level of trust in Al systems?
. How does this influence the decisions to apply Al in business
contexts?
. What can be done methodically to increase trust in Al systems?

Methodology

This study employs a quantitative approach to assess perceptions of trust
in Al systems and their influence on business adoption. The methodology
primarily revolves around a structured survey distributed to professionals
across various industries and organization sizes.

Survey Design and Distribution

The survey was designed to capture respondents’ attitudes toward Al
adoption, trust levels, and factors influencing Al integration. Key
components of the questionnaire included:
. Demographic information (region, industry, organizational role,
organization size)
. Al usage within the organization (frequency, scope, and strategic
importance)
. Trust in Al systems (perceived risks, confidence in Al safety
measures)
. Evaluation of Al trust-establishing tools

The survey was distributed using a snowball sampling technique,
leveraging social media platforms (e.g., LinkedlIn, industry forums) and
business networks. This approach ensured the recruitment of professionals
actively engaged in Al-related discussions.

Sample Characteristics

. The survey received responses from 150 participants.
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. The regional distribution was predominantly from Hungary
(58%) and Germany (30%), ensuring a strong representation
from Central Europe.

. Respondents represented various industries, with a strong
presence from the technology (50%) and financial sectors
(12.7%).

. Participants came from organizations of various sizes, ensuring a
balanced view of Al adoption across different business scales.

. Respondents held diverse organizational roles, including IT,
executive management, and research and development.

Data Collection Period

The survey was conducted over a defined period, concluding on August
25, 2024. Responses were collected, anonymized, and analysed to ensure
data integrity and respondent privacy.

Limitations

While the survey methodology provides valuable insights, several
limitations must be acknowledged:
. Self-selection bias: Participants who are already engaged with
Al topics may be overrepresented.
. Geographic limitation: The majority of respondents are from
Hungary and Germany, which may limit global generalizability.

. Industry concentration: The predominance of technology
sector respondents could skew results toward Al-intensive
industries.

Despite these limitations, the methodology provides a robust foundation
for understanding Al trust dynamics within business contexts.

General description of survey participants

The survey collected responses from a total of 150 participants. The
geographical distribution of respondents can be studied on Figure 1, which
illustrates the country-wise representation, with the majority of
respondents originating from Hungary (58%). This indicates that our
insights will be heavily weighted toward Hungarian perspectives on Al
adoption and related issues.
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Country distribution of respondents

Hungary

Netherlands

Austria

North America

Germany

Figure 1: Country distribution of respondents

Germany accounts for the second-largest share of respondents (30%),
followed by Austria (3.33%), North America (6%), and the Netherlands
(2.67%). The strong representation from Hungary and Germany ensures
that the findings are most reflective of Al adoption trends in Central
Europe. The inclusion of Austria adds further context within the DACH
region, though Switzerland is not represented.

The smaller number of responses from North America and the Netherlands
suggests that the survey results may not fully capture perspectives from
Western Europe or the broader international Al landscape. As a result,
while the findings are relevant for understanding Al deployment in
Hungary and Germany, they may not be as generalizable to other regions
with different economic, regulatory and technological environments.

Figure 2 provides an overview of the industry distribution of respondents.
The majority of participants (50%) are from the technology sector,
reflecting the strong interest of professionals in Al-related developments.
The financial sector represents the second-largest group (12.7%), followed
by manufacturing (8%), education (6.7%), and retail (5.3%). Other indus-
tries, such as consultancy (2.7%), government (2.0%), research (1.3%),
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Industry of respondents

Technology (50.0%)

Legal research (0.7%)
Consulting (0.7%)
Construction (0.7%)

IT Security (0.7%)
Enerr%y Sugelier (0.7%)
Charity (0.7%)
Governance (0.7%)
Healthcare (1.3%)
Public Agency (Behorde) (1.3%)
logistic (1.3%)
Transportation (1.3%)
research institute (1.3%)
Research (1.3%)
Government (2.0%)

Consultancy (2.7%)
Retail (5.3%)

Finance (12.7%)

Manufacturing (8.0%)
Education (6.7%)

Figure 2: Industry of respondents

Organizational Sizes of Respondents

Small (11-50 employees)
Micro (1-10 employees)

Medium (51-250 employees)

Large (2514 employees)

Figure 3: Organizational Sizes of Respondents
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healthcare (1.3%), and public agencies (1.3%), are represented to a lesser
extent. The remaining respondents are distributed across a variety of
sectors, including logistics, transportation, construction, and legal
research, each contributing a marginal share. This industry distribution
suggests that the survey findings primarily reflect the perspectives of
professionals working in Al-intensive sectors, particularly technology and
finance, while industries with lower Al penetration, such as healthcare and
public administration, are less represented.

Figure 3 presents the distribution of organizational sizes among respon-
dents. The largest share of participants (36%) work in large organizations
with more than 251 employees, while medium-sized organizations (51-
250 employees) and micro-enterprises (1-10 employees) each account for
26% of respondents. Small organizations (11-50 employees) make up 12%
of the sample. The dataset primarily represents companies with a sufficient
scale to consider Al adoption as a strategic initiative, avoiding a strong
bias toward very small businesses that may lack the resources or incentive
to engage in Al-driven transformation. The relatively even distribution of
organizations across different size categories ensures that the survey
captures insights from both well-established enterprises and smaller, more
agile businesses, offering a balanced perspective on Al adoption across
various operational scales.

Figure 4 presents the detailed breakdown of organizational roles among
survey respondents. The data highlights a diverse representation across
multiple functions, with the largest proportion belonging to IT (26.7%),
followed by Research and Development (24.0%) and Executive
Management (14.7%). Other roles such as Finance, Marketing, Sales,
Procurement, and Operations are represented to a lesser extent, each
accounting for a few percentage points of the total. The long-tail of roles,
including Data Science, Organizational Development, and Management
Consultancy, suggests that Al adoption is relevant across a wide spectrum
of business functions, albeit with varying degrees of involvement.

To facilitate the analysis of Al usage an views across broad functional
categories, the roles were semantically grouped into key domains, as
depicted in Figure 5. The classification consolidates various functions into
four primary categories: IT (26.67%), Research and Development
(27.33%), Executive Management (14.67%), and Other roles (31.33%).
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Organizational role of respondents

IT (26.7%)
Research and Development (24.0%)

Management Consultancy (0.7%)
Iohbyi()"?%
§ata Cil ncerll nager (U.?‘:{o)
rganizationa i?%l{%%apmen
ata scientist (1.
Researcher (1.3%)
Operations (2.7%)
Procurement (3.3%)
Finance (4.0%)

Don't know / Don't want to answer (5.3%) Marketing (4.0%)
Human Resources (5.3%) Sales (4.7%)

Executive Management (14.7%)

Figure 4: Organizational role of respondents

Organizational roles of respondents - Merged

Other roles

Research and Development

14.67%

Executive Management
26.67%

Figure 5: Organizational role of respondents - merged

This grouping helps to better understand how different functional areas
engage with Al adoption and trust-building efforts. The high represent-
tation of IT and Research and Development indicates a strong involvement
of technical and innovation-driven teams in Al deployment, while the
presence of executive management underscores the strategic importance
of Al initiatives. The “Other roles” category captures the diversity of
respondents whose roles may not fit neatly into the primary groupings but
still contribute to Al-related decision-making and implementation.
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Survey results

Al usage in the organizations

How frequently do you or your organization
use Al technologies in your professional activities?

Never

4.0%

Rarely

Occasionally

Frequently

Figure 6: How frequently do you or your organization use Al technologies in your
professional activities?

Our survey results (Figure 6) indicate a high level of Al adoption among
respondents:
. Frequently: 35.3% of respondents use Al technologies regularly
in their professional activities.
. Occasionally: 38.0% use Al from time to time.
. Rarely: 22.7% report minimal Al usage.
. Never: Only 4.0% of respondents state that they do not use Al at
all.

These figures suggest that Al is widely integrated into the professional
activities of our survey participants, with more than 73% using Al at least
occasionally.
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Comparison with Eurostat Al Adoption Data

To put these results into perspective, we compare them with the latest Al
adoption statistics from (Eurostat 2024), which reports the percentage of
enterprises using at least one Al technology:
. Germany: 19.75% of enterprises used Al in 2024, up from
11.55% in 2023.
. Hungary: 7.41% of enterprises used Al in 2024, up from 3.68%
in 2023.
. EU Average: 13.48% of enterprises used Al in 2024, up from
8.03% in 2023.

Compared to these figures, our survey shows a much higher rate of Al
adoption among respondents. The gap between our results and the Eurostat
data suggests that our sample is not representative of the general
enterprise landscape in Germany, Hungary, or the EU. Instead, our
dataset is likely biased toward professionals who are already engaged in
Al discussions and implementation.

Interpretation of the Results

This response bias is expected and does not diminish the relevance of our
findings. Since our research focuses on Al trust and adoption concerns,
we are primarily interested in the perspectives of those who use Al, rather
than those who do not. The high level of Al adoption in our dataset ensures
that our analysis captures the opinions of those actively working with Al
technologies, making our insights more relevant to understanding the
challenges, risks, and trust factors associated with Al adoption in business
contexts.

Figure 7 aims to examine how organizational size correlates with the
strategic importance attributed to Al by our respondents. A general
observation is that across all organization sizes, a considerable proportion
of respondents regard Al as either important or critical, indicating its
growing relevance in business strategy. Large enterprises tend to recognize
Al as highly significant, with 25.9% of respondents considering it critical
and an additional 29.6% rating it as important. This trend is expected, as
larger organizations typically have more resources, structured innovation
strategies, and established Al-driven initiatives, making Al integration a
key component of their operations.
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AI’s Importance and Impact on the Organization

Strategic Importance of Al by Organization Size (Percentage)

Strategic Importance of Al
Not Important
Moderately Important

= important

801 EEm Critical

-]
=]

ES
S

Percentage of Responses

20 4

24.1%

Organization Size

Figure 7: Strategic Importance of Al by Organization Size

An intriguing aspect of the data is that micro-enterprises report the highest
percentage of respondents perceiving Al as critical, at 43.6%. This finding
is somewhat unexpected, as smaller organizations often lack the same
level of financial and technological resources as larger enterprises.
However, it is likely influenced by the composition of survey respondents,
many of whom may come from technology-centric micro enterprises,
consulting firms, or other Al-driven sectors where the adoption and
reliance on Al are fundamental to business operations. This suggests that
in certain industries, particularly in technology and professional services,
even very small organizations may consider Al to be a crucial element of
their strategic approach.

In contrast, small and medium-sized enterprises exhibit a more balanced
distribution of responses. For small enterprises, 22.2% of respondents
classify Al as critical, while 44.4% consider it important, indicating that
while Al holds value, it is not yet universally seen as an indispensable
strategic asset at this scale. Similarly, medium-sized enterprises have a
strong presence in the important category (48.7%), with a lower
percentage (12.8%) identifying Al as critical. This suggests that while Al
is widely recognized as an important tool for competitiveness and
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innovation, its absolute necessity may be less pronounced compared to
micro and large enterprises.

Overall, the data highlights that Al is increasingly viewed as a strategic
priority across businesses of all sizes, though the degree to which it is
considered critical varies. Large enterprises predictably show a strong
inclination toward integrating Al into their strategic framework, but the
particularly high importance placed on Al by micro-enterprises points to
industry-specific factors at play. This finding underscores the fact that
while Al adoption is often associated with large organizations, smaller
firms, especially those in Al-intensive industries, may be just as, if not
more, reliant on it for their survival and growth.

The above mentioned effects are also reinforced by the respondents’ views
about the impact of Al on their general industries, so as Figure 8 shows,
they feel, that not only for their specific company setups is the adoption of
Al a necessary component, but also estimate the impacts of it for their
whole industries to be considerable. As visible on the chart, the effect of
organizational size is also very similar on the respondent’s views, so large
and micro organizations (with sectoral caveats) might be more prone to
feel the need for Al adoption.

Al's impact on your industry by Organization Size (Percentage)

Al impact

Minimal

Moderate
. Significant
Emm Transformative

104

0.8 q

0.6 4

0.4 4

Percentage of Responses

0.2 1

0.0

Organization Size

Figure 8: AI’s impact on your industry by Organization Size
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Most frequent use cases of Al

As a deeper layer of analysis for the actual usage of Al (with emphasis on
most recent Al capabilities) we included questions to assess the areas and
use cases that respondents encounter the most frequently in their
organizational contexts.

Distribution of Categories per Use Case
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Don't know / Don't want to answer
Not used
0.8 s Minimally used
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Figure 9: Distribution of Categories per Use Case - Internal Use Cases
Distribution of Categories per Customer-Facing Use Case
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Figure 10: Distribution of Categories per Use Case - Customer-Facing Use Cases

30



TRUST AND ADOPTION OF Al IN BUSINESS: PERCEPTIONS, RISKS, AND SOLUTIONS

Figures 9 and 10 illustrate the most frequent Al use cases in organizations,
categorized into internal and customer-facing applications. The data
highlights that Al adoption is relatively higher for internal use cases, with
an average of 54.5% of respondents indicating at least minimal usage. In
contrast, external Al adoption stands at 43.95%, reflecting both interest
and caution in deploying Al in customer-facing roles.

For internal applications, Al is most frequently used for accessing policies
(71.3% indicate it is not used, while 28.7% report some level of adoption),
generating text and charts (54.7% adoption, with 20.0% extensively using
it and 2.7% marking it as a core function), and generating code (54.0%
adoption, including 15.3% extensively using it and 6.7% considering it a
core function). These results suggest that Al plays a significant role in
knowledge retrieval and automation of documentation, as well as in
content generation where Large Language Models (LLMs) are often
implemented using Retrieval-Augmented Generation (RAG) techniques.
However, challenges such as hallucinations—incorrect Al-generated
outputs—remain an issue, which we will explore in further detail later in
the article.

Externally, Al is primarily applied in FAQ access and sales chatbots. The
survey data indicates that FAQ access is actively planned by 44% of
organizations, while sales chatbots are even more widely adopted, with
51.3% of respondents planning for at least minimal integration.
Notably, sales chatbots have a higher proportion of respondents (9.3%)
identifying them as a core function, indicating that businesses see Al-
driven customer interactions as a crucial part of their digital strategy.

A key observation is that external Al use cases carry a higher risk
compared to internal applications. Since customer-facing Al directly
interacts with consumers, errors in chatbot responses, bias in FAQ
generation, or misinterpretations could lead to reputational damage,
diminished brand trust, and even financial losses. This is particularly
relevant for organizations where Al-generated interactions influence
customer decision-making and support experiences.

The comparison between internal and external Al adoption suggests a
more cautious approach toward customer-facing Al applications due
to their potential risks. However, the fact that nearly 44% of
organizations are already integrating Al externally reflects the
growing confidence in AI’s capabilities and its increasing role in business
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automation. In the following sections, we will further analyse how
organizations manage Al-related risks and trust-building mechanisms,
especially in high-stakes external use cases.

Trust vs. usage

The core subject of our investigation is the trust (and the associated
concerns / possible solutions) in Al systems applied in the professional
business context. To analyse the attitudes and perceived trust in Al systems
we decided to conduct a detailed evaluation of the usage patterns of said
technologies with respect to the given organizational roles of the
respondents (in a "merged" manner, as defined already above).

But before we go deeper into the levels of trust and it’s relationship to
organizational role, as a prerequisite (and in a sense a possible confounder)
we have to ponder the general usage patterns of Al for the given roles.

As Figure 11 demonstrates, though in our "tech-savvy" respondent pool,
the utilization of Al tools is generally high (especially in comparison to
the Eurostat data (Eurostat 2024) quoted before), so on average over the
roles 35.0% report frequent usage, 37.15% report occasional usage, or in
sum a total 72.15% report noteworthy usage, the levels vary considerably
with respect to their individual roles.

Percent Distribution of Al Usage by Role

100% - Al Usage Frequency
Never
Rarely

= Occasionally

EE Frequently

Percentage Distribution
I
g
=

0% - D 4

Role at Work

Figure 11: Percent Distribution of Al Usage by Role
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Beside the maybe more expected result that IT related roles are reporting
the most dominant frequent usage of Al systems, research and
development staff seems to rely in total (so frequent and occasional
together) the most (at 80.5%) on Al, significantly higher than the total of
"other roles" standing at 74.5% (which is in itself impressive). Also
noteworthy is the observation, that though the Al usage of executive and
management personnel does not reach the average, but with its 63.% total
still can be considered highly relevant.

With that in mind, looking at the data with respect to the connection
between the roles at work and the respective trust in Al systems (illustrated
by Figure 12) an interesting picture emerges.

As a starting point, we have to observe, that if we average across roles the
fully, strongly and limitedly trusting individuals, and sum these average
proportions, we can state, that 53.4% of respondents place some level of
trust in Al systems, which on the one hand can be considered promising
(it is a slim majority after all), but prominently points to the fact, that
establishing and enhancing trust in Al systems is a crucial challenge
in their adoption, and most likely some systematic approaches, on the
policy and toolset level have to be implemented.

Normalized relationship between role at work and trust in Al systems

Normalized Trust in Al Safety (% of respondents)

EIR

2.7%
12.5% 18.1%

Rales at work

Figure 12: Normalized relationship between role at work and trust in Al systems
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But going deeper into the details reveals more interesting insights:
generally, IT roles are the very strongly trusting 62.5% if we sum fully,
strongly and limitedly (or with the highest proportion of fully, 32.5%),
which is in a sense as expected. We could theorize, that beyond the general
openness towards technology in these roles the possibly deeper knowledge
/ understanding of the way of operation of Al systems can play an
important role here.

It is also noteworthy, that management related roles exhibit a remarkably
strong trust, 63.7% (summed), so the highest of all groups! This is
especially important, since it means that we do not just see a kind of
"grassroots" level of naive trust emerging, but IT (as the "topic owners")
and management (as the ones giving directions to the organization) jointly
exhibit positive attitudes about Al systems, that can foster faster adoption
that if only the "general” employees would turn to Al in their work (as
represented by either the 53% average or the 36.2% of the "other" roles).

Further unpacking the notion of "more knowledge about AI’s workings
leads to higher trust” - as we theorized in case of IT, we can endeavour to
directly quantify this relationship by examining the connection between
usage frequency and trust directly, irrespective of roles.

Figure 13 tries to make this connection tangible by visualizing the
dependence of the level of subjective trust and the frequency patterns of
usage. Clearly, we can see a considerable relationship emerging, or to
quantify specifically: a Spearman correlation of 0.371 with a P-value of
<0.00001, that we can definitely consider statistically significant. We can
thus conclude, that one of the essential aspects of trust towards Al systems
can be derived from specific knowledge, since the more people use Al
solutions, the more experience they have with them, hence the more
they trust them, which is in a sense extremely encouraging with respect
to the further perspectives of adoption, but on the other hand points us
towards the questions: what can we do, to enhance this trust even further?

On one hand: early and frequent exposure to Al technologies, so a culture
and business investment that enables employees to gather first hand,
real life experience is one of the most important factors we can think of.
On the other hand, we can investigate some policy actions and practical
technological solutions that can potentially boost trust, thus the level of
adoption. In the remaining sections we focus our attention on these topics.
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Relationship between Al usage at work and trust in Al systems
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Figure 13: Relationship between Al usage at work and trust in Al systems
Organizational readiness and fears

If we want to make systematic progress in deploying Al systems in the
broadest set of business applications possible, we have to also take a sharp
look at the flip side of the above detailed phenomena, namely the topic of
fears.

The first topic that we tried to quantify is what the areas exactly are -
phrased in quite broad strokes so as to allow more respondent opinions to
converge - that professionals are concerned about with respect to the broad
scale adoption of Al technologies throughout business life.

Figure 14 summarizes the fears, and makes it evident, that there is a clear
hierarchy in the perceived level of risk with respect to topics. Most
interestingly, the direct labour market impacts, so the potential of Al for
causing job displacement lands squarely at the last place, therefore a
58.7% majority of respondents consider it as "non-issue", strongly
contradicting the general economic narratives of the current day (though
one could argue, the approx. 40% agreeing is by no means negligible),
followed only closely by the topic of AI’s inherent bias with 46.7%
agreement, which might point to the fact that this topic has been already
worked upon extensively in the last decade of Al progress. (It is well worth
mentioning as a contrast, though, that the (Eurostat 2024) dataset reports
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for the proportion of "Enterprises which have measures to check the results
generated by Al technologies for possible biases towards individuals" in
the few EU member states which have at al this data sub 1% frequency, so
it is quite questionable, if the problem is solved or simply neglected...)

The question of erosion of human skills is the first issue where the
respondents seem to be ever so slightly (50.7%) more concerned than not,
which also points towards the perceived potential of the technology: if the
general consensus would point towards Al as being “incompetent” or
"useless", the issue with over-reliance and thus, the diminishing of human
capabilities would not even emerge in the first place.

The topic of security vulnerabilities and of data privacy issues move hand
in hand, a 60% majority consider them as noteworthy concerns, thus
pointing to the fact, that clear policy guidelines and internal company
regulations must be established to mitigate risks, which might in turn help
establish and enhance trust.

Respondent's agreeing that Al poses risk for a given issue
Proportion of 'Yes' (Dark Grey) and 'No' (Light Grey) Responses by Issue
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Figure 14: Respondent’s agreeing that AI poses risk for a given issue
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Despite the overall trend of increasing trust in Al systems, and our
reasoning above, that there does exist a high level of baseline trust in Al
capabilities, concerns about performance persist, particularly regarding the
misinterpretation of user queries. 64.7% of respondents highlighted this
issue, indicating that Al systems, while powerful, still struggle to always
accurately understand and respond to complex input. This suggests that
improving Al comprehension and contextual reasoning remains a key
challenge for trust-building in professional environments.

Legal and compliance concerns are even more pronounced, with 70.0%
of respondents identifying them as significant barriers to Al adoption.
Notably, security risks themselves were not perceived as a primary issue;
instead, regulatory compliance—especially with GDPR—seems to be the
dominant concern. Though we do not have direct evidence, we can hypo-
thesize, many respondents view data related regulations not necessarily as
a safeguard but as an external burden that complicates Al deployment,
suggesting that organizations may benefit from clearer regulatory
guidance and standardized compliance frameworks to mitigate these
concerns.

It is also notable for this point to ponder, that a general trend seems to exist
in Al adoption representing the growing concern regarding data protection,
privacy, and legal uncertainty, which has acted as a cooling factor on
business enthusiasm for Al integration. Recent Eurostat data (Eurostat
2024) demonstrates a notable increase in enterprises citing privacy and
legal concerns as barriers to Al adoption. Specifically, the percentage of
EU enterprises refraining from Al use due to data protection and privacy
concerns rose from 2.74% in 2023 to 4.89% in 2024, reflecting a
heightened sensitivity to regulatory compliance. This trend is even more
pronounced in Germany, where 7.6% of enterprises in 2024 reported
privacy concerns as a primary deterrent to Al implementation. Similarly,
the proportion of enterprises avoiding Al due to a lack of clarity about
legal consequences increased from 2.94% to 5.26% across the EU, with
Germany again exhibiting a significantly higher share at 8.25%. Hungary,
while demonstrating a lower overall prevalence of these concerns, still
experienced a measurable increase, with privacy-related worries growing
from 1.54% in 2023 to 2.56% in 2024 and legal uncertainty concerns
rising from 1.84% to 2.92% in the same period. These statistics suggest
that businesses are not only struggling with the technical implementation
of Al but are also facing escalating regulatory and compliance-related
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hesitations. The increased apprehension surrounding data protection laws,
particularly the GDPR, underscores the necessity for clearer regulatory
guidance, standardized compliance frameworks, and organizational
policies that facilitate responsible Al deployment while maintaining legal
certainty. Without targeted interventions to address these concerns, such
as government-backed support programs, streamlined compliance
mechanisms, or industry-wide best practices for Al governance, regulatory
uncertainty may continue to hinder Al adoption at a critical juncture of
technological advancement.

Perhaps the most striking result is the widespread apprehension regarding
AT’s role in spreading misinformation. 70.7% of respondents regarded this
as a critical issue, reflecting not only concerns about Al-generated errors
but also a broader awareness of the risks associated with deliberate misuse
of Al technologies. This highlights the necessity for stringent verification
mechanisms, transparency in Al-driven content generation, and policies to
prevent the amplification of misinformation at both the corporate and
societal levels.

Your Organization and Al Safety - Confidence Levels

slightly confident

Not confident at all

0.7% Don't know

Extremely confident

Moderately confident

Very confident

Figure 15: Respondents perception of safety measures in their organizations
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To round out the picture, we have to mention the question of confidence
by the respondents, that the safety measures utilized by their respective
organizations are sufficient in counteracting the possible dangers analysed
above. As Figure 15, the opinions are quite split: in total 48% of the
respondents is slightly or not at all confident that the policies and measures
are adequate, so we can see a pretty obvious gap and need for serious work
on the internal policy and trust-enabling technology area. These topics
should merit considerable investment!

Tools for Establishing Trust

As discussed above, there are two main avenues for enabling trust in Al
systems: organizational policies and technical evaluation tools. Here we
focus on the latter—the recent tools and methodologies that allow
systematic auditing and error correction of Al solutions, thereby
establishing a technical basis for trust. These solutions have advanced
rapidly and now make the abstract concept of “Al trust” measurable and
actionable in practice. By deploying the right evaluation frameworks,
organizations can obtain objective evidence of their Al systems’
trustworthiness, which supports informed decisions about Al use and
provides assurance to stakeholders.

What kind of tools exist for establishing trust?

Several evaluation frameworks have emerged to quantify the performance
and trustworthiness of Al systems. Notably, RAGAS, ARES and
TrustMyAl are three recent methodologies developed for this purpose. All
three target retrieval-augmented generation (RAG) scenarios—for
example, Large Language Model (LLM) chatbots that retrieve and cite
external documents—but their principles apply broadly to Al assistants
based on large language models. Each framework shares a common goal:
to assess how well an Al model uses retrieved context to produce relevant,
accurate, and trustworthy answers. They typically evaluate along key
dimensions such as context relevance (does the model appropriately
use the provided information?), answer faithfulness (is the answer
grounded in the source data?), answer relevance (does it address the
user’s query fully and correctly?), and sometimes transparency (does
the system indicate where its information comes from?). These tools
thus move beyond ad-hoc, human gut-checks toward formalized scoring
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of Al outputs. In effect, frameworks like RAGAS and ARES (Mehrotra et
al. 2023; Chen et al. 2023) enable a quantifiable trust score for Al
responses, providing a structured way to judge whether an AI’s output can
be trusted in a business context. This represents a significant recent
development in Al evaluation: trust, which was once hard to measure, can
now be tracked with metrics.

State-of-the-art methods for Al trust
RAGAS

RAGAS (Retrieval-Augmented Generation Assessment) is an open-
source framework introduced in 2024 to streamline RAG evaluation
(Mehrotra et al. 2023). It provides a suite of automatic metrics that jointly
analyse the retrieval and generation components of an Al system. Rather
than relying on manual annotation or predefined answers, RAGAS uses
reference-free checks—for instance, scoring how well the retrieved
context matches the query and how closely the AI’s answer stays true to
that context. It measures attributes like relevance and factual consistency
using language model scoring and similarity measures. In practical terms,
RAGAS allows developers to quickly identify if a chatbot or QA system
is hallucinating or diverging from its source material. Businesses have
found this useful for rapid iteration: by running RAGAS metrics on test
queries, teams can pinpoint weaknesses (e.g. irrelevant citations or
unsupported statements) and improve the system before deploying it to
real users. This improves the system’s reliability and reduces the chance
that end-users encounter incorrect information, directly boosting trust in
the Al.

ARES

ARES (Automated RAG Evaluation System) is another state-of-the-art
methodology, emerging from the latest research to further automate trust
evaluations (Chen et al. 2023). ARES introduces Al-based judges into the
evaluation loop: it generates synthetic Q&A pairs and fine-tunes
lightweight language models to act as specialized reviewers for each
component of a RAG pipeline. These Al “judges” score the context
relevance of retrieved documents, the faithfulness of the answer to those
documents, and the overall answer quality. By training on synthetic data
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(with a small set of human-verified examples for calibration), ARES
minimizes the labour required for evaluation while still aligning with
human judgment on correctness. The result is a largely automated scoring
system that can be run continuously as an Al application evolves. In a
business setting, ARES can serve as an ongoing monitor of an Al
assistant’s trustworthiness—flagging when the model’s answers might be
straying from verifiable facts or when retrieval quality drops. This
proactive feedback loop helps organizations ensure their Al systems
remain reliable over time, catching issues early (before users do) and
maintaining consistency even as content or user queries change. Such
capabilities are invaluable in high-stakes industries (finance, healthcare,
etc.), where continuous validation of Al outputs is required for compliance
and risk management.

TrustMyAl

TrustMyAl is Neuron Solutions’ proposed evaluation framework, which
builds on concepts from RAGAS and ARES while tailoring them to
practical enterprise needs. Like the others, TrustMyAl combines rule-
based metrics with Al-driven assessment to produce an overall “trust
score” for model outputs. In essence, it uses RAGAS-style scoring rubrics
(checking context usage, factual alignment, relevance) and augments them
with an LLM-based evaluator that judges answer quality in context—
similar to ARES’s approach. The aim is to provide a comprehensive yet
easy-to-use toolset for organizations to audit their Al systems. For
example, TrustMyAlI can be integrated into a company’s chatbot platform
to automatically rate each answer given to customers, highlighting low-
trust responses for human review or retraining. By doing so, it
operationalizes trust metrics: rather than trust being a vague notion, it
becomes a dashboard item that product managers and Al developers can
monitor and improve. The business impact is significant—TrustMyAl
offers a repeatable process to ensure Al deployments meet predetermined
trust thresholds. This means companies can set standards (e.g. “the answer
must be 90% faithful to provided documents”) and regularly verify
compliance, which is especially important for meeting internal quality
benchmarks or external regulatory requirements.
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Overview of RAG evaluation solutions

In sum, frameworks like TrustMyAl, RAGAS, and ARES exemplify the
cutting edge of Al evaluation. They turn qualitative concerns (like honesty
or relevance) into quantitative scores, making it feasible to validate Al
systems at scale and iterate on them much like one would refine any other
critical business process. Organizations adopting these tools gain a
measure of control and confidence over Al behaviour that previously was
difficult to attain.

Platform integration of Al trust solutions

Importantly, the concepts behind these Al trust evaluation tools are being
embraced and built into major Al platforms, reflecting an industry-wide
move towards “responsible AI” by design.

Microsoft Azure

For instance, Microsoft Azure now provides an integrated RAG evaluation
framework as part of its Al offerings. Azure’s architecture guidelines for
LLM applications recommend measuring metrics such as groundedness,
relevancy, and correctness of responses—essentially similar criteria to the
frameworks above—to ensure that generated answers remain faithful to
the retrieved data (Microsoft 2024). Microsoft has even introduced GPT-
4-based evaluation metrics within Azure Machine Learning Studio,
allowing developers to automatically grade their chatbot responses on
these trust dimensions. This means that for example, if you would build a
RAG-based Q&A system on Azure, you can leverage built-in tools to
calculate how well your model is using its knowledge sources and where
it might be making unfounded claims. By embedding such evaluation at
the platform level, Azure simplifies the adoption of trust measures: even
non-technical teams can get feedback on Al output quality in real time,
without needing to assemble a custom evaluation pipeline from scratch.
This streamlined evaluation process helps businesses quickly identify
issues (like a wrong citation or an incomplete answer) and improve their
models, ultimately leading to more trustworthy Al services deployed on
Azure.
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Amazon Web Services

Similarly, Amazon Web Services (AWS) has invested in Al trust and
monitoring tools through its SageMaker platform. Amazon SageMaker
Clarify, for example, is a tool that helps developers detect bias in models
and understand the reasoning behind predictions, providing transparency
into how Al decisions are made. (Amazon Web Services 2025a) Clarify
produces detailed reports on potential biases in datasets and model outputs
(e.g. checking if a model’s answers favour certain groups), and it offers
feature importance analysis to explain why the model arrived at a given
answer. These capabilities are crucial for building fair and transparent Al
systems, which are key pillars of user trust. In addition, AWS offers
SageMaker Model Monitor (Amazon Web Services 2025b), a managed
service that continuously watches deployed models for quality issues.
Model Monitor can automatically detect data drift, concept drift, and
performance degradation in real time—for instance, alerting if users start
asking questions outside the Al’s training distribution or if the accuracy of
responses declines over time. By receiving such alerts, businesses can take
corrective action (retraining models, adjusting data inputs, etc.) before
small issues snowball into major failures.

