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Abstract

The primary objective of this article is to examine the organizational, economic, and
sustainability-related implications of implementing artificial intelligence (AI) systems
in small and medium-sized enterprises (SMEs) in Poland. The study combines a sur-
vey of 112 SMEs in the Kuyavian–Pomeranian region, including 70 AI-using firms, with
13 in-depth interviews with managers. The quantitative analysis applies logit models to
identify determinants of perceived AI effects on internal processes: working time and work-
load reduction, automation, cost effects, and creativity. The qualitative component explains
how AI is adopted and embedded in business practice. The results show that AI adoption
in SMEs is increasingly common but remains uneven and mostly operational. The strongest
effects concern workload reduction and time efficiency, particularly in service firms and
where AI is used intensively. Advanced AI adoption increases the probability of perceiving
workload and cost-related effects. However, these effects should not be interpreted simply
as direct cost reduction. Rather, AI improves productivity and work capacity while creating
new costs related to paid tools, data preparation, integration, output verification, and
governance. The interviews show that AI implementation follows a staged path: from
curiosity-driven experimentation, through cognitive work augmentation, to workflow
integration and, in selected cases, AI-enabled business model innovation. The transition
from ad hoc use to strategic implementation depends less on firm size alone and more
on process maturity, capabilities, and data readiness. Barriers also change with maturity:
early-stage firms face a lack of knowledge, time, and clear use cases, whereas advanced
users encounter data quality, hallucinations, security, integration, and governance problems.
The study finds that sustainability considerations, particularly environmental impacts and
ESG-related implications of AI, remain largely unperceived in SME decision-making. En-
trepreneurs primarily interpret sustainability through the lenses of organizational resilience,
long-term competitiveness, adaptability, and responsible digital transformation rather than
through formal environmental metrics. The findings suggest that SME managers should
implement AI gradually, link adoption to measurable process-level outcomes, and invest
in AI literacy and governance. They should also integrate responsible AI principles into
organizational strategy to support sustainable digital transformation. The study contributes
to the literature by showing that AI adoption in SMEs should be understood not only as
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a productivity-enhancing process but also as a broader organizational transition shaping
long-term sustainability and resilience.

Keywords: artificial intelligence; SME; productivity; sustainable development

1. Introduction
The market for artificial intelligence (AI) tools is changing rapidly, particularly in the

case of generative artificial intelligence (GenAI), which is no longer a niche technology. It
now encompasses thousands of applications and tools across various domains, ranging
from content and image creation to business intelligence. Since the launch of ChatGPT in
2022, which rapidly captured the market by reaching a record 100 million active users in
approximately two months and becoming one of the most popular technology products
worldwide, numerous major players and many smaller entrants have emerged. In 2025
alone, approximately 4800 new GenAI tools were introduced. Although ChatGPT remains
the market leader, Microsoft Copilot and GitHub Copilot currently lead in the business
and developer segments, respectively, while Midjourney and Stable Diffusion dominate in
creative visual applications. In addition, Google Gemini, Claude, and Perplexity AI are
strengthening their positions and steadily increasing their market shares.

The rapid development of AI technologies generates considerable optimism regarding
their widespread and effective economic application. However, we are still in the early
stages of building a comprehensive understanding of the implications of AI implementa-
tion, which can be multifaceted. Applying AI in business requires not only technological
implementation but also deeper integration with existing internal and external organi-
zational processes. This implies a comprehensive transformation of business processes,
organizational structures, and infrastructure. However, this process faces numerous in-
ternal and external challenges that can hinder progress and undermine the long-term
effectiveness of AI implementations [1]. Research indicates that financial constraints and
the need to engage highly skilled personnel are the main factors limiting AI implementation
in small and medium-sized enterprises (SMEs) [2]. Furthermore, many enterprises struggle
with outdated technological infrastructure incompatible with advanced AI applications,
compromising their adaptability and slowing the pace of implementation [3]. At the same
time, the implementation of artificial intelligence (AI) is increasingly raising questions
about sustainable digital transformation, including organizational resilience, responsible
management, environmental externalities, and the long-term socioeconomic consequences
of algorithmic decision-making. This issue is particularly relevant in the SME sector, where
companies often prioritize operational survival, competitiveness, and adaptability under
intense market pressures. In such environments, sustainability is often interpreted through
the lens of long-term organizational resilience rather than through formal environmental
or ESG frameworks. Therefore, implementing AI in SMEs can contribute to a company’s
sustainable development, even if managers are not yet aware of the environmental impact.

Despite the gradually increasing number of publications devoted to the use of AI in
the SME sector, a review of the existing literature reveals considerable fragmentation and
the absence of a coherent, comprehensive perspective [4,5]. Researchers also emphasize that
many analyses focus on selected aspects, most frequently technological or organizational,
while overlooking the broader economic, environmental, and institutional contexts that are
crucial for understanding the consequences of AI implementation in SMEs [6].

The present study focuses on AI-related technologies from the business perspective
of SMEs in Poland. One of the key applications of AI in SMEs is automating routine
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administrative processes. AI systems reduce the time devoted to data entry, invoicing,
and document handling, thereby lowering costs and minimizing errors. Virtual assistants
and chatbots enhance customer service by shortening response times, while in marketing,
AI-based tools personalize offers and optimize campaigns, increasing sales performance.
In finance, this technology supports invoicing, forecasting, and fraud detection, whereas
in human resources (HR), it accelerates recruitment processes and strengthens data secu-
rity [7].

Effective AI implementation requires a focus on clearly defined business problems in
which the technology delivers measurable benefits. Initiating adoption in areas character-
ized by high task repetitiveness or strong analytical potential facilitates the development of
organizational acceptance and maximizes return on investment [8,9].

The primary objective of this article is to assess the impact of implementing AI tools on
the functioning of small and medium-sized enterprises in Poland, with particular emphasis
on organizational efficiency, resource utilization, sustainable digital transformation, and
the economic, governance-related, and sustainability implications of AI adoption.

The following specific objectives were formulated in support of the main
research objective:

1. To assess the areas and level of advancement in the use of AI tools in SMEs in Poland.
2. To identify technological, organizational, financial, and competence-related barriers

limiting AI implementation in SMEs.
3. To identify the determinants of perceived effects of AI implementation in SMEs,

including its impact on workload reduction, time efficiency, cost reduction, and
creativity enhancement.

4. To explore the role of sustainability in the context of AI implementation in SMEs.

The study employs a triangulation of research methods. The empirical basis of the
article is a study conducted among SMEs located in the Kuyavian–Pomeranian Voivodeship,
Poland. The first method relied on primary data collected through a standardized survey
questionnaire, and the second method consisted of in-depth interviews (IDIs) conducted
with representatives of enterprises, from different sectors and the same region, where the
quantitative study was carried out.