Other key players in RAG Evaluation

Beyond Azure and AWS, other leading platforms are integrating trust and
explainability features into their Al ecosystems. Google’s Vertex Al
platform offers tools for evaluating model fairness and explainability. For
instance, Vertex Explainable Al provides feature-based and example-
based explanations to enhance understanding of model decision-making
processes.(Google Cloud 2025b)

IBM’s Watsonx platform supports the development of Retrieval-
Augmented Generation (RAG) applications, enabling enterprises to build
Al solutions that generate factually accurate outputs grounded in
information from knowledge bases. In addition, IBM provides some of the
aforementioned frameworks for evaluating and monitoring RAG
pipelines, such as the Ragas framework, assessing the performance of
RAG systems.(Gutowska and Lukashov 2024)
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Overview of solutions for Al trust

The convergence of these platform-level integrations from the afore-
mentioned global software companies amplify the impact of frameworks
like RAGAS, ARES, and TrustMyAl. By embedding evaluation and
monitoring features directly into their products, cloud providers operation-
alize key concepts such as measuring groundedness, faithful-ness, and bias
at scale. This alignment with business demands for trusted Al facilitates
the deployment of reliable and transparent Al solutions across various
industries. For enterprises, this means adopting Al trust tools is becoming
easier and more cost-effective. A team using Microsoft or AWS can lever-
age built-in evaluators and dashboards as a starting point, then extend with
specialized frameworks for additional rigor if needed. The result is a robust
end-to-end approach to Al trust—from development to deployment—that
aligns with both technical best practices and emerging regulatory
standards. In practice, organizations that embrace these integrated trust
solutions are better positioned to deploy Al innovations with confidence.
They can demonstrate to clients and regulators that measurable safeguards
are in place, and they gain a competitive advantage by offering Al products
and services distinguished by their reliability and accountability. In short,
the convergence of new Al trust evaluation frameworks and their adoption
by major platforms is making trustworthy Al a tangible, achievable goal
for businesses today.

Value of trust tools

After his short survey of truest enabling technologies, the question natural-
ly arose, what is the perceived value of these approaches in the eyes of the
practitioners, the professionals in the field who responded to our survey?

We directly stated this question, with some short explanation about what
we think such a trust enabling technology would look like, trying to
estimate the attitudes of respondents towards them.

As Figure 16 illustrates, there is broad consensus about the value of trust
enabling tools: in total 72% of respondents agree, that a tool that for
example assesses the output of Large Language Model based solutions
is at least moderately, very or extremely valuable, pointing to the very
specific felt need for some more systematic evaluations than just purely
"manual™ evaluation by humans.
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How would you see the value of an LLM assesment tool?

Slightly valuable

Not valuable at all

Moderately valuable

Don't know / Don't want to answer

Extremely valuable

Very valuable

Figure 16: Participants perception of the value of an LLM assessment tool

As Figure 16 illustrates, there is a broad consensus about the value of trust
enabling tools: in total 72% of respondents agree, that a tool that for
example assesses the output of Large Language Model based solutions
is at least moderately, very or extremely valuable, pointing to the very
specific felt need for some more systematic evaluations than just purely
"manual™ evaluation by humans.

We consider this finding very significant, and would thus highly
encourage business decision makers to adopt such technologies,
methodologies.

As for a more detailed, role based analysis of this value perception we can
see by studying Figure 17 that generally the more "hands on" roles are
laying emphasis on the usage of LLM evaluation methods, but even in case
of management and executive roles, more than 66% of the respondent
agree, that such solutions carry at minimum moderately value for the
organizations, making this an unanimously perceived need on the market.

As a further important remark, the organizational size distribution of this
value judgement (illustrated by Figure 18) reveals that especially large
organizations exhibit a particularly strong perceived need for Al
evaluation methodologies. Statistical analysis supports this observation:
the relationship between organizational size and the perceived value of an
LLM assessment tool is statistically significant y? = 55.82, p < 0.001,
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Figure 18: Value of an LLM Assessment Tool by Organization Size
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Discussion of Results

Our findings underscore that trustworthiness is a cornerstone of Al
adoption in business. Even in our tech-savvy sample, only about 53.4%
of respondents expressed at least some trust in Al systems, a slim
majority that highlights a significant trust gap. This gap matters because
trust (or the lack thereof) directly influences the degree to which
organizations embrace Al. Notably, we observed a virtuous cycle between
Al experience and trust: respondents who use Al more frequently tend
to trust it more (Spearman’s rho = 0.37, p < 0.00001). This correlation
suggests that familiarity breeds confidence—an encouraging sign that
hands-on exposure can build trust.

However, experience alone may not bridge the trust gap for everyone. The
key question that emerges is what can organizations do to enhance trust
further and ensure that scepticism about Al does not hinder its potential
benefits? To answer this, we place our results in the context of the evolving
Al governance landscape and derive practical strategies for businesses.

Policy Implications

The Al governance landscape is rapidly maturing, setting clear expecta-
tions for organizations to prioritize trustworthiness. Four major interna-
tional governance or regulatory frameworks shape this environment, as we
will discuss below.

EU Al Act

The European Union’s Artificial Intelligence Act is the first compre-
hensive legal framework for Al, adopting a risk-based approach to ensure
trustworthy Al.(European Commission 2021). The purpose of the Al Act
was to build a comprehensive risk-based regulatory framework to ensure
that Al systems are safe, transparent, and accountable.

It categorizes Al systems into four risk levels: unacceptable, high, limited,
and minimal. High-risk systems (such as those used in critical domains
like healthcare or finance) must satisfy stringent criteria including
thorough risk assessments, data quality control, human oversight, and
transparency measures. The Act also mandates clear documentation and
establishes mechanisms for auditing and tracing Al-driven decisions,

47



LEVENTE SZABADOS, ADAM BUZA

thereby aligning Al development with public trust and safety
requirements.

The Al Act entered into force on 1 August 2024, and will be fully
applicable 2 years later on 2 August 2026, with some exceptions:

. Prohibitions and Al literacy obligations entered into application
from 2 February 2025

. The governance rules and the obligations for general-purpose Al
models become applicable on 2 August 2025

. The rules for high-risk Al systems - embedded into regulated
products - have an extended transition period until 2 August 2027
(European Commission 2024).

In practice, the Al Act means for boards and executives that they must
treat Al risks much like financial or legal risks, with formal processes
to audit and trace Al decisions so that systems remain aligned with public
safety and trust. Non-compliance could not only invite regulatory
penalties but also erode public trust, a risk few businesses can afford in
an era where nearly 44% of organizations are already integrating Al into
customer-facing functions, based on our survey data.

The EU’s regulatory push thus serves as a wake-up call: organizations
must be proactive in building trustworthy Al before mishaps lead to
reputational damage or legal liability. As our respondents noted, errors in
consumer-facing Al (e.g. chatbots giving wrong answers or exhibiting
bias) can diminish brand trust and even cause financial losses.

As we see in this context, the high-level message of the EU Al Act for
business leaders is that Al trust is now a governance imperative. The
Act requires companies to institute robust oversight for higher-risk Al
applications, for example, by requiring thorough risk assessments,
documentation, and human oversight for Al used in sensitive domains.

OECD Al Principles and NIST Al Risk Management Framework

Importantly, this European approach aligns with global trends. The OECD
Al Principles provide international, consensus-based guidelines
emphasizing human-centric and ethical use of Al. The principles include
promoting inclusive growth, human-centred fairness, transparency,
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robustness, security, and accountability. They act as foundational
guidelines influencing national and industry-level standards, contributing
significantly to global alignment around trustworthy Al (OECD 2019).

Likewise to the OECD Al Principles, the U.S. NIST Al RMF, while
voluntary, gives a practical blueprint to identify, assess, and mitigate Al-
related risks through its core functions: Govern, Map, Measure and
Manage. By operationalizing Al principles into actionable strategies, the
RMF helps businesses achieve compliance and cultivate trust in Al
deployment (NIST 2023).

These aforementioned frameworks translate abstract principles into a risk
management process that companies can adopt internally, bridging the gap
between lofty ideals and day-to-day practice. In essence, there is an
emerging global alignment on what “trustworthy AI” entails—
transparency, fairness, accountability, and security are recurring
pillars. Businesses operating across borders can take note that adhering to
these principles will not only ease compliance with any one regulation but
also bolster their credibility in the eyes of customers and partners.

ISO/IEC 38507:2022 (Al Governance Standard)

Another key piece of the governance puzzle is corporate-level standards,
such as ISO/IEC 38507:2022 on Al governance. ISO/IEC 38507:2022
provides detailed guidance for organizational governance of Al
technologies. It reinforces corporate accountability for Al systems and
stresses the importance of governance oversight at the board level.
According to the standard, boards must set policies and oversee Al
deployment processes to ensure ethical use and minimize risks associated
with Al deployment (ISO/IEC 2022).

Boards are expected to set clear Al policies and oversee their
implementation, ensuring ethical use and risk mitigation as part of
corporate governance. This also corresponds to our previous findings that
trust in Al is now a strategic issue, demanding executive attention. Our
survey results show that trust in Al is not just a concern of the technical
staff. In fact, we found that management respondents exhibited among the
highest trust levels in Al (nearly 64% reporting some degree of trust).

This suggests that leaders are increasingly optimistic about Al’s
potential—an optimism that needs to be backed by solid governance. By
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formally integrating Al oversight into corporate governance, organizations
signal both internally and externally that they are serious about managing
Al’s risks and rewards. Such signals can enhance stakeholder confidence,
aligning with what the emerging regulations and standards seek to achieve.

Building Al Trust in practice: Organizational strategies

Translating these policy insights into practice, our study points to several
strategies that organizations can pursue to foster trust in Al.

Trust Evaluation in Al Processes

First, businesses should embed systematic trust evaluation into their Al
development and deployment processes. Rather than relying on ad-hoc or
purely manual assessments of whether an Al system is trustworthy,
organizations can adopt structured evaluation methodologies as a routine
“quality control” for Al

Our respondents clearly see the merit in this approach: an overwhelming
72% indicated that tools for assessing Al outputs (e.g. evaluations of
LLM responses) would be at least moderately valuable. This consensus
signals a felt need in the industry for more rigorous, repeatable
validation of Al systems beyond what human intuition can provide. In
line with this, we recommend that companies establish regular Al
performance audits focused on trust metrics like accuracy, fairness,
transparency, and robustness.

Emerging evaluation frameworks make this feasible. For example,
methodologies such as RAGAS and ARES—originally developed for
retrieval-augmented generation (RAG) systems—use a combination of
automated metrics and Al-based judges to rate how well a model’s
answers align with provided context and factual correctness. Our own
proposed framework, TrustMyAl, builds on similar concepts, combining
RAGAS-style scoring with LLM-based judging to systematically measure
an Al system’s context relevance, answer faithfulness, and overall quality.

The specifics of these tools aside, the broader point is that quantitative
trust assessments are becoming accessible. By adopting such tools (or
others like them), organizations can obtain objective evidence of their Al
systems’ trustworthiness. This has two major business implications:
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internally, it supports more informed decision-making about where Al can
be safely deployed; externally, it provides assurance to regulators and
clients. In fact, as Al regulations tighten, having quantifiable trust
metrics can demonstrate compliance with requirements for transparency
and risk management, as envisioned by frameworks like the EU Al Act
and NIST RMF.

In short, systematic evaluation methodologies offer a practical bridge
between high-level governance mandates and on-the-ground Al
operations, making the abstract concept of “Al trust” measurable and
actionable.

Internal Al Policies and Culture

Second, organizations should align their internal policies and culture
with the emerging best practices on Al ethics and governance. This
involves training and awareness to ensure that everyone from developers
to executives understands AI’s limitations and risks. Our results show that
security and data privacy are top-of-mind concerns, with about 60% of
respondents citing these as noteworthy issues with Al.

To address such concerns, companies need clear internal guidelines—for
example, data handling rules for Al, bias mitigation checklists, and
incident response plans—that translate external principles into daily
workflow checkpoints. By instituting these policies, firms create an
environment where compliance and ethical considerations are second
nature, not afterthoughts.

Moreover, transparency with users and stakeholders is paramount.
Organizations should openly communicate what their Al systems can and
cannot do, including known limitations or error rates. This kind of honesty
was echoed in our recommendations for enhancing Al literacy and
transparency.

When users are educated about how an Al-driven decision is made (and
what safeguards are in place), they are more likely to trust the outcome.
Such openness is not only a good practice but may soon be a legal
requirement for high-impact Al systems (as transparency is a common
thread in Al regulations).
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Al Certification and Labelling

Third, there is value in exploring certification and labelling mechanisms
for Al trustworthiness. Just as industries have certifications for quality
management or cybersecurity, Al is likely to move in this direction.
Policymakers and industry groups are considering trust seals or
standardized trust scores for Al.

Our study’s context suggests that tools like TrustMyAl, RAGAS, ARES
and similar evaluation frameworks could contribute to these certification
programs by providing consistent criteria to score Al systems. For
organizations, participating in such certification schemes could offer a
competitive advantage—a certified Al product may inspire greater
confidence among customers and partners. It’s a way to signal
trustworthiness in a crowded marketplace.

Furthermore, establishing industry-wide benchmarks for trust can help
avoid a scenario where each company invents its own metrics (leading to
confusion and “trust washing”). Instead, with common standards,
businesses can compete on delivering genuinely trustworthy Al, not just
marketing claims. Given that larger organizations in our survey
expressed a particularly high need for Al evaluation methodologies,
we anticipate that leading firms will push for these sorts of standardized
trust evaluations, which smaller enterprises might then adopt as they
become more accessible.

Al Literacy

Finally, fostering trust also means addressing the human element within
organizations. Trust in technology often hinges on how well the people
using or affected by that technology understand and accept it. Our results
hinted that when management and IT teams jointly trust Al (as we saw
with their relatively high trust levels), Al initiatives can gain momentum.

To replicate this, companies should invest in Al literacy programs and
cross-functional dialogues about Al. By educating employees on Al’s
capabilities and pitfalls, and by engaging stakeholders in setting Al ethics
guidelines, organizations create a culture where building trustworthy Al is
a shared mission. This cultural alignment complements the technical and
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policy measures discussed above, ensuring that trustworthiness isn’t just a
box to tick, but a core value driving Al adoption.

Key takeaways: Al Trust for competitive advantage

Stepping back, why do these findings matter? In practical terms, they
illuminate a path for organizations to navigate the dual challenge of
leveraging Al and managing its risks. Our research confirms that
businesses see immense potential in Al—for instance, a majority of large
enterprises in our survey regard Al as important or even critical to their
strategy.

However, realizing this potential hinges on trust: without stakeholder trust,
Al projects may face resistance, underutilization, or backlash when things
go wrong. The discussion above outlines how organizations can respond.
By anticipating regulations like the EU Al Act and embracing the spirit
of those rules proactively, companies can avoid playing catch-up and
instead position themselves as trust leaders. By adopting rigorous
evaluation tools and best practices, they can directly address the
concerns that make people wary of Al, whether it’s an employee unsure
about an algorithmic recommendation or a customer hesitant about an Al-
driven service. The payoff is twofold: internally, smoother Al adoption
and innovation, and externally, enhanced reputation and regulatory
compliance.

In essence, our results and analysis can serve as a note for organizations
to convert Al trustworthiness into a strategic asset. Firms that invest in
Al governance and trust-building not only mitigate risks—such as biases,
errors, or security breaches—but also create an environment where Al can
be deployed with confidence and creativity. Trust in Al is not just a moral
or compliance issue, but a business enabler. It determines which
companies will successfully scale their Al deployments and win public
trust, and which might stumble due to unseen pitfalls. As Al technologies
continue to evolve, those organizations that have woven trust into their Al
strategy will be best placed to harness Al’s transformative power
responsibly and sustainably.

Our study contributes to this forward-looking perspective, showing that
while the challenges of Al governance are significant, the tools,
frameworks, and insights to tackle them are increasingly within reach. By
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combining high-level governance foresight with on-the-ground practical
measures, organizations can confidently navigate the emerging era of Al
with both innovation and integrity.
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Appendix: Specific questions of the survey

Section 1: Al and Your Organization

1.

Country of Operations

Please write the name of the country where your organization
operates.

Your Role in the Organization

Please select the role that best describes your position within the
organization:

— IT

- Finance

- Human Resources

- Operations

- Sales

- Marketing

- Research and Development

- Executive Management

- Research

- Don’t Know / Don’t Want to Answer

- Other

Organization Size

Please select the size of your organization based on employee
count;

- Micro (1-10 employees)

- Small (11-50 employees)

- Medium (51-250 employees)

- Large (251+ employees)

- Don’t know / Don’t want to answer

Organization Industry

Please select the industry your organization operates within:
- Technology
- Finance
- Healthcare
- Manufacturing
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- Education

- Retail

- Don’t know / Don’t want to answer
- Other

Section 2: Awareness of Artificial Intelligence (Al)

5. Experience in interacting with Al in professional life

How experienced are you in interacting with Al in your
professional life?

- Not experienced at all

- Slightly experienced

- Moderately experienced

—  Very experienced

- Extremely experienced

6.  Frequency of Al Use

How frequently do you or your organization use Al technologies
in your professional activities?

- Never

- Rarely

- Occasionally

- Frequently

- Always

7. Experiences with Inappropriate Al Behaviors

Have you experienced or heard about inappropriate behaviours
from Al models in a professional context?

- Never

- Rarely

- Occasionally

- Frequently

- Always

8. Current Al Use Cases

What are the top 5 use cases for Al within your organization?
Please list them.
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9. Business Use Cases for Al

For each scenario below, indicate if your organization currently
uses Al and to what extent:

- Internal Use Case: Accessing internal policies
. Not used

. Minimally used

. Moderately used

. Extensively used

. Core function

— Customer-Facing Use Case: Interactive access to FAQs
. Not used

. Minimally used

. Moderately used

. Extensively used

. Core function

- Customer-Facing Use Case: Sales chatbot
. Not used

. Minimally used

. Moderately used

. Extensively used

. Core function

10. Planned Business Use Cases for Al

For each scenario below, indicate your organization’s intended
level of Al integration:

- Internal Use Case: Enhancing internal policy access
. Not planned

. Planned as a minor feature

. Planned as a moderate feature

. Planned as a major feature

. Planned as a core function

- Customer-Facing Use Case: Enhancing interactive FAQ
access

. Not planned

. Planned as a minor feature
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. Planned as a moderate feature
. Planned as a major feature
. Planned as a core function

- Customer-Facing Use Case: Enhancing sales chatbot
functionality

. Not planned

. Planned as a minor feature

. Planned as a moderate feature

. Planned as a major feature

. Planned as a core function

Section 3: Risks and Challenges of LLMs in Business

11. Potential harm from LLMs in business

In your view, what are the potential risks or ways that Large
Language Models (LLMs) like GPT could cause harm or pose
challenges in a business setting? Please select all that apply, and
feel free to add any additional concerns.

- Data privacy breaches

- Spread of misinformation

- Bias in decision-making processes

- Job displacement due to automation

- Security vulnerabilities

- Misinterpretation of complex queries

- Legal and compliance issues

- Erosion of human skills

- Other (please specify)

Section 4: Assessment of Al Trust

12. Al Initiative Budget

If your company has Al initiatives, how much do you plan to
spend on these initiatives annually? (Specify in Euros)

13.  Company Competence in Al Safety

How confident are you in your company’s competence in
ensuring the safety and ethical use of Al technologies?
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- Not confident

- Slightly confident

- Moderately confident
- Very confident

- Extremely confident

14. Value of an LLM Assessment Tool

How valuable would you find a third-party assessment tool for
ensuring the appropriate behavior of your Al systems, including
LLMs?

- Not valuable

- Slightly valuable

- Moderately valuable

- Very valuable

- Extremely valuable

15.  Willingness to Pay for Al Assessment

How much would you be willing to pay annually for a third-party
service that assesses and ensures the appropriate behavior of your
Al systems? (Please specify in Euros. Write 0 if you are not
willing to pay.)
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Abstract

Small and medium-sized enterprises (SMESs) across Europe are
widely perceived as lagging behind large firms in the adoption of
artificial intelligence (Al). This article argues that generative Al
fundamentally reshapes this narrative. Drawing on practitioner
experience and recent empirical insights, it shows that generative
Al lowers long-standing barriers related to cost, expertise and
access, while at the same time placing new emphasis on
organisational readiness, human factors and strategic intent. The
article reframes Al not as a technological silver bullet, but as an
enabler whose value depends on industry context, digital intensity
and deliberate use. By examining SME heterogeneity, knowledge-
intensive use cases and practical considerations for safe and
productive adoption, the article highlights how perceived
disadvantages can, under the right conditions, become sources of
competitive advantage.

Keywords: Generative Al, Small and medium-sized enterprises
(SMEs); Al adoption, Digital transformation,
Organisational readiness, Competitive advantage,
Practitioner perspective

L This article builds on and further develops ideas originally presented at the “Us and AI” — Collaboration with Artificial
Intelligence in the World of Work conference, held at the University of Pannonia in Veszprém, Hungary, in October 2025.

62



GENERATIVE Al AND THE SME OPPORTUNITY

Introduction - A persistent gap behind the headlines

Despite the global visibility of generative Al and the intense public
discourse around its transformative potential, small and medium-sized
enterprises (SMEs) in Hungary remain at an early stage of meaningful
adoption. Recent empirical evidence confirms what many practitioners
observe in daily work with business owners: openness toward Al is
relatively high, but actual usage is limited and fragmented. A nationwide
survey among Hungarian SMEs shows that while more than four-fifths of
entrepreneurs express no fundamental fear of Al tools, adoption is
constrained by very practical barriers—most notably lack of expertise,
insufficient IT preparedness, financial limitations and uncertainty around
data protection (VOSZPORT, 2024).

Importantly, this is not a uniquely Hungarian phenomenon. Across the
European Union, SMEs consistently lag behind their larger counterparts
in adopting and scaling Al technologies. OECD analysis shows that
European SMEs are significantly less likely than large enterprises to adopt
Al technologies across core business functions, despite increasing
availability and declining entry costs (OECD, 2024). This persistent
adoption gap underscores a broader structural challenge: while the tools
are technically accessible, the organizational capacity to integrate and
leverage them remains uneven.

From a practitioner’s perspective, the core issue is not simply technology
access, but capability, confidence and strategic navigation. The paradox is
stark—generative Al has lowered barriers to entry that once favoured
scale, yet many SMEs are not translating this accessibility into competitive
advantage. Understanding why this potential remains largely untapped is
a necessary starting point for any realistic discussion about how SMEs can
turn perceived disadvantage into competitive advantage.

Why this article does not treat Al as a silver bullet

Against this backdrop, it is tempting to search for quick fixes—tools,
platforms, or turnkey “Al solutions” that promise immediate productivity
gains or competitive advantage. In practice, this mindset often leads to
disappointment. Generative Al is frequently approached either with
inflated expectations or with cautious scepticism, neither of which helps
SMEs make meaningful progress.

In this article, we deliberately take a different stance. We argue that
artificial intelligence—qgenerative Al in particular—is not a silver bullet
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that automatically compensates for structural disadvantages in scale,
capital, or market power. At the same time, we contend that it is far more
than a marginal efficiency tool. When approached with clear intent and
realistic expectations, Al can act as a powerful enabler: lowering entry
barriers, amplifying existing capabilities and allowing smaller
organizations to operate with a level of sophistication that previously
required far greater resources.

From a practitioner’s perspective, the critical question is therefore not
whether SMEs should adopt Al, but how and why. This article explores
how SMEs can navigate Al adoption in a way that is strategically grounded
rather than technology-driven; why mindset, capability development and
use-case selection matter more than tool choice; and how generative Al
can be integrated into everyday business practices without requiring large-
scale transformation programmes.

By focusing on real patterns observed in SME contexts—rather than
abstract maturity models or idealized case studies—we aim to show how
perceived disadvantages can, under the right conditions, be reframed into
sources of competitive advantage.

What we mean by Al—and why generative Al changes the equation
for SMEs

Before discussing adoption paths and practical benefits, it is useful to
clarify what we mean by artificial intelligence in this article. In business
practice, Al primarily refers to systems based on machine learning (ML)
and deep learning (DL): data-driven approaches that learn patterns from
historical data and use them to make predictions, classifications, or
recommendations. These systems do not follow fixed rules; their
behaviour is shaped by data and training. Within this broad category,
generative Al represents a distinct—and strategically important—subset.
While often described by its ability to “generate” text, images, or code,
generative Al is better understood as a general-purpose interface to
intelligence: capable of reasoning, summarising, translating, analysing and
interacting across a wide range of business contexts, rather than solving
one narrowly defined task.

In this article, we therefore focus primarily on the benefits and
implications of generative Al-based tools for SMEs. This is a deliberate
choice. Traditional ML solutions—such as demand forecasting models,
recommendation engines, or custom optimisation algorithms—can
certainly deliver value and in some cases they are indispensable. However,
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they typically require higher levels of data readiness, technical expertise,
integration effort and ongoing maintenance. For many SMEs, these
requirements represent a significant entry barrier. By contrast, generative
Al tools are already embedded in widely used business software and can
be applied immediately to everyday knowledge work, making them a far
more accessible starting point.

This accessibility is reinforced by the rapidly expanding ecosystem of
cloud-based, subscription-driven generative Al services. For organisations
already working within the Microsoft ecosystem, Microsoft 365 Copilot
provides native Al capabilities across email, documents, spreadsheets and
collaboration tools (Microsoft, 2025a; Microsoft, 2025b). Similarly,
companies using Google Workspace can build on generative Al services
delivered through Google Vertex Al, which integrates advanced models
into familiar productivity and analytics environments (Google Cloud, n.d.-
a; Google Cloud, 2025). Beyond these platforms, most major generative
Al providers now offer enterprise-grade subscriptions with governance,
security and compliance features. In parallel, a growing number of
specialised tools have emerged—for example Perplexity for research and
information synthesis (Perplexity, n.d.), alongside solutions focused on
presentations, visual design, marketing content, or software development
(CB Insights, 2024).

Taken together, the current generation of generative Al tools demonstrates
why the entry barrier for SMEs has fundamentally shifted. In practice, this
low threshold is driven by a combination of structural and operational
characteristics:

e No upfront capital investment (CapEx): Most generative Al
solutions operate on a subscription-based or pay-as-you-grow model,
allowing SMEs to start small and scale usage in line with actual value
creation rather than speculative investment.

e No requirement for IT or data science expertise: These tools are
designed for business users, not technology specialists, enabling
meaningful use without in-house Al, software development, or
advanced analytics capabilities.

e Rapid onboarding at a basic level: Core functionalities can be
learned quickly and simple, high-impact use cases can be applied
almost immediately, lowering the cognitive and organisational cost
of first adoption.

e Integration into (small) enterprise environments: Generative Al
tools are increasingly embedded in familiar business platforms and

65



OTTO WERSCHITZ

workflows, making them usable within existing organisational
contexts rather than as standalone technologies.

e Enterprise-grade information security commitments: Leading
providers offer formal data protection, compliance and security
assurances, addressing one of the most common concerns among
SME decision-makers.

Together, these characteristics explain why generative Al represents not
merely a new technology, but a structurally different adoption opportu-
nity—one that allows SMEs to engage with advanced Al capabilities
earlier, faster and with significantly lower risk than in previous Al waves.

From a practitioner’s perspective, this combination—general-purpose
capability, widespread availability and low initial commitment—is what
makes generative Al uniquely relevant for SMEs today. It does not
eliminate strategic choices or capability challenges, but it fundamentally
reshapes where and how organisations can begin.

Why SMEs Can Move Faster Than They Think

Beyond technology availability, SMEs also possess several structural
characteristics that can actively support faster and more effective Al
adoption—often in ways that large organisations struggle to replicate. In
practice, we repeatedly see three enabling factors:

e Greater speed in decision-making and implementation:
Compared to large enterprises, SMEs typically face fewer layers of
approval, allowing them to experiment, decide and deploy Al-
supported solutions much more rapidly.

e Looser internal rules and governance structures: While not
without risks, less rigid internal regulations often make it easier to try
new tools, adapt workflows and iterate without lengthy compliance
or procurement processes.

e More flexible job roles: Broader and less strictly defined roles
enable employees to incorporate Al into their daily work more
organically, without waiting for formal role redesign or process
reengineering.

e Taken together, these characteristics mean that SMEs are not merely
passive recipients of Al innovation. Under the right conditions, they
can act faster, learn earlier and adapt more fluidly—turning organisa-
tional agility into a genuine advantage in the age of generative Al
(see Figure 1).
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Figure 1. Structural characteristics enabling faster Al adoption in SMEs
(Werschitz, 2025)

Taken together, these characteristics mean that SMEs are not merely
passive recipients of Al innovation. Under the right conditions, they can
act faster, learn earlier and adapt more fluidly—turning organisational
agility into a genuine advantage in the age of generative Al (see Figure 1).

Beyond Firm Size: Rethinking Al Adoption in SMEs

In policy, statistics and funding frameworks, SMEs are often treated as a
single category. In Hungary, this label spans an extremely wide range—
from sole proprietors and micro-enterprises to firms with up to more than
one hundred employees and annual revenues in the range of 10 billion
HUF. While this classification is useful for measurement and regulation,
it is far less helpful when discussing Al adoption. In practice, firm size
alone explains very little about whether, how and where Al can create
value.

What matters far more is the nature of the business itself—particularly the
industry context and the role that digital activities play in value creation.
Different types of SMEs encounter very different Al opportunity spaces,
even when they are similar in size.
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Consider a manufacturing company producing physical goods. In such
cases, currently available, off-the-shelf generative Al tools typically have
limited relevance for the core production process itself. However, this does
not mean Al is irrelevant. Generative Al can still create tangible value by
supporting administrative work, documentation, reporting, planning,
internal communication, or quality-related paperwork—effectively
offloading both managers and shop-floor staff from routine cognitive tasks
and freeing up attention for operational priorities.

By contrast, a brick-and-mortar retail business with online sales channels
or active digital marketing operates in a hybrid model. Here, generative Al
can support content creation, customer communication, campaign
planning, product descriptions, or basic analytics—activities that are not
the physical core of the business, but increasingly decisive for
competitiveness.

The picture changes most dramatically in knowledge-intensive firms such
as consulting, design, marketing, or professional services. In these cases,
the core output of the company is digital knowledge—documents,
analyses, presentations, concepts, or creative artefacts. Here, generative Al
is not merely a support function but can directly augment core value
creation, reshaping how work is done, how quickly it is delivered and how
expertise is scaled.

Viewed through this lens, Al adoption is best understood along the
dimension of digital intensity: how central digital processes and
knowledge work are to the firm’s business model. This perspective
explains far more than firm size why some SMEs can derive immediate,
visible benefits from generative Al, while others experience more indirect
or incremental gains.

At the same time, industry and digital maturity are not the only factors at
play. Human and organisational aspects—such as perceived risk, openness
to experimentation, leadership attitude and readiness to change—also
strongly influence adoption trajectories. These softer dimensions often
determine whether the technical potential of Al translates into actual
business impact.

From a practitioner’s perspective, these differences (i.e. linked to human
and organisational aspects) are not only visible in day-to-day work with
SMEs but are increasingly being examined in a more structured way. At
the time of writing, an online, questionnaire-based survey is underway to
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explore how organisational readiness and human factors shape Al
adoption decisions among Hungarian SMEs. The study examines
organisational ~ conditions along the Technology—Organisation—
Environment (TOE) framework and captures individual perceptions using
key dimensions of the Technology Acceptance Model (TAM). While this
article does not draw on the survey’s results, the research reflects a
growing recognition that technology availability is rarely the primary
constraint. Once the study is completed, its findings will be published and
made publicly available to contribute to a more evidence-informed
discussion on SME Al adoption.

From data to judgement: how generative Al reshapes value creation
in consulting

Among the different SME archetypes discussed earlier, consulting and
other knowledge-intensive firms represent a particularly powerful use case
for generative Al. Their core output is not a physical product but insight:
recommendations, analyses, interpretations and structured judgement
delivered in digital form. As a result, Al does not merely support
peripheral activities but can intervene directly along the entire value-
creation process.

From a practitioner’s perspective, understanding this impact requires a
conceptual lens that connects everyday (consulting) work with different
levels of cognitive effort. Rather than focusing on specific tools or
features, it is more useful to consider how generative Al interacts with
the progression from raw inputs to informed judgement and where
human expertise remains indispensable.

While the Data—Information—Knowledge—Wisdom (DIKW) model, which
is illustrated in Figure 2, is often regarded as an oversimplified and, in
some respects, outdated representation of knowledge creation (Frické,
2009), it continues to serve as a useful conceptual shorthand for
practitioners. In this article, DIKW is employed explicitly as a heuristic
rather than as a descriptive or normative theory of cognition. Its purpose
here is to structure how generative Al supports different layers of
consulting work, while making clear that judgement, responsibility and
accountability remain human.

Viewed through this heuristic lens, generative Al can play a role at each
level of the progression—from data to information, from information to
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knowledge, and ultimately to judgement—but its value increases as it
moves closer to higher-order cognitive tasks.

At the most basic level, Al supports work with data. Generative Al tools
can summarise raw datasets, perform exploratory analysis, create
visualisations and generate structured reports. Tasks that previously
required significant analyst time—such as preparing first-pass insights or
recurring status summaries—can now be accelerated, allowing consultants
to spend less time on mechanical preparation and more time on
interpretation.

Moving upward, Al helps transform data into information by synthesising
inputs from multiple sources and placing them into context. It can compare
findings, identify patterns, highlight inconsistencies and tailor outputs to
specific client situations. In this role, Al acts as a powerful assistant for
sense-making, supporting practical usability rather than abstract analysis.