The originality of the research conducted lies in its focus on SMEs. Limiting the
study to the Kuyavian–Pomeranian Voivodeship ensured a relatively homogeneous eco-
nomic, spatial, and cultural environment for all respondents. Within the SME sector, the
study identified the level of awareness among managers and employees regarding the
opportunities and risks associated with implementing AI tools. The adopted approach
enables an assessment of AI perception in SMEs and the factors influencing decisions on its
implementation within companies.

The article begins with an introduction to the research issues related to AI use in
enterprises, outlining the objective, significance, and economic and technological context
of the analysis. It then presents a concise review of the scientific literature and industry
reports, covering the definition and typology of AI, prior empirical studies, a comparative
assessment of AI adoption levels in Polish SMEs against selected international markets,
the stages of technology implementation, and key barriers and challenges. Subsequently,
the research methodology and data sources are described, followed by a discussion of the
findings in relation to the existing literature. The article concludes with final remarks and
implications for practice and future research.
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2. Literature Review
2.1. Artificial Intelligence and Its Typology

AI, as a component of the business ecosystem, encompasses a set of technologies,
tools, models, organizational practices, and infrastructural solutions that enable process au-
tomation, data analysis, decision support, and the generation of new content and products.
Contemporary AI is understood as a family of computational methods that allow systems to
analyze their environment and undertake autonomous actions aimed at achieving specified
objectives [10,11].

The development of AI technologies has shifted the emphasis from rule-based systems
and fuzzy logic toward data-driven solutions, such as machine learning, deep neural
networks, and natural language processing [12–14]. In business practice, these techniques
form the foundation for automating information processing, pattern detection, and the
prediction of business phenomena, which is crucial for SMEs.

A central component of the contemporary AI ecosystem consists of GenAI models,
including advanced language models such as ChatGPT and BERT [15,16]. These models
enable the creation of new data, including text, images, video, audio, and code, based
on patterns learned from large-scale datasets [17,18]. Their functionality became widely
accessible only after the proliferation of intuitive interfaces such as ChatGPT [19], which
significantly lowered the entry barrier for businesses [20]. At the same time, an important
limitation remains the phenomenon of so-called hallucinations, that is, the generation of
content that is inconsistent with factual reality [21,22].

The commercial AI ecosystem currently comprises numerous tools available in cloud-
based and as-a-service models, offered by leading technology companies, enabling firms to
leverage advanced models without investing in costly computational infrastructure.

AI agents are increasingly important in business applications. These agents are au-
tonomous modules that perform tasks within a defined scope based on generative models,
machine learning (ML), or deep learning (DL). They can interact with users and other
agents and, in many cases, learn and optimize their performance in real time [23–25]. AI
agents serve as the foundation for automating complex processes and are perceived as a
key driver of organizational efficiency growth. Therefore, the contemporary AI ecosystem
for business encompasses the following:

• the technology and model layer, including ML, DL, and GenAI,
• the tools and cloud services layer provided by global vendors; the application layer,

comprising solutions implemented within companies, such as automation, content
generation, data analysis, and forecasting,

• and the agent layer, which enables the development of autonomous systems support-
ing operational and decision-making processes.

Consequently, the AI ecosystem is becoming an integral component of contempo-
rary management and a source of competitive advantage, including for SMEs, which
can adopt these technologies in a flexible and scalable manner without incurring high
implementation costs.

2.2. Research on the Application of Artificial Intelligence in Enterprises

In recent years, AI has been dynamically transforming the way enterprises operate,
affecting all key areas of business activity [26]. The most widely recognized and currently
most intensively explored form of AI is GenAI. As noted by Giuggioli and Pellegrini [27],
GenAI refers to the capability of machines to perform tasks requiring advanced cognitive
processes, enabling computer systems to execute operations and solve problems that
previously exceeded human capabilities.
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However, the capabilities of these systems remain limited, as AI continues to struggle
with more complex tasks [28]. The latest report from Stanford Human-Centered Artificial
Intelligence confirms that although AI is rapidly improving its performance in standard
benchmark tests, complex reasoning remains a key challenge [29]. This problem had already
been identified in the 1980s, when Hans Moravec, Marvin Minsky, and Rodney Brooks
observed that tasks perceived as difficult for humans, such as playing chess or performing
complex calculations, are relatively simple for computers. Conversely, tasks that humans
find trivial, such as navigating unfamiliar environments, interpreting social context, or
performing simple object manipulation, are extremely complex for AI, a phenomenon
known as Moravec’s Paradox [30]. This paradox continues to explain why AI systems
struggle with tasks requiring “common sense.” A similar argument is advanced by Gary
Marcus, a psychologist and AI researcher who has long cautioned that AI is essentially
“statistics on steroids,” as articulated in his 2019 book Rebooting AI [31].

Some studies on the application of AI in SMEs suggest positive outcomes of this
process. Virtual assistants and chatbots provide round-the-clock customer service by
automating responses to inquiries and problem resolution, reducing response times by
40–50% [7]. Moreover, in marketing and sales, recommendation systems personalize
offers based on behavioral data, increasing sales conversion rates by 20–30%, while AI
tools optimize advertising campaigns [7]. Another area of application concerns financial
operations, where AI automates invoicing, cash-flow forecasting, and fraud detection,
reducing errors and accounting costs by 30–40%. In human resource management and
security, AI-based tools accelerate recruitment through curriculum vitae (CV) analysis
and candidate screening, saving up to 50% of time, while monitoring systems detect data
security anomalies [7].

This issue is particularly significant, as the current widespread enthusiasm for GenAI
simultaneously leads to numerous disappointments among entrepreneurs. Despite the
broad adoption of these technologies, most companies struggle to translate pilot initiatives
into tangible financial gains. Recent reports suggest that 70–85% of AI projects fail to deliver
the expected outcomes, especially when they are not properly planned [1]. The latest
research conducted by the Massachusetts Institute of Technology (MIT) in August 2025
indicates that as many as 95% of GenAI initiatives fail, while only 5% achieve significant
revenue growth [32].

The World Economic Forum (WEF) report on GenAI emphasizes that this technology
has become permanently embedded in the digital economy’s infrastructure, exerting a
significant impact across industries and society as a whole. From healthcare to finance,
GenAI is transforming the way we live and work, presenting both opportunities and
challenges [33]. At present, the influence of GenAI cannot be underestimated, even though
it remains an evolving technology. The WEF report highlights, above all, that AI must be
developed fairly and transparently, ensuring equal access and non-discrimination. It further
indicates that GenAI is reshaping production systems, as companies train employees and
implement new technologies within networks such as the Global Lighthouse Network. At
the same time, occupational structures are transforming: certain jobs will disappear, while
new roles will emerge, making it essential to prepare the workforce for these changes.

GenAI performs different roles depending on the context, ranging from a tool sup-
porting creativity in business-to-consumer (B2C) settings to a technology transforming
productivity and operational models in business-to-business (B2B) environments (Table 1).

The majority of GenAI-related revenues are generated in business applications; con-
sumer adoption accounts for scale but not for economic value. Enterprise applications are
characterized by greater implementation maturity, stronger process integration, and more
stringent quality and accountability requirements. Model-related risks constitute a limiting
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factor in the scaling of business solutions, thereby driving the development of guardrails,
retrieval-augmented generation (RAG), and AI governance frameworks [1,43].

Various theories explain technology adoption across different contexts [44,45]. Imple-
menting AI in the context of SMEs requires a theoretical framework that comprehensively
captures its complexity and multidimensionality [46].

Table 1. The Use of Generative AI by Businesses and Consumers (State of Knowledge 2024–2025).

Tool Dominant Segment Adoption Characteristics

ChatGPT B2C → B2B Mass consumer adoption;
enterprise monetization

Microsoft Copilot B2B High productivity impact;
integration with M365

GitHub Copilot B2B/B2E Strong productivity growth
among developers

Midjourney B2C → B2B Creativity; marketing; media

Stable Diffusion B2C/B2B Open-source model;
developer-driven adoption

Grok B2C Social media; infotainment

DeepSeek B2C Education, knowledge services;
Asian market

Source: Authors’ own elaboration based on comparative analysis of publicly available information [34–42].

2.3. The Maturity of AI Adoption by SMEs in Poland in Comparison with Selected
International Markets

The analysis of AI utilization in enterprises increasingly requires a comparative per-
spective that enables the assessment not only of the level of adoption itself but also of the
pace of technology diffusion and the degree of user maturity. In this context, international
studies on GenAI are particularly important, as they allow Poland’s situation to be com-
pared with markets with a longer history of digital technology development, such as the
United States and the United Kingdom.

According to the Generative AI Adoption (2025) report prepared by the Human + AI
Institute [47], the process of GenAI tool adoption follows a relatively universal temporal
pattern that is only marginally dependent on national context. The average period between
first exposure to the technology and its regular use is approximately six months, a conclu-
sion also supported by empirical studies conducted across various sectors and countries,
including the United States, the United Kingdom, and Poland [48]. This suggests that
differences between markets stem primarily from the pace of technology diffusion and the
timing of its entry into mainstream professional practice, rather than from distinct user
learning curves.

Against this background, Poland stands out with a relatively high level of regular use
of GenAI tools. According to data from the Human + AI Institute, 63% of respondents
in Poland declare systematic use of GenAI, exceeding the results recorded in the United
States, the United Kingdom, and Spain [47]. The high pace of adoption in Poland is further
confirmed by research conducted by the National Bureau of Economic Research (NBER),
which indicates that GenAI is spreading more rapidly than earlier breakthrough technolo-
gies, such as the personal computer or the internet. One of the key factors differentiating
markets is therefore the speed of diffusion rather than users’ cognitive barriers [49].

At the same time, the relatively high level of adoption in Poland may be associated
with institutional and infrastructural progress in the field of AI. Reports by the Organiza-
tion for Economic Co-operation and Development (OECD) point to growing investments
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in so-called AI enablers, including data infrastructure and data governance frameworks,
which position Poland as one of the leaders within the European Union (EU) in this
area [50]. These factors facilitate the rapid incorporation of AI tools into organizational
practice, even in contexts characterized by limited formalization of implementation strate-
gies. At the same time, these findings require cautious interpretation, as a high level of
declared use does not necessarily translate into advanced, systemic integration of AI within
business processes.

The Generative AI Adoption study focuses on declarative, individual use of GenAI
tools rather than on the level of their formal implementation within enterprises. The data
obtained are therefore not fully comparable with official EU statistics, including the Digital
Economy and Society Index (DESI) indicators, which place Poland relatively low in terms
of AI adoption at the level of companies and institutions, at 5.9% [51]. The observed
discrepancy suggests that Poland’s high ranking in the Generative AI Adoption report
primarily reflects the intensity of bottom-up, often informal use of generative tools by
employees, rather than the systemic maturity of AI implementation within organizations.
In this sense, the report’s findings do not contradict EU data but instead describe a different
dimension of AI adoption: the rapid diffusion of consumer-oriented tools that do not
necessarily translate into structured, strategic corporate deployments.

The picture of a high level of individual, often informal use of AI tools is also confirmed
by research conducted by KPMG. According to the report Artificial Intelligence in Poland:
A Landscape Full of Paradoxes [52], 69% of respondents in Poland use AI on a regular
basis, exceeding the global average of 66%. Such differences in perspective are typical in
analyses of AI adoption. Declarative data may indicate high awareness and widespread
popularity of generative tools among employees, whereas DESI/EU statistical data point to
a lower level of actual integration of AI within business operations [51]. Both perspectives
are valuable; however, they refer to distinct dimensions of adoption and should therefore
be interpreted appropriately in the context of research on AI implementation.

A comparison of the report findings reveals a significant paradox within the Polish
market. On the one hand, a very high level of AI utilization is observed, particularly at
the individual level; on the other hand, there is a relatively low degree of formalization in
terms of strategy, competencies, and regulatory awareness. In contrast to markets such as
those in the United States, the Polish model appears more bottom-up and democratic. This
is largely because AI adoption in the United States is strongly associated with a readiness
to invest in commercial solutions and with well-developed managerial structures. Another
particularly noteworthy feature of Poland concerns the demographic structure of AI users.
While in the United Kingdom and the United States, the intensity of AI use clearly declines
with age, in Poland, a relatively balanced level of regular usage is observed across all age
groups. This phenomenon facilitates the faster diffusion of technology into the workplace
and increases its potential for broad application within enterprises.

In summary, the international comparative analysis indicates that Poland occupies
a unique position in the global landscape of AI adoption. A high proportion of regular
individual users, a rapid pace of growth, and the absence of pronounced demographic
barriers make the Polish market a particularly compelling reference point for further
research on AI utilization in enterprises. At the same time, comparison with markets such
as the United States, the United Kingdom, and Spain demonstrates that leadership in AI
does not necessarily stem solely from technological primacy; it may also result from the
speed of adaptation, user openness, and a pragmatic approach to innovation.
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2.4. Stages of AI Adoption in Polish Enterprises

The process of AI adoption in Polish enterprises has undergone a marked evolu-
tion in recent years, shifting from incidental technological experiments toward increas-
ingly structured implementations aligned with the operational and strategic objectives
of organizations. At the same time, the landscape of AI utilization in Poland remains
highly heterogeneous, which is characteristic of technologies undergoing intensive market
growth. This phenomenon is confirmed by both national studies and international analyses,
which indicate the coexistence of different stages of adoption maturity within a single
market [47,53].