At the level of knowledge, generative Al becomes a genuine thinking
partner. It can engage in structured dialogue during ideation, challenge
established assumptions, suggest alternative frameworks, or help refine
emerging concepts. Used well, Al does not provide “answers” but
stimulates better questions—helping consultants stress-test their thinking
and explore solution spaces more systematically.

Crucially, however, the ultimate focus in consulting remains judgement
and wisdom. Strategic decisions, value judgements, prioritisation and
responsibility for outcomes cannot be delegated to Al. Instead, Al’s role
is to amplify human judgement by reducing cognitive load, expanding
perspective and accelerating exploration. The consultant remains
accountable for choices, ethics

and strategic direction; Al serves

Wisdom as an enabler of clearer, better-

' informed decisions.

Knowledge
— - From a practitioner’s pers-
information pective, this layered use of Al
illustrates why consulting firms
Data stand to benefit dispropor-
tionately from generative Al
Figure 2. From data to judgement: the adoption.  When  deliberately
role of generative Al in knowledge- aligned with the progression
intensive work (Werschitz, 2025) from data to Judgement, Al
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enhances—not replaces—the human expertise at the heart of consulting
value creation.

Introducing Al into the enterprise: beyond experimentation

As generative Al moves from individual experimentation to broader
organisational use, the challenge for SMEs is no longer whether to engage
with Al, but how to do so in a way that is productive, safe and sustainable.
In practice, successful introduction rarely hinges on a single decision or
tool; instead, it emerges from a small number of interconnected
considerations that shape how Al is perceived, adopted and governed
inside the organisation.

Tool selection: As discussed earlier, many publicly available
generative Al tools already exist; choosing among them sets implicit
boundaries around accessibility, integration and control, often
influencing adoption behaviour more strongly than formal strategy
statements.

Use cases: Value creation depends on identifying where Al
meaningfully supports existing work, rather than forcing technology
into activities where it adds little practical benefit.

Adoption and learning: Organisational impact is shaped by how
quickly and confidently employees learn to use Al and whether
experimentation is encouraged or implicitly discouraged.
Information security and legal compliance: Trust in Al use is
closely tied to clarity around data handling, confidentiality and
regulatory obligations, particularly when external platforms are
involved.

Responsible and ethical use: Beyond formal compliance,
organisations must define how Al aligns with their values,
professional standards and accountability toward clients, employees
and society.

These interconnected considerations reflect recurring patterns of more
advanced forms of generative Al use within organisations, as outlined in
Figure 3.
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Tool
Selection

\

Responsible Use-cases

& Ethical Use

Security & Adoption &

Compliance Learning

Figure 3. Practical patterns of advanced generative Al use (Werschitz, 2025)

In combination, these areas highlight that introducing Al is less a technical
rollout and more an organisational learning process. For SMEs,
approaching this transition with deliberate attention—rather than rigid
control or unchecked enthusiasm—can make the difference between short-
lived experimentation and lasting value creation.

From Use Cases to Business Impact

Before concluding, it is worth briefly broadening the lens. Practical
experience increasingly aligns with frameworks such as those proposed by
Gartner (2023), which emphasise that generative Al use cases differ not
only by function, but by the type of business impact they create (Figure 4).
Al can drive efficiency and productivity improvements, enhance decision-
making, enable new ways of working, support innovation and in some
cases reshape value propositions altogether. For SMEs, this distinction
matters: the real opportunity is not simply to apply Al everywhere, but to
understand what kind of impact is realistically achievable in their specific
context.
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Generative Al Use Case Categories

Illustrative

High +
Transformational
Initiatives

Differentiating
Use Cases

Value

Quick Wins

N
Low Deployment Cost, Complexity and Risk High

gartner.com

Gartner.

Figure 4. Categories of generative Al use cases and their business impact
(Gartner, 2023)

From accessibility to advantage: navigating Al with intent

This article has argued that the current wave of generative Al represents a
structurally different opportunity for small and medium-sized enterprises.
Not because Al is a universal solution, but because it fundamentally lowers
barriers that once restricted advanced capabilities to large organisations.
Accessibility, however, is only the starting point.

From a practitioner’s perspective, the decisive factors lie elsewhere. SMEs
are not a homogeneous group and firm size alone explains little about Al
potential. Industry context, the role of digital work in value creation,
organisational readiness and human attitudes toward experimentation all
shape what Al can realistically deliver. In some cases, generative Al
supports peripheral activities; in others—particularly in knowledge-
intensive firms—it directly augments core value creation.

Equally important is recognising that AI’s impact is multidimensional.
Generative Al can improve efficiency, enhance insight, support learning
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and enable new forms of collaboration. Yet value does not emerge
automatically from tool adoption. It emerges when organisations make
deliberate choices about where Al fits, how it is used and what remains a
human responsibility—particularly in areas of judgement, accountability
and ethics.

For SMEs, the strategic challenge is therefore not catching up with large
enterprises, but navigating Al adoption with clarity and intent. Those that
treat Al neither as a silver bullet nor as a distant threat—»but as an enabler
embedded in everyday work—are best positioned to turn perceived
disadvantage into sustainable competitive edge.
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Abstract

Recent advances in large-scale, multimodal, reasoning-capable
and agentic artificial intelligence—often described as frontier
Al—are expanding the scope of what Al systems can
autonomously generate, reason about and execute. While these
developments create unprecedented possibilities for internal
organisational and external market-facing innovation, current
research shows that the adoption of Al technologies does not
automatically lead to economic value creation. In addition, even if
existing business model frameworks and Al-specific business
model approaches provide useful foundations, they remain
insufficient for capturing the characteristics of frontier Al systems
from economic and business value creation points of view.

This introductory article seeks to clarify the conceptual gap by
examining how frontier Al differs from classical Al in its technical
properties, functional capabilities, organisational implications and
market-facing innovation opportunities. It reviews the limitations
of traditional business model approaches in this context and builds
on theoretical insights from business model innovation,
technological opportunity framing and organisational readiness
research. The paper argues that frontier Al challenges core
assumptions of existing business model tools and highlights the
need for developing a new methodological approach to designing
and evaluating business models enabled by frontier Al. The article
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concludes by outlining a research agenda intended to guide such
future methodological development and provides two illustrative
preview lenses—a working typology of frontier Al configurations
and value-chain business model archetypes—to motivate
subsequent papers in the series.

Keywords: Frontier Al, Business Model Innovation, Foundation
Models, Al Value Creation; General-Purpose
Technology, Cognitive Task Automation

Introduction

The last few years have seen the emergence of a new family of artificial
intelligence systems and applications based on large-scale foundation
models. These systems differ from earlier generations of Al in their scale,
generality and functional scope, enabling capabilities such as multimodal
input processing, reasoning, content generation, planning and tool-
mediated action across a wide range of domains (Bommasani et al., 2021;
UK Government, 2025). In policy and governance discourse, these
developments are commonly referred to as frontier Al, denoting highly
capable general-purpose models operating at or beyond the current state
of the art (UK Government, 2025).

Despite the rapid diffusion of frontier-Al-based tools—particularly
generative Al applications—empirical evidence suggests that their
adoption has not yet translated into widespread and measurable enterprise
value creation. Recent survey-based research indicates that only a small
fraction of organisations deploying generative Al at scale are able to
demonstrate significant financial impact, while the majority of initiatives
remain confined to pilots or use cases without clear profit-and-loss effects
(Weill et al., 2025). This pattern echoes earlier findings in the broader Al
literature, which show that while some firms successfully capture value
from Al, many fail to do so despite substantial investment and
technological sophistication (Climent, Haftor, & Staniewski, 2024; Kiss et
al., 2015).

From an economic perspective, artificial intelligence exhibits several
characteristics commonly associated with general-purpose technologies,
including broad applicability across sectors, rapid performance
improvements and strong dependence on complementary organisational
and institutional innovations (Bresnahan & Trajtenberg, 1995). Prior
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research on such technologies suggests that their economic impact does
not arise automatically from technological advancement alone, but rather
depends on significant changes in organisational structures, workflows
and business models (Bresnahan & Trajtenberg, 1995; Teece, 2010).

In response to these challenges, a growing body of research and practice
has sought to develop Al-specific business model frameworks and
methodologies. These include economic interpretations of Al as a
prediction technology (Agrawal, Gans, & Goldfarb, 2018), systematic
reviews of Al-driven business model innovation (Jorzik et al., 2024),
studies of Al-enabled product—service innovation (Naeem, Kohtamaki, &
Parida, 2025) and practitioner-oriented tools such as Al canvases designed
to bridge business and machine-learning perspectives (Kerzel, 2020).
While these approaches provide valuable insights, they are largely
grounded in assumptions derived from classical, task-specific Al systems.

At the same time, there is limited research—and virtually no validated,
practice-oriented methodologies—that explicitly address the business
model implications of frontier Al as a distinct class of systems. Moreover,
the concept of frontier Al itself remains under-defined from an economic
and organisational perspective, as existing definitions focus primarily on
capability thresholds and risk categories rather than on differentiated
system types relevant for value creation and capture (UK Government,
2025). This conceptual ambiguity complicates efforts to design business
models and innovation strategies tailored to frontier Al.

To support this agenda without pre-empting later articles, the paper also
introduces two non-exhaustive preview constructs: (1) illustrative business
model archetypes along the Al value chain and (2) a working typology of
business-model-relevant frontier Al configurations.

Against this background, this research is initiated to better understand how
frontier Al differs from classical Al (i.e., task-specific/narrow ML
systems), particularly with respect to value creation mechanisms and
business model innovation options. The paper aims to clarify the
conceptual foundations necessary for analyzing frontier-Al-enabled
business models and to outline a research agenda that can support the
development of more systematic and practically relevant methodologies in
this emerging domain.
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As an introductory contribution, the paper does not propose a complete
business model innovation methodology for frontier Al. Instead, it
establishes conceptual groundwork and motivating preview lenses for
subsequent methodological development to operationalise and empirically
examine business model frameworks tailored to frontier Al systems.

Business Models as the Locus of Value Creation and Capture

Research on business models has consistently emphasised that economic
value is not created by technology alone, even when the underlying
technology is highly innovative. Instead, value creation and value capture
are realised through the business model, which mediates between
technological capabilities and economic outcomes (Baden-Fuller &
Haefliger, 2013).

Baden-Fuller and Haefliger (2013) conceptualise the business model as
the central mechanism through which technological innovation affects
firm performance. In this view, technology provides the potential for value
creation, but it is the business model that determines how this potential is
translated into customer value and how that value is subsequently captured
by the firm. The authors argue that technological innovation influences
performance indirectly, with business model choice acting as a key
moderator between technology and economic outcomes. Value creation
and capture thus emerge from the interaction between technological
capabilities and business model design choices, including customer
identification, value delivery and monetisation mechanisms. As a result,
even superior technologies may fail commercially under poorly designed
business models, while more modest technologies can generate substantial
returns when paired with effective business model configurations.

This perspective is reinforced by Teece (2010), who defines the essence
of a business model as specifying how an enterprise delivers value to
customers, induces them to pay for that value and converts those payments
into profit (value capture). Teece emphasises that without a well-
developed business model, innovators are unlikely to either deliver or
capture value from technological advances. Although his analysis draws
primarily on internet-based service firms, the underlying logic applies
more broadly to digital and Al-enabled innovations, where intangible
assets, complementarities and organisational design play a central role in
value creation.
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Alongside these theoretical approaches, a widely adopted practical
framework for articulating business models is the Business Model Canvas
(BMC) introduced by Osterwalder and Pigneur (2010). The BMC provides
a structured representation of key business model elements, including
value propositions, customer segments, key resources, activities and
revenue streams, and is extensively used in both academic and practitioner
contexts as a tool for business model design and communication. Its
popularity reflects the broader recognition that business models function
as integrative constructs linking technology, organisation and market
interaction.

Taken together, these perspectives establish the business model as the
primary locus of value creation and value capture at the firm level.
Technology—regardless of its novelty or performance—remains an
essential but insufficient input whose economic effects are realised only
through appropriate business model choices. This framing is particularly
relevant for digital and Al-based innovations, where changes in the cost,
scope and structure of economic activities must be translated into
organisational processes, workflows and market-facing value propositions
through deliberate business model design.

Critique of the Business Model Canvas in the Context of Al

While the Business Model Canvas (BMC) is a widely used tool for
articulating value creation and capture, it offers limited support for the
design of Al-enabled business models. Unlike the preceding theoretical
perspectives, which operate at a conceptual level, the BMC functions as
an operational design instrument; its limitations therefore have direct
implications for practice.

In particular, the BMC leaves implicit several issues that are central to Al-
enabled value creation, including data availability and quality, model
constraints, the translation of algorithmic outputs into operational
decisions and the redistribution of decision rights and workflows when
decision-making is partially delegated to algorithms. These omissions
become especially striking in Al contexts as learning dynamics, feedback
loops and capability accumulation play a strategic role.

As a result, while the BMC remains useful for high-level business model
articulation, it provides insufficient guidance for capturing the distinctive
economic and organisational implications of Al. This limitation has
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motivated the development of Al-specific canvases and frameworks
intended to bridge business and machine-learning perspectives (Kerzel,
2020; Climent, Haftor, & Staniewski, 2024). In this sense, the critique of
the BMC closes the general discussion of business models and motivates
a more focused examination of Al-centric business model research in the
following section.

Al-Centric Business Model Research: Insights and Limitations

A growing body of literature has examined how artificial intelligence
enables new forms of value creation and business model innovation. While
these contributions differ in emphasis and level of analysis, they
collectively provide a coherent understanding of Al-enabled business
models under assumptions associated with classical, task-specific Al
systems.

One of the most influential economic perspectives on Al-enabled business
models is offered by Agrawal, Gans and Goldfarb. In their work on
Prediction machines, Al is conceptualised primarily as a technology that
dramatically reduces the cost of prediction (Agrawal, Gans, & Goldfarb,
2018). From this perspective, value creation arises not from prediction
accuracy alone, but from the redesign of decisions, workflows and
organisational processes in which prediction represents a bottleneck. The
authors emphasise that successful Al-enabled business models must
secure access to data across the lifecycle—both for model training and for
continuous improvement (Agrawal et al., 2018). This framework provides
a clear and internally consistent economic logic for Al-enabled value
creation in settings where Al systems are designed to optimise
performance on well-defined tasks within bounded workflows.

Research on Al-enabled product-service innovation further extends this
understanding by examining how Al contributes to value creation across
multiple organisational levels. Naeem, Kohtamaki and Parida synthesise
prior studies to show that Al enables not only internal efficiency gains
through enhanced decision-making and process optimisation, but also
innovation-oriented value creation through smart products, smart services
and integrated product—service systems (Naeem, Kohtamaki, & Parida,
2025). Beyond incremental improvements, this literature positions Al as a
driver of business model innovation, particularly in servitisation and
digital servitisation contexts where firms redesign value propositions,
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revenue mechanisms and ecosystem roles (Naeem et al., 2025).
Importantly, these contributions emphasise that Al-enabled value creation
is contingent on complementary organisational and business model
transformations, rather than on technology adoption alone. At the same
time, the analyzed cases predominantly assume task-bounded Al systems
embedded within relatively stable organisational contexts.

Systematic reviews of Al-driven business model innovation further
highlight both the promise and the fragmentation of the field. Jorzik and
colleagues identify multiple roles that Al can play in business models—
ranging from supportive and enabling functions to more central and
disruptive roles—and distinguish different types of business model
innovation depending on the degree of Al centrality (Jorzik et al., 2024).
While this framework brings analytical clarity to the heterogeneity of Al-
related business model change, it largely treats business model innovation
as a consequence of Al implementation rather than as a primary design
challenge. As a result, the review consolidates insights about Al-enabled
business model variation without fully addressing how fundamentally new
Al capabilities might reshape underlying business model design logics.

Complementary insights are provided by research on Al-enabled business
models for competitive advantage. Climent, Haftor and Staniewski
emphasise that value creation in Al-enabled business models depends on
activating established business model themes such as efficiency, novelty,
lock-in and complementarity, while also accounting for data ownership
and data network effects (Climent, Haftor, & Staniewski, 2024). Their
situated Al theory explains competitive advantage as emerging from
organisational activities that ground, bound and recast Al capabilities
within specific contexts (Climent et al.,, 2024). This perspective
foregrounds the importance of organisational alignment and
environmental fit in Al-enabled value capture. However, it similarly
assumes Al systems that are tailored, task-specific and closely embedded
within organisational boundaries, leaving open questions about how these
mechanisms operate when Al capabilities become more general-purpose
and reusable.

Across these research streams, practitioner-oriented frameworks such as
Al canvases have been developed to support organisational Al adoption.
These tools aim to operationalise Al-related business model
considerations by bridging business and machine-learning perspectives
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(Kerzel, 2020). While valuable as planning and communication aids, they
largely reflect the same underlying assumptions as the academic literature,
treating Al as a bounded capability integrated into a specific business
model configuration rather than as a shared or cross-context capability
platform.

Positioning Al Business Models within the Al VValue Chain

While the Al-centric business model literature has significantly advanced
our understanding of how Al enables new forms of value creation, it
predominantly adopts a firm-level perspective, focusing on how
organisations integrate Al capabilities into products, services or internal
processes. Across these approaches, Al is typically treated as a bounded
technological resource embedded within a specific business model
configuration (Agrawal et al., 2018; Naeem et al., 2025; Jorzik et al., 2024;
Climent et al., 2024).

A complementary perspective is offered by the concept of the Al value
chain, which conceptualises Al-enabled value creation as a multi-layered
system extending beyond individual firms. In this view, value creation
spans upstream enabling layers (such as data resources, computational
infrastructure and governance mechanisms), core Al capability
development (including model training, adaptation and operationalisation)
and downstream applications and services that interface with end users and
markets (Heeks & Spiesberger, 2024). This layered structure emphasises
that Al-based offerings are embedded in broader ecosystems of
technological, organisational and institutional interdependencies.

Notably, this value-chain perspective is largely absent or only implicitly
addressed in existing Al-centric business model frameworks. As a result,
current approaches offer limited guidance on how business model design
choices relate to different positions within the Al value creation system,
or how shifts in underlying Al technologies may reconfigure these
positions. This limitation becomes particularly striking when considering
advanced forms of Al, where value creation, control and capture
increasingly span multiple layers of the Al value chain. For this reason,
the Al value-chain perspective provides an important conceptual backdrop
for the subsequent discussion of frontier Al.

To anticipate the later frontier-Al-focused parts of this article series
without pre-empting their full development, we introduce below an
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illustrative, frontier-biased positioning lens: a small set of provisional
business model archetypes mapped to the Al value chain. The purpose is
not to provide an exhaustive classification, but to make explicit how
frontier Al can shift value creation and capture across layers (e.g.,
compute, data/governance, model platforms, orchestration, and
downstream applications), thereby motivating the more detailed frontier
Al conceptualisation and methodological work developed in subsequent
articles.

Business model archetypes along the Al value chain

This perspective becomes particularly important for frontier Al because
value creation, control, and value capture increasingly span multiple layers
rather than remaining contained within a single firm or a single workflow-
level application.

To make this actionable for business model analysis, Table 1 proposes
seven archetypal frontier-Al business models positioned along the Al
value chain. Each archetype is defined by (i) its value proposition and
locus of value capture, (ii) typical revenue architecture, (iii) dominant
sources of defensibility (moats), and (iv) primary governance and risk
constraints. This archetypal view complements firm-level Al adoption
frameworks by explicitly modelling ecosystem positioning and cross-layer
dependencies as first-class business model variables.

These archetypes are presented as a preview lens, whereas the formal
conceptual definition of frontier Al is developed in the subsequent section.
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How these archetypes connect to frontier AI’s “regime shift”.

The archetypes make explicit why classical, firm-contained Al logics do
not transfer straightforwardly to frontier Al. When frontier Al behaves as
a reusable cognitive capability platform—frequently accessed via APIs
and embedded into multi-actor ecosystems—value capture often depends
less on the model itself and more on positioning within the value chain and
controlling complementary assets (data, distribution, orchestration layers,
governance, and workflow integration; Lupeikiene et al., 2014).

This view also clarifies why governance intensity and failure propagation
become business-model-central: reuse and homogenisation can propagate
defects across downstream systems, increasing the strategic importance of
evaluation, guardrails, auditability, and accountability mechanisms as part
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of the business model rather than merely as technical afterthoughts.

(Caplinskas et al., 2012; Horvath et al., 2016).

Table 1. Frontier Al business model archetypes along the Al value chain

Archetype | Value- | Value proposition Typical Defensibility Key
chain revenue (moats) constraints/risks
position architecture
Al Upstream | Scalable compute, | Usage-based, Scale, Capital intensity,
Compute (hardwar | acceleration, reserved performance, cyclical demand,
& e/cloud) deployment capacity, distribution, geopolitical/regulat
infrastruct primitives enterprise ecosystem ory exposure
ure contracts integration
enablers
A2 Data & | Upstream | High-quality data Subscription, Data rights, IP/privacy
governanc | (data/gov | access, data licensing, per- network constraints, data
e providers | ernance) | governance, query, effects, trust, drift, “garbage-in”
provenance, compliance domain reputational risk
synthetic data, services coverage
compliance tooling
A3 Core General-purpose Token/usage- Scale effects, Commoditisation,
Foundatio | capability | cognitive based, tiered developer safety/regulatory
n model layer capability as a access, ecosystem, obligations,
providers platform (APlIs, enterprise model quality | dependency on
model families) licensing + tooling compute/data
supply chain
Ad Mid-layer | Make frontier Al SaaS Workflow Fast-moving
Adaptation | (MLOps/ | reliable in product- | subscription + embedding, standards,
& RAG/ ion: adaptation, usage, integration interoperability
operatio- eval) evaluation, moni- enterprise depth, pressure, liability
nalisation toring, guardrails licensing evaluation allocation
platforms assets
A5 Mid-layer | Coordinate multi- | Usage-based + | Switching Auditability,
Orchestrati | (orchestra | step work: tool platform fees costs via cascading failures,
on/agent | tion) integration, workflow accountability gaps
middlewar planning, routing, dependence; in agentic
e cost/quality partner execution
optimisation ecosystem
A6 Downstre | Domain-specific Seat-based + Domain Regulatory burden,
Vertical am (apps) | outcomes (industry | usage; expertise, costly domain
Al workflows, outcome-based | compliance adaptation, slower
application regulated where feasible assets, sales cycles
s/ processes) integration
productise into industry
d solutions processes
A7 Downstre | Strategy, redesign, | Time-and- Trust, delivery | Difficulty in
Services & | am integration, change | materials, capability, scaling; margin
transforma | (services) | management, retainers, industry pressure; reliance
tion governance setup performance- relationships on partner
partners based hybrids platforms

Taken together, existing Al-centric business model research exhibits
strong internal coherence with respect to classical Al systems. Across
economic theory, innovation studies and practitioner frameworks, Al-
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enabled value creation is consistently framed around task-specific
applications, bounded data sources, stable workflows, organisationally
contained deployments and predominantly firm-level positions within the
Al value chain (Agrawal et al., 2018; Naeem et al., 2025; Jorzik et al.,
2024; Climent et al., 2024; Heeks & Spiesberger, 2024). These shared
assumptions underpin a rich and increasingly mature body of knowledge
on Al-enabled business models. At the same time, they delineate the
implicit boundaries of current approaches, raising the question of whether
and how these frameworks remain applicable as Al systems evolve beyond
task-specific prediction toward more general-purpose, reusable and
cognitively capable forms. These unresolved issues provide the point of
departure for the research gap articulated later in this document.

From Classical Al to Frontier Al: Conceptual Foundations and
Research Implications

To assess whether existing business model frameworks remain applicable
in the context of recent advances in artificial intelligence, it is first
necessary to clarify how frontier Al differs conceptually from earlier, task-
specific forms of Al.

Atrtificial intelligence (Al)

Acrtificial intelligence (Al) can be defined broadly as the discipline of
building intelligent agents that perceive their environment and act upon it.
Within this discipline, machine learning (including deep learning)
represents a major approach for constructing such agents by enabling them
to learn from data or experience rather than relying on hand-coded rules
(Mitchell, 1997; Russell & Norvig, 2020).

In this framing, an Al system is characterised by a perception—decision—
action loop, where percepts from the environment are processed internally
to determine actions. Different Al approaches can thus be understood as
alternative methods for implementing the mapping from percept histories
to actions (Russell & Norvig, 2020).

Machine learning (ML)

A Machine Learning system is a computer program to learn from
experience E with respect to some class of tasks T and performance
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measure P, if its performance at tasks in T, as measured by P, improves
with experience E (Mitchell, 1997).

This definition is useful in an article because it cleanly separates (1) the
task, (2) how success is measured and (3) what data/experience drives
improvement (Mitchell, 1997).

“Classical AI” (narrow, task-specific ML)

The term “classical AI” in this article means classical machine learning
(including deep learning) for task-specific/narrow systems, i.e. ML
systems trained to improve performance on a pre-specified task T under a
pre-specified metric P, using a defined experience/data source E (Mitchell,
1997).

Frontier Al (general-purpose models at the capability frontier)

Frontier Al (FAI) is a policy-centric label for highly capable, general-
purpose models at the state of the art; in practice it largely refers to
advanced foundation-model-based systems already used in real
applications (Bommasani et al., 2021; UK Government, 2025).

Policy-led definition

The UK government defines “frontier AI” as highly capable general-
purpose Al models that can perform a wide variety of tasks and match or
exceed the capabilities of today’s most advanced models; annex materials
note that, as of late 2023, this category primarily encompasses foundation
models (UK Government, 2025). OpenAl similarly uses the term for
highly capable foundation models whose dangerous capabilities may be
hard to anticipate or contain (OpenAl, 2023).

Frontier tech families

Three research families illustrate the capability frontier: (1) foundation
models trained on broad data at scale and adapted across tasks
(Bommasani et al., 2021); (2) agentic systems that interleave reasoning
and tool-mediated action, exemplified by ReAct (Yao et al., 2022); and (3)
world-model approaches that learn predictive models of environments for
planning/control at scale, as in Dreamer (Hafner et al., 2023).
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Versatile real applications

These frontier capabilities already underpin a non-exhaustive set of
deployed applications in science and engineering, for example AlphaFold
for protein structure prediction (Jumper et al., 2021), GraphCast for
medium-range weather forecasting (Lam et al., 2023) and the Molecular
Transformer for reaction prediction and uncertainty estimation (Schwaller
et al., 2019). LLM-based simulated societies further suggest new
“synthetic experimentation” modes: Generative Agents operationalise
memory, reflection and planning around an LLM and show emergent
social behaviors in an interactive sandbox (Park et al., 2023).

A potentially confusing related term is Transformative Al (TAI), which is
conceptually distinct from frontier Al: while FAI is primarily a
technology/capability label used in policy and governance (UK
Government, 2025), TAI is an impact-focused term in economics referring
to Al that could drive an economy-wide transformation by making
intelligence abundant and reproducible rather than scarce (Agrawal et al.,
2023). Accordingly, the two can overlap, but they are not synonymous.

Classical Al versus FAI

“Classical Al” is task-specific machine learning in the sense of Mitchell’s
canonical definition: a program learns from experience E with respect to
tasks T and performance measure P if its measured performance improves
with E (Mitchell, 1997). In contrast, “frontier Al” is regarded as highly
capable general-purpose Al models that can perform a wide variety of
tasks and “match or exceed” the capabilities of today’s most advanced
models (UK Government, 2025).

Conceptual difference (what is being optimised)

Classical ML systems are engineered to optimise performance P on a
predefined task T using a defined data/experience source E, which drives
narrow problem boundaries, stable metrics and well-scoped deployment
contexts (Mitchell, 1997). FAI systems are better described as capability
platforms built around broad pretraining and downstream adaptation,
rather than trained end-to-end for a single task and metric (Bommasani et
al., 2021).
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From prediction machines to cognitive capability systems

Prior economic interpretations of Al—most prominently articulated by
Agrawal, Gans and Goldfarb—frame classical Al primarily as a
technology that dramatically reduces the cost of prediction; value creation
therefore shifts toward redesigning decisions and workflows where
prediction is the bottleneck (Agrawal, Gans, & Goldfarb, 2018).

Frontier Al extends this economic logic beyond prediction toward the
partial automation of broader cognitive tasks, including content
generation, reasoning, simulation and planning and tool-mediated action
(Bommasani et al., 2021; UK Government, 2025; Yao et al., 2022; Hafner
etal., 2020).

This shift does not remove the need for human judgment: humans remain
responsible for setting goals, constraints and accountability (Agrawal et
al., 2018). However, frontier Al can generate alternative courses of action,
reason over trade-offs and execute bounded actions via tools under explicit
objectives, which blurs the operational boundary between prediction and
judgment (Yao et al., 2022; Kiss, 2016).

How this partial automation of cognitive work reshapes the economics of
Al adoption—particularly in terms of value creation, organisational
design and business model structure—remains an open question and a
central motivation for further analysis.

Technology differences that matter for business models

Foundation-model literature explicitly frames these models as “critically
central yet incomplete,” meaning they require downstream adaptation and
are used across many applications, which shifts value creation from “one
model — one app” to “one model — many apps and complementors”
(Bommasani et al., 2021). Policy treatments of frontier Al emphasise
broad capability and rapid evolution of the “frontier,” which implies
shifting performance baselines and governance requirements over time
rather than a static optimisation target (UK Government, 2025).

A value-chain perspective highlights that foundation models sit within a
layered Al ecosystem (hardware — cloud — training data — foundation
models — applications), which changes cost structure, bargaining power,
and routes to market compared with many classical ML deployments
(Gambacorta & Shreeti, 2025).
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Classical Al versus Frontier Al: practical summary

e Unit of design: Classical Al optimises performance P for a
predefined task T from experience E (Mitchell, 1997). FAI is a
general-purpose capability core that is adapted across many tasks and
contexts (Bommasani et al., 2021; UK Government, 2025).

e Training logic: Classical Al typically uses bounded datasets and
metrics tied to one use case (Mitchell, 1997). FAI relies on large-
scale pretraining + downstream adaptation; scale can yield emergent
capabilities and widespread reuse (Bommasani et al., 2021; UK
Government, 2025).

e Scope of deployment: Classical Al is often mapped to one workflow
and one decision boundary. FALI is frequently reused across products,
teams and domains, often through APIs and tooling layers
(Bommasani et al., 2021; Gambacorta & Shreeti, 2025).

e Failure propagation: Classical Al errors are often localised if the
model is not reused widely. With FAI, reuse/lhomogenisation can
propagate shared defects across multiple downstream systems,
making governance and risk management more central (UK
Government, 2025).

e New capability patterns: Classical Al is primarily
prediction/classification within a defined scope (Mitchell, 1997). FAI
is associated with agentic, generative and reasoning-oriented
patterns, including multi-step reasoning and tool-mediated action
(Bommasani et al., 2021; Yao et al., 2022; Park et al., 2023; UK
Government, 2025).

Crucially, the transition from classical, task-specific Al to frontier Al does
not represent a quantitative extension of existing Al capabilities, but a
qualitative regime shift with respect to how Al functions as an economic
input. Classical Al systems are designed and evaluated at the level of
individual tasks, workflows orproducts, enabling business model design to
focus on localised efficiency gains and decision improvements. In
contrast, frontier Al systems operate as general-purpose capability
platforms that can be reused, adapted and recombined across multiple
tasks, organisational functions and market contexts. This shift changes the
unit of analysis for business model design—from isolated Al-enabled
applications to shared cognitive infrastructures embedded in multi-layer
ecosystems. As a result, business model logics developed for narrow Al
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cannot be straightforwardly extended to frontier Al without reconsidering
their underlying assumptions.

Business-model-relevant taxonomy of frontier Al configurations

Current definitions of frontier Al are primarily policy- and governance-
oriented, focusing on capability thresholds and risk categories. While
appropriate for oversight, this framing remains under-specified for
business model analysis because it does not differentiate economically and
organisationally distinct system configurations.

To preview the subsequent taxonomy-focused paper in this series, this
section outlines a working typology of frontier Al configurations for
business model analysis. The typology is illustrative rather than
exhaustive and is intended to be refined through further conceptual
development and case-based validation.

Specifically, the working typology distinguishes frontier Al
configurations along four business-model-relevant dimensions that
repeatedly emerge in the transition from task-level prediction systems to
general-purpose cognitive capability platforms: (1) locus of value creation
(capability core vs. application vs. orchestration), (2) degree of reuse
across contexts (single workflow vs. multi-domain capability platform),
(3) degree of agency and tool-mediated action (assistive vs. bounded
autonomous action), and (4) dependence on complementary assets and
governance (data access, integration, evaluation, safety, and accountability
mechanisms).

Table 2 summarises five illustrative frontier Al configuration types. The
types are not intended as an exhaustive technical classification; rather, they
represent  business-model-distinct  configurations ~ with  distinct
implications for value creation, value capture, organisational design, and
ecosystem positioning.

Taken together, the typology supports the paper’s central argument that
the unit of design shifts from isolated Al applications to shared cognitive
infrastructures embedded in multi-layer ecosystems. Consequently,
business model design must explicitly account for reuse, complementarity,
orchestration, governance, and ecosystem value capture.

In the remainder of this paper, these configuration types are used only as
a motivating lens to clarify why business model logics developed for task-
specific Al may not transfer directly to frontier Al.
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Table 2: Frontier Al configurations: business-model-relevant system types

verification)

on + evaluation
loops

and reliability

Label Core Locus of value BM-relevant Primary BM
configuration differentiator risks/constraints
FM-as-a- General-purpose | Capability core | Strong reuse across Commoditisation,
service foundation model | layer contexts; scale effects margin pressure,
capability exposed via API and ecosystem regulatory risk;
core (multi-tenant) complementors dependency on
compute and data
supply chain
Enterprise FAI embedded in | Productivity Value depends on Low realised value
copilots / human workflows | and knowledge | organisational despite adoption;
workbenches | (chat + authoring | work adoption, workflow security/compliance
+ analytics) with | augmentation redesign, and failures; change-
enterprise governance of human— | management friction
controls/ Al boundaries
connectors
Grounded FAI + retrieval Knowledge- Differentiation through | Liability for errors;
knowledge over curated intensive task domain knowledge data rights; quality
systems corpora + quality and assets, content drift; “false
(RAG + citation/verificati | speed governance, evaluation, | confidence” without

robust verification

Agentic tool- | FAI + planning + | Orchestration of | Shift from “content Misaligned actions,
using tool access (APIs, | tasks and generation” to “tool- cascading errors,
systems workflows) + execution mediated action™; auditability and
(bounded constraints chains governance becomes accountability gaps,
autonomy) central due to failure including failure
propagation propagation risks
Domain- FAI adapted via Vertical value Differentiation via High cost of domain
adapted fine-tuning / propositions domain specificity, adaptation; regulatory
frontier Al domain and industry compliance, and constraints; lock-in vs
(vertical constraints / outcomes integration into interoperability
capability) specialised industry processes tension
interfaces

Business Model Implications of Frontier Al

Building on the configuration types summarised in Table 2, frontier Al
cannot be adequately understood using business model logics developed
for task-specific machine learning systems. Classical Al applications are
typically embedded in well-defined workflows, optimise a single
performance metric, and create value by improving prediction or
classification within existing organisational boundaries (Mitchell, 1997).
In contrast, frontier Al increasingly functions as a reusable cognitive
capability core that can be adapted, reused, and recombined across
multiple tasks, functions, and domains (Bommasani et al., 2021; UK
Government, 2025).

This shift has important consequences for how value is created and
captured. When Al functions as a reusable cognitive infrastructure rather
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than a task-level component, business model design must account for
adaptation across contexts, orchestration of complementary assets,
governance of shared capabilities and value capture across a multi-layer
ecosystem (Bommasani et al., 2021; Gambacorta & Shreeti, 2025). As a
result, familiar product-centric or workflow-specific business model
patterns become insufficient to fully describe how frontier Al generates
and distributes economic value (UK Government, 2025).

Despite the growing deployment of frontier Al systems, systematic
approaches for analyzing and designing business models around such
capabilities remain underdeveloped. Existing business model frameworks
were largely shaped in contexts where Al systems were narrowly scoped,
application-specific and organisationally contained (Mitchell, 1997). This
gap motivates the need for business model research that moves beyond
task-level Al productisation toward frameworks capable of capturing
reuse, complementarity, governance and ecosystem dynamics associated
with frontier Al (Bommasani et al., 2021; Gambacorta & Shreeti, 2025).
The present work positions itself as a first conceptual step toward such an
Al-centric business model perspective.

Research Gap: From Cheap Prediction to Cheap Cognitive Task
Execution

Building on the preceding analysis of business model theory, Al-centric
business model research, the Al value chain and the conceptual distinction
between classical and frontier Al, this section synthesises the resulting
limitations and articulates the central research gap addressed by this study.

Business model research has established that value creation and value
capture at the firm level are mediated through the business model rather
than through technology alone (Baden-Fuller & Haefliger, 2013; Teece,
2010). While existing Al-centric business model frameworks provide
important insights into how artificial intelligence can enable efficiency
gains, innovation and competitive advantage, they are largely grounded in
assumptions associated with classical, task-specific Al systems (Agrawal,
Gans, & Goldfarb, 2018; Naeem, Kohtaméki, & Parida, 2025; Jorzik et al.,
2024; Climent, Haftor, & Staniewski, 2024).

As shown in the preceding analysis, the dominant strands of Al-centric
business model research conceptualise Al primarily as a prediction
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technology that reduces the cost of forecasting within well-defined tasks
and workflows (Agrawal et al., 2018). Within this paradigm, business
model innovation focuses on redesigning decision processes, securing data
across the Al lifecycle and embedding Al into stable organisational and
market contexts (Agrawal et al., 2018; Naeem et al., 2025) These
approaches are internally consistent and have proven useful for
understanding Al-enabled value creation under conditions where Al
systems are narrowly scoped, data-bounded and organisationally
contained (Jorzik et al., 2024; Climent et al., 2024).

However, recent advances in artificial intelligence—referred to in this
study as frontier Al—challenge these underlying assumptions. Frontier Al
systems increasingly function as general-purpose, reusable capabilities
that extend beyond prediction to the automated execution of broader
cognitive tasks, such as reasoning, content generation, planning and
bounded autonomous action (Bommasani et al., 2021; UK Government,
2025). This shift alters the economic role of Al from a technology of cheap
and automated prediction to a technology of cheap and automated
cognitive task execution (Agrawal et al., 2018; Bommasani et al., 2021).

This transition has important implications for business model research. By
enabling the partial automation of cognitive work that was previously
tightly coupled to human judgment and organisational roles, frontier Al
affects not only decision-making costs but also the allocation of tasks, the
design of workflows and the boundaries between human and machine
agency (Agrawal et al., 2018; Climent et al., 2024). At the same time,
existing business model frameworks provide limited guidance on how
such changes reshape value creation and capture, particularly when Al
capabilities are shared across multiple applications, embedded in broader
ecosystems and positioned at different layers of the Al value chain (Heeks
& Spiesberger, 2024).

Moreover, frontier Al remains under-specified from a business model
perspective. Current definitions are primarily formulated at the level of
capability thresholds and risk categories, which are appropriate for
governance and policy purposes but insufficient for systematic analysis of
economically and organisationally differentiated system types (UK
Government, 2025). As a result, there is no coherent conceptual basis for
linking frontier Al capabilities to specific business model design choices
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or for comparing business model implications across different frontier Al
configurations (Jorzik et al., 2024; Climent et al., 2024).

Taken together, these limitations point to a clear research gap. While
existing Al-centric business model research offers a robust foundation for
understanding value creation in prediction-centric Al systems (Agrawal et
al., 2018; Naeem et al., 2025), it does not adequately account for the
emerging economic and organisational implications of frontier Al as a
technology of cognitive task execution.

Addressing this gap requires clearer conceptualisation of frontier Al,
business-model-relevant distinctions among frontier Al system types
and methodological approaches capable of capturing how such systems
reshape value creation, value capture and organisational design;
accordingly, this paper introduces an illustrative working typology and
value-chain archetype lens as a first step toward that programme.

Suggested Further Work in Subsequent Research

Building on the conceptual foundations established in this paper, future
research should focus on:

e Developing a business-model-relevant conceptualisation and
taxonomy of frontier Al systems that distinguishes economically and
organisationally meaningful system types, building on the
preliminary working typology introduced in this paper and iterating
it into a more complete, theoretically grounded and empirically
informed framework

¢ Analysing how different frontier Al configurations map to distinct
patterns of value creation, value capture and ecosystem positioning,
and systematically assessing/validating the initial value-chain
archetype lens proposed here as a useful structuring device

e Examining how business model design logics evolve when Al
functions as a reusable, general-purpose capability rather than a task-
level component

e Advancing methodological approaches for designing, evaluating and
iterating business models enabled by frontier Al, informed by
innovation theory and empirical evidence

These research directions are intended to support the development of a
structured and cumulative body of knowledge on frontier-Al-enabled
business model innovation.

95



WERSCHITZOTTO

Contribution of This Paper

This paper contributes to the literature by demonstrating that existing Al-
centric business model theories are internally consistent but regime-bound,
resting on assumptions associated with classical, task-specific Al systems.
It shows that frontier Al challenges these assumptions by introducing
general-purpose, reusable and ecosystem-embedded capabilities that
cannot be adequately captured using existing business model tools. By
identifying the conceptual mismatch between frontier Al characteristics
and current business model frameworks, the paper establishes the need for
clearer conceptualisation and new methodological approaches to business
model innovation in the context of frontier Al.

In addition, it provides two illustrative, non-exhaustive structuring
devices—a working typology of frontier Al configurations and value-
chain archetypes—to make the business-model implications of frontier Al
analytically tractable and to scaffold the subsequent papers in this research
programme.

Conclusion

This paper examined why recent advances in frontier Al challenge existing
approaches to business model innovation. It demonstrated that prevailing
Al-centric business model frameworks are internally consistent but
grounded in assumptions associated with classical, task-specific Al
systems. By contrasting classical Al as a technology that enables cheap
and automated prediction with frontier Al as increasingly enabling cheap
and automated cognitive task execution, the paper highlighted a qualitative
shift in AI’s economic and organisational role.

The analysis further showed that frontier Al remains under-specified from
a business model perspective, as current definitions focus primarily on
capability thresholds and risk categories rather than on economically and
organisationally differentiated system types. This under-specification
limits the applicability of existing business model tools and constrains both
theoretical progress and practical guidance.

In response, the paper argued for the need to develop clearer
conceptualisations, taxonomies and methodological approaches tailored to
frontier-Al-enabled business model innovation and introduced two
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illustrative preview lenses—a working typology of frontier Al
configurations and value-chain business model archetypes—to motivate
and structure subsequent work. The research agenda outlined provides a
foundation for future work aimed at systematically translating frontier Al
capabilities into sustainable and economically viable business models.
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Abstract

The rapid advancement of artificial intelligence (Al) is
fundamentally reshaping policing, decision-making processes, and
organizational functioning. The technology opens up new
possibilities for detecting criminal patterns, conducting predictive
analyses, and supporting strategic decision-making, while crime
itself is expanding into increasingly digital domains. Particular
significance is gained by the examination of linguistic evidence,
online communication, and texts designed to obscure authorship
or identity, where the collaboration between forensic linguistics
and Al offers novel perspectives. Rather than signalling a
reduction in police personnel, future developments point toward a
transformation of professional roles: alongside traditional policing
competencies, digital forensics, information technology, forensic
linguistic analysis, and legal-ethical expertise are becoming
increasingly vital. The integration of intelligent technologies may
inaugurate a new era, one that prioritizes knowledge-sharing and
interdisciplinarity over hierarchical organizational models. At the
same time, offenders also exploit Al through cyberattacks,
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manipulation, and concealment techniques, contributing to an
emerging technological arms race. The future of criminalistics will
thus be shaped by the depth and balance of cooperation between
humans and machines.

Keywords: artificial intelligence, policing, criminalistics,
forensic linguistics, linguistic evidence,
organizational transformation

Absztrakt

A mesterséges intelligencia (MI) rohamos fejlddése alapjaiban
alakitja at a rendészetet, a dontéshozatalt és a szervezeti miikodést.
A technolégia 1j lehetdségeket nyit a biiniigyi mintdzatok
felismerésében, a prediktiv elemzésekben és a stratégiai
dontéstamogatasban, mikozben a bindzés is  digitalis
dimenzidkkal gazdagodik. Kiemelt jelent6ségiivé valik a nyelvi
bizonyitékok, az online kommunikacié és az anonimitast célzo
szovegek vizsgalata, ahol az igazsagugyi nyelvészet és az MI
egyittmilkodése uj tavlatokat nyit. A jovo nem a rendéri 1étszam
csOkkentését, hanem a feladatkdrok atalakulasat vetiti elére: a
hagyomanyos rendéri kompetenciak mellett felértékelédnek a
digitalis kriminalisztikai, informatikai, igazsagiigyi nyelvi elemz6i
és jogi-etikai készségek. Az intelligens eszk6zok bevezetése (j
korszakot nyithat, amely a hierarchikus modell helyett a
tudasmegosztasra és interdiszciplinaritasra épit. Ugyanakkor a
biin6z6k is kihasznaljak az MI-t kibertdmadasok, manipulécidk és
rejtézkodési  technikdk révén, és ez egyfajta technologiai
versenyfutast indit. A kriminalisztika jov6jét igy az ember és a gep
kozotti kiegyensulyozott egylittmiikodés mélysége hatarozza meg.

Kulcsszavak: mesterséges intelligencia, rendészet,
kriminalisztika, igazsaglgyi nyelvészet, nyelvi
bizonyitékok, szervezeti atalakulas

1 Introduction
The rapid development of artificial intelligence (hereinafter: Al) is
opening new perspectives across several domains of policing and law

enforcement studies. This paper focuses on the intersection of
criminalistics and forensic linguistics — two young and dynamically
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evolving scientific fields — and examines how Al may support their
interaction. Our aim is to highlight the criminological relevance of applied
linguistics and, through an interdisciplinary approach, to identify those
points of convergence that may contribute to the renewal of analytical
methodologies.

The integration of Al into Hungarian policing is currently in its early
stages. Wider practical implementation is constrained primarily by
financial limitations, gaps in data protection, legal and ethical regulation,
and the strongly hierarchical organizational culture characteristic of law
enforcement agencies. At the same time, domestic research initiatives and
participation in international projects may facilitate the gradual
development of an Al-aware policing culture that combines technological
capabilities with human expertise. Although the pace of change may
presently appear slow, incremental adaptation and pilot projects suggest
that over the next 5-10 years Al is likely to become an integral part of
everyday police work in an increasing number of areas — particularly in
the analysis of linguistic evidence, communication patterns, and digital
networks.

2. Foundations and Methodology
2.1 Criminalistics, Forensic Linguistics, and Al

Criminalistics is one of the foundational pillars of police and law
enforcement studies: through scientific procedures — crime scene trace
detection, evidence analysis, and expert examinations — it directly supports
crime investigation, evidentiary processes, and lawful actions performed
by authorities. Its core lies in an evidence-centred approach, that is, the
professional recording and evaluation of evidence capable of withstanding
judicial scrutiny. It also introduces interdisciplinary innovation by
integrating findings from the natural sciences (biology, chemistry,
physics) and the social sciences (linguistics, psychology, sociology) with
modern technologies (digital forensics, information technology, Al). As a
bridge between theory and practice, it operationalises the theoretical
frameworks of policing for everyday law enforcement work, thereby
increasing efficiency and public trust; without it, the credibility of
prevention, investigation, and evidentiary processes would not be ensured
(see, among others, Saferstein—Roy 2020; in Hungarian see Kovacs 2021;
Fenyvesi et al. 2022).
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A semiotic perspective is particularly significant within criminalistics, as
traces function as signs that serve as the fundamental carriers of evidential
value. Iconic signs may offer hypotheses at most; they become
procedurally admissible indices only when demonstrable causal
mechanisms are established alongside similarity (e.g. temporal and spatial
data, the reconstruction of relational chains, exclusion of alternative
explanations). Linguistic signs hold equivalent importance in forensic
linguistics: patterns of speech and writing, lexical choices, and textual
structures can be interpreted as signs of communicative intent, social
identity, and the speaker’s or author’s orientation toward reality. Thus,
indexical linguistic material can equally be treated as part of the
evidentiary process (see Szivés 2012).

The intersection of criminalistics and forensic linguistics opens new
dimensions in law enforcement by enabling a multifaceted examination of
evidence. This process is supported by Al through large-scale data analysis
and pattern recognition, significantly enhancing the efficiency of
analytical procedures. Within this system, linguistics has a distinctive role
in analysing texts, voices, and speech samples designed to conceal
identity, as well as in authorship attribution—tasks that enable more
precise, rapid, and reliable forensic conclusions by combining
technological tools with human expertise (for forensic linguistics see,
among others, McMenamin 2002; Coulthard—Johnson 2007; Olsson 2019;
for Hungarian overviews see Kontra 2003; for interdisciplinary links see
Tolnainé Kabok 2015).

With the practical integration of Al, the role of linguistic analysis is
becoming increasingly prominent both in supporting investigations and in
processing evidence intended for judicial proceedings. Language use is
one of the most characteristic and least easily manipulated human
activities; therefore, the examination of written and spoken texts can reveal
numerous traces that assist in identifying offenders, uncovering
organisational networks, or demonstrating communication contexts
related to criminal acts. Advances in Al have ushered in a new era in this
field: stylometric, phonetic, and interpretive text analyses—once
conducted manually or with limited statistical tools—can now be
supported by large language models, machine-learning algorithms, and
network-analytic methods (see Argamon et al. 2009; Kicsi et al. 2022).
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2.2 Al-Supported Forensic Linguistic Analysis and Criminalistic
Competencies: Research Background

In recent years, forensic linguistic analysis has become one of the most
dynamically developing areas of law enforcement, particularly through the
integration of artificial intelligence. Al enables the efficient processing and
analysis of large volumes of digital data — such as emails and social media
posts —as forms of linguistic evidence (for the nature of linguistic data and
data informatization see Ferenczi 2023). At the same time, this requires
substantial technological infrastructure: without adequate hardware and
software capacity, and without modern database systems, such methods
cannot be effectively applied.

Human expertise remains crucial. Al can realize its full potential only
when trained linguists, criminalistic experts, and data analysts work
collaboratively to interpret analytical results. Ethical and legal frameworks
are also decisive: the use of Al-based analyses in judicial or investigative
contexts requires strict regulation in terms of data protection and legal
admissibility. The development of ethical protocols and verification
procedures often slows down practical implementation (see Billah 2025).

At the international level, forensic linguistic analysis is already an
established practice, widely used in both law enforcement and crime
prevention. In Hungary, by contrast, the field is still largely in an
experimental and research-oriented phase, although interest in Al-
supported linguistic examinations is steadily increasing. The core aim of
this domain is to integrate linguistics, Natural Language Processing
(hereinafter: NLP), and machine learning in order to support law
enforcement agencies in investigations, evidence evaluation, and the
examination of digital communication. One of the most important
application areas is the authorship attribution of anonymous texts (see
Kicsi et al. 2022; Urmdsné—Kudar 2025).

In Hungary, linguists are typically employed for specialised and well-
defined tasks: the analysis of linguistic evidence, the identification of
communication patterns, and the interpretation of written and spoken
evidentiary material. Within expert circles, document analysis is common,
and research collaborations between universities and research institutes
frequently focus on the criminalistic applicability of speech and text
analysis. The linguist’s interdisciplinary role in linguistic profiling and

105



GABOR FERENCZI — EVA SUTO

investigative groundwork is especially important and may at times be
indispensable (see Ranki 2021). A well-trained forensic linguist is capable
of combining linguistic expertise with Al technologies, thereby enhancing
the effectiveness of investigations.

Practical applications cover a wide spectrum. In the investigative phase,
the analysis of unidentified or coded messages aids in determining the
profile of suspects or authors. Based on writing patterns, lexical choices,
grammatical structures, slang usage, and specialised code languages,
inferences may be drawn regarding the offender’s social background,
psychological state, or regional affiliation (see Herke 2021). The analysis
of speech and audio recordings makes it possible to identify dialect regions
and estimate native language and educational level. Such linguistic
findings can serve as the basis for expert testimony in judicial proceedings,
for example when assessing the authenticity of writing samples or audio
recordings.

The role of the linguist extends beyond evidence evaluation to crime
prevention and criminological research. Identifying criminal
communication patterns and behavioural tendencies can support
preventive strategies and contribute to counter-radicalization efforts.
Online criminalistics is also a key area, in which monitoring the darknet,
social media, and online forums enables the identification of dangerous
communication and organised illicit activity (Lontai et al. 2024).

The Al toolkit supporting forensic linguistic analysis is highly diverse.
Contemporary NLP models offer context-sensitive processing. Stylometry
allows the quantitative examination of patterns embedded in texts — such
as lexical preferences, sentence length, and rare expressions (Olsson
2019). The combination of forensic phonetics and machine learning
facilitates the comparison and identification of speech samples
(McMenamin 2002). Sentiment analysis and topic modelling support the
detection of underlying intentions and thematic structures, whereas
network analysis and data visualization are suitable for mapping the
communicative structures of criminal organisations (Coulthard—Johnson
2007).
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3 Context and Risks

3.1 Predictive Policing and Criminal Adaptation — Opportunities and
Risks

Traditionally, policing has not been regarded as a direct shaper of
geopolitical developments. With the emergence of artificial intelligence,
however, this situation may change. Predictive policing systems are
capable of estimating the likelihood of criminal events and identifying
potential offenders. Yet their methodology involves significant risks:
individuals may be wrongly targeted solely on the basis of their online
activity or communication patterns. Such scenarios can lead to extreme
outcomes, including unjustified arrests or the political manipulation of
these systems. These risks underscore the need for robust human oversight,
without which Al-driven decisions may have severe social and foreign
policy consequences (see Egbert—Leese 2020, Grimm et al. 2021).

Al may also be adopted by organized criminal groups, which could employ
the technology to support their operations. Al has the potential to
revolutionize crime: aspects of criminal activity could be partially or fully
delegated to automated systems, from identifying victims and selecting
offenders to profiling potential perpetrators. The technology could enable
the monitoring, ranking, and even coordination of individuals for the
execution of criminal acts, particularly in the domain of cybercrime. This
raises a wide range of legal and ethical concerns, including the protection
of personal liberty and fundamental rights. Al-enabled crime is expected
to emerge across national borders, potentially generating international
tensions. These developments present governments and law enforcement
agencies with new challenges: in this technological race, the balance of
power will be determined by whether law enforcement or criminal actors
succeed in deploying Al more rapidly and effectively (see Mehrotra et al.
2025, and see also the discussion of Prakash 2020 in Siit6 2023).

3.2 International Outlook

International practice shows that Al-based linguistic analysis is already
widely established and routinely applied. Numerous studies report the use
of Al for authorship attribution on anonymous darknet forums (see, among
others, Sennewald et al. 2020, Ranaldi et al. 2022). Other research focuses
on the automatic detection of radicalization discourses on social media, an
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essential element of counterterrorism strategies (see Al-Shawakfa 2025).
In the United States and Western Europe, law enforcement agencies
regularly employ NLP tools under strict conditions to monitor online
communication, for example to filter texts associated with terrorism or
organized networks.

Experiments conducted by Europol and the FBI have demonstrated that Al
can detect distinctive linguistic features in the writing patterns of
anonymous forum users, thereby facilitating their identification.
According to a previous Europol report, Al promises substantial efficiency
gains in policing, although it also carries significant ethical and legal risks
(bias, data protection, fundamental rights). The European Union’s Al Act
explicitly aims to balance innovation with legal safeguards through
regulated experimentation, transparency, accountability, and trust-
building (see Europol 2024). According to last year’s report by the U.S.
Department of Justice, the FBI may use Al only under clearly defined
conditions: explicit purpose specification, designated responsibilities,
transparent data sources, mandatory human review, and realistic pre-
deployment testing, followed by continuous oversight and community
consultation. For high-risk decisions, Al outputs can never serve as sole
grounds for action or evidentiary conclusions (see Artificial 2024).

Judicial admissibility also presents a major challenge: profiles generated
by machine-learning algorithms are often accepted only as supplementary
evidence because of concerns regarding methodological transparency and
error margins. Despite these limitations, international trends are clear:
forensic linguistic analysis increasingly relies on Al, particularly in the
mapping of communication within digital environments (Grimm et al.
2021).

Internationally, the implementation of Al-supported forensic linguistic
methods is considerably more advanced, with well-established practices.
A few prominent examples include:

e Aston University (United Kingdom), Institute for Forensic
Linguistics, a global leader in authorship attribution, stylometry, and
courtroom applications.

e Shlomo Argamon (United States), one of the most recognized experts
in computational stylometry and forensic linguistic profiling.
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e Marilu R. Madrunio (Philippines), a prominent international
representative of forensic linguistics, widely published on legal and
forensic linguistic analysis.

3.3 The Situation in Hungary

In Hungary, the development of the field is progressing at a more moderate
pace, yet it remains consistently present in both academic and practical
law enforcement contexts. Domestic research and participation in
international projects create an opportunity for the gradual emergence of
an Al-aware policing culture that draws simultaneously on technological
innovation and human expertise.

Within the university sphere, the primary institutions involved in forensic
linguistics and the policing applications of digital data analysis are E6tvos
Lorand University (ELTE) and the University of Public Service (NKE).
At ELTE’s Faculty of Humanities, the Department of Applied Linguistics
and Phonetics conducts research in the field and also offers a dedicated
forensic linguistics course. At NKE, Al features prominently in the
curriculum, especially in policing and legal education. Further courses and
research projects are expected to be launched in the coming years, aimed
at deepening and operationalising Al applications in law enforcement. At
the research-institute level, the Expert Institute of the Special Service for
National Security, the National Centre for Expert and Research (NSZKK),
and ELTE’s Research Centre for Linguistics (formerly: HUN-REN
Research Centre for Linguistics) are all engaged in studies that apply
speech and text analysis for criminalistic purposes.

In recent years, several domestic conferences have addressed forensic
linguistics (see, among others: 1. Applied Linguistics Doctoral
Conference, Hungarian Academy of Sciences, Institute of Linguistics,
Budapest, 2007; Forensic Linguistics Conference, ELTE Hungarian
Language Strategy Research Group, Budapest, 2019; 16th Hungarian
Conference on Computational Linguistics, University of Szeged, Institute
of Informatics, 2020; Bozontvagd vagy bozotvago — avagy bevezetés az
igazsagugyi nyelvészetbe, NKE RTK Szent Gyorgy College for Advanced
Studies, Budapest, 2023). Increasing attention is being paid to the
automated processing of linguistic evidence as well (see F6z6—Tatér 2022,
Kicsi et al. 2022). The demand for developing Al-based criminalistic
applications has already appeared within domestic specialised research,
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indicating that in the coming years a gradual convergence with
international trends can be expected (for early initiatives see F6z6 2023).

4 Organisational Implementations and Knowledge
4.1 Knowledge Sharing in Policing Supported by Al

Effective law enforcement and public safety today rely not only on human
experience and traditional data collection, but also on modern technologies
capable of structuring and making accessible accumulated knowledge. In
policing practice, knowledge sharing previously meant the transmission of
investigative experience, statistical data, and local or national crime
reports. Al, however, elevates this process to a new level. It can identify
patterns that human analysts alone would not, or only significantly more
slowly.

Al is able to process and structure information from multiple sources —
criminal records, CCTV footage, and online communication patterns —and
synthesise these into a knowledge base that integrates practical experience
with real-time data. Predictive analyses can provide forecasts of where,
when, and what types of crime are likely to occur; this knowledge can then
be rapidly disseminated to other organisational units.

The process also fosters interdisciplinary cooperation: linguists,
criminalistic specialists, IT professionals, and data analysts jointly
interpret Al-generated analyses, enabling both horizontal knowledge
flows (across different police units) and vertical knowledge flows
(between research and practice). Large international organisations such as
Europol and the FBI already rely on Al-based databases and knowledge-
sharing systems. For Hungary, adopting similar systems will be crucial in
combating transnational and international crime.

The trust factor, however, remains indispensable: policing decisions must
continue to be overseen by human expertise. Al does not replace but
complements and strengthens knowledge-sharing processes by structuring
vast quantities of information, facilitating the rapid exchange of
experience and analysis, and contributing to a preventive approach to
policing. Continuous communication with international partner agencies
is also essential, as adapting their proven methodologies can provide
substantial advantages in domestic practice (for Al applications in policing

110



POLICING AND ARTIFICIAL INTELLIGENCE: COOPERATION OR A TECHNOLOGICAL...

see, among others, D6b6—Gyaraki 2021, Maté 2024; for comprehensive
discussions of knowledge sharing and knowledge management see
Noszkay 2023).

4.2 The Impact of Al on Policing Organisational Culture

The introduction of Al is expected to exert a dual influence on the
organisational culture of policing. On the one hand, it reinforces a data-
driven perspective in which decisions increasingly rely on objective
analyses, statistical models, and predictive forecasts. This enhances
organisational efficiency and accountability, as decision-makers no longer
rely solely on personal experience or intuition but draw upon large
volumes of real-time data. An evidence-based policing culture can also
strengthen public trust by making decision-making processes more
transparent and reproducible.

On the other hand, Al integration presents major organisational and
cultural challenges. The traditionally hierarchical, experience- and
routine-oriented operation of policing agencies must be reshaped to
accommodate technological innovation. This includes the acquisition of
new competencies, openness to continuous learning, and the strengthening
of interdisciplinary collaboration: cooperation among diverse specialists
fosters a new organisational culture in which horizontal knowledge
sharing becomes as important as the vertical chain of command.

In the long term, Al may contribute to the development of a more open,
innovation-oriented organisational culture. This shift is not only
technological but also attitudinal: policing organisations must move from
rigid structures toward flexible and adaptive modes of operation. As a
result, bureaucratic rigidity may diminish and the organisation’s ability to
respond rapidly to evolving security challenges may increase.

International research suggests that Al integration in policing will
fundamentally transform leadership decision-making, professional roles,
and organisational identity. Al does not replace the human factor but
reshapes its functions: the tasks of officers and specialists will increasingly
involve overseeing, interpreting, and ethically monitoring technological
tools (for visions of future policing see Egbert—Leese 2020; for practical
approaches and experiences see Europol 2023, Artificial 2024).
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5 Conclusion

Within policing and law enforcement studies, Al represents not merely a
technological innovation but a catalyst for complex change, transforming
practice on multiple levels — from analytical methods to organisational
culture. At the intersection of criminalistics and forensic linguistics, Al
can function as a comprehensive toolkit that enables more rapid and
accurate authorship attribution, the examination of communication
patterns, and the mapping of digital networks. At the same time, automated
procedures raise legal, ethical, and data-protection concerns, especially
regarding the judicial admissibility of evidence and the risks of algorithmic
bias or misidentification.

The role of forensic linguistics in the future of criminalistics will be highly
significant. Language use is one of the most resistant human behaviours to
manipulation and reveals valuable traces regarding offenders’ social
backgrounds, regional affiliations, psychological states, and identities. Al-
supported stylometric, phonetic, and textual analysis methods are capable
of identifying subtle patterns that would be difficult or impossible to detect
through human analysis alone. Such knowledge carries significant value
not only for investigations but also for courtroom evidence and preventive
strategies.

The criminalistic application of linguistics also forms a bridge between
science and practice. Linguists working in interdisciplinary frameworks
provide added value by integrating linguistic expertise with Al
technologies. International trends — from Europol and FBI’s Al-based
knowledge-sharing systems to the forensic linguistics school at Aston
University and the NLP-driven practices of Western European agencies —
demonstrate that the methodology is rapidly becoming standardised, while
requirements for usability and transparency are simultaneously
strengthening. These experiences can serve as a compass for domestic
implementation.

Overall, the future does not forecast a reduction in police personnel but
rather a transformation of competencies: traditional policing experience
will be complemented by digital, linguistic, 1T, and ethical skills. The key
to success lies in gradual and controlled integration, where the advantages
offered by Al are always paired with human expertise. Equally crucial is
the evolution of organisational culture: knowledge sharing and horizontal
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collaboration gain increasing importance, replacing rigid hierarchical
structures. Al is capable of structuring and making accessible accumulated
experience, supporting swift and transparent decision-making. This flow
of knowledge may form the basis of a new policing culture built on
innovation, interdisciplinarity, and preventive orientation. In this way, the
relationship between policing and Al need not be a race but a balanced
cooperation, ultimately yielding more effective, open, and trust-enhancing
law enforcement practice.
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Abstract

The study connects three themes. In relation to Al,
anthropomorphizing tendencies can be observed, as many people
overestimate its capabilities. These views stem from the
insufficiently recognized fact that Al relies exclusively on online
explicit knowledge resources and cannot, or can only to a very
limited extent, access tacit knowledge, its subtypes, or network
knowledge. The second part of the study presents these types of
knowledge. Since Al can process only online explicit knowledge
with increasing intensity, a significant knowledge asymmetry
emerges: the utilization of the other two knowledge domains does
not grow at a comparable rate. As a consequence of this
asymmetry, new inequalities and other societal problems may
develop. Among these, the most significant appears to be the
further strengthening of the resources of various functional centres
and their impact on society.

Keywords: knowledge boundary, type of knowledge, knowledge
asymmetry, anthropomorphization, network
knowledge, Al-visibility of knowledge, efficiency of
Al knowledge processing

Motto

., 1t is worth bearing in mind...the general rule that we must not expect to
find simple labels for complicated cases...however well-equipped our
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language, it can never be forearmed against all possible cases that may
arise and call for description: fact is richer than diction.”
John Langshaw Austin

Introduction

Artificial intelligence (hereinafter Al) uses language models both to
interpret the questions posed to it and to construct the answers it provides.
For this reason, it is particularly important for Al users to be aware of the
warning issued by the well-known English philosopher of language, John
Langshaw Austin — both when formulating their questions and when
interpreting the answers. Without this awareness, they may easily fall into
the error of overestimating Al’s capabilities. The motto indirectly reminds
us of the importance of tacit linguistic knowledge as well. I will return to
this point when discussing tacit knowledge.