Based on the available empirical evidence, several distinct phases of AI adoption
can be identified among Polish enterprises. The earliest of these is the exploratory phase,
encompassing approximately one-quarter to one-third of companies. Organizations at this
stage recognize the potential of the technology but do not yet possess clearly defined use
cases or a coherent implementation vision. This phase is characterized by unsystematic
testing of widely available generative tools, often conducted outside core business processes,
which corresponds with observations from other countries and sectors [47,48,53].

The subsequent stage is the pilot phase, characteristic of approximately 30% of en-
terprises. At this level, organizations implement proof-of-concept projects, focusing on
applications with a relatively low entry threshold and easily measurable business value,
such as data analytics, the automation of repetitive processes, or conversational solutions.
This stage serves as an intensive learning phase, during which enterprises develop initial in-
ternal competencies and confront their expectations with the actual costs and technological
limitations involved [47,53].

The phase of regular AI utilization encompasses approximately one-fifth of enterprises
and marks the transition from experimentation to stable operational applications. AI
solutions are integrated into core business processes, and isolated initiatives gradually give
way to a more holistic approach. At this stage, there is a visible increase in investment in
in-house competencies, the emergence of specialized teams, and the recognition of AI as
an infrastructure component supporting multiple areas of activity simultaneously. These
trends are also reflected in the findings of KPMG [52,53].

A distinct group consists of enterprises planning their first AI implementations within
the next 12 months. These entities already possess preliminarily defined budgets, timelines,
and strategic frameworks, with the process of formulating an AI strategy proceeding
in parallel with implementation planning. This phenomenon may be interpreted as an
indication of increasing managerial maturity, in which AI ceases to be treated solely as
an experimental tool and begins to be perceived as a component of the organization’s
long-term development [48,53].

The analysis of AI implementation stages in enterprises indicates that a company’s
business profile significantly determines both the selection of AI application areas and the
manner of its utilization. According to the findings of the report How Polish Companies
Implement AI?, prepared by Ernst and Young (EY), organizations do not implement AI
solutions in a uniform manner. On the contrary, they adapt them to the specific nature
of their core activities, treating AI as a tool that enhances key business competencies
rather than as a universal technological solution. From a cross-sectional perspective, the
largest share of AI implementations, approximately half, is concentrated in the area of
customer service. This confirms that AI is primarily deployed where it can directly influence
the quality of market interactions, the scalability of customer contact, and operational
efficiency. Other significant areas include sales, as well as information technology (IT)
and cybersecurity, indicating the growing role of AI in both revenue generation and
safeguarding enterprises’ digital infrastructure (Figure 1).
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Figure 1. Functions of AI Implementation in Enterprises in Poland in 2023. Source: own elaboration
based on [54].

Based on the findings [54,55], it can be inferred that a company’s business profile
significantly determines the dominant functional areas of AI tool implementation. In
particular, it may be assumed that manufacturing enterprises deploy AI primarily in
areas directly related to production processes, commercial enterprises mainly in sales and
customer service, and service-oriented enterprises in customer service, IT support, and
cybersecurity. This hypothesis assumes that AI solutions are implemented selectively and
functionally aligned with the key business processes characteristic of a given sector, rather
than deployed uniformly regardless of the company’s operational profile.

At the same time, EY [54] data reveal clear differentiation in the functions of AI imple-
mentations depending on the organization’s business profile. Manufacturing enterprises
deploy AI-based solutions primarily in areas directly related to the production process.
More than half of production-oriented companies (55.5%) use AI in manufacturing, where it
supports, among other things, production planning optimization, predictive maintenance,
quality control, and performance management. At the same time, significant implementa-
tion activity is observed in customer service (36.3%) and in supply chain management and
logistics (33.5%), demonstrating that even within the manufacturing sector, AI spans the
entire value stream rather than being confined solely to factory operations [54]. In the case
of commercial enterprises, sales constitute the dominant area of AI application. As many
as 64.2% of respondents identify sales as the primary domain for AI-driven projects. These
solutions include demand forecasting, dynamic pricing, product recommendation systems,
and sales team support. Other significant areas include customer service (54.7%) and
finance (36.8%), reflecting the commercial sector’s focus on revenue maximization, margin
improvement, and financial risk control [54]. Service enterprises, in turn, predominantly
use AI in customer service, with 64.0% of companies in this sector identifying it as the key
implementation area. This reflects the fact that customer interaction quality is a central
component of value creation in the service sector. The second most frequently indicated
area is IT and cybersecurity, at 42.3%, followed by marketing and market analysis, at 36.6%,
indicating that service organizations treat AI both as a tool for operational stabilization and
as a means of enhancing service development and market communication.

The juxtaposition of these findings leads to an important hypothesis: the maturity of AI
implementation does not depend on the breadth of its applications but rather on the degree
to which these applications are aligned with the company’s business model. Organizations
use AI most effectively when they focus on functions critical to achieving their strategic
objectives. The business profile thus acts as a decision-making filter, determining both the
starting point of AI implementation and its subsequent developmental trajectory within
the organization.
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2.5. Barriers and Challenges

Despite the clear acceleration of AI adoption in Polish enterprises, the process con-
tinues to encounter a range of significant economic, competence-related, technological,
organizational, and social barriers. An analysis of 2025 data indicates a notable shift
in the nature of the dominant challenges. The emphasis is moving away from a sim-
ple lack of knowledge or low technological awareness toward more complex issues re-
lated to scaling solutions, implementation architecture, and integrating AI with existing
organizational systems.

The most frequently cited barrier remains the cost of implementing and maintain-
ing AI solutions, which, in 2025, once again ranked at the top of the list of constraints.
Approximately 39% of enterprises identify costs as the primary factor limiting further imple-
mentation, and in the case of GenAI solutions, this share remains comparable. Year-on-year
analysis confirms that high implementation costs became the leading barrier in 2025, with
their significance increasing by 11 percentage points compared with 2024. This increase
should be directly associated with the dynamic growth of GenAI, which has raised the tech-
nological entry threshold through new licensing models, rising computational power costs,
and heightened security and regulatory compliance requirements [51]. While in previous
years infrastructure costs were gradually reduced due to the widespread adoption of cloud
solutions, the expansion of GenAI has shifted the economic burden toward the application
and competence layers. These include, among others, licenses for GenAI models, fees for
real-time computational use, costs of integrating AI tools into existing business processes,
and rising expenditures for developing and maintaining specialized competencies, includ-
ing data science and machine-learning operations (MLOps). As a result, the economic
barrier to implementation is shifting from one-time infrastructure investments toward
recurring, less predictable operational costs, which increasingly determine the scalability of
AI-based solutions (Table 2).

Table 2. Barriers to AI Implementation in Enterprises in Poland in 2025.