The work of defining and systematizing different types of knowledge
began already in the first half of the 20th century. The emergence of new
disciplines, such as the sociology of knowledge — which has significant
Hungarian roots through Karl Mannheim and other members of the
Sunday Circle — pointed in this direction. The most significant milestone
in the philosophy of science and theory of knowledge, however, proved to
be Michael Polanyi’s theory of tacit knowledge. This sharply formulated
theory (Polanyi, 1958) not only confirmed the suspicion that multiple
forms of human knowledge exist, but also made it necessary to describe
and define them within philosophy — especially the philosophy of science
—as well as within the sociology of knowledge. These results later became
foundational for the development of knowledge management.

The present study consists of three main parts. The first part deals with the
possibility of de-anthropomorphization, which is needed because AI’s
capabilities are often overestimated. The structure of the second and third
parts is based primarily on the fact that although the knowledge resources
available to Al are enormous, they are nevertheless limited. This limitation
arises from the fact that certain types of knowledge are not accessible to
Al at all, or only to a very limited extent. To explore the relationship
between Al and the various knowledge resources, several key concepts
must be clarified. In developing these concepts, it will inevitably be
necessary to outline some properties of these knowledge types. From this,
it will also become clear why they are inaccessible — or only partially
accessible — to artificial intelligence.
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Given that Al uses only certain types of knowledge and processes them
with very high intensity, it follows that the status of other knowledge types
also begins to change. It would be a mistake to underestimate the social
consequences and significance of these changes. The fourth part of the
study attempt to map these emerging difficulties.

1. The Importance and Limits of De-anthropomorphization in the Use
of Al

I believe that a multidirectional analysis of Al’s use of knowledge can also
help us find reference points for reducing the anthropomorphization that
surrounds Al. It is evident that, largely due to the film industry and
science-fiction literature, the similarity of Al to human thinking is greatly
overestimated. The paradoxes emerging within this wave of
overestimation recall an old computer joke: “You should never
anthropomorphize computers, because they really don’t like it.” This joke
wittily points out that a kind of spontaneous anthropomorphization had
already been taking place among those who worked with computers.
However, this may amplify misunderstandings related to Al, especially in
everyday life, where this highly significant technological achievement is
increasingly used. Unfortunately, even a small portion of developers and
professional users are also prone to fall into this anthropomorphizing error.
These are the main reasons why persistent fantasies continue to circulate
about Al “becoming self-aware,” “turning against humans,” and so on.
Radical anthropomorphization also obstructs clear thinking regarding the
important question of what the knowledge boundaries of Al are, and how
the relationship between the types of knowledge accessible to Al and those
inaccessible to it is being transformed.

Expressions used in relation to Al often include linguistic turns that were
previously associated with “ordinary” computers as well. For this reason,
it is difficult to avoid anthropomorphizing words, as they have become
deeply embedded in the world of computing. Thus, | too will use
expressions such as “Al can see this or reach that,” or “Al uses this,” even
though more precise, de-anthropomorphizing formulations would be
preferable. For example: “In AI’s designed circuits, the following process
takes place at this moment.” Such expressions, however, would be far
more cumbersome. Since these anthropomorphizing expressions have
already become standard in the literature, it follows that many of them will
remain in use in the emerging Al-related academic discourse as well. By
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recalling the old computer joke and its original context, | simply wish to
signal that although I also use such anthropomorphizing expressions, |
strive to remain aware of their nature and encourage others to do the same.
I hope this may be a small contribution to fostering a clearer understanding
of AI’s real capabilities, their character, and simultaneously their
limitations, and to avoiding the spontaneous encouragement of
exaggerations related to them.

2. Key Concepts

Among the many key concepts associated with Al, | examine here only
those that are closely related to Al-related knowledge management. A
further limitation is that the types of knowledge discussed here — tacit
knowledge and network knowledge (i.e. the knowledge flowing through
hidden social networks) — play a somewhat more important role in the life
sciences, social sciences, and humanities than in the natural sciences. The
difficulty mentioned by Austin, which arises when verbally describing
facts, also appears more prominently in the fields of life sciences, social
sciences, and humanities.

To discuss Al’s knowledge management, we also need several concepts
that denote knowledge units of different sizes. A knowledge package is
what Al provides to the user in response to a single query. But a knowledge
package is also what Al uses internally to construct its answer. A
knowledge set is the collection from which Al assembles the individual
knowledge packages needed to answer similar questions. The largest units
of knowledge are knowledge worlds, which consist of specific knowledge
sets. Missing from these knowledge worlds are those knowledge sets that
Al can access only minimally or not at all. Thus, in every domain, Al
possesses only limited knowledge sets due to various constraining factors.

2.1 The Degree of Richness of a Fact

The essential elements of the first key concept can already be found in the
motto. The concept of a “social fact” came to the forefront during the
emergence of the social sciences — particularly sociology — at the end of
the 19th and the beginning of the 20th century. This classical term was
developed by Emile Durkheim, one of the founders of the discipline, in his
study The Rules of Sociological Method, first published in 1895. The
concept gained prominence because, although statistical data are important
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in this field as well, the elements of social phenomena that come into focus
are much more difficult to delineate and interpret. Durkheim lists among
the primary examples laws, moral norms, religious beliefs, institutions, as
well as money, fashion, and language — all of which determine individuals
from the outside.

The question of defining facts came to the forefront in sociology rather
than, for example, in history, because historians often work with facts
whose significance has already been confirmed over time through their
consequences. Sociologists, however, typically deal with present-day
problems, making the selection and delineation of facts a far more complex
task. Moreover, the separation and definition of facts never yields a final,
unchanging result; it remains open to revision. Over time, not only the
evaluation of facts change, but also their definition and their selection
according to importance. Thus, the concept and evaluation of social facts
underwent significant transformation from the late 19th century to the first
quarter of the 21st century, in which the more precise differentiation of
various types of knowledge also played an important role.

Since | also examine here the kinds of knowledge on which Al relies, the
question of what we consider a fact cannot be avoided. It is therefore
crucial to understand what kinds of factual descriptions Al takes into
account when constructing its answers. This also means that we must point
to the long list of problems associated with these questions. Due to space
limitations, 1 can mention only the most fundamental one: according to
Austin’s epistemological and linguistic-philosophical thesis, facts are
richer than what linguistic descriptions can express, even when those
descriptions are highly nuanced and carefully considered. Al can therefore
approach the richness of facts — and especially social facts — only to a
limited extent, because it cannot access those elements of knowledge that
we now commonly classify as tacit knowledge. Humans connect these
tacit elements to the facts they perceive, and indeed interpret the facts
through them, but cannot articulate them in words. The use of large
language models, in which Al is particularly strong, also suggests that
Austin’s thesis applies here as well, since the knowledge-accessing
capabilities of these models are likewise limited.

At this point, it may also undoubtedly be raised whose perspective
determines the importance of social facts: one may examine which
decision-makers, strata, classes, or social groups have considered these
facts significant and have delineated them accordingly. Thus, there would
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still be room here for certain criticisms from historians and sociologists as
well.

The critical insights that arise in sociology concerning facts can be applied
to all forms of knowledge based on verbalization, which reduces the
reliability of these knowledge forms and, consequently, the probabilistic
value of the conclusions that rely on them.

2.2 The Degree of Al-Visibility of Different Types of Knowledge

This concept refers to the varying accessibility of different types of
knowledge from the perspective of Al. When considering collaborative
work with Al, this concept is absolutely fundamental. In such
collaboration, we must know in what areas our tool is strong and in what
areas it is weak. Let us take an immediate example: works published
online, which are available explicitly, possess a high degree of
Al-visibility. This means that AI’s language models are able to process
them. This constitutes the enormous body of knowledge that Al can, in
principle, access fully, since it is digitized and generally available. Thus,
its Al-visibility is theoretically 100 percent. We will later see which factors
may reduce this value.

Al is trained to know and communicate that it can access only online
explicit (verbalized) knowledge sources. This could serve as an important
reference point for separating from Al those strongly anthropomorphizing
and capability-exaggerating assumptions that tend to attach to it. In this
regard, however, the creators of marketing strategies associated with Al
may even have opposing interests.

On a map of knowledge types, however, we also find categories that, as
we shall see, cannot be said to be readily accessible to Al. Such are, for
example, knowledge packages that are already public but not yet available
electronically. Thanks to various digitalization programs, these too are
gradually being transferred into online knowledge bases. Worldwide —and
in Hungary as well — digitalization programs are underway through which
vast quantities of publications from earlier centuries are becoming
available online. Among Hungarian digitalization initiatives, one of the
most important is that of the Library of the National Assembly.
Digitalizing library collections is an important program everywhere, but
capacities are, of course, limited. The light at the end of the tunnel is not
yet visible. The universally accessible World Library project remains a
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very distant plan, and it is far from certain that it can be realized. Owners
of Al systems may, of course, commission affordable digitalization for
specific tasks, and such expansion may even represent an additional source
of revenue for them.

Copyright is also among the factors that strongly restrict accessibility. For
seventy years after an author’s death, the copyright holders retain control
over the protected intellectual works, and it is not in their interest to
diminish or relinquish these rights, as doing so would cause financial loss.
Thus, the digitalization of an author’s works — if not permitted during their
lifetime — may be further delayed due to the rights of the heirs. Yet this
grace period represents a significant limitation for Al, since in most cases
the knowledge produced in the past seventy years is the most relevant for
solving contemporary problems.

Among the types of knowledge with limited visibility is the so-called
network knowledge, which, according to its preliminary definition, arises
and circulates within informal human networks that operate spontaneously
alongside institutions and enable knowledge exchange. Since the
knowledge sets that emerge here rarely become known to the public and
even more rarely appear online, they do not — or only barely — enter AI’s
sphere of accessibility. Yet these knowledge sets are extremely important
for understanding the functioning of human societies, smaller and larger
communities, and networks.

Tacit knowledge is typically acquired by a person through working with a
tool, a material, an environment, an institution, or another individual.
According to Michael Polanyi’s classical thesis, this type of knowledge
cannot be articulated, and thus every person knows far more than he or she
can verbally express. This knowledge is tied to its possessors — the
individual persons — and manifests and grows through their activities. Due
to its non-verbalizable nature, tacit knowledge is fundamentally
inaccessible to Al.

Given the operation of Al, linguistic tacit knowledge deserves special
emphasis. It is our shared experience that a healthy six-year-old child, even
before entering school, already speaks his or her mother tongue — or even
multiple languages — fluently, without being aware that he or she is
following linguistic rules. In addition to linguistic rules, native speakers
possess tacit knowledge of the scope of meaning of every word they know,
as well as the various nuances of those meanings. Relying on these
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elements of knowledge, linguistic intuition operates, and it has contributed
greatly to enabling speakers to understand sentences containing words
they themselves may never have used before. This linguistic intuition
supports the verbal recording of facts even when we can no longer cross
the boundaries mentioned by Austin.

2.3 The Efficiency of AI’s Knowledge Processing

In discussing this concept, we are still dealing with those types of
knowledge that Al can access. Later, | will also address those that, for the
reasons mentioned earlier, are no longer — or only barely — accessible to it.
The accessibility of knowledge packages and knowledge sets is not
equivalent to their optimal processability. Through this simple distinction,
we arrive at another key concept: the efficiency Al can achieve when
processing the knowledge sets available to it. As we have already seen in
connection with the concept of fact, our linguistically formulated
knowledge of certain parts of reality is incomplete due to linguistic
limitations.

Another limitation arises from the fact that the value of knowledge
packages is greatly influenced by their time of origin. The date of scientific
results is important in every discipline, though not to the same degree. Not
knowing — or disregarding — the time of origin of available knowledge may
reduce Al’s processing efficiency. This problem persists even when the
knowledge package contains facts constructed through machine
perception, because perceptual limitations exist there as well. Although
the accuracy of machine-constructed facts may improve with
technological development, certain limitations will always remain. Proper
weighting of the validity and value of individual knowledge sets and
knowledge packages therefore requires taking into account when they
were created.

Each scientific discipline has a different so-called “half-life” of scientific
results, meaning the period — measured in years or months — during which
the validity of a given knowledge package decreases by half. In chemistry,
for example, this half-life is very short. This decline occurs due to the rapid
progress of science, as new results — while building on earlier ones —
overwrite or even completely invalidate parts of previous findings.
Depending on the average half-life characteristic of each discipline, one
can determine how necessary it is to index scientific results by their time
of origin when solving particular problems. Al can be trained to index its
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knowledge sources by the time of discovery, and even more importantly,
by the time of publication. The question, however, is how effectively it
can weight these results when synthesizing them.

For example, Al can be contrasted with a researcher who has at least
twenty years of experience and who has personally participated in the
developmental processes within their discipline over those two decades.
While Al may be able to estimate this researcher’s explicit knowledge
based on statistical averages, his tacit knowledge is neither accessible nor
reconstructible for Al.

Al is capable of indexing the knowledge elements it uses according to their
time of origin and of weighting them based on certain estimations.
However, this does not mean that its evaluative weighting according to
time of origin will necessarily be adequate. What further aggravates the
difficulty is that Al cannot accurately determine the degree of
insufficiency in its own knowledge with respect to the time of origin of the
knowledge elements it uses.

3. A More Detailed Presentation of the Types of Knowledge That Fall
Outside AI’s Search Focus

The primary reason for discussing these types of knowledge in more detail
is that they are far less well known than other forms of knowledge.
Secondly, I can only illuminate the problem I have called AI’s knowledge
asymmetry if | outline in greater detail the differences between the two
main groups of knowledge types. The situation has arisen in which some
types of knowledge enter AI’s search focus immediately or relatively
easily, with only minor delay, while others enter it only minimally,
indirectly, or not at all. The knowledge types belonging to these latter
categories are, above all, tacit knowledge in its personal form and network
knowledge.

3.1 Tacit Knowledge

The motto from Austin already hinted at one form of tacit knowledge
without naming it explicitly. This refers primarily to the tacit linguistic
knowledge already mentioned briefly, which we are unable to make
explicit in our spoken or written sentences. Austin formulated this idea one
year before Michael Polanyi published his major work on the theory of
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tacit knowledge, Personal Knowledge. Austin’s description resonates
strongly with Polanyi’s earlier, well-known insight that tacit knowledge
cannot be made explicit. Polanyi later summarized this in a concise thesis:
“... we know more than we can tell.” (Polanyi, 1966:4). Austin in fact
slightly expands Polanyi’s thesis by linking the philosophical problem of
formulating knowledge — making it explicit — to that part of knowledge
that language cannot reach or represent in words. In this way, he indirectly
connects it to that form of knowledge — tacit knowledge — that largely
remains outside the process of explicit knowledge acquisition. This
problem thus leads us to one of the key concepts relevant to Al: tacit
knowledge, which we know is either inaccessible or only minimally
accessible to Al.

Some researchers have attempted to make tacit knowledge explicit, or in
other words, to externalize it. However, the structural characteristics of
tacit knowledge contradict this idea. Since its structure differs from that of
explicit knowledge in several respects, these characteristics are lost during
the externalization process. One can therefore argue convincingly that the
resulting knowledge may be interesting, but it is certainly no longer tacit
knowledge, because its structure differs from that of explicit knowledge.
Although descriptions exist of what various forms of tacit knowledge
contain, and although their structure can be explored through complex
research, the content of individual tacit knowledge packages cannot be
made explicit. Thus, they do not become accessible to Al.

3.1 Types of Tacit Knowledge

Before the emergence of the theory of tacit knowledge, it would have been
difficult to discuss the types of knowledge inaccessible to computers — and
thus to Al. Polanyi attempts to define tacit knowledge in several domains,
two of which are particularly important. One concerns its relationship to
explicit knowledge, highlighting differences and connections. The other
concerns its use: Polanyi illustrates through numerous examples how we
necessarily rely on this form of knowledge even though we cannot
articulate it or verbally transmit it to others.

Descriptions of the use of tacit knowledge led us to the insight that one
possible classification of tacit knowledge arises from the nature of the
object or domain to which it becomes attached in the human mind and
through which it takes on a specific structural form. A further common
feature of the subtypes of tacit knowledge briefly presented below is that
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their definition is linked to the teleological concept of action, insofar as
they relate to its components: goals and means. Here | can discuss these
subtypes only briefly, as | have provided much more detailed definitions
in several of my earlier writings (Szivos, 2017).

3.1.1 Tool-Centred Tacit Knowledge

Depending on their occupation — but also in everyday life — people
regularly use tools whose smooth handling requires experience and, within
that, specific tacit knowledge. This knowledge becomes activated when a
person begins to use the tool: the violinist picks up the violin and bow, the
lathe operator stands at the machine, the doctor takes an instrument in
hand, and so on. The musculature and nervous system of the hand adapt to
the regular and purposeful use of these tools, and based on this adaptation,
the person integrates them into their own body schema. This is how this
subtype of tacit knowledge arises.

3.1.2 Material-Centred Tacit Knowledge

Just as tacit knowledge is an essential part of the experience required to
use tools, it is also necessary for understanding and mastering the
behaviour of materials. This, too can be acquired only through practice.
For example, a sculptor gradually learns the physical properties of the
chosen material and how it can be shaped most effectively.

3.1.3 Environment-Centred Tacit Knowledge

The tacit component of our experience in any given environment is
indispensable for carrying out quick and effective actions. A mountain
guide can spare an inexperienced tourist many difficulties thanks to
detailed knowledge of the terrain. This type of tacit knowledge is more
complex than the previous two because of the diversity of environments.

3.1.4 Institution-Centred Tacit Knowledge

This subtype of tacit knowledge is acquired through working within one
or more institutions. As a subordinate component, it may include elements
belonging to the other four subtypes. Research in this area goes back to the
topic of “organizational knowledge,” which is essential for the successful
operation of companies. It was then recognized that part of organizational
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knowledge consists of non-verbalizable elements — that is, tacit
knowledge.

3.1.5 Person-Centred Tacit Knowledge

Finally, the most difficult and most complex subtype of tacit knowledge is
the one acquired through regular cooperation with another person. The
state of cooperation in which two people “understand each other even from
half a word” indicates the presence of significant personal and shared
person-centred tacit knowledge.

These subtypes of tacit knowledge also differ in that, in the order listed
above, they become progressively less accessible to artificial intelligence
and robotics. It is now common practice to develop robots by modelling
human bodily movements for them. In this way, part of tool-centred tacit
knowledge can be externalized, encoded, and placed into a robot’s
memory. But even this has limits: for example, if a movement lacks its
connection to other types of movements — connections maintained by other
forms of tacit knowledge — then no well-usable movement experience is
created.

3.2 The Temporal Structure of Tacit Knowledge

It is worth complementing the description of tacit knowledge with a third
perspective. This arises from the fact that tacit knowledge develops in a
time flow just like explicit knowledge. However, unlike the latter, whose
final form does not reflect the phases of temporal development, in the
structure of tacit knowledge individual development events leave a lasting
mark. We know even less about this structure than about the
segmentability and reorganizability of explicit knowledge. However, a
few things have already become inferable from important learning
examples. One of these examples concerns the fact that the first stage in
the development of a certain type of tacit knowledge can become very
important. | take this example from the history of tool-centered tacit
knowledge.

This is a story from antiquity, whose hero is a teacher named Antigenides,
who in the 4th century BC was an excellent master of a wind instrument
called the aulos in Thebes, where a famous music school with a long
tradition operated. Antigenides had the habit of charging double teaching
fees from any new student who had started learning this instrument with
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another teacher. The reason for this was that it took much more effort to
eliminate the bad habits already acquired than to teach students starting
with a clean slate. This realization, in terms of tacit knowledge, means that
since we cannot consciously access these previously acquired faulty
habits, it takes longer for the teacher to develop other, parallel but correct
skills in us.

From this example drawn from the history of music, my main conclusion
regarding the structure of tacit knowledge is that newly acquired
knowledge is placed alongside the problematic knowledge first learnt, and
cannot automatically overwrite or invalidate it. In the realm of explicit
knowledge, however, once we have recognised and acknowledged an
error, we largely free ourselves from it, and it may fade into oblivion. No
such mechanism of recognition and forgetting operates in the case of tacit
knowledge. Earlier knowledge is rather bracketed — over time — and may
later re-emerge occasionally and assert itself again as a bad habit.

The second conclusion is that, in this way, an internal knowledge conflict
develops within the domain of tacit knowledge, which may have further
consequences. One such consequence is that the knowledge conflict
continues to evolve and eventually parts of the two differing bodies of
knowledge become explicit, that is, they become externalised. This
transformation is not complete; it affects only certain opposing elements
of the conflicting knowledge contents. At this point, the pupil consciously
understands and can articulate one essential difference between the way
he used to handle their instrument and the way he learnt to do so under the
new, better master.

The third conclusion, building on the previous two, is that extended
learning processes over time play a significant role in determining what
structural form this type of tacit knowledge takes. The dual structure
outlined above carries fewer advantages than a knowledge structure built
upon one dominant, initial, high-quality experience.

By means of Antigenides’ example, I have sought to illuminate two
aspects of the structure of tacit knowledge. Certain features of this
structure are not present to the same degree in all five types of tacit
knowledge. Thus, differences may arise in this respect between
tool-centred, material-centred, environment-centred, institution-centred
and person-centred knowledge. At the same time, a similar structural
characteristic appears in person-centred tacit knowledge, as suggested by
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the old saying formulated in connection with getting to know new people:
“the first impression is very important”, because later impressions cannot
easily overwrite it. The fact that the two examples can be linked also means
that the structure of tacit knowledge functions as a classifier, that is, as a
criterion whose varying presence can also be observed among the
aforementioned types of this knowledge.

In connection with the structural characteristic of tacit knowledge just
described, one structural property of explicit knowledge may also be
identified: the body of knowledge acquired earlier does not form a lasting,
relatively closed unit, but can be re-organised as appropriate according to
explicit rules. Another property is that knowledge conflicts within this type
of knowledge can be more easily exposed and therefore resolved more
rapidly.

3.3 Network Knowledge

Compared with tacit knowledge, the concept of network knowledge is less
well known. To introduce and define it, a very brief excursion into the
history of science seems necessary. Many people are familiar with the
expression “how many handshakes away someone is from another
person”, perhaps from a very famous individual. The “number of
handshakes” refers to the number of acquaintances willing to act as
intermediaries who, if asked, could connect the two people. The
expression became established after Stanley Milgram’s classic American
sociological experiment known as the “small world” experiment. In this
experiment, participants living in various parts of the United States were
instructed to establish contact with unknown individuals living elsewhere
solely through acquaintances and acquaintances of acquaintances. The
concrete aim was for the participants to deliver a letter to the target
individuals. The acquaintances first approached then sought further
acquaintances who eventually — creating a particular chain of connections
—reached one of the target person’s acquaintances, who could then deliver
the letter to the addressee. The task was thus solved collectively. The
acquaintances formed a network between the seekers and the sought. The
surprising average result was that 5-6 steps were sufficient for completion,
that is, for the letter to reach the addressees from the participants entrusted
with the task. This important experiment led to a deeper understanding of
how social networks operate.
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The next step in research laid the foundations for distinguishing a new type
of knowledge: knowledge and opinion flowed through these networks of
connections. This type of knowledge is network knowledge, a small part
of which may become public, yet remains inaccessible to Al because it
generally does not take an online form. Moreover, the larger part consists
of personal and collective tacit knowledge, and as such is closed off from
Al. At this crucial point, the other types of tacit knowledge connect with
the tacit knowledge present within network knowledge.

Since smaller parts of network knowledge may reach certain points of the
public sphere, its degree of Al-visibility is somewhat higher than that of
individual or personal tacit knowledge. But overall, it remains very low.

4. The First Knowledge Asymmetry of Al

The first knowledge asymmetry of Al arises from the fact that, while Al
can extract many kinds of results from the vast — though far from infinite
— sets of explicit knowledge available to it, the bodies of tacit knowledge
and network knowledge remain without such radical unification and use.
With the strong development of Al and the rapid expansion of its use, the
low level and limitations of the conscious utilisation of these other types
of knowledge become even more striking. As a consequence, social
positions are lost in comparison with Al, which supports centralising
processes. In a broader sense, regionality and the relative independence of
the subsystems of society may be endangered because the higher
efficiency of knowledge utilisation made possible by Al tends to transform
certain areas of production and social development in the direction of
increased centralisation. It must not be overlooked that the emergence of
Al itself was the result of enormous concentrations of capital, knowledge,
technology and policy expertise.

The use of Al without a solid legal framework and appropriate social
constraints fuels the danger that the problem-solving capacities of political
and economic centres will once again be overestimated. Thus, “in the
name of surplus knowledge”, the much more reliable and up-to-date tacit
knowledge bases at local and regional levels, as well as the relative
autonomy of the people working at these levels, are pushed into the
background.

One of the main problems brought to the fore by the use of Al is the
changing social status of tacit knowledge bases and network knowledge.
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This change makes it necessary to examine regularly and thoroughly the
social, communicative and interest-representation status of knowledge
holders.

Let us consider a few sociological examples of the advantage Al provides
to various centres. The surplus of knowledge spontaneously present in
these centres and their simultaneous awareness of multiple aspects also
give them an advantage in using Al. On the basis of statistical data and
other available bodies of knowledge, Al can, for example, be used to
outline an action plan for a small, medium or large region, while the tacit
knowledge of local people remains outside the decision-making process or
is pushed far into the background. Yet this knowledge is more up-to-date
than the patchwork of facts from different periods on which the action plan
is based. How might this contradiction be addressed? Materials produced
by Al may serve rather as starting points for debate, being mainly useful
in indicating which problems local communities will still need to address,
alongside their most pressing concerns, on the basis of past trends.

The accumulation and learning processes taking place within Al may also
lead to imbalances, since the strong sequences of questions posed by the
centres force learning processes that tip the scales towards them and the
fulfilment of their interests. Observing this, decision-makers working in
the centres may fail to listen to the key interest groups of local stakeholders
and ignore their current interests. Here, the introduction of constraints
limiting the unrestricted assertion of the centres’ interests, together with
support for local communities and their leaders, may offer a solution.

5. Summary

In this study | briefly discuss three main topics in connection with one
another. The phenomenon of anthropomorphisation draws attention to the
fact that many people overestimate the capabilities of artificial intelligence
(Al). Among the reasons for this, considerable weight lies in the
insufficient awareness of the fact that Al has little or no access to several
types of knowledge. Therefore, in the second part, | present some key
concepts of Al’s knowledge management. I then provide a concise
summary of those types of knowledge — tacit knowledge and its subtypes,
as well as network knowledge — that Al either cannot access at all or only
to a very limited extent. In the fourth part, | examine the first knowledge
asymmetry of Al, whose primary source is that this new tool of humanity
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radically renews and extends the use of certain types of knowledge
available to it. Meanwhile, there is currently no prospect of exploiting to a
similar extent the other types of knowledge that are not, or barely,
accessible to Al. From this, new inequalities and problems arise in society,
the most significant of which appears to be that the resources of centres
with various functions, and their impact on society, may further intensify,
raising questions also in relation to democracy.
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Abstract

The appearance of artificial intelligence has given rise to
revolutionary changes in the world around us thereby boosting the
unpredictability of the ever-changing world. In this volatile
environment the capability enab-ling us to forecast expectable
changes and risk factors affecting operation is gaining increasing
significance. This issue is examined from the aspect of small and
medium-sized enterprises (SMEs). We intended to explore
whether the involvement of artificial intelligence provides SMEs
with a cheaply and simply available tool for predicting external
risk factors? How could artificial intelligence help in forecasting
future challenges and being prepared for them? Could the
development of strategic thinking of SMEs be helped by the
predictability of external risk factors? Would the involve-ment of
artificial intelligence be sufficient for that, or would a method-logy
be necessary for facilitating the conscious utilisation of this tool?
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Introduction

In the near future artificial intelligence and digitisation will exercise their
impact on all areas of consultancy. In fact, digitisation and artificial
intelligence will within the foreseeable future exercise such revolutionary
impacts on employees as well as on various economic actors and
organisations, which will compel changes in the professional consultancy
domain. This perception incited us to start researches in cooperation with
an artificial intelligence expert. Although it may be too early, we believe
that the results of our experiments might rise interest and involve further
considerations.

For a long time now, external risks form part of the corporate diagnosis
(Noszkay, 2009), but the COVID epidemic shocked the focus of diagnostic
thinking and warned about the appearance of increasingly dangerous
external factors. (Noszkay, 2021) We thought that we would focus on a
prominently actual problem for which the society is not sufficiently
prepared, namely on the possibility of preliminarily mapping phenomena
following each other overly quickly (changing climatic circumstances,
natural catastrophes, recurring financial crises, epidemics, wars, etc. able
to shake the global financial situation), which exercise increasingly serious
impact on humans, organisations, societies and economies. And we
approach this examination and the search for solution through the adequate
area of business administration and management consultancy, i.e. by using
the philosophy and problem solving set of means offered by the
Turnaround management consultancy. However, in view of the fact that
these phenomena appear not in a customary manner, we are not going to
follow the track of traditional thinking patterns, but will rather cooperate
with the most modern set of tools or our age, the artificial intelligence. Our
studies focus on that feature of large language models that they are able to
recognise patterns and early tokens that they were trained on. They are
able to discover interrelationships that were hidden previously. Artificial
intelligence enables the involvement of new aspects and the compilation
of objective analyses best fitting the given branch of industry.

In view of the fact that the revolutionary consequences of artificial
intelligence and digitisation furthermore the mechanisms of changes
entailed by them cannot be forecasted in full detail, there are lots of
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uncertainties, doubts and dilemmas. It is obvious, however, that we cannot
manage these changes with traditional solutions, because not only new
technologies are needed, but new jobs, new knowledge demands and
totally different organisational solutions and production organisation
methods are necessary. Our consultancy services must timely be prepared
for that. Thus our study describes how to involve artificial intelligence into
a promising new approach to and an experiment for mapping and
monitoring external risk factors that are of relevance for enterprises. Our
study intends to discover not only theoretic considerations but to present
the test case of our incipient experiment.

Inclusion of artificial intelligence into risk management, introduces a new
era of efficiency and effectiveness. (Yazdi et al. 2024.) Appearance of
large language models makes available a tool that analyses enormous
information bases and is thereby able to recognise early tokens that serve
as unique help in the preparations for future challenges.

In general it can be said that the new technology offers several solutions
for economic enterprises for forecasting external risk factors by way of
utilising dedicated artificial intelligence solutions adjusted to the specific
features of the given firm, of the given branch of industry. The bottleneck
in the project might be created by the expertise necessary for running
dedicated forecasting systems, furthermore the information and the costs
necessary for a feasible technology.

In the heart of our study we focus not only on the possibilities offered by
artificial intelligence but we are searching for a solution that ensures for
SMEs cost-efficiently and without specialised expertise a possibility for
forecasting external risk factors, with the involvement of artificial
intelligence. For some time now we deal with the strategic thinking
necessary for the efficient application of artificial intelligence, and with a
complex approach beyond simple prompts, as well as with the modelling
of the same. (Drobny-Burjan, 2025) We assess the ways how could the
simplest available artificial intelligence solution or any of the large
language models be involved in the mapping of challenges expected in the
future. What kind of thinking framework could we elaborate in order that
an easily applicable methodology would be available for SMEs for
forecasting risk factors?

Involvement of large language models enables us to map external risk
factors impacting a given SME, let them be political, economic, societal,

137



ERZSEBET NOSZKAY — ANDREA DROBNY-BURIAN

technological, environmental, legal etc. factors. However, in order that we
would arrive at a really firm-specific analysis, we should perform an
analysis goes beyond simple prompts, which takes into consideration the
individual features and branch-specific factors of an SME, and is able to
take several steps to summarize, weight and evaluate future challenges that
are of relevance. In order to forecast future risks factors, a dialogue is
needed with the large language model, in which a possibility is given for
tracking these specific features. In cooperation with the large language
model we build a risk forecasting information field that assists in
predicting future challenges, from several aspects.

0. Preparations

7. Decision supporting output - s 1. Identification of external
i 8 factors PESTELIG RMS+

6. Identification of precursors oo f ! 2. Firstscreening - tailoring

andtriggers & factorsto the firm

5. Risknetworkmodelli
i 3. Weighted evaluation

4. Timehorizon

Figure 1: Steps of the thinking framework that, in cooperation with large language
models, serves for forecasting external risk factors faced by SMEs,

In the following part of this study we are going to summarise the details
of the dedicated thinking framework and the experiences gained from the
process.

Our set target, i.e. the application of an artificial intelligence solution most
simply available for SMEs, unambiguously suggests that in order to
forecast external risk factors we should involve a large language model in
the process, which is accessible either for free or for monthly subscription
fee. In the course of our studies we used subscription ChatGPT Plus
(models 5 and 5.2).
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1. Main characteristics of a thinking framework serving for
forecasting external risk factors:

Man principles relating to a thinking framework elaborated with the
involvement of artificial intelligence, to be used by SMEs for forecasting
external risk factors, are the following:

e The target set for the thinking framework is not that in cooperation
with the artificial intelligence it would foretell what will happen, but
it should assist an SME in the timely recognition and understanding
of the relevant external risks and thus make them manageable. SMEs
are not able to prepare for every risk, but if in cooperation with
artificial intelligence they could timely recognise the signs of changes,
this gives them competitive advantage.

e The model concentrates exclusively on external factors (macro,
market, regulatory, technological, environments, societal), but it
always examines where and how would the same impact a given
enterprise and what solution possibilities are available.

o Key features of the thinking framework are the screening of the
external risk factors; identification of the many external factors and
the selection of those that from among them are relevant for the
enterprise; identification, weighting and mapping risk factors that on
the short run are most critical for the given SME.

¢ Within the model we examine interrelationships among external risk
factors, whether or not there are factors that intensify each other’s
impact and even could accelerate a specific process that is of
importance for the given SME, too.

o At the end of the process a summary analysis is elaborated about the
external risk factors, which assists decision makers in preparing for
future challenges.

o An important feature of the thinking framework is that it can be run
without any special expertise. Mapping of the external risk factors can
be repeated if necessary, which enables tracking of temporal changes
in external risk factors forecasted by artificial intelligence. Thus a new
tool is available for improving strategic thinking of SMEs. A seven-
step prompt chain (thinking framework) should importantly be
highlighted, which by way of exceeding a simple prompt, enables
SMEs to elaborate a complex map of future challenges that are of
relevance for them, and to manage the same.
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2. Steps of a thinking framework serving for forecasting external risk
factors:

The essence of a thinking framework is a preliminarily compiled prompt-
chain that identifies expected external risk factors on the basis of the
specific features of the SMEs. On the basis of the prompt-chain a weighted
list is prepared showing the relevant risk factors, which is an evaluation in
the form of a management summary, an analysis of the most important
external risk factors and triggers that are of relevance for the SME, as well
as a strategic proposal offering solution for the management of risk factors.
Let us have a look on the steps of the prompt-chain, as follows:

Step 0: Preparations:

The Preparation phase is made of two steps:

1)

2)

External risk factors can be retrieved in “agent mode”, because
“agent mode” of ChatGPT is able for the step-by-step execution of
a given prompt-chain. The first step should be the elaboration of
the Meta prompt that includes the most important aspects of the
query, the prompt-chain, in agent mode. Its aim is to provide the
large language model with the operative framework and the bans,
in order that the prompt-chain compiled for forecasting the external
risk factors could run appropriately.

Meta prompt is a guiding framework that defines the way how the
large language model should think and make decision before
responding to a test.

It does not define the content but rather the rules for thinking,
managing uncertainties and undertaking responsibility, thus
ensuring consistent and reliable operation.

Preparatory phase includes the completion of the EWS (Early
Warning System) Profile datasheet (Figure 2) serving for the iden-
tification of the SME. Its purpose is to give those most important
information that enable the large language model to identify the
relevant risk factors. The input must be a collection of the identi-
fiers of the firm, specific to its area of operation, the characteristics
of its activity and of its branch of industry, i.e. all information that
helps in understanding the operation of the firm, and in identifying
unigue features necessary for forecasting external risk factors.

When prompting ChatGPT, we must start forecasting external risk factors,
with the completion of the Meta prompt and the EWS Profile datasheet.
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EARLY WARNING SYSTEM (EWS) PROFILE DATASHEET

Firm and industrial branch identification

This datasheet serves for the quick identification of the environment of the enterprise and the
industrial branch. It 1s aimed at giving structured input for the Al-based Early Warning
System for mapping risk factors. This datasheet is not an analysis but rather a context and

profile defining tool.

1. Basic data for identifying the firm

(compulsory)

o Official name of the firm:

e Short name / Brand name:

o Official website:

o Official e-mail domains:

e Country of registration (ISO):

e Country of operation:
(ISO, multiple choice)

2. Branch of industry / regulatory

environment

e Primary branch code
(TEAOR/NACE/ NAICS):

* Secondary branch code(s) if relevant:

o Name of the branch (text):

* Main regulatory framework:
(e.g., GDPR, ISO, MDR, other)

* Regulatory exposure:
(Low/Medium/ High)

3. Business model

e Main products / groups of services:

® Role played in the supply chamn:
(Producer/Distributor/Service
provider/Mixed)

o Customer types: (B2B/B2C/Mixed)

e Main revenue resource(s):

e Combined proportion of 3 top customers
(% - if knowm):

4. Market and geographical exposure

o Main revenue producing markets
(country / region):

* Rate of export (if relevant):

o Currency exposure (main currencies,
estimated proportions):

» Macroeconomic exposure:
(e.g., energy, inflation, interest rate)

5. Supply and operational dependencies

o Main supply countries/regions:

o Critical base materials/inputs:

o Energy intensity: (Low/Medium/High)

o Technology exposure (critical
systems/technologies):

6. Branch dynamics and external trends

o Branch characteristics:
(Stable/Cyclical/Quickly changing)

o Growth rate of the branch:
(Decreasing/Stagnating/Increasing)

o Main competitive dimension:
(Price/ Quality/Innovation)

e 1to 3 determining branch or market
specific trend(s):

7. Presumpftions critical from EWS

aspect

o Stability of which extemal factors are of
vital importance for the operation?

e Which external changes might cause
quick business shock?

e What type of events would imply largest
external risk?

8. Other enterprise specific factors

(critical from EWS aspect)

e Is there any external or internal factor
that is not mentioned in the points above
but that is of critical importance from the
aspect of the firm's operation?

e Is there any exposure, sensibility or "tacit
assumption” whose deterioration would
entail serious business risk?

e Is there any factor which is expressly
monitored by the management but which
can hardly be measured or described
formally?

Figure 2: Thinking framework input datasheet serving for forecasting external risk
factors impacting SMEs
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Step 1: Identification of external factors with PESTELLIG RMS+
model:

On the basis of the datasheet completed in Step 0, with the involvement of
the large language model a relevant but not overly big risk universe is
defined, which contains those risk factors that could appear in the course
of the operation of the SMEs examined.

For the collection of the risk factors we have elaborated a new and
extended model named PESTELIG RMS+ that is based on the PESTEL
model (Yiksel, 2012) but widens the scope of the possible factors. In order
to model the challenges created by changing circumstances, the political,
economic, societal, technological, environmental and legal aspects are
supplemented with specific features of the branch of industry, system-level
shock effects, reputation risk, challenges stemming from the changes in
the market and in consumer demands, and uncertainty factors stemming
from the fragility of the supply chain. A model so extended ensures wider
horizon for large language models for evaluating risk factors. A possibility
is given for approaching the topic from more aspects and thus for the
elaboration of a better grounded forecast. In fact, today the challenges
originating from a quickly changing world cannot be evaluated
comprehensively if for instance industrial features, shock effects on the
system level, reputation risk influencing brand reputation would be
neglected. Risk in changes of customer demands and inherent in the
operation of the supply chain may not be neglected either. Challenges
arising in the contemporary world justify the supplementation of the
aspects in the PESTEL model with new criteria, as follows (see Figure 3).

Step 1, with the involvement of the PESTELIG RMS+ model, produces a
rough list that may include as much as 15 to 30 risk factors, which is overly
redundant from the aspect of further in merit processing. They include
rather general factors and more firm-specific aspects, thus further
processing is needed in order that these could form a basis for a material
supporting managerial decisions, which would be of assistance for SMEs.
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Step 2: Summarisation of risk factors of relevance for a given
SME:

Step 2 is aimed at the production of a manageable, transparent structure
out of the external risk factors already identified. This step decreases noise,
screens overlaps and organises risks of similar origin into logic clusters,
without performing any evaluation or ranking. Its importance is inherent
in the fact that it prevents overloading as well as any premature,
spontaneous decision making. Its unique feature is that instead of trimming
anything, it creates sensible patterns that ensure stabile ground for
evaluations later. At this step the quantitative listing is replaced by
qualitative evaluation. It is not aimed at reducing the number of risks, but
rather at clarifying which factors are various manifestations of one and the
same factor in the background. It helps to avoid that decision makers
would react to a single problem as to several and seemingly different risks.
Its uniqueness lies in the fact that already prior to the evaluation it is able
to “think systematically” instead of managing risks in insulation.

In Step 2 the large language model acts primarily as a cognitive assistant.
On the basis of meaning it recognises overlaps between differently
described risk factors, unifies their abstraction levels and organises them
into logic clusters alongside reasons in the background and effect-chains.
This structuring decreases redundancy and noise, and at the same time
saves information contents and helps in avoiding premature and
spontaneous prioritisation. Impartial operation of the model contributes to
the mitigation of cognitive distortions since it is not interested in
organisational concerns or in justifying decisions made in the past.
Meanwhile short and retraceable justifications are generated thus the risk
structure becomes not only transparent but also explainable which can be
defended on managerial level, too. The systematised risk-list generated as
a result of step two, will be the input to the next step.

Step 3: Weighted evaluation

In step 3 the structured risks become worthy of comparison with each other
with the help of a five-dimensional (Impact, Likelihood, Velocity,
Detectability, Exposure) evaluation framework. The weighted scores do
not conceive of a decision but rather create a ground for prioritisation and
meanwhile make uncertainties visible. This step is of critical importance
because it separates analyses from decisions and thereby reduces the
hazard of fake accuracy and posterior rationalisation. Its uniqueness lies in
the fact that weighting appears not as a static truth but rather as a conscious
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managerial focus that could be reviewed from time to time. Step three
clarifies the proportions represented by each risk, meanwhile consciously
avoids judgments with non-appealable effect. The five-dimensional
evaluation enables that the representation of a risk would illustrate not only
the size of the expectable effect but also its velocity, transparency and the
impact that the organisation is exposed to. This is of specific importance
in the early warning systems where not the largest but the fastest
developing risks deserve attention. The real value of this step lies in the
fact that it creates a common language for analyser’s logic and managerial
intuition. Aspects of weighted evaluation are on Figure 4.

Factor Proposed Explanation
weight
Impact 0,3 This is the most important factor since

one must by all means be prepared for
risks with large impact.

Likelihood 0,25 Classic dimension: if something could
occur frequently, it deserves
extraordinary attention.

Velocity 0,2 Risks emerging quickly (e.g. exchange
rate shock) might entail severer
consequences.

Detectability 0,15 A hardly detectable risk is more
dangerous, and scoring must reflect
this.

Exposure 0,10 A given risk could menace different
firms differently (e.g. currency
exposure, market exposure)

Figure 4: Weighted evaluation of external risk factors

Dimension Professional base
Impact 30% 1SO 31000, COSO
Likelihood 25% 1SO 31000, COSO
Velocity 20% HBR, Basel, crisis

management
Detectability 15% FMEA (IEC 60812)
Exposure 10% COSO ERM, OECD

Figure 5: Professional base for weighting external risk factors
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Weighted risk evaluation is based on the customary practice of multi-
criteria decision supporting and risk management, where the weights
express not objective measuring but rather the transparent and reviewable
managerial preferences. See the following table (Figure 5).

Calculation of weighted scores is a classic approach to decision supporting
where weights express preferences and not objective facts. Weighting is a
standard starting model based on the framework described in the literature,
which could be modified by the management on the basis of enterprise-
specific preferences. The greatest advantage offered by the possibility of
modifying weight scores by the management is that the risk evaluation
would in fact reflect the strategic reality of the enterprise and not a general
scheme. Therefore the model will remain structured and meanwhile firm-
specific, which improves managerial acknowledgment and the quality of
decisions. Dependently of the branch of industry, in due consideration of
its specific features, the weight scores might differ from each other. For
instance, within the finance sector a bank or an insurer assigns larger
weight to the Likelihood dimension than to Detectability, because frequent
and hardly detectable risks (e.g. liquidity tensions) could entail severe
consequences even in the case of slight differences. In contrast to that, an
export oriented enterprise may increase the weight of Exposure and
Velocity, because currency or supply chain shocks quickly and directly
impact profitability.

In summary, the possibility of fine tuning weights ensures that the risk
score will not be an abstract number but rather a decision supporting
strategic mean formed consciously by the management. Starting values
can be changed in the prompt to be fed to ChatGPT. It is suggested that in
the first step the starting data are evaluated on the basis of industrial
branch-specific features, and the weighting values are later annually
reviewed in due consideration of changes.

Step 4: Time horizon assigned to risk factors

Step four, the assignment of the time horizon, enable us to handle risks
already evaluated not as “timeless” menaces but rather to localise them
within the time dimension of expected occurrences. This step is an answer
to the managerial question concerning the time when a given risk deserves
in merit managing: it may represent immediate (O to 12 months), medium
(1 to 3 years or long term (3 to 5+ years) effect. Assignment of the time
horizon helps in separating risks demanding operative “wildfire fight”
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from those which demand rather strategic attention and continuous
monitoring, and thus reduces the risks inherent in overreaction and
understatement. The uniqueness of this step lies in the fact that it handles
time not as a static label but rather as a dynamic factor. Imputably to
external events, the probability and the impacts of risks may change as
time goes by, either acceleration or slowing down could be experienced.
Supplementation of the time horizon with a short narrative description —
which reveals the “life style” of the risks and the possible turning points —
constitutes direct transition towards the identification of trigger points and
the precursors. Thus this step is not an independent element but rather a
contact point of key importance between the evaluation and the active
early warning system (EWS), which supports managerial prioritisation and
timely decision making.

The primary roles played by the large language model within this step are
interpretation and pattern recognition. On the basis of risks identified and
scored earlier, it is able to come to a conclusion in a structured manner
concerning the time span within which a given risk could become relevant,
in due consideration of the interrelationships among Impact, Velocity and
external environmental context. The advantage ensured by the large
language model is its capability of simultaneously integrating several
sources, trends and narratives and thus it can not only assign a label to the
time horizon but gives a justified and coherent explanation concerning the
reason behind the time span of the risk, its short, medium or long term. In
addition, the large language model assists in making temporal dynamics
to be explicit. It assists in describing how would the probability of a risk
change as time goes by, what external events would accelerate or postpone
occurrences and where could the turning points be found. This is extremely
important from the aspect of supporting managerial decision making
because the large language model produces not the ultimate truth but rather
an adaptive time frame that, in consideration of new information,
precursors or trigger events, can be reviewed later. Thus the model does
not make decisions instead of a manager but enforces structured temporal
thinking exactly at the point where human intuition is often uncertain.

Step 5: Risk network modelling

In reality external risks rarely appear in isolation; they evolve alongside
effect-chains strengthening each other and are in casual relationship. This
is why step five, identification of risk networks and chains, is of extreme
importance. The essence of this step is that the risks identified and
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evaluated earlier would be examined not as independent points but within
a scheme of cause-and-effect relationships (e.g. A — B — C). This
approach helps in recognising domino effects, primer exciting factors and
those “nodal” risks whose management could exercise disproportionally
large impact to the entire system. From a managerial aspect this is the step
that creates ground for real strategic prioritisation. Not the noisiest gets the
most attention but the one that affects most of the risks.

In this step the large language model works as an analyser that supports
system level thinking. It is able to recognise patterns among various risk
factors and to suggest probable risk chains in structured form, meanwhile
gives justifications concerning the logic of each relationship. An
advantage of artificial intelligence is that it is able to simultaneously
consider economic, societal, technological and regulative narratives, thus
it is able to clarify interrelationships that in the course of human analyses
could easily remain hidden. Meanwhile it is an important fact that the
model does not “deliver the truth” but rather formulates hypotheses. It
sheds light on alternative chains, on weak and strong connections that after
a critical managerial review could ground decisions. Thus artificial
intelligence does not replace but rather structuralises and accelerates the
understanding of complex risk interrelationships.

Step 6: Identification of precursors and triggers

The aim of step 6 is the identification of precursors and trigger points,
which is one of the most critical elements of the risk analysing process.
This is the point where the analysis from passive evaluation turns into a
forecasting system. The essence of this step is that the revealed risks are
connected to measurable and continuously monitorable indicators that
prior to the factual occurrence signalise the strengthening of the risk.
Precursors (changes e.g. in economic indices, exchange rates, regulatory
measures, market anomalies, media contents) and the trigger thresholds
assigned to them enable the management to prepare for crises timely and
not to react subsequently. This step ensures possibility for early
intervention that often entails costs and risks that are significantly more
modest than those of a late reaction. Within this step the large language
model plays the role of a sensitive signal interpreter and a synthesiser. It
is able to interconnect data sources of different types (news, policy
announcements, market narratives, social media trends) and on that basis
suggest precursor indicators that are relevant and risk-specific. The
artificial intelligence assists not only in the identification of indicators but
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also in their interpretation. It explains why would a given change be
deemed to be a warning signal and what is the risk trend it signalised by
it. In addition, it supports logical identification and continuous review of
trigger points, since at the appearance of any new information it is able to
review former hypotheses. Thus the artificial intelligence works not as an
automated alarming system but rather as an adaptive, explainer and
forecasting partner that helps in figuring out when and why would it be
worthwhile to start managerial intervention.

Step 7. Managerial decision supporting summary:

Step seven of the process, summarisation to support managerial decision,
is a process closing and meanwhile the most value-adding element,
because this is the point where the complex risk analysis turns into factual,
action supporting managerial cognition. The essence of this step is the
organisation of risks, time horizons, networked interrelationships and
precursors discovered in the former points, into a transparent narrative. Its
aim is not the repetition of the analytic details but rather the support
managerial focus. What are critical risks, what patterns come to light, and
what strategic responses could be considered. This step ensures that the
analysis appears for the management as a real decision supporting tool. In
this phase the artificial intelligence plays synthesiser and narrative
decision supporting role. By way of utilising structured outputs of the
former steps, it is able to elaborate a short, easily understandable,
meanwhile  professionally  well-grounded managerial summary,
highlighting interrelationships and uncertainties that are really essential.
An advantage of the large language model is that it is able to draft
alternative strategic reactions, too, and not the only “right solution”, but
several possible directions together with their expectable consequences.
Thus it supports conscious decision making and the taking of managerial
responsibility, meanwhile grants possibility for critical reviews. Within
this step the model does not make any decision but rather encloses the
decision into an understandable framework, thereby helps to create a
bridge between analytic thinking and strategic managerial actions. Despite
the fact that a comprehensive analysis could be elaborated for forecasting
external risk factors, this step does not disregard the personal managerial
decision, elaboration and finalisation of strategic steps aimed at
preparations for managing risk factors.
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3. Operation of the thinking framework serving for forecasting
external risk factors:

Meta prompt N . Description of the Chat GPT5 -
q ] [ EWS Profile Datasheet PESTELIG RMS+ model Agent mode

Information summarisation

- Completed EWS Profile datasheet

- Description of the PESTELIG RMS+ model
- Specification of the prompt-chain

Weighting risk

List of risk

0, =0
@ D factors based Identification of factors
on the thetop 10to 15 Time dimension
g PESTELIG risk factors that are Precursors
— RMS+ model of relevance for the Triggers
SME Risk networks

0

o

AD
= Managerial summary
. ‘
e Evaluation of the managerial summary; action plan ]

Figure 6: Process of external risk factor forecasting with the help of artificial
intelligence

4, Summary:

Inclusion of artificial intelligence in the process of forecasting external risk
factors, enables SMEs to think in a more structured way than earlier. The
reason why large language models are extremely apt to support forecasting
of external risk factors is that by their very nature they consider patterns,
interrelationships and narratives and not isolated data. External risks, e.g.
geopolitical tensions, changes in regulations, market mood or technology
shifts, appear typically not in a single measure but rather in the form of
scattered information, weak signals and stories mutually strengthening
each other. From these fragmented information, the large language models
are able to create coherent interpretation frameworks, to recognise
rudimentary patterns even at points where there are no unambiguous
statistical evidences. In addition, the large language models enable
dynamic, adaptive thinking, which is of extraordinary importance in an
uncertain and quickly changing environment. They operate not in
accordance with predetermined rules, but in response to new information
they are able to review their former conclusions and to draft alternative
explanations and scenarios. This is extremely valuable in the cases of
external risks, where the question “What could happen?” is often more
important than the question “What will happen for sure?”. Thus the large
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language models operate not as oracles, but as structured and clever
forecasting partners. They assist in systematising uncertainties, visualising
possible shifts and support timely passed conscious managerial decisions.

On the basis of research experiences it can be stated that artificial
intelligence is an easily usable tool for SMEs when external risk factors
should be forecasted. The tool itself is not enough for a solution; an
elaborated thinking framework is necessary, which assists in the
summarisation of aspects and steps necessary for forecasting risk factors.
A thinking framework ensures possibility for running the process
coherently and for repeated queries, and thus an easily and low-cost
(monthly subscription) tool becomes available for SMEs, which enables
the development of strategic thinking. In addition to forecast external risk
factors, this tool assists in the elaboration of strategic suggestions leading
to solutions, therefore the heads of SMEs are not left alone to face
problems of challenges already forecasted.

Simultaneously with the elaboration of a thinking framework serving for
forecasting external risk factors, a logic methodology has been created
which can step by step be used in the agent mode of ChatGPT irrespective
of the branch of industry. Irrespective of changes in the models, the
thinking framework is time-resistant. Preliminary experiences are
promising, since through the involvement of artificial intelligence,
managerial level strategic decision preparatory materials can be compiled,
which for smaller enterprises ensures possibility of future minded,
conscious thinking, conscious preparations for future challenges. In
summary we can say that the experiences gained so far are promising and
grant secure starting basis for further refining this methodology.
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Absztrakt

A tanulmény célja annak feltarasa, hogy a dual/tripla és az Edge
mesterséges intelligencia, valamint az életszakaszokra igazitott 4.
generacios korai figyelmeztetd rendszerek miként tiamogathatjak a
vallalati vezet6i tudasmenedzsment folyamatokat. A vizsgalat
kiemelten kezeli az informaciogyijtés, tudasmegosztas ¢és
— megobrzés uj lehetdségeit, valamint azt, hogy ezek a technologiak
hogyan er0sitik a stratégiai és operativ dontéshozatalt. A kutatas
vegyes modszertant alkalmaz: kvalitativ eszkdzei kozott
szerepelnek szakért6i interjuk, esettanulmanyok és Delphi-panel,
mig kvantitativ oldalrol vallalati adatbazisok és idésorok,
statisztikai elemzések és kisérleti vizsgalatok tamogatjak a modell-
alkotast. Az elézetes varakozasok szerint a dual/tripla Al rend-
szerek a human és gépi intelligencia 6sszehangolasaval ndvelik a
tudas-felhasznalas hatékonyséagéat, mig az Edge AI valds ideji
feldolgozési képességei gyorsabb és pontosabb dontéstamogatast
tesznek lehetdvé. A korai figyelmeztetd rendszerek életciklus-
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alapu beépitése pedig fokozza a vallalati rezilienciat. A kutatas
eredményei hozzajarulhatnak egy Uj, elméletileg megalapozott és
empirikusan  tesztelt keretrendszer kialakitdsahoz, amely
tudomanyos szem-pontbdl gazdagitja a vezetéstudomanyt,
gyakorlati oldalrél pedig dtmutatast nydjt a vallalatok szdmara az
Al-technoldgiak bevezetéséhez és adaptalasahoz.

Kulcsszavak: életciklus, hibrid mesterséges intelligencia, korai
figyelemezteto rendszer, reziliencia,
tudasmenedzsment

Abstract

The study aims to explore how dual/triple and Edge Artificial
Intelligence (Al), as well as 4th generation early warning systems
(EWS) tailored to life stages, can support corporate leadership
knowledge management processes. The study focuses on new
opportunities for information collection, knowledge sharing and
preservation, and how these technologies strengthen strategic and
operational decision-making. The research uses a mixed
methodology: its qualitative tools include expert interviews and
case studies, while on the quantitative side, company databases
and time series, statistical analyses and experimental studies
support model creation. According to preliminary expectations,
dual/triple Al systems increase the efficiency of knowledge use by
coordinating human and machine intelligence, while the real-time
process-sing capabilities of Edge Al enable faster and more
accurate decision support. The lifecycle-based integration of EWS
enhances corporate resilience. The results of the research may
contribute to the development of a new, theoretically grounded and
empirically tested framework that enriches management science
from an academic perspective and provides practical guidance for
companies in the introduction and adaptation of Al technologies.

Keywords: early warning system, hybrid artificial
intelligence, knowledge management, life cycle,
resilience
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1. Bevezetés

A tudasmenedzsment a modern vallalatok versenyképességének egyik
meghatarozo alappillére, mivel a szervezeten beliil felhalmozott szakér-
telem, az informaciok hatékony integréacidja és hasznositasa kdzvetlen
hatast gyakorol az értékteremtésre és a hosszU tavl teljesitményre. A
tudasalapu vallalatelmélet klasszikus megfogalmazésa szerint maga a
vallalat olyan tudasintegrald intézmény, amelynek elsédleges funkcidja a
szervezeti tagok specidlis tudasanak koordinalasa és alkalmazasa az (izleti
folyamatokban (Grant, 1996).

A 21. szazad digitalis atalakulasa soran a korszeri technologiak —
kuldndsen az adattudomany és a mesterséges intelligencia (Al=Artificial
Intelligence) — jelentdsen kibdvitették a tudasmenedzsment eszkoztarat, Gj
lehetGségeket teremtve a tudas feltarasara, megosztasara és szervezeti
szintll hasznositasara. Rezaei (2025) is hangsulyozza azt, hogy a
tudasmenedzsment kritikus szerepet jatszik a szervezeti versenyképesség
fenn-tartasaban, mikozben az Al integracidja alapvetGen atalakitja a KM-
gyakorlatokat és a dontéstdmogatdsi mechanizmusokat. Ehhez a
technologiai fejlodéshez szorosan kapcsolodik az edge computing
paradigmaja, amely lehet6vé teszi az adatfeldolgozas decentralizalasét és
a halézat peremére helyezését. Shi et al. (2016) szerint ez a megkdzelités
jelentdsen csokkenti a késleltetést, javitja a valaszidét és noveli a
rendszerek robusztussagat, ezéltal hatékonyan tamogatja a valos ideji
dontés-tdmogatést és az adatintenziv (izleti alkalmazasokat.

Itt érdemes hangsulyozni azt, hogy az Al-technoloégiak dnmagukban
torténd bevezetése nem garantalja a kivant teljesitményjavulast. Egyet
értiink Olan et al. (2022) megallapitasaval, amely szerint az Al kizar6lagos
alkalmazasa nem elegendd a szervezeti teljesitmény tartdos noveléséhez;
fenntarthatd eredmények csak akkor érhet6k el, ha az Al szorosan
integralodik a tudasmegosztasi és tudasmenedzsment-folyamatokba.
Ezzel a fel-ismeréssel dsszhangban Lim & Hwang (2025) a hibrid
intelligenciat olyan kutatasi és alkalmazasi paradigmanak tekintik,
amelyben az emberi és az Al szinergikus egyiittmiikddése valik a
dontéshozatal és a tudasalkalmazas kozponti elemévé. A hibrid
intelligencia az ember+Al egyiittmiikddés 0(j tudomanyos kereteként
jelenik meg a jovoorientalt dontéstamogatasban, ahol a gépi elemzés
sebessége és az emberi itéléképesség, kontextus-érzékenység egymast
erdsitve jarul hozza a szervezeti teljesitményhez. Ennek megfeleléen a
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legljabb kutatdsok egyre nagyobb hangsulyt helyeznek az ember-
kdzpontd, hibrid megoldasokra, amelyekben az emberi szakértelem és a
gépi intelligencia kolcsdndsen tdmogatjdk egymast a komplex Uzleti
dontések soran (Ahdadou et al., 2025).

A pénziigyi kockéazatok és szervezeti sebezhet6ségek kezelése teriiletén
Tanaka et al. (2025) kimutattak azt, hogy a tobblépcsés, gépi tanulasra
éplld korai figyelmeztetd rendszerek (EWS=Early Warning Systems)
szignifikansan novelik a vallalati pénziigyi nehézségek eldrejelzésének
pontossagat, és lehet6vé teszik az idében torténd vezetdi beavatkozasokat.
A gépi tanuldsra épiils, tobbstadiumtt EWS-modellek igy hatékony
eszkozt kinalnak a pénzigyi instabilitas korai felismerésére, valamint a
szervezeti reziliencia megerdsitésére. Raadasul a vallalatok egyre
komplexebb és dinamikusabb miikodési kornyezetben kénytelenek
helytallni, ahol a gyorsan valtozé technolégiai feltételek — kilondsen az
Al térnyerése — alapvetéen uj lehetdségeket és egyben jelentds kihivasokat
teremtenek a vezetdi tudasmenedzsment szdméara. Mindezek alapjan a
alkalmazaséban rejlik (Grant, 1996). Napjainkban a hibrid intelligencia
gyorsan fejlédé kutatasi teriiletté valt, és egyre meghatarozobb szerepet
tolt be a dontéshozatal, az egyiittmiikodés és az intelligens automatizalas
teriiletén. Az emlitett folyamatokat tovabb erdsiti az adatkozeli
feldolgozasra épiilé edge computing paradigma, amely az adatfeldolgozas
decentralizaldsaval és a hdldzat peremére helyezésevel teremti meg a val6s
idejti, Al-alap dontéstdmogatés technoldgiai feltételeit (Shi et al., 2016).
A tudésalapu véllalatelmélet és az adatkozeli feldolgozas egydittesen igy
szilard szervezeti és technolOgiai alapot biztosit az Al-alapd dontés-
tdmogato rendszerek szamara (Grant, 1996; Shi et al., 2016).

A hagyomanyos tudasmenedzsment rendszerek altalaban tal statikusak és
nem tudnak 1épést tartani az Al gyors fejlodésével és a digitalizacioval. A
hagyomanyos EWS-modellek f6ként pénziigyi mutatokon alapulnak (pl.
Altman Z-score) és késleltetett figyelmeztetéseket adnak, igy kevesebb az
esély a proaktiv valsagkezelésre (Fejes & Katits, 2025b). A hibrid
intelligencia elméleti kerete és a gépi tanulasra épiilé korai figyelmeztetd
rendszerek egyuttesen 0j szintre emelik a vallalatvezet6i dontéstimogatast
(Lim & Hwang, 2025; Tanaka et al., 2025). Ugyanakkor a vallalati
életciklus is fontos keretet ad a valsagok eldrejelzéséhez, mivel minden
cég killonboz6 és ismétlodé életciklus-fazisokon megy keresztil (Adizes,
2023), s az életszakasz-valtasok fordulatokkal jarnak, amelyek menedzse-
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Iési megoldasokat igényelnek (Katits, 2024). A magyarazhaté Al
((XAl=eXplainable Al) és az ESG (Environmental, Social, Governance))-
orientalt Al-alkalmazasok egyiittesen jarulnak hozza a felelés és fenn-
tarthat6 vallalatvezet6i dontéshozatalhoz (Adadi & Berrada, 2018; Song
et al., 2025). Az atmeneteknél tipikusak a kockazatok (pl. piacvesztés,
finanszirozési gondok), de a hagyomanyos rendszerek nem integraljak ezt
a tudast. A dual/tripla Al rendszerek bevezetése Uj kérdéseket vet fel a
tudasfelhasznalasban: Hogyan egészitheti ki a gépi tanulas a vezetd
tapasztalatat, ¢s miként tudjak egyiitt felerdsiteni a tudas cseréjét,
rendszerezését és fenntartdsat? Emellett az Edge Al technoldgiak
robbanasszerli elterjedése lehetdséget ad a valos idejli dontéstamogatasra,
de kihivésokat jelent az infrastrukturdlis fejlesztések terén is. A szervezeti
életciklus-elméletek és a XAl egylittes alkalmazasa lehetdvé teszi az
életszakasz-specifikus, TAl-alapi dontéstamogatast (Quinn & Cameron,
1983; Lundberg et al., 2020). Tehat dsszességében hianyzik egy olyan
atfogo keretrendszer, amely a hibrid intelligencia kiilonb6z6 formait és az
életciklus-alapit EWS rendszereket Otvozve erdsiti a vallalati tudas-
menedzsmentet és a szervezeti rezilienciat.

A kutatas elsédleges célja annak feltarasa, hogy a dual/tripla Al és Edge
Al rendszerek, valamint az Adizes-modellre épiild, életciklus-alapi EWS
miként jarulhatnak hozza a vallalatok vezetdi tudasmenedzsment-
folyamatainak fejlesztéséhez. A vizsgalat kézéppontjaban annak elemzése
all, hogy ezek a technoldgiai és elméleti megkdzelitések hogyan
tamogatjak az informaciogyljtést, a szervezeti tudas megosztasat és
megorzését, valamint miként novelik a stratégiai és operativ dontéshozatal
hatékony-sagét, atlathatdsagat és megalapozottsagat.

A prediktiv dontéstamogatas mddszertani megalapozasahoz a kutatas ta-
maszkodik a fejlett idésorelemzési technikakra is. Az LSTM (Long Short-
Term Memory)-alapu neuralis hal6zatok kiilondsen alkalmasak komplex,
nemlinearis gazdasagi és lizleti folyamatok elGrejelzésére, mivel
hatékonyan kezelik a hossza tavu fiiggéségeket az iddsoros adatokban.
Ennek megfeleléen az LSTM-modellek kiemelt szerepet toltenek be a
vallalati teljesitmény és kockazatok elérejelzésében (Hewamalage et al.,
2021).

A kutatas interdiszciplinaris szemléletet kdvet: elméleti szinten hozzéjarul
a hibrid intelligencia és a tuddsmenedzsment kapcsolatdnak mélyebb
megértéséhez, mig gyakorlati oldalr6l iranymutatast nyujt arra vonat-
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kozoan, miként vezethet6k be és adaptalhaték az Al-alapi megoldasok a
vallalatok miikddésébe. Ezt a gyakorlati relevanciat erdsitik a turizmus és
a regiondlis foglalkoztatas terliletén megval6sitott pilot projektek
tapasztalatai (Fejes & Katits, 2025a; 2025b; 2025c), amelyek konkrét
példakon keresztll szemléltetik az Al-technol6gidk szervezeti hasznosit-
hatosagat.