Barrier 2024 2025

High costs 28% 39%

Lack of competencies and training 42% 29%

Absence of an AI strategy 27% 26%

Data-related issues - 23%

Legal regulations 20% 19%

Employment-related concerns 27% 17%
Source: own elaboration based on [53].

In 2025, the second most frequently indicated barrier is the shortage of competencies
and training, at 29%; however, its significance has declined markedly compared with
2024, by 13 percentage points, which may indicate the gradual professionalization of the
market and increasing availability of basic AI-related skills. This decline does not imply
that the problem has been fully resolved, but rather that it has undergone a qualitative
transformation, from a deficit of general knowledge toward a shortage of highly specialized
competencies related to scaling, architectural design, and model lifecycle management.
The lack of a formal AI strategy remains relatively stable at 26%, suggesting that some
enterprises continue to implement solutions in a fragmented manner, without firmly
embedding them within their core business models (Table 2).

A newly identified and clearly significant barrier concerns data-related problems, at
23%, reflecting the transition of the market into a more advanced stage of adoption, in
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which data quality, interoperability, and governance become critical. As the complexity
of solutions increases, particularly in the case of generative systems, the importance of
information security and regulatory compliance grows correspondingly. At the same time,
the perceived significance of legal regulations, at 19%, and employment-related concerns,
at 17%, is declining, with the particularly marked decrease in the latter suggesting a
normalization of AI perception within organizations.

Overall, the structure of barriers indicates the maturation of the AI ecosystem in
Poland: a shift from constraints rooted in uncertainty and lack of knowledge toward
challenges associated with the economics of scaling, data governance, and the development
of sustainable competitive advantage.

The analysis of barriers to AI implementation in enterprises indicates that the obsta-
cles identified in industry and empirical studies remain fully consistent with the classical
Technology–Organization–Environment (TOE) model, which is widely applied in research
on digital technology adoption [56]. Within the technological dimension, dominant barriers
include implementation costs, system complexity, data quality, and the level of information
technology (IT) infrastructure readiness. A study published in APTISI Transactions on
Management [57], examining AI adoption in the SME sector, demonstrates that technologi-
cal factors, particularly high costs and solution complexity, constitute the most strongly
perceived implementation barriers, regardless of industry or organizational size. Similar
conclusions emerge from analyses of AI agent implementation in enterprise resource plan-
ning (ERP) systems, where insufficient data quality and limited compatibility with legacy
systems frequently determine project failure at an early stage [58].

The organizational dimension encompasses barriers related to human capital, gover-
nance structures, and the level of strategic maturity of enterprises. The literature indicates
that a shortage of qualified personnel, a low level of digital competencies, and the absence
of a coherent AI strategy significantly limit companies’ ability to effectively leverage tech-
nology, even when appropriate tools are available. Research conducted within the TOE
framework further confirms that the lack of clearly defined decision-making structures and
AI governance mechanisms fosters the emergence of fragmented, non-scalable implemen-
tation initiatives. This is directly reflected in market reports describing so-called “island”
AI deployments [56,58].

Environmental barriers, in turn, arise from external conditions such as regulatory un-
certainty, limited institutional support, and dependence on technology providers. Research
published in APTISI Transactions on Management indicates that the absence of stable legal
frameworks and insufficient public support constitute significant factors inhibiting AI
adoption, particularly in the SME sector [57]. Concurrently, analyses of AI implementations
in corporate systems emphasize the importance of vendor lock-in risk and the growing
complexity of the regulatory environment, both of which slow down decision-making
processes and constrain the scale of technological investments [58].

The juxtaposition of the above findings leads to the conclusion that barriers to AI im-
plementation are systemic and multidimensional in nature, and that their structure remains
consistent with the assumptions of the TOE model. Technological factors determine the
feasibility of implementation, organizational factors influence its effectiveness and sustain-
ability, and environmental factors shape the pace and scope of adoption. Consequently, the
TOE framework constitutes an appropriate and empirically validated theoretical lens for
analyzing barriers to AI implementation in enterprises, including in the Polish context [56].

An additional factor intensifying the cost pressure associated with AI implementation
is the rising cost of computational infrastructure, driven by increasing global demand
for resources required to train and deploy AI models [59,60]. This phenomenon partic-
ularly affects enterprises planning on-premise or hybrid deployments, where hardware
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expenditures constitute a significant share of the overall digital transformation budget [61].
The increase in infrastructure costs also indirectly affects cloud-based models, as service
providers gradually incorporate rising resource expenses into the pricing of their solutions.
Consequently, the entry threshold for organizations seeking to scale AI-based solutions
increases, which is particularly relevant given the financial constraints characteristic of the
SME sector [53].

One of the significant barriers to AI implementation remains the lack of competencies
and adequate training, although its importance has clearly declined compared with the
previous year. The proportion of enterprises identifying this factor decreased from 42% in
2024 to 29% in 2025, suggesting a gradual narrowing of the skills gap due to intensified
recruitment and training efforts [53]. At the same time, the barrier related to the absence of
a coherent AI strategy remains relatively stable, indicated by approximately one-quarter of
surveyed companies, suggesting its structural rather than transitional character [53]. As AI
solutions move from the pilot phase into production environments, technological barriers
associated with data quality and availability become increasingly evident, particularly at
the stage of scaling implementations [53].

Changes in the structure of barriers to AI implementation indicate that the AI market
in Poland is entering a phase of higher maturity, in which access to competencies is no
longer the primary challenge, while strategic, cost-related, and organizational issues are
gaining increasing importance. Although the skills gap is gradually narrowing, the absence
of a coherent AI strategy and the growing economic pressure associated with scaling
implementations remain structural barriers, limiting the full integration of AI with business
processes [53]. Against this background, socio-organizational barriers are becoming more
pronounced, particularly those related to data security, accountability, and the manner in
which AI tools are used in everyday work. A high proportion of employees using publicly
available AI tools without formal organizational guidelines fosters the emergence of the
so-called “AI blind spot,” understood as a low level of transparency, result verification, and
reflection on the consequences of using this technology [52].

A low propensity to verify the accuracy of AI-generated content, combined with
limited awareness of its limitations and ethical risks, leads to the accumulation of threats
that may only become visible at the stage of erroneous decisions, regulatory breaches,
or reputational crises. From this perspective, the “AI blind spot” constitutes one of the
key barriers to the further scaling of AI, primarily organizational and cultural in nature.
Overcoming it requires not much further expansion of tool adoption as the implementation
of clear governance principles, standards for responsible AI use, and a culture of transparent
reporting regarding its application [52,53].

In summary, in 2025, the main barrier to further AI adoption in Poland is no longer
the technology itself but rather a triad of interrelated factors: costs, competencies, and
data. The conclusions drawn from recent reports clearly indicate that the maturity of
AI adoption cannot be assessed solely through the scale of tool usage. It must also take
into account the level of responsibility, reflexivity, and ethical awareness among users.
Paradoxically, as many as 90% of respondents in Poland are unaware of existing AI-related
regulations, despite expressing high expectations regarding clear legal frameworks and
accountability standards [52]. Without systematically addressing the “AI blind spot”, rapid
technological adoption may become a source of new, difficult-to-control risks rather than a
foundation for sustainable competitive advantage. Organizations that effectively manage
these areas through the development of competence centers, the implementation of ma-
ture MLOps platforms, and the formalization of AI strategies are more likely to achieve a
durable competitive advantage. These evolving barriers increasingly extend beyond purely
technological implementation problems and involve broader questions of organizational
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responsibility, governance, and long-term sustainability. The recent literature increasingly
views AI adoption not only as a technological or productivity-oriented process, but also
as an element of sustainable digital transformation. From this perspective, sustainable
AI implementation encompasses a balance between operational efficiency and organiza-
tional resilience, responsible governance, transparency, employee adoption, cybersecurity,
and long-term social and environmental impacts [3,56,62,63]. At the same time, it can be
observed that SMEs’ sustainability orientation differs significantly from that of large corpo-
rations. Previous research shows that SMEs often approach development pragmatically and
with a survival mindset, prioritizing long-term competitiveness, organizational resilience,
and business continuity over formal environmental or broader ESG frameworks [64,65].
Due to limited financial and managerial resources, SMEs often perceive environmental re-
quirements and sustainability reporting obligations as an additional organizational burden
rather than a strategic opportunity [66,67]. As a result, sustainability decisions in SMEs
are often driven by immediate operational pressures and market competition rather than
explicit environmental goals. This creates a significant gap between growing regulatory
and societal expectations regarding ESG and the actual level of awareness within SMEs.

2.6. Research Questions

Based on the literature review, this study adopts an exploratory and explanatory
approach rather than a hypothesis-testing framework. This choice is justified by the still-
emerging character of AI implementation in SMEs, the heterogeneity of adoption patterns,
and the limited empirical evidence concerning the organizational and sustainability-related
consequences of AI use in this sector. The research questions are therefore formulated to
capture not only the determinants of AI adoption, but also its perceived effects on internal
business processes and managerial decision-making.

First, previous studies indicate that the effects of AI adoption may differ across firms,
depending on firm characteristics such as company size, sectoral profile, and the nature of
business processes. Although larger firms often have stronger resources and infrastructure
for advanced AI implementation [68,69], the spread of low-threshold GenAI tools may
reduce the traditional importance of company size. At the same time, sectoral differences
remain important, as AI applications tend to align with the dominant processes of a given
industry, such as customer service, sales, production, IT support, or marketing [54,55].
Therefore, the first research question is as follows:

RQ1: Do firm characteristics, such as size and sector, condition the effects of AI implementation on
internal business processes in SMEs?

Second, the literature emphasizes that AI implementation is constrained by technolog-
ical, organizational, and environmental barriers. Within the TOE perspective, these barriers
include implementation costs, insufficient infrastructure, lack of competencies, poor data
quality, regulatory uncertainty, and limited organizational readiness [56,57]. More recent
studies also show that as AI implementation becomes more advanced, barriers shift from
basic awareness and skills toward data governance, integration, security, and the economic
costs of scaling [53,58]. This leads to the second research question:

RQ2: What are the main barriers preventing SMEs from achieving the positive effects of AI
implementation on their internal business processes?

Third, the reviewed literature suggests that the economic effects of AI depend not only
on whether a firm uses AI, but also on the maturity and depth of its implementation. AI may
contribute to productivity gains, time savings, automation, and better decision-making,
but these effects often require integrating AI into repeatable processes rather than isolated
experimentation [8,35,49]. At the same time, the scaling of AI may generate new costs

https://doi.org/10.3390/su18136503

https://doi.org/10.3390/su18136503


Sustainability 2026, 18, 6503 14 of 37

related to paid tools, data preparation, infrastructure, and governance [1,53]. Accordingly,
the third research question is as follows:

RQ3: Does the level of advancement of AI implementation influence the perceived economic effects
of AI use in SMEs?

Fourth, although AI is increasingly discussed in relation to sustainable development,
the link between AI adoption and sustainability in SMEs remains empirically underex-
plored. Existing studies suggest that AI may support sustainability by improving resource
efficiency, decision-making, and organizational resilience [3]. However, responsible and
sustainable AI also requires governance, transparency, and attention to ethical and regula-
tory standards [56,62]. Since SMEs often make technology decisions primarily on pragmatic
and efficiency-oriented grounds, it is important to examine whether sustainability con-
siderations are actually included in their AI-related decisions. This leads to the fourth
research question:

RQ4: Do SME entrepreneurs and managers take sustainability issues, including environmental
aspects, into account when making decisions about AI implementation?

Consumer research indicates that societal expectations regarding the environmental
responsibility of new digital technologies are growing [70], creating an increasing gap
between external pressure and the actual level of environmental awareness among SME
managers implementing AI. This makes RQ4 particularly timely, as SMEs operating under
intensifying ESG-related societal pressure may be largely unaware of the environmental
dimension of their AI-related decisions.

Together, these research questions structure the empirical analysis around four inter-
related dimensions: firm characteristics, implementation barriers, economic effects, and
sustainability-related considerations. This approach allows us to examine AI adoption
in SMEs not only as a technological phenomenon but also as an organizational process
shaped by resources, capabilities, managerial perceptions, and the practical conditions of
implementing AI in everyday business operations.

3. Research Methodology and Data Sources
The empirical basis of this article was a study conducted among SMEs located in

the Kuyavian–Pomeranian Voivodeship. Primary data were collected between November
2025 and January 2026 using the Computer-Assisted Web Interviewing (CAWI) method. A
standardized survey questionnaire was addressed to enterprise managers, enabling the col-
lection of strategic and decision-making information. The questionnaires were distributed,
inter alia, through business support institutions, including the regional Chamber of Indus-
try and Commerce and the Regional Development Agency, thereby facilitating access to a
broad and diverse spectrum of economic entities. A total of 112 enterprises participated in
the study, of which 70 reported using AI and completed the extended questionnaire. The
sample thereby facilitates access to a broad, diverse, random, and regional sample, which
limits the possibility of fully generalizing the findings to the entire population of SMEs in
Poland. At the same time, the regional scope of the study enabled the analysis of enter-
prises operating within a relatively homogeneous institutional and market environment,
thereby enhancing the internal coherence of the results and allowing for a more precise
identification of relationships between AI adoption levels and the barriers encountered.