A hibrid  Al-rendszerek  alkalmazasa lchetéséget teremt a
tudadsmenedzsment Uj architektdrdjanak kialakitasara, amelyben a gépi
intelligencia felgyorsitja az adatfeldolgozast és az elérejelzést, mig az
emberi szereplok biztositjak az értelmezést, az iranyitast €s az etikai
kontrollt. A prediktiv modellezés technikai megalapozisadban Chen &
Guestrin (2016) munkéja kiemelkedd jelent6ségli, mivel az altaluk
bemutatott XGBoost (eXtreme Gradient Boosting) algoritmus hatékony és
skaldzhaté megoldast kindl nagy dimenzi6ju, strukturalt adatok
elemzésére, és mara az egyik legszéle-sebb kdrben alkalmazott ensemble
tanulasi modszerré valt a vallalati prediktiv analitikdban.

Tehat a cél egy olyan Al-alapt vezet6i tudasmenedzsment- és dontés-
tdmogatasi keretrendszer kidolgozasa (1. dbra), amely egyrészt gazdagitja
a vezetéstudomany és a tuddsmenedzsment elméleti diskurzusat, masrészt
konkrét, alkalmazhaté irdnymutatast nydjt a vallalatok szdmara az Al-
EWS rendszerek egyiittes alkalmazasara épiil. Ez a célkitlizés szorosan
illeszkedik azokhoz az empirikus eredményekhez, amelyek szerint az Al
O6nmagaban nem elegendd a szervezeti teljesitmény javitasdhoz; az Al
valddi értéke akkor realizalodik, ha integralodik a tuddsmegosztasi és
tudasmenedzsment-folyamatokba, ami szignifikansan javitja a szervezeti
teljesitményt (Olan et al., 2022).

2. A KMDS keretrendszer szakirodalmi hattere

A vallalatvezetéi tudasmenedzsment és dontéstamogatdé (KMDS=
Knowledge Management and Decision Support for corporate executives)
keretrendszer hét, egymassal 6sszefliggd tudomanyos-szakmai teriilet (T1-
T7) 6sszehangolt integrécidjan alapul. Itt azt vizsgéaljuk meg, hogy ez a hét
0sszetevoje hogyan tiikrozodik a tudomanyos szakirodalomban (1. abra).
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3
) 2 Villalati ALEWS
Villalati életciklus modell (Bgyelmeztet, felismer, felderit,
(sAdizes, 1992; 2023 )

Al+Edge Al
(tvdominyos tartalom és modcll

struktiira) jelez, onszal moédon

dolgoz ki intézkedési lépéseket)

4. 5. 6.
Prediktiv dontéstamogato Al- Al villalati pénziigyi prediktiv Villalati stratégia és

médszerck analitika reziliencia
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Etikai szempontok
(GDPR, anonimizlas,
térsadalmi
érzékenység, meglelelobég)

1. abra: A vallalatvezet6i tudasmenedzsment és dontéstamogato (KMDS=Knowledge

Management and Decision Support for corporate executives) keretrendszer
Forras: Szerzéi szerkesztés, 2026.

T1. Dual/tripla Al+Edge Al

Az Al fejlédése a wvallalati dontéstamogatd rendszerekben harom
szakaszra bonthato:

i. Az automatizalasi célt alkalmazasok idGszaka, pl. adminisztracios
vagy logisztikai feladatok optimalizalaséara;

ii. A prediktiv rendszerek, a gépi tanulas és a mélytanulas eszkdzeinek
elterjedése, pl. turisztikai kereslet el6rejelzésre szezondlis adatok
alapjéan;

iii. A XAl és transzparens Al (TAl=Transparent Al), mint a

dontéstamogatas atlathatdsaga kilondsen fontossa valt a pénzigyi és

turisztikai ~ szektorokban, ahol a felhasznal6i  bizalom
kulcsfontossagu.

Napjainkban pedig a dual/tripla Al architektirdk a predikcio, a
magyarazhatosag és adaptivitas szinergiajat valositjak meg, lehetové téve
a regionalis sajatossagok figyelembevételét is. Ezeknek a rendszereknek a
bevezetése (] kérdéseket vet fel a tudasfelhasznalasban: Hogyan
egészitheti ki a gépi tanulas a vezeto tapasztalatat, és miként tudjak egytitt
felerdsiteni a tudas cseréjét, rendszerezését és fenntartasat? Emellett az
Edge Al technologidk (az adatfeldolgozas haldzati peremre helyezés)
robbanasszerl elterjedése lehetdséget ad a valos idejii dontéstamogatasra,
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ami lehetové teszi a vezetdék szamara, hogy naprakész tudasra alapozott
dontéseket hozzanak, de kihivasokat jelent az infrastrukturalis fejlesztések
terén is.

A dual Al olyan rendszereket jelent, ahol az automatizalt tudasfeldolgozas
és a human-vezérelt elemzés egyensulyban miikodik. Alkalmazasanak az
a célja, hogy az Al gyors feldolgozasi kapacitasat kombinalja az emberi
dontéshozatal értelmez6 és kritikai képességeivel. Varhato hatasa a
hatékonysag novekedése, mivel az ember-gép egyiittmiikodés révén
pontosabb és gyorsabb déntések szllethetnek. Ehhez képest a tripla Al egy
Iépéssel tovabb megy: nemcsak a gépi és emberi intelligencia hangolasat
jelenti, hanem a vezet6k céltudatos tréningjeit és soft skill-ek (pl. empétia,
kritikus gondolkodas, etikai érzékenység) bevonasat is. igy a technoldgia
mellett az emberi tényezOk is hangsulyosabbak, kiilonosen a felels-
ségteljes vezetésben. Vérhatd hatasa a fenntarthatobb tudasgazdalkodas,
hiszen nemcsak rovid tava hatékonysagndvekedest, hanem hosszu tavd
szervezeti tanulast és rezilienciat timogat (2. abra).

N\

Generativ Al Eredmények Prediktiv Al
(Forgatokonyv _ (Stratégia-
szimulator) optimalizalo)
0j stratégidkat, otleteket > s eldrejelzi a varhato
vagy Optimalizalt eredményeket,
forgatokonyveket stratégiai visszajelzést ad

javasol javaslat

U/

Visszacsatolas a stratégia teljesitményre
| & =B

AAAAI architektira
a ket Al-réteg kimeneteit egyesiti és folyamatosan frissiti a dontési ajanlasokat
a pii.-szamviteli és hitelkockazati adatok alapjan

2. abra: A dual/tripla Al tartalma és miikodési logikaja
Forras: Szerzoi szerkesztés, 2026.

Az Edge Al alkalmazésaval az adatkozeli feldolgozéas uj mindséget ad a
tuddsmenedzsmentnek. Gyorsabb, valos idejii adatelemzés révén csokken
az informacios késleltetés, ami lehetévé teszi a vezet6k szamara, hogy
naprakész tudasra alapozott dontéseket hozzanak (pl. a z6ld ellatési lanc-
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ban és az ipari automatizalasban). VVarhatéan a magyar kkv-k szamara az
Edge Al bevezetése infrastrukturalis kihivasokat jelent (pl. loT=Internet
of Things eszkdzok hidnya), de stratégiai javaslatként megfogalmazhat6
az ipari loT és 5G rendszerek fejlesztése. Az Edge Al-hoz kapcsol6do
magyardzhatdsagi és transzparencia-kérdések értelmezésében a XAl és
SHAP (SHapley Additive exPlanations)-alapli megkozelitések is
iranyadok (Lundberg et al., 2020).

T2. Véllalati életciklus modell

A vallalati miikodés vizsgéalata az adizesi életciklus modell szerinti
felfogasban térténik, illetve az adizesi életpalyardl valasztunk céget vagy
vallalati mintat. Mivel a gyakorlat nem vagy alig ismeri az adizesi
megnevezéseket, ezért atirtuk egyszeri, konnyen értheté megnevezé-
sekkeé. Jeloltik sziirke hattérrel, ahol valtozott a megnevezés: Ami érdekes
a stabilitds/megallapodottsag szakasza kikeriilt a modellbdl (3. abra).

Megillapodottsag fsé
Keésai ferfikor = ‘ :
Férfkor & N
Arisokricia kmiférﬁw/’-«’ @ Vichiica
\x
Serdiilokor Serdililor @ ( Salemviros
1do elotfi Gregedes D i
LIS Korai biirokricia N N
S “ v b ™~ \ :
Gyeriink-gyerink v J \
Alaptii csapda Gyekerink )/ \/ Birlrica
Biirokricia \ \
(Csecsemakor Ceesemikor @/ \ \
(Csecsemohalil fenyegetettség ) \
Ulvarlis il Udvarlds /\ \} ‘i’f; \. Haldl
: I
Nivekedés Eliregedés Nivekedis ' Eliregedés
Csecsemdkor (CS) Megallapodottsag (M) Csecsemdkor (CS) Késoi férfikor (KEF)
Kezddé, indulo Stabil Kezdé, indulo Tartds, de mérsékelten
novekvo
Gyerlink-gyeriink (GO) Avrisztokrécia (A) Gyertink-gyertink (GO) Arisztokracia (A)
Terjeszkedd Stagnald Terjeszkedd Stagnalo
_ Serdiildkor (S) Korai biirokracia (KB) _ Serdiilékor (S) Salemvaros (SV)
Evrdl-évre novekedd Hanyatl6 Evrdl-évre ndvekedd Hanyatlé
Férfikor (F) Biirokracia (B) Korai férfikor (KoF) Biirokracia (B)
Tartésan novekvo Valsag, cséd Tartdsan, ,,mindig” Valsag, cséd
novekvo

3. abra: Az Adizes életciklus modell eredeti (1992) és aktudlis (2023) valtozata
Forras: Katits, 2024, 4. fejezet
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T3. Véllalati Al EWS

A pénziigyi EWS rendszerek els6 generacidi az 1960-as években kezdtek
elterjedni, amikor a vallalatok felismertek a pénzigyi stabilitas
fenntartasanak fontossagat. Ezek a rendszerek jelentds -elérelépést
jelentettek a vallalati csddok eldrejelzésében, de még nagyon korlatozottak
voltak a komplex pénziigyi helyzetek elorejelzésében. Tehat az EWS
rendszerek a csddeldrejelz6 modellekbdl indultak, alakultak ki. Az 1980-
as években a szamitogépes technologiak fejlédése lehetévé tette a
véllalatok szdmara, hogy nagyobb adatbdzisokat és Osszetettebb
statisztikai modelleket alkalmazzanak. Ezzel egyiitt megjelentek az elsé
szoftveralapl EWS-ek, amelyek gyorsabb és pontosabb elemzést tettek
lehet6vé. Ezek a rendszerek azonban még mindig korlatozottak voltak a
prediktiv pontossag és a megbizhatosag tekintetében, mivel elsdsorban a
multbeli adatokra és a linearis elérejelzési modszerekre timaszkodtak. A
2000-es évektol kezdve, az Al alkalmazasa lehetové tette a valos idejii
adatok elemzését is, ami kuloéngsen fontos volt a gyorsan valtozd
gazdasagi kornyezetben. Napjainkban 0n. hibrid EWS rendszerek
Iéteznek, vagyis az Al, a big data, a tobbvaltozds statisztikai eljarasok
integracidja. A COVID-19 vilagjarvany altal kivaltott gazdasagi zavarok
ravilagitottak a hatékony EWS-ek szlikségessegére, amelyek képesek
elére jelezni a latens és kifejlett valsagokat, valamint segiteni a vezetoket
a preventiv és proaktiv menedzsmentben. négy generécid szerinti
megallapitasokat emeljiik ki.

A vallalati EWS 1. generacidja ,,hli a nevéhez”, mivel ellatja a korai
FIGYELMEZTETO funkciot (pl. jelzi a mikkodési veszteséget, az iizleti
és a likviditasi kockazatot). A 2. generaci6 mar korai FELISMERES
funkciodt (pl. lehet6ség a novekedésre, de ennek érdekében a vezetségnek
lépéseket kell tenni a koltségek optimalizalasa és a jovedelmezdség
helyreallitasa érdekében) teljesit. A 3-4. generacid elvégzi a korai
FELDERITES ES ELOREJELZES feladatat, amelynek keretében pl.
harom intézkedési programot ad, amit még tovabb részletez intézkedési
Iépésekben a realizalas érdekében. Tehat EWS-megoldasok kialakitasara
van igény, amelyek képesek a vallalatok fejlédési szakaszaihoz kot6do
pénziigyi és milkodési kockazatok, és lehet6ségek (valaszlépések korai
azonositasara, ezaltal ndvelve a szervezeti rezilienciat és elésegitve a
valsagok megeldzését (Tanaka et al., 2025).
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T4. Prediktiv dontéstamogaté Al-rendszerek

Az adat- és elemzésalapu prediktiv modellek id6sorelemzési és regresz-
szi6s eljarasok alkalmazasaval, beleértve az olyan korszerii algorit-
musokat, mint az XGBoost és az LSTM. Ezeket a modelleket magyarazo
modulokkal (Bayes-halozatok, XAl- és SHAP-megoldasok) egésziti ki
annak érdekében, hogy azonosithatok legyenek a legfontosabb elérejelzd
tényez6k — killondsen a pénziigyi, foglalkoztatasi, ESG-indikatorok — akar
a régiok, akar az adott véllalat gazdasagi és foglalkoztatasi életciklusainak
elérejelzésében (Fejes & Katits, 2025a; 202b; 2025c¢).

A kvantitativ prediktiv modellek nagyrészt szamszer(i adatokon és
algoritmusokon alapulnak, és szamszerli eldrejelzéseket adnak. A
kvantitativ modellek kdzos jellemzdje az, hogy adatvezéreltek és objektiv
elérejelzést adnak. Ugyanakkor az eredmények validdlasaban mindig
fontos az emberi tapasztalat és kreativitas bevonasa is, mivel a modellek a
mult vagy a jelen struktiraibol indulnak ki. A kvalitativ jellegli modellek
inkabb esettanulmanyokra, szakértdi tuddsra, narrativakra és szimula-
cidkra épitenek, a stratégiai dontéshozok szamara inkabb keretrendszert
vagy lehetséges forgatdkonyveket vazolnak fel, semmint konkrét
szamokat. A prediktiv modellezés eszkdztara rendkivil széles: a kemény
szamoktol és algoritmusoktol kezdve a puhabb, emberi kreativitast igényld
maédszerekig sok minden ide tartozik. Gyakran a leghatékonyabb
megoldas ezek kombinalasa (pl. egy stratégiai szcenariotervezés, amihez
kvantitativ elérejelzéseket is mellékelnek).

A Kkutatadsi eredmények triangulaciojat és validitasat szolgalja a
modszertan kulcsa, vagyis az el6zetes feltételezés szerint a modszerek
kombinaldsa erGsebb bizonyitékokat ad, mint barmelyik kiilonallo

Kvantitativ prediktiv modszerek
regresszids elérejelzés
idésoros elérgjelzés
dontési ik és random forest
neurilis halézat és mély tanulas Rendszerdinamikar modellezés

Megerdsitd tanulas Ugynok-alapi modell (ABM)
Monte Carlo samulacio

Kvalitativ prediktiv modszerek
szcendriotervezés
Delphi-médszer és szakénsi elorejelzés
Esettanulmany alapi modellek

Visszacsatolas a villalat(vezeto)i teljesitményre

4. dbra: Prediktiv dontéstdmogaté Al-moédszerek
Forras: Szerzoi szerkesztés, 2026.
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maddszer 6nmagaban. A statisztikai elemzések altal felfedett trendeket az
interjuk és esettanulmanyok lehetdség szerint megerdsitették vagy
arnyaltak. Példaul, ha a felmérés szerint egy adott Al-funkciot a vezeték
elonydsnek itélnek, az interjukbol kideriilt, hogy konkrét példak is
alatdmasztjak ezt (pl. Al alapl kockazatfigyelés bevezetése). A kiilonbdz6
adatforrasok Gsszevetése javitja a kutatas belsé konzisztenciajat és kiilsé
validitasat. A kvantitativ és kvalitativ eredmények triangulécidja
megerdsiti a kovetkeztetéseink megbizhatosagat: a két modszerbdl nyert
adatok, ha j6 egyezést mutatnak, akkor egyittesen arnyalt, konzisztens
képet ny(jtanak a vezetd altal vizsgalt témarol (4. abra).

T5. Al véllalati pénziigyi prediktiv analitika

Ez a modul lesziikiil a vallalati pénziigyek vezetdi tudasanyagara.

A gépi tanulés, a természetes nyelvi feldolgozés és a prediktiv elemzés
révén a vallalatok hatalmas mennyiségii pénziigyi (és nem pénziigyi)
adatot elemezhetnek, rejtett mintdkat azonosithatnak, és valos idejii
betekintést generalhatnak a befektetési dontések iranyitasdhoz. A
vallalatok optimalizalhatjak a tékeallokaciot, csokkenthetik a befektetési
tervezés bizonytalansagat és maximaliz&lhatjak a hosszu tavua részvényesi
értéket. Az Al nem csupan egy timogato eszkoz, hanem egy atalakito erd,
amely képes Ujra definialni a vallalati pénzlgyi stratégiat.

Az 5. abra az 6tlépcsOs Al vallalati pénziigyi prediktiv analitika menete ,,a
vezeté dontéshozo hurokban van”-helyzetre készilt, s ez a helyzet nem
ritka valtozd vildgunkban. Ezeket a lépéseket és tartalmakat testre
szabottan, komplex feltételrendszerben kell elvégezni. A tartalmat itt most
nem részletezziik (a hattéranyag Katits, 2024). Egyet kiemelink: A 4.
Iépcs6, amely a ,Specidlis elemzés és -betekintés”, avagy a
Htestreszabott”, életszakaszra és miikodési profilra igazitott pénzlgyi
szamitasok megnevezést kapta.
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I'orténelmi és valos ideji adatok
integracioja, tisztitas  és
atalakitas

Adatgyijtés és -
bevitel

Elérejelzési Szezonalitias, trendészlelées, ML
modellezés modellek, szcenirié elemzés

Anomalia
detektalas és Cég-és
P CLTAC O hitelkockizati jelek
jelek

DRIl Miikodési és pii. kg, trend-,
€s forgotoke elemzés, fizetési

-betekintés viselkedés

Folyamatos KPI- és telj. kovetés,
e modell atképzés és

e - dapticio

5. abra: Az 6tlépéses vallalati pénzugyi prediktiv analitika készitése
Forras: Szerzoi szerkesztés, 2026.

T6. Vallalati stratégia és reziliencia

A reziliencia kiilonb6zé tudomanyteriileteken beliili definicidinak
tartalomelemzése alapjan a reziliencia a rendszerek viselkedésének egy
kdzos értelmezése, amely olyan kifejezésekkel irhaté le, mint az
alkalmazkodas, visszakeresés, teljesitmény, megtartds, konfrontacid,
visszatérés, valasz és ellenéllds (Zahedi et al., 2023). Az Altalanos
rendszerelméletre épitve a véllalati reziliencia elmélete az emberi
er6forrasok, a tarsadalmi-kulturdlis értékek, az intézményi kornyezet,
valamint a tarsadalmi és kornyezeti kérdések inputjait tartalmazza,
lehet6vé téve a szervezeti strukturat, az érték- és hiedelem alrendszert, a
kimenet a fenntarthat6sagi gyakorlatok és teljesitmény, az alkalmazkodd
és puffereld kapacitasok (Kantabutra & Ketprapakorn, 2021). A vallalati
stratégia arra iranyitja a figyelmet, hogy a cégek milyen kérnyezetben
milkddjenek. A vallalati stratégiai menedzsment folyamat része annak
biztositasa, hogy a vallalatok megfeleld reziliencidval rendelkezzenek.
Zahedi et al. (2023) szerint harom tényezé jarul hozzd a szervezeti
reziliencidhoz: 1. Az ellenall6 képesség a szervezet funkcidja. 2. A
szervezeti mikodésbol (nevezetesen a szervezet altal végrehajtott
cselekvésbol) eredo ellenalld képesség. 3. A rugalmassag a szervezet altal
toleralhatd anomalidk mérészama.
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Ruiz-Martin (2018) Ggy véli, hogy mindezek a definiciok ugyanazt
jelentik, és a szervezet tllélésére utalnak a sokkhatasokkal és
kockazatokkal szemben. A kockazat a fenyegetés, a rugalmassag pedig a
valasz erre a fenyegetésre.

A kockazati rugalmassag nemzetkdzi szabvanya az 1SO 31000, amely egy
olyan Kkeretrendszert biztosit a kockazatkezeléshez (pénziigyi, mitkodési,
stratégiai, informatikai kockazatok, kiberbiztonsag és megfelelés),
amelyhez minden szervezet alkalmazkodni tud. Az 1SO 31000 alapelvei
kdzé tartozik a kockazatok azonositasa, értékelése és folyamatos kezelése,
valamint a kockazatkezelés integrlasa a szervezet minden szintjén. Az
ISO 31000 megkozelités szerint az Al technolégidi (pl. dual Al-alapu
prediktiv. modellek) kulcsszerepet jatszhatnak a kockazatkezelés
folyamatos ciklusaban (tervezés, végrehajtas, monitorozas, fejlesztés) a
fenyegetések clorejelzésében és a kockazatkezelés automatizalasaban
(TechTarget, 2025). A RISKRES (RISK-RESilience) modell egyiittesen
kezeli a kockéazatelemzést és a rugalmas stratégiak kidolgozasat (Singh,
2022).

T7. Etikai szempontok

Az adatgy(jtést a GDPR-nak megfeleld eljarasok alkalmazasaval torténik,
beleértve a személyes adatok anonimizalasat, a hozzajarulo nyilatkozatok
dokumentélasat és a tarsadalmi érzékenységi szempontok figyelembe-
vételét a kisérleti régiéban. Az Al modellekhez kulén XAl és etikai
megfeleldségi protokollt is be kell vezetni.

Tehat KMDS keretben végzett kutatasunk a dual/tripla Al-rendszerek és
az Edge Al alkalmazasat vizsglja, 6sszekapcsolva az Adizes-féle vallalati
gletciklus-modellt az  AI-EWS  rendszerekkel és a  vezet6i
tudadsmenedzsment folyamataival. Ez egy olyan integrélt elméleti és
gyakorlati keretrendszer, amely egyrészt hozzajarul a vezetéstudomany és
a tudasmenedzsment elméleti fejlddéséhez, masrészt gyakorlati
irdnymutatast nyujt a véllalatok szdmara az Al-alapd, reziliens és
életszakasz-érzékeny dontéstdmogatasi megoldasok bevezetésehez.

3. Anyag és modszer
A Kkutatés vegyes mabdszerre épll, amely 6tvdzi a kvantitativ felmérést és
a kvalitativ elemzést, igy a vizsgélat eredményei mindkét megkdzelités

elényeit kamatoztatva komplex, megbizhaté eredményt hoznak. A
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mintavétel soran a hazai kontextusok széles spektrumat képviseli. Az 1.
tablazatban k6zolt vallalati adatbazisokbdl valasztottunk.

A kvantitativ felmérésben magyarorszagi turisztikai vallalatok vezet6i
vettek részt, mig a kvalitativ esettanulmanyok az ésszehasonlithatosagot
és az vegyes modszerrel kapott eredmények lefedettségét segitik. A
mintaszerkezet Osszeallitasat a 2024. év végi kérddives felmérés szolgalja.
A mintavételi eljaras torekedett a turisztikai cégek méret és tevékenységek
(szolgaltatasok) szerinti eloszlasanak megfeleld kivalasztasara és a
reprezentativitasra A mintavétel tudatosan rétegzett és célzott, amely
lehetévé teszi a kutatisba bevont vezeték és szakértdk korének kivalasz-
tasat elore meghatarozott kritériumok (cégméret, pozicio, szektor) alapjan.
fgy biztositott a relevans tapasztalattal bird szereplék kutatisba torténd
bevonasa: A célpopulaciok eltéré méretii (kis-kOzep- és nagyvallalat),
szektoralis besorolasi és vezet6i poziciot betdlté résztvevok, akik
biztositjak a széleskorii tapasztalati hatteret.

1. tablazat: lgazolas és tesztterepek — Szekunder és primer véllalati adatbazis

Cs6d- és felszamolasi eljaras alatt 4116, 120 magyar tarsasag 1998-t6l

A magyar TOP 5000 vallalkozas mérleg és eredménykimutatéasai

TEAOR kaddszamok alapjan, hazai és kiilfoldi tulajdon szerint 1992-t51

A magyar KKV-szektorba tartoz6 TOP 4 000 véllalkozas mérleg és

eredménykimutatasai

TEAOR kddszamok alapjan, hazai és kiilféldi tulajdon szerint 1992-t51

6. A magyar TOP 100 mérlegei és eredménykimutatésai, valamint szervezeti
atalakulésai
és formavaltasai 2007-t61

7. A magyar TOP 500 mérlegei és eredménykimutatésai, valamint szervezeti
atalakulasai
és formavaltasai 2007-t61

8. A magyar TOP 1000 mérleg és eredménykimutatas Osszesitett adatai
TEAOR 08
dgazatok szerint megyei bontasban 2007-t61

9. 100 magyar csaladi vallalkozas mérlegei és eredménykimutatasai 2000-t51

10. 90 konkrét nagyvallalati és kkv-esetanalizis 2007-t61, pilot

11. AKI adatbazis

12. Magyar top 1000 kérdéiv

13. Kaét reprezentativ véllalati minta a turizmus szektorba

14. 10 nemzetkozi és 5 magyar EWS alkalmazas turizmus, pénziigy-szamvitel,

gépjarmil.

PoOpPE

o

Forras: Szerzoi szerkesztés, 2026.
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A kvantitativ felmérésben magyarorszagi turisztikai vallalatok vezeti
vettek részt, mig a kvalitativ esettanulméanyok az dsszehasonlithat6sagot
és az vegyes modszerrel kapott eredmények lefedettségét segitik. A
mintaszerkezet Osszeallitasat a 2024. év végi kérddives felmérés szolgalja.
A mintavételi eljaras torekedett a turisztikai cégek méret és tevékenységek
(szolgaltatasok) szerinti eloszlasanak megfeleld kivalasztasara és a
reprezentativitasra A mintavétel tudatosan rétegzett és célzott, amely lehe-
tové teszi a kutatasba bevont vezetdk és szakértdk korének kivalasztasat
elére meghatarozott kritériumok (cégméret, pozicid, szektor) alapjan. igy
biztositott a relevans tapasztalattal bird szereplok kutatdsba torténd
bevonasa: A célpopulaciok eltéré méretii (kis-kOzep- és nagyvallalat),
szektoralis besorolasti és vezetdi pozicidt betdltd résztvevok, akik
biztositjak a széleskorii tapasztalati hatteret.

A kvalitativ kutatasi design masik része a félig strukturalt, szakért6i
mélyinterjuk (N=12), amelyek értelmezése reflexiv tematikus elemzés
keretében tortént. A mélyinterjut szakértokkel (szallodai vezetok,
desztinici6-menedzsment szakemberek, turisztikai startupok képvisel6i)
késziilt. Az interjuk kérdései az Al gyakorlati alkalmazasara, elonyeire,
korlatjaira, valamint a valsag megel6zés érdekében vald hozzajarulasara
fokuszaltak. A szovegek tematikus elemzése azt jelenti, hogy induktiv
modon torténd kodolassal, majd ismételt iteraciokkal fo kategoridk
kerlltek azonositasra az adatokban. Célzott/kritérium alapd mintavétel
keretében olyan szallodai vezet6k, desztinacio-menedzsment szakembe-
rek és turizmus-analitikai startupok képvisel6ivel késziiltek az interjik,
akik bizonyithatéan dontési feleldsséggel és Al-expozicidval birnak. A 12
interju a hazai Okoszisztéma kiilonbozé szervezeti érettségi fokait és
technolégiai Kitettségét fedi le. Minden interja rogzitése beleegyezéssel
tortént.

A kvalitativ kutatas harmadik komponense két esettanulmany feldolgo-
zasa az Al turizmusban valo alkalmazasarél. Ezek val6s piaci kontextust
nyujtottak a kérd6ives eredmények értelmezéséhez. A kutatasunk kvalita-
tiv részében két esettanulmanyos designt valasztottunk, amely szemlélteti
a dual Al-megoldasok miikodését és hatasait. Az els6, magyarorszagi eset
az EWS alkalmazasat mutatja be a turisztikai kereslet elorejelzésében és
valsagkezelésben. A masodik, balatoni eset, amely az intelligens desztina-
ci6 tervezésrél szol, kiilondsen a kockazatkezelés eszkozeirdl). Mindkét
esetben tobb forrasbol szarmazé informaciogyiijtés (adat triangulacio)
torténik annak érdekében, hogy megbizhatébb kdvetkeztetéseket levon-
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hassunk. Az adatgy(ijtés elemei: internetes esetleirasok attekintése,
nyilvanos statisztikak (Magyar Turisztikai Ugynokség (MTU) és Kézponti
Statisztikai Hivatal (KSH), EUROSTAT adatok), vallalati jelentések és
sajtéanyagok elemzése. Az esettanulmanyok elemzésénél kombinaltuk a
leir¢ statisztika és az induktiv tematikus elemzés mdd-szereit. A kvantita-
tiv adatokat grafikus és tablazatos formaban is megjelenitettiik. Ugyan-
akkor a minta korlatjai miatt a kdvetkeztetések nem altalanosithatok az
egész iparagra; a cél inkdbb mélyebb insightok nyUjtasa, semmint repre-
zentativ statisztikai bizonyitas. A kvalitativ adatok elemzését tematikus
kédolassal végeztiik (,.elérejelzési pontossag”, ,,dontéshozatal gyorsa-
saga”, ,,szervezeti kihivasok”, ,.fenntarthatsagi hatisok™), majd a

2. tablazat. A vizsgalt minta 0sszetétel vizsgalata az orszagos aranyok ismeretében

Orszago orra
d dda
Mintanagysag (db) 1157 104 600 KSH (2024)
KKV arany (%) 70% 73% KSH (2024)
(810 db) (42 860 db)
Nagyvallalat arany (%) 19.9% 17% (9 747 KSH (2024)
(230 db) db)
Nonprofit/allami/egyéb 10.1% 10% KSH (2024)
(%) (117 db) (4728
db+egyéb)
Al/digitdlis  hasznalat 49.9% 11% (szallés- | Statista (2024)
(%) (6nbevallas) helyeknél)
Budapest arany (%) 23.3% 25% KSH, MTU
(2024)
Balaton arany (%) 16% 28% KSH, MTU
(2024)
Nyugat-Dunantul (%) 9,5% 11% KSH, MTU
(2024)
Ko6zép-Dunantul (%) 9,5% ~10% KSH, MTU
(2024)
Eszak-Magyarorszéag 12,1% ~8% KSH, MTU
(%) (2024)
Dél-Dunéantul (%) 10,4% ~10% KSH, MTU
(2024)
Alfold és mas régiok (%) 19,2% ~8% KSH, MTU
(2024)

Forras: A szerz6i dsszedllitisa alapjan- Kozponti Statisztikai Hivatal, KSH. (2024);
Statista Research Department. (2024); Magyar Turisztikai Ugyndkség. MTU (2024)
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dokumentumok atolvasasa utan lettek finomitva a kodok és Gj témak
azonositasa is tortént. Ezzel a modszerrel sikeriilt feltarni az esetek kdzds
nevezdit és az egyedi, kontextus-specifikus tanulsagokat is.

A kvantitativ adatgyiijtés 2024 masodik felében tortént, 6nkit6ltds online
kérd6iv formajaban. A kérd6éiv Likert-tipusu tobbvalasztos elemeket
tartalmazott az Al-alkalmazas teriileteir6l, az elényokrél és kihivasokrol.
A minta 1157 f6 magyarorszagi turisztikai vallalatvezetdt foglalt
magaban. A minta elemeit a célcsoport aranyaihoz igazitottuk, igy példaul
a kis-, k0zép- és nagyvallalati vezet6k kozel azonos aranyban szerepelnek
a mintaban. A rétegzett mintavétel és a tudatos kvotaalkalmazas azt
garantélja, hogy a minta tikrozi a val6s vallalati strukturat, ezltal névelve
az eredmények altaldnosithatdsagat és megbizhatosagat (2. tdblazat).

A fdldrajzi, szektoralis és volumetrikus dsszevetés alapjan a kutatasi minta
bizonyithatéan reprezentativ a magyarorszagi turizmus szektorara. A
minta féldrajzi és vallalati struktdraja aranyos az orszagos megoszlassal, a
mintanagysag statisztikailag szignifikans. Kissé magasabb a digitalis/Al-
innovacio aranya, mivel a kutatas célja a fejlett megoldasok elemzése is
volt.

A dual AI rendszer teljesitményét az elérejelzési pontossag és a
kockazatok mérésével lehet értékelni. A kutatasban kifejlesztett Dual Al
rendszer két modult tartalmaz.

All — prediktiv modul: regresszids és idésoros modellek (XGBoost,
LSTM). A prediktiv modul kimenete rendszerint jovobeli trendek és
igények vagy novekedési palydk formajaban jelenik meg. A modellek
pontossagat jellemz6 mutatok kozé tartozik a Root Mean Square Error
(RMSE) a predikcidk szorasa; a Mean Absolute Error (MAE) a tévedés
nagysaga; a determinécids egyditthatd, mint magyarazott variancia (R2) azt
mutatja, hogy a modell mennyire képes visszaadni a célvéltozo
ingadozasait (Zhang et al., 2025). Egy modell elfogadhat6saga, illetve két
modell 6sszehasonlitadsa soran minél alacsonyabb a RMSE és a MAE, és
minél magasabb az R2, annal pontosabb a becslés.

A pontossag mérésekor érdemes kiilén vizsgalni a rendszer teljesitményét
nyugodt iddszakokban és krizisforgatokonyvek alatt. Idealis esetben a dual
Al javitja a pontossagot mind nyugodt iddszakokban, mind
valsagforgatokonyvek alatt azaltal, hogy a generalt stresszteszt adatokra is
kiképeztiik. Ezt tdmasztja ala az, hogy szintetikus adatok bevonasaval
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egyes elbrejelz6 modellek robosztusabba valtak és kisebb hibaval
dolgoztak (Chatterjee & Byun, 2023). Fontos a val6s pozitiv arany és a
valos negativ arany (beavatkozasok a kisebb ingadozasoknal, ami tulzott
reagalas) mérése is.

A pandémiat kovetéen az EWS modellbe keriiltek a pandemic dummy
valtozok, illetve ugy lehet modositani a rendszert, hogy kiils6 forrasok (pl.
jarvanylgyi adatok, nemzetkdzi utazasi korlatozasok hirei) is részét
képezzék a riasztasi mechanizmusnak. Ennek eredményeként a modell
érzékenyebben reagal a szokatlan jelekre. Példaul 2022 elején a rendszer
sarga figyelmeztetést adott (az orosz-ukran haboru kitérése utan a kilfoldi
foglalasok szamottevOen visszaestek), mivel a modell az el6z6 sokk
(COVID-19) mintazata alapjan gyorsabban ,,megtanulta” kezelni. Az Al-
alapu prediktiv modellek 6riasi értéket hordoznak a vallalati menedzsment
szamara. A torténelem soran eldszor rendelkeziink olyan eszkozokkel,
amelyek a jovo ,,megsejtését” tudomanyos alapokra helyezhetik, ezéltal az
Uzleti dontéshozatal bizonytalansdgdt csokkenthetik — jollehet a
bizonytalansag sosem iktathatd ki teljesen.

Osszességében: ha javul az eldrejelzések pontossaga, csdkken a volatilitds
és a potencialis veszteség, valamint mindez nagyobb profitabilitassal
parosul, akkor a rendszer mddszertanilag is megalapozott és lzletileg is
indokolt.

Al2 — metaértékeld6 modul: torzitas/elfogultsagi (bias)-korrekcio,
hibadetektalas és validacio (Bayes-hal6zat, SHAP/XAI modulok).

Atripla Al architektira a két Al-réteg kimeneteit egyesiti, és folyamatosan
frissiti a dontési ajanlasokat a regiondlis munkaer§- és turizmusadatok
alapjan.

A kvantitativ adatokat SPSS-ben és Pythonban elemezzik, valamint
SMESBJ okos applikaciot alkalmazunk (Katits, 2024).

Az alkalmazott statisztikai modszerek — t6bbszdrds regresszio: a dual Al
predikcids pontossdgdnak vizsgalata; faktoranalizis: a foglalkoztatasi
életciklusfazisok 6sszehangolésa; klaszterelemzés: régi6 ESG és
turizmusfiiggdségi profilja szerint; Monte Carlo-szimulaci6: kockazati
szintek validalasara kiilonb6z6 forgatokonyvek mentén; ROC gorbék és
AUC értékek: az Al modellek diagnosztikai pontossaganak értékelésére.
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A kutatasban hasznalt ROC (Receiver Operating Characteristic) gorbe és
AUC (Area Under Curve) értékek a prediktiv modellek teljesitményének
megbizhato és szabvanyos mérGeszkozei. A ROC-gorbe az igaz pozitiv
arany (szenzitivitas) és a hamis pozitiv arany (1-specifitas) kapcsolatat
abrazolja kiilonb6z6 kiiszobértékek mentén. Az AUC-érték a ROC-gorbe
alatti teriiletet jel6li, és numerikus mutatoként szolgal a modell &ltalanos
teljesitményére vonatkozéan. Az 1-hez kozelit6 AUC-érték kivalo
prediktiv képességet jelez (Bradley, 1997; Huang et al., 2020; Muschelli,
2019), vagyis a dual/tripla Al rendszerek prediktiv algoritmusai
szignifikansan megbizhaté dontéstdmogatast nydjtanak a smart turizmus
és regiondlis foglalkoztatas kontextusaban (Fawcett, 2006).

A vallalati AlI-EWS teszteléshez négy algoritmust is Kiprébalunk: baseline
modellként egy logisztikus regressziot, majd korszeriibb ML modelleket,
mint a dontési fa, Random Forest és neurdlis halé. A rendszer
teljesitményét eldszor konflizios matrix segitségével szemléltetjiik, amely
bemutatja a valédi pozitiv, valddi negativ, hamis pozitiv és hamis negativ
elérejelzéseket. Ez alapjan szamoltuk ki a legfontosabb osztalyozasi
metrikdkat. A modellek bemenetei a véllalati pénzigyi (mérleg- és
eredmeénykimutatasbél szamitott) ratak (SMESBJ applikacioval, Katits
2024), kiegészitve turizmus-specifikus indikatorokkal (pl. szezonalitési
mutato, regionalis turizmus trendek). A kimenet egy eldrejelzés a vallalat
allapotara nézve a kovetkez6 idészakban — tipikusan binaris osztalyozas
formajaban (“stabil” vs. ,,veszélyeztetett”), de fontolora vettiik tobb
kategdria hasznalatat is (pl. fizetéképes, fizetésképtelenség felé tart,
nyereséges/veszteséges, atlagos havi bevétel né/csokken/stagnal). Az
EWS modelleket mérészamokkal hasonlitjuk 6ssze. A ROC-gdrbét mind
a négy modellre dbrézoljuk. A vérakozasunk az, hogy a legjobb modell
teljesitménye meghaladja a hagyomanyos modszerekét. Vizsgéljuk a
modell interpretalhatdsagét is: a Random Forest esetében kiszamitjuk a
véltozok feature importance értékeit, illetve alkalmazunk SHAP értékeket
a neurdlis hal6 modellnél annak érdekében, hogy azonositsuk a
legfontosabb kockazati faktorokat.

4. Eredmények

Az All prediktiv modul teljesitményét illetéen az XGBoost regresszios
algoritmussal képeztiik ki a rugalmassag és a foglalkoztatési életciklus-
fazisok elOrejelzésére. Az All prediktiv modul esetében kiszdmitottuk az

RMSE, MAE és R? értékeket is. A modellvéltozatok (ARIMA vs. LSTM)

172



A HIBRID INTELLIGENCIA A VALLALATVEZETOI TUDAS UJ KORSZAKABAN

Osszehasonlitdsakor a 3. tablazatban szerepld mutatok szemléltetik a
neuralis haldzat és a linearis modell kézotti kilonbségeke. A prediktiv
modellek kozill az LSTM teljesitett jobban: RMSE=170, MAE=13,80,
R2=0,89, mig az ARIMA modell RMSE=220, MAE=18,50, R2=0,73
értékeket mutatott.

3. tdblazat: Példa a modell illesztési mutatdira

ode R A\ »
LSTM 170 13.80 0.89
ARIMA 220 18.50 0.73

Forras: Szerzoi szerkesztés, 2026.

Az AI2 modul (szimulacid) kiértékelése némileg eltéré megkozelitést
igényelt. Itt elsOsorban a generalt forgatokonyvek valdsziniiségét
vizsgaltuk, és szakértéi ismeretekre tamaszkodva értékeltiik a rendszer
reakcidinak hitelességét. Azt validaltuk, hogy a szimuléciés kimenet
dsszhangban van-e a val6s megfigyelésekkel: példaul a modellnek egy
adott tipusu sokkhatds (legyen az gazdasagi valsdg vagy természeti
katasztrofa) hatdsaihoz hasonld iranyd valtozdsokat kell-e mutatnia,
ahogyan azt a torténelminek szamito, globalis pénzigyi és pandémia
vélsagban is tapasztalhattuk. Erzékenységi elemzést is végeztiink, azaz azt
vizsgaltuk, hogy a bemeneti feltételek (pl. a GDP és a kereslet
csokkenésének mértéke, a hdmérséklet-emelkedés intenzitasa) kismértékii
maddositdsa mennyire valtoztatja meg a kimeneti eredményeket, és hogy
ezek az eltérések redlis tartomanyon belil maradnak-e. Fontos
kévetelmény volt, hogy a prediktiv és a szimulaciés komponensek
konzisztensek legyenek. Ha ugyanazokkal a bemeneti paraméterekkel (pl.
egy tipikus lizleti kornyezet) futtattuk éket, akkor hasonlé trendeket kell
produkdlniuk; ha eltérés mutatkozott, akkor a modellek tovabbi
finomhangolasat végeztiilk. Az SHAP elemzés szerint az eldrejelzések
legfontosabb magyardzé valtoz6i a szezonalitds (SHAP=0,41), a
legbefolyasosabb elérejelzé, a likviditasi mutatok (SHAP=0,33), a
pénziigyi fenntarthatdsag alapvetd eldrejelzdje, valamint a foglalési
atfutasi idék (SHAP=0,29) voltak, amelyek a szezondlis jelleg miatt is
kritikus informéacidk a turisztikai dontéshozdk szdméra. Tehét ez a hdrom
tényez0 befolyasolta leginkdbb az eldrejelzést. Ezek az eredmények
segitik a dontéshozodkat a kulcsfontossagli tényezok azonositasaban és
kezelésében.

A fenntarthat6sagi teljesitményt egy Osszetett ESG-index segitségével
értékeltlik, amely atlagosan 75/100-as pontszdmot adott, ami azt jelzi,
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hogy az agazat kdzepes fenntarthatosagi teljesitményt ér el, és jelentds
fejlédési  potenciallal rendelkezik a kornyezeti és tarsadalmi
dimenzidkban.

A Monte Carlo-szimuléci6 tébb mint 10 000 futtatasa alapjan a turisztikai
bevételek varhato eltérése +12-18% kozott volt, mig a P90 kockazati
szinten a veszteség esélye alig 10% ala csokkent. A RISKRES modell altal
szamitott atlagos kockazati kitettségi index 0,60 volt, mig a rugalmassagi
index 0,80, ami azt jelzi, hogy a turisztikai vallalatok viszonylag gyorsan
képesek talpra allni a kedvezdtlen piaci események utan. Az egyes
szimulacios klaszterek jellemzdinek elemzésével (pl. enyhe vs. sulyos
hatdst esetek) ramutattunk arra, hogy mely rendszertulajdonsdgok
felelosek a hasonld eredményekért: Példaul kideriilt, hogy a legnagyobb
veszteségeket mutatd forgatokdnyv-csoportokat alacsony szezonon kivdili
kereslet és magas munkaerékoltségek jellemezték. Ezzel szemben a
rugalmassagi csoportok jellemzden diverzifikalt bevételi forrasokkal és
rugalmasabb munkaerd-struktiraval rendelkeztek. Ezek a felismerések az
XAl-megkozelités részét képezték, novelve a modell Uzleti értékét és
elfogadottsagat a turisztikai dontéshozdk kdrében.

A villalati AI-EWS modell tesztelését a négy gépi tanulasi modell
(logisztikus regresszio, dontési fa, neuralis halozat és véletlenszeri erdd)
teljesitménye reprezentalta (6t kritérium szerint: pontossag, precizitas,
visszahivas, FI-mutat6, AUC), amely elérte vagy meghaladta a 70%-ot. A
legjobb eredményt, és igy a legnagyobb hatékonysagot azonban a random
forest adta 85%-0s pontossaggal. Tehat a dual AI-EWS rendszer 85%-0s
pontossaggal josolta meg a kritikus pénziigyi eseményeket. A random
forest jellemzdinek fontossagi rangsora a kovetkez6: 1. (Turizmus)
Szezonalitasi index; 2. Likviditasi rata; 3. Foglalasi atfutasi idok; 4.
Atlagos havi jovedelem; 5. Addssag/Osszes forras arany; 6. Munkavallaloi
fluktudcio. A SHAP-vizsgalat megerdsitette azt, hogy az 1-3.
nagysagrend/érték felelés az eldrejelzés magyardazd részéért, ezek a
legjelentdsebb eldrejelzok, ami Osszhangban van Tanaka et al. (2025)
nemzetkdzi eredményeivel.

Osszességében a reprezentativ és rétegzett magyar minta azt mutatja, hogy
a dual/tripla Al rendszerek nemcsak elméletben, hanem a gyakorlatban is
javithatjak a dontések mindségét és a valsagkezelés hatékonysagat a
turisztikai &gazatban. Ezek az eredmények tudomanyosan megerdsitik,
hogy a dual/tripla Al rendszerek statisztikailag megalapozottan képesek
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tamogatni a turizmus, a foglalkoztatas és az életciklusra igazitott EWS-
modellek fenntarthatdsagat, a dontéshozatal prediktiv és adaptiv
képességeinek erdsitésével. Egyuttal az Al prediktiv és adaptiv képességét
kontrollalni és validalni lehet az AI-EWS ,,jésagfokaval” egyiitt (6. dbra)

Prediktiv és adaptiv képesség

All - RMSE, MAE, R?

Al2 (pozitiv SHAP) &1

Monte Carlo szimulacié M

ROC gorbe és AUC érték (0,80 felett) M

EWS — Random forest

6. abra: Az Al-prediktiv és adaptiv képesség kontrollalasanak és validalasanak

modszerei
Forras: Szerzoi szerkesztés, 2026.

A kvalitativ kutatdsban a félig strukturdlt, szakért6i mélyinterjikbol
(N=12) szarmaz6 eredmények a kovetkezok:

a.

A technologiai fiiggdség ¢és humanhatds vizsgalataban az
automatizacid  és  kiszervezett  dontésképesség  miatti
kontrollvesztés-érzés  jelentkezett, a huméan  szerepek
atrendezédtek (front/back-office), amely képzésigényt valt ki. Ez
Osszefligg a kvantitativ kutatasban latott negativ percepciok
magasabb aranyaval (=40%), kilondsen érett, standardizalt
folyamatoknal.

Adatvédelem és bizalom: Adatkezelés, harmadik féltél szarmazo
modellek, Al-as-a-Service atlathatosagi dilemmai; XAI/TAI-
igény explicit megjelenése. Kiiléndsen érzékeny a vendégpanasz-
kezelés és dinamikus arazas; bizalom eldfeltétel, amelyet a
transzparencia novel.

A valsagmegelézés érdekében a korai eldrejelzés (foglalasi
trendek, mobilitasi mintazatok), kapacitas- és arstratégia adaptiv
hangolésa sziikséges, az Edge Al-jellegii lokalis analitika gyors
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reakcioidével valosul meg. Ez illeszkedik a Turizmus 4.0
reziliencia-narrativahoz és a kvantitativ ,k6zép-dominancia”
gyakorisagi mintahoz (adaptacio folyamatban).

d. A szervezeti kihivasok és megvaldsitas vizsgalataban az
integrécios koltség, az orokolt rendszerek, az adattisztasag, a
bels6  ellenallas  (munkahelyféltés)  jelentkezett. A
képességfejlesztés (adatkompetencia) és iranyitas (adat- és Al-
iranyitas) feltétele a skalazasnak.

e. A fenntarthatéosagi ¢és  szolgaltatdsmindségi  metacélok
tekintetében az  energiagazdalkodas, a kihasznaltsag-
optimalizalas, a kornyezeti labnyom csdkkentése, ugyanakkor
etikai kérdések a megfigyelhetdség és megkuldnbdztetes
kockazata koriil keriiltek el6térbe.

A kutatasunk kvalitativ részében a kovetkez6 két magyar esettanulmanyt
(E1-E2) dolgoztuk fel eset leirdasa>miikodés és innovacio>eredmények
és hatas logika mentén.

El. Al-alapi EWS a magyarorszagi turizmusban

Eset leirasa — A Magyar Turisztikai Ugynokség (MTU) 2019-ben pilot
jelleggel elinditott egy Al-alapu elbrejelz és riaszto rendszert a turisztikai
kereslet monitorozasara (https://mtu.gov.hu/cikkek/strategia/). A rendszer
egy LSTM neurélis haldzatot hasznal a havi vendégéjszakék szamanak
elérejelzésére. Input adatok: a korabbi évek turisztikai forgalmi adatai,
Google Trends keresési indexek, repiiljarat-foglaldsi adatai és gazdaséagi
indikatorok. A rendszer idében jelzi, ha a turizmusban szokatlan trend-
véltozas kovetkezhet be (pozitiv, pl. egy kiugrdan jo szezon; negativ, pl.
kereslet-visszaesés). Az AI-EWS eldrejelzései segitik a pontosabb
pénzigyi tervezést (bevétel-elérejelzést) mind vallalati, mind nemzeti
szinten.

Miikodés és innovacid — A bevezetett EWS két komponenst tartalmazott:
(1) eldrejelz6 modul havi bontdsban 12 hénapra elére prognosztizélta a
vendégéjszakdk szamét; (2) anomélia-detektald modul valds idében
figyelte a friss beérkez6 adatokat és riasztast generalt, ha azok szignifikans
eltéréseket mutattak az elérejelzett trendtél. A rendszer kimenete egy
online dashboard, ahol a dontéshozok grafikonokon lattadk az ,,alapeseti”
eldrejelzést és a becsult konfidenciasavot, valamint egy indikétort, ami
z6ld-sarga-piros szinekkel jelezte a kockazati szintet (zéld — minden a
varakozasok szerint alakul; sarga — kisebb eltérés, figyelmet igényel; piros
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— jelentds eltérés, beavatkozas sziikséges). Az innovacié abban rejlett,
hogy mindezt megeldz6 jelleggel, nem csupan utdlagos kimutatasként
tette lehetévé. A rendszer induldsakor — 2019 végén — a 2020-as évre
optimista el6rejelzést adott, mivel semmi nem utalt akkor rendkivdili
eseményre. 2020 februarjaban azonban a modellt ,,meglepetésként” érte a
COVID-19 gyors terjedése. Marcius elsG heteiben a rendszer piros
riasztast adott, megerdsitve a nemzetk6zi hirek alapjan megfogalmaz6do
aggodalmakat, miszerint a turizmus sllyos visszaesés elé néz. A korai
jelzésnek koszonhetden gyorsan ki kellett dolgozni egy valsagkezelési
tervet. Bar a valsag mélységét a modell nem tudta kvantifikalni — hiszen
addig példa nélkili helyzet volt — a riaszt6 funkcié értékesnek bizonyult:
honapokkal korébban figyelmeztetett a probléméra, mintha ahogyan a
hivatalos statisztikak.

Eredmények és hatds — A magyar EWS tapasztalatai vegyesek voltak.
Normal idészakban (amikor a pandémias sokk mar lecsengett) a rendszer
elérejelzései egész jO pontossagot értek el: éves szinten ~5%-0s 4tlagos
eltérés volt a valds vendégéjszakak és a modell joslatai kozott, ami jelentds
javulas a korabbi, egyszerii trendextrapolacion alapuld elérejelzésekhez
képest (10-15% hibaval miikodtek). 2020 kivételes éveben viszont a
modell is drasztikusan tévedett, mivel a modell 110 folotti indexet
valoszinisitett a jarvany nélkil. 2021-t61 a modell illesztése javult, a
pandémia uténi adatok bevondsdval mar képes volt kdvetni a részleges
fellendlést. Az integréalt Al-megoldas korabban/id6ben jelzi az esetleges
kereslet-visszaeséseket, igy gyorsabban mozgosithatéva vélnak a
kockazatkezeld intézkedések.

A pandémiat kovetéen az EWS modellbe kerlltek a ,,pandemic dummy”
valtozdk, illetve ugy lehet moédositani a rendszert, hogy kiils6 forrasok (pl.
jarvanyugyi adatok, nemzetkodzi utazasi korlatozasok hirei) is részét
képezzék a riasztasi mechanizmusnak. Ennek eredményeként a modell
érzékenyebben reagal a szokatlan jelekre. Példaul 2022 elején a rendszer
sérga figyelmeztetést adott (az orosz-ukran haboru kitdrése utan a kilfoldi
foglalasok szamottevéen visszaestek), mivel a modell az el6z6 sokk
(COVID-19) mintdzata alapjan gyorsabban ,megtanulta” kezelni. 2022
nyaran, amikor a belfoldi turizmus a magas inflacié miatt lanyhulni
kezdett, az eldrejelz6 modul ezt 1-2 honapos eldnyben jelezte, lehetové
téve egy idoben elinditott belfo1di kampanyt, ami végiil segitett stabilizalni
a keresletet.
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E2. Intelligens desztinacidtervezés a Balaton térségében

Eset leirdisa — A Balaton Magyarorszag kiemelt turisztikai térsége,
amelynek népszerlisége erdsen szezonalis és szamos kiilsé tényezotdl
fugg. A klimavaltozds, a globalis utazasi trendek, vagy épp egy
vilagjarvany jelentds hatassal lehet a régié turizmusara. Az elmult évek
tapasztalatai ravilagitottak arra, hogy a hagyomanyos tervezési modszerek
nehezen tudnak Iépést tartani a gyorsan valtozo koriulményekkel. A
Balatonnak siirgésen 1épnie kell az okos turizmus irdnydba: modern,
digitalis megoldasok bevezetésével ndvelheti a vendégek elégedettségét és
a régio versenyképességét, igy biztositva hosszl tavi sikerét (Economx,
2025). Ez megteremti az igényt egy dual Al rendszer alkalmazaséra a
desztindci6-menedzsmentben, amely segit innovativ és proaktiv médon
kezelni a kockazatokat.

Miikodés és innovacio — Az intelligens desztindcid-tervezés alatt azt
értjiik, hogy a régio fejlesztési és marketing dontéseit adatalapon, el6re-
jelzésekre és szimulacidkra tamaszkodva hozzak meg. A Balaton esetében
a dual Al rendszer feladata a turisztikai szezon meghosszabbitasa és a
kereslet kiegyenlitése. A generativ Al szintetikus adatokat tud eldallitani
(latogatok szama egy szokatlan eseménysorozat vagy egy negativ média-
visszhang esetén). Ezek a forgatokdnyvek (4. tablazat) segitenek
megérteni, hol vannak a gyenge pontok.

A forgatokonyvekre épiilve a prediktiv Al kiilonboz6 adaptiv stratégiakat
dolgozhat ki: dinamikus arkedvezmények, utalvanyrendszer, marketing-
kampéanyok, er6forras-atcsoportositas, alternativ programok
kommunikacidja, valsagkezelési protokollok aktivalasa, egylittmiikodést
mas véleményvezérekkel, pozitiv tartalmak generdlasa, specidlis
kedvezmények a kiillonbdz6 korosztalyh turistak visszacsabitasara, célpiac
diverzifikélasa.

Eredmények és hatasok — A 4. tablazat dsszefoglal néhany lehetséges
vélsagforgatokdnyvet és az azokra adhaté Al-alapu vélaszstratégidkat a
Balaton térségében. A Balaton esetében egy ilyen rendszer hozzajarulhat
ahhoz, hogy a régi6 proaktivan, innovacio-vezérelt modon készuljon a
jovo kihivésaira, és minimalizalja a kiszolgaltatottsagat a kiils6 sokkokkal
szemben.
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4, tablazat: A lehetséges valsagforgatokonyvek és dual Al-stratégidk a Balatonnal

Vaélsag- Vaérhatd hatés Generativ modell Adaptiv valaszstratégia
forgato- a turizmusra szimulacié (prediktiv Al)
konyv
Kereslet Turistak Idésoros adatok Dinamikus arazas: jelent6s
hirtelen szamanak szintetikus kedvezmények a belfdldi és
visszaesése drasztikus generélasa a sokk és | regionalis vendégeknek az
(pl. globalis zuhanasa egy | elhiz6do kilabalas azonnali keresletélénkitésert;
jarvany) szezonban; trendjeinek marketing Ujracélzas a kozeli
bevételkiesés | modellezésére; tobb | piacokra (belfdld,
és forgatokonyv szomszédos orszagok);
kihasznalatlan | (optimista, koltségesokkentd intézke-
kapacitasok pesszimista, dések bevezetése (energia- és
kozepes) létrehozésa | munkaerd-megtakaritas) a
Monte Carlo valsag idejére.
szimulécidhoz.
Természeti Infrastruktdra | Térbeli adatok Er6forras-atcsoportositas: a
katasztrofa sériilése, generaldsa (pl. kies6 | sértetlen attrakciok és
(pl. arviz, szolgaltatasok | kapacitasok szallasok felé terelni a
viharkar) atmeneti térképe); vendégeket (transzfer,
ledllasa tigynokalapd modell | kedvezmények); valsag-
bizonyos a turistak kommunikécios terv azonnali
helyeken; Gtvonalainak inditasa (pontos tajékoztatas
lemondésok Ujratervezésére a helyredllitasrol, biztonsag
hulldma és alternativ helyszinek | kiemelése); rugalmas
negativ média | felé; szimuléaci6 a foglalési feltételek
a kéarokrol. helyreéllitas (lemondasi dij elengedése,
iddigényére és az halasztott utazasi lehet6ség) a
imazshatasra. vendégmegtartés érdekében.
Reputécios Egy fontos Kozdsségimédia- Intenziv PR és marketing:
veszteség szegmens (pl. | adatok és keresési pozitiv kampany inditasa a
(pl. fiatalok) trendek elemzése a hirnév helyreéllitasara
influenszer- elpartolasa; negativ hir (elégedett vendégek
botrany) csokkend elterjedésének torténeteinek kiemelése);
foglalasok a modellezésére; influenszer egyiittmiikdések
kozosségi szentimentelemzés a kedvezdtlen benyomasok
médiaban szintetikus ellensulyozasara; Uj termék-
terjedd generalasa fejlesztés vagy élmény a
negativ kiilonb6z6 fiataloknak, amit
élmények narrativakra, hogy promécidval tamogatnak (pl.
miatt. melyik fesztival, technoldgiai
ellenkampany lenne | attrakcio), hogy
leghatésosabb. visszanyerjék a figyelmiiket.
Forras: Szerzoi szerkesztés, 2026.
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5. Kovetkeztetések és javaslatok

A kutatasi eredmények triangulaciéjat és validitasat szolgalja a
modszertan kulcsa, vagyis az eldzetes feltételezés szerint a modszerek
kombinalasa erdsebb bizonyitékokat ad, mint barmelyik kiilonallo
maddszer 6nmagaban. A statisztikai elemzések altal felfedett trendeket az
interjuk és esettanulmanyok lehetdség szerint megerdsitették vagy
arnyaltak. Példaul, ha a felmérés szerint egy adott Al-funkciot a vezeték
elonydsnek itélnek, az interjukbol kideriilt, hogy konkrét példak is
alatamasztjak ezt (pl. Al alapu kockazatfigyelés bevezetése). A kiilonb6z6
validitasat. Minden lepésnél figyelemmel voltunk az etikai és modszertani
transzparenciara: a minta kivalasztdsanak elvei dokumentéltak. A
bemutatott KMDS-keret koncepcionalis jellegli: mitkodéképességének
igazolasa még szamos jovébeli empirikus vizsgélatokat igényel.

A kutatds eredmények megerdsitik, hogy a hibrid intelligencia
koncepcidja  ujszeri  lehetdségeket teremt a  vezetéi tudas
menedzselésében. A harom Al-modul egyuttesen olyan hibrid rendszert
alkot, amely tdmogatja a folyamatos szervezeti tanulast és innovaciot: a
gépi eldrejelzések révén 0 lehet6ségek tarulnak fel, az AI-magyardzatok
(XAI/SHAP) pedig megalapozzak a dontések atlathatosagat és a vezetdi
bizalmat.

Gyakorlati szempontbdl a vallalatoknak érdemes beruhazniuk az Al-alapu
infrastruktdraba — ideértve az loT- és 5G-fejlesztéseket is — annak
érdekében, hogy kihasznalhassak az Edge Al eldnyeit. Emellett kiemelten
fontos a vezetdk tréningje és a belso kulttra fejlesztése: a tripla Al modell
keretében a menedzserek érzelmi és etikai intelligencidjanak erdsitése
tamogatja a felelds és fenntarthatd vezetést. A bevezetés soran ajanlatos
figyelembe venni az etikai és adatvédelmi szempontokat, ahogyan a
biztonsag és magyarazhatésag is fontossagat az Al-KM integracidjaban.

Javasoljuk az emlitett Al rétegeket beépiteni az adizesi életszakaszokba.
A 4. generacios AI-EWS-t érdemes mar elkezdeni kiépiteni a cégmiik6dés
kezdetén. Mindenképpen javasoljuk alkalmazni az Edge Al-t és a tripla
Al-t a tartds (mérsékelt) ndvekedés szakaszaban, mig a dual Al-t a
hanyatlasban. Két Ujabb Al (turnaround és a turnaround controlling)-réteg
segiti mind a névekedési palyan tartast (kilondsen szakaszvaltasnal), mind
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pedig a novekedési palyara vald visszatérést (latens és kifejlett valsag
idészakaban).

Az eredmények alatdmasztjak a kutatdsunk innovacios értékét, gyakorlati
hasznositasat és tudomanyos hozzajaruldsat (7. abra). A kutatasunk
innovacios ertékét az jelenti, hogy a dual/tripla Al alkalmazésa Gjdonséag
a vallalatvezetdi munka-folyamatban az életszakasz azonositas
figgvényében. A gyakorlati hasznositds abban van, hogy a kutatas
eredményei adaptalhatok méas éagazatokban, ipardgakban a regionalis
gazdasagfejlesztés érdekében. A tudomanyos hozzajarulds az, hogy az
életciklus modellek és az EWS kombinalasa Al altal alig kutatott ter(ilet.

* A Kkutatas

*Az életciklus

* A dual/ tripla

Al alkalmazasa
ujdonsag a vall.
vezetéi munka-

folyamatban
életszakasz
azonositas

Innovacios érték

eredményei
adaptalhatok
mas régiokban,

iparagakban
regionalis
gazdasag

modellek és az
EWS
rendszerek

kombinalasa
Al altal alig
Kkutatott teriilet

fejlesztés
érdekében

Gyakorlati hasznositas

fiiggvényében

Tudomanyos hozzajarulas

7. abra: A kutatas innovacios értéke, gyakorlati hasznositasa és tudomanyos
hozzajarulasa
Forras: Szerzéi szerkesztés: 2026.

A jovoben célszerli tovabb vizsgalni a hibrid intelligencia hosszl tava
hatésait a szervezeti kult(rara és tudasatadasra. Erdemes mélyebben
elemezni azt, hogy hogyan segitheti a generativ Al és a collaborative Al
beépitése az Adizes-modell egyes szakaszainak kezelését.

Tovabbi irdny lehet a kiilonb6z6 iparagak osszehasonlitasa: Hogyan lehet
alkalmazni a dual/tripla Al-t mas szektorokban (pl. gyéartés, pénzigy),
vagy a regiondlis klldnbségek feltdrdsdban a magyar kkv-k korében.
Erdemes kutatni tovéabbi transzparencia- és etikai keretrendszereket is
annak érdekében, hogy megalapozottabb legyen a bizalom az Al
rendszerekben. A jovObeni Kkutatdsokban boéviteni lehet a mintavételt
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kulfoldi vallalatokkal és nemzetkozi adatbazisokkal, valamint kisérleti
beavatkozasokkal érdemes tesztelni az AI-EWS-ek val6s hatékonyséagat.

Osszefoglalas

A tanulményunk rdmutatott arra, hogy a hibrid intelligencia — a dual/tripla
Al és az Edge Al — jelentés mértékben képes gazdagitani a véllalatvezeti
tudasmenedzsmentet. A vegyes mddszertani kutatds elért eredmények
alapjan a gépi és emberi intelligencia integralasa Uj szintre emeli az
informéciofeldolgozast és dontéstdmogatast. A vallalati EWS rendszerek
életciklus-alapt beépitése tovabb ndveli a vallalatok reziliencigjat. A
magyar mintavételben kimutatott 6sszefliggések (mint az ESG és az
elérejelzések megndvelt pontossaga) alatamasztjak, hogy az Al
bevezetése a fenntarthatdéségot és a szervezeti tanulast is dsztonzi.

A tanulmény bizonyitékokat szolgaltatott arra, hogy a vallalatvezet6i
tudasmenedzsment ,,4j nyelve” a hibrid Al: a gép gyorsit, az ember iranyt
szab, és az EWS id6ben szol. A KMDS keretrendszerrel a vallalatok
képesek hatékonyabban és proaktiv médon felkésziilni a jov6 kihivasaira
és lehetéségeire.
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