Utilizing encompassed both enterprises with a high level of AI tool adoption, using a
broad range of solutions and proprietary agents, and entities with basic adoption levels,
primarily limited to the use of publicly available tools such as ChatGPT. The survey
instrument enabled the collection of information regarding the extent of AI utilization, the
types of solutions employed, and managerial awareness of the opportunities and risks
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associated with AI implementation. The table below presents the main descriptive statistics
for the key variables characterizing the research sample, including industry sector, company
size, and the organizational role of the respondent (Table 3).

Table 3. Sample characteristic.

Characteristic Categories—Total Sample Size n = 112

Industry sector Manufacturing Trade Services
18% 17% 65%

Company size (by
number of employees)

Micro-enterprises
0–9 employees

Small and medium-sized
enterprises

10 or more employees
43% 57%

Respondent’s role in
the company

Owners Management board or
managerial staff Other employees

36% 36% 28%
Source: Authors’ own SME survey; all responses; n = 112.

The originality of the study lies in its focus on the SME sector in the Kuyavian–
Pomeranian region and in the simultaneous analysis of organizational, competence-related,
and strategic factors influencing decisions to implement AI. The collected data provide a
basis for a multidimensional assessment of AI utilization in enterprises, including eval-
uating readiness to adopt paid tools, the level of adoption maturity, and the impact of
industry profile and company size on implementation decisions. The results derived from
the analysis of these data are presented in Section 4.

In addition to the quantitative analysis, a qualitative component was conducted to
complement and deepen the interpretation of the results. A total of 13 in-depth interviews
(IDIs) were conducted with representatives of firms operating across different sectors in
the same region covered by the survey. This ensured contextual consistency between the
qualitative and quantitative parts of the research.

The interview protocol was designed to reflect the key dimensions of AI adoption
included in the quantitative analysis, allowing for direct comparability of findings across
methods. At the same time, particular emphasis was placed on exploring aspects not fully
captured in the survey, especially the level of awareness of the relationship between AI
implementation and sustainability.

Several methodological decisions were adopted to improve the study’s internal consis-
tency and analytical robustness despite the relatively limited sample size. First, multiple
logit models were estimated separately for different dimensions of perceived AI impact,
allowing the analysis to capture heterogeneous organizational effects rather than assum-
ing a single aggregated outcome. Second, robust standard errors (HC1) were applied
to reduce the influence of potential heteroskedasticity. Third, an additional robustness
check, all baseline logit models were re-estimated using probit specifications. Fourth, the
quantitative findings were triangulated with qualitative evidence obtained from in-depth
interviews, which enabled cross-validation of the identified mechanisms and reduced the
risk of overinterpreting purely statistical relationships.

4. Data Analysis and Discussion of Empirical Findings
4.1. General Determinants of AI Utilization by Enterprises

The results of the conducted study indicate that the level of AI tool utilization is
relatively similar across enterprises of different sizes. The proportion of entities declaring
AI use amounts to 58% among micro-enterprises and 66% among SMEs employing 10 or
more workers. The observed differences are moderate and do not allow for unequivocal
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confirmation of a strong relationship between company size and the use of AI per se. These
findings challenge the widely cited conclusions in the earlier literature, according to which
the adoption of advanced digital technologies, including AI-based solutions, has primarily
been the domain of large enterprises possessing substantial financial and human resources.
In the examined sample, micro-enterprises and SMEs also report AI use to a significant
extent, which may indicate the progressive democratization of access to these technologies.

Contemporary research consistently demonstrates that although AI can significantly
enhance innovation and competitiveness in SMEs, the intensity and maturity of its imple-
mentation remain noticeably higher in bigger enterprises. These organizations possess
superior resources, infrastructure, and investment capacity to deploy advanced AI solu-
tions [68,69,71].

The relatively high level of AI adoption among the smallest business entities may be
interpreted as a consequence of the widespread availability of publicly accessible GenAI
tools characterized by a low entry threshold, intuitive usability, and limited implementation
costs. As a result, company size ceases to function as a key determinant of AI utilization
as such, giving way to competence-related factors, such as managerial knowledge, expe-
rience, and openness, as well as strategic considerations linked to perceiving AI as a tool
supporting decision-making and operational processes. At this stage of the analysis, the
obtained results should be treated as a starting point for further, more in-depth research,
particularly with regard to the intensity of AI utilization, the scope of its applications,
and implementation barriers. It may be assumed that although the use of AI does not
significantly differentiate enterprises by size, substantial differences may emerge at the
level of maturity and the manner in which these tools are employed. These aspects will be
examined in the subsequent sections of the study.

In contrast, significant differences in the overall scope of AI utilization are observed
across the industry sectors in which SMEs operate (Table 4). In the service sector, 70% of
enterprises reported using at least one AI tool, while manufacturing companies exhibited a
similarly high level of adoption at 68%. By comparison, fewer than half of enterprises in the
trade sector reported using any AI systems at the time of the study, with 48% reporting use.
These findings suggest a strong influence of industry-specific characteristics, particularly
the nature of processes carried out within enterprises, on the pace of AI adoption.

Table 4. Use of AI by SMEs.

Total n = 112 63%

Industry

Production (n = 22) 68%

Trade (n = 21) 48%

Services (n = 79) 70%

Role within the enterprise

Owner (n = 40) 65%

Management board/managerial
staff (n = 41) 66%

Other employees (n = 31) 55%

Company size

Micro enterprises (0–9 employees)
(n = 48) 58%

Small, medium-sized, and
large enterprises
(10+ employees) (n = 64)

66%

Source: Authors’ own SME survey; all responses; n = 112.
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To deepen the earlier analyses, which focused solely on whether AI was adopted, the
authors segmented enterprises by the intensity and maturity of AI tool utilization (Table 5).
The proposed segmentation is functional and technological, as it is based not on declared
attitudes but on the actual scope of the platforms and tools employed.

Table 5. Segmentation of Enterprises by Intensity of AI Use.

Component Variables of
the Segmentation

Segmentation: Which AI platforms and/or Tools Does Your Enterprise Use?
(Ward Method)

Weak Use (Primarily
ChatGPT)

Office Use
(ChatGPT, Gemini,
Microsoft Copilot)

Intensive Office Use (AI
Agent Systems, Claude,

Perplexity AI)

n = 26 (37%) n = 27 (39%) n = 17 (24%)

AI agent systems 71%

ChatGPT (a tool for text generation and
conversational interaction) 54% 100% 94%

Gemini (a generative AI tool supporting
text, image, and multimodal outputs) 15% 78% 94%

Microsoft Copilot (AI supporting
programming tasks and integration
within Microsoft 365)

15% 63% 41%

Grok (an AI tool used, inter alia, for data
analysis and process automation) 19% 12%

DeepSeek (AI designed for information
retrieval and analytical tasks) 19% 24%

Midjourney (AI-based image and graphic
generation tool) 4% 24%

Claude (a natural language processing
and conversational AI tool) 4% 41%

Perplexity AI (an AI-powered research
and article search tool) 7% 59%

Bielik AI (a Polish large language model
for text generation and
conversational use)

7% 24%

Proprietary AI tools (on-premise
solutions developed internally within
the enterprise)

12% 4% 29%

Other tools 4% 6%

Source: Authors’ own SME survey; responses provided by AI users; n = 70.

In the analyzed sample, the largest share is enterprises classified in the “office use”
segment, at 39%, followed by entities characterized by low AI usage, at 37%. The smallest
yet most cognitively interesting group is the “intensive office use” segment, comprising
24% of enterprises that utilize AI. The structure of the segments themselves indicates that
as technological advancement increases, the number of entities capable of absorbing more
complex AI-based solutions decreases. This observation is consistent with findings reported
in studies conducted among medium-sized and large enterprises. The low AI usage
segment is characterized by a clear concentration on a single dominant tool, most frequently
ChatGPT, with only marginal use of other solutions. These enterprises treat AI primarily
as support for isolated, ad hoc tasks, reflected in the low diversification of the platforms
they employ. From the perspective of digital maturity, they may be described as being at
an early exploratory stage of AI utilization, without a clearly defined strategy for further
development in this area. The “office use” segment represents a more advanced, although
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still relatively conservative, model of AI adoption. While ChatGPT remains the primary
platform, there is a noticeable increase in the use of tools such as Gemini and Copilot. This
suggests the gradual institutionalization of AI within everyday office processes, particularly
in areas such as information analysis, content creation, and collaborative work support.
In this segment, AI already performs an operational function rather than serving merely
as an experimental add-on. The most advanced segment, intensive office use, despite
its relatively small size, provides particularly significant analytical insights. Enterprises
in this group not only utilize popular generative platforms but also adopt specialized
solutions such as AI agents, Perplexity, Claude, and Midjourney. The high share of agent-
based systems and proprietary on-premise tools suggests that these entities exhibit greater
competence and autonomy and a higher propensity for technological experimentation.

Particular attention should be paid to the use of AI agents, which may signal a
new stage in AI adoption within enterprises at 29%. Although in 2025 these solutions
remain largely experimental, their presence within the intensive use segment suggests that
some companies are beginning to perceive AI not merely as a tool supporting isolated
tasks but as a component of more complex, partially autonomous decision-making and
operational processes. The alignment of these observations with findings from studies
of medium-sized and large organizations suggests that the SME sector, despite its more
limited resources, is following a similar technological development trajectory, albeit on a
smaller scale. The segmentation results, therefore, confirm that the key challenge lies not
in access to AI tools per se but in enterprises’ capacity to integrate them, experiment with
their applications, and develop the competencies necessary to transition from simple forms
of use to more advanced adoption models. At the same time, identifying the intensive use
segment provides an important foundation for further analysis of AI’s impact on enterprise
performance, as the effects of implementation are expected to be most pronounced and
multidimensional within this group, an issue examined in the subsequent sections of
this chapter.

The analysis of the data presented in Figure 2 indicates that the economic sector
significantly differentiates the scale and nature of AI tool adoption. In contrast to earlier
findings, in which company size did not constitute a strongly differentiating factor, a
sectoral perspective reveals clear disparities among the examined industries.

Figure 2. Differentiation in the Level of AI Tool Adoption by Enterprise Sector. Source: Authors’ own
SME survey; responses provided by AI users; n = 70.
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Among manufacturing enterprises, the dominant form of AI use is basic adoption,
primarily limited to ChatGPT, according to 52% of respondents. At the same time, 33% of
manufacturing companies report not using any AI tools. Specialized adoption, encompass-
ing more advanced solutions such as agent-based systems and dedicated tools, is declared
by only 14% of entities. This distribution indicates a cautious and selective approach to AI
implementation in the manufacturing sector, focused more on individual, proven solutions
with clearly defined functionality than on broad experimentation with multiple tools simul-
taneously. The lowest level of AI activity was observed in the trade sector. As many as 73%
of commercial enterprises report no AI tool use, making this sector the least technologically
advanced in the analyzed sample. Only 7% of trade companies use specialized AI solutions,
while 20% report intensive, horizontal adoption involving multiple tools. These findings
suggest a relatively low readiness of the trade sector for the implementation of systemic
AI, which may result from the specificity of business processes and a limited perception
of the direct operational benefits arising from their use. The most diversified adoption
profile is observed in the service sector. Accordingly, 50% of service enterprises use basic
AI tools, mainly ChatGPT, while 10% report specialized adoption and 9% report intensive,
horizontal usage. At the same time, 32% of service companies do not use AI at all. This
structure indicates that the service sector is in a transitional phase, in which non-adopting
entities coexist with enterprises gradually experimenting with increasingly advanced forms
of AI application.

The obtained results clearly suggest that industry profile influences not only the mere
fact of AI tool utilization but also the level of advancement of the implemented solutions.
The manufacturing and service sectors demonstrate a greater propensity to adopt AI
than the trade sector; however, manufacturing companies tend to prefer specialized and
functionally targeted solutions, whereas service enterprises exhibit greater openness to
experimenting with a variety of tools. In this context, the findings provide an important
premise for further in-depth research on the relationship between industry profile and the
effects of AI implementation, particularly with regard to its impact on operational efficiency,
work organization, and enterprises’ readiness to transition from basic adoption toward
more intensive and specialized forms of AI utilization.

4.2. Barriers to AI Implementation in SME Operations

The data presented in Table 6 allow identification of three clearly distinct segments
of enterprises, differing in their perceptions of barriers to AI implementation. The
resulting segmentation indicates that barriers to AI adoption are heterogeneous and
strongly linked to the level of awareness, competencies, and organizational maturity of the
analyzed entities.

The first segment, comprising more than half of the sample (51%), is characterized
by a low perception of barriers or by their complete absence. Within this group, the most
frequently reported obstacle is data security (50%), while other barriers are reported only
sporadically. Particularly noteworthy is that no respondent in this segment indicated a lack
of knowledge about AI capabilities (0%). On the surface, this may suggest a high level of
competence and technological awareness among managers; however, this result should
be interpreted with considerable caution. The absence of a declared knowledge gap does
not necessarily imply an in-depth understanding of AI’s potential for business processes.
As qualitative observations and discussions with practitioners indicate, such knowledge is
often superficial and intuitive, reduced to a general belief in the “universal capabilities”
of generative tools, without a clear awareness of their actual operational and strategic
applications. In this sense, the low-barrier-perception segment may include enterprises
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that do not perceive barriers. However, this is not because they have overcome them, but
because they are not yet fully aware of the complexity of the AI implementation process.

Table 6. Segmentation of Enterprises by Perceived Barriers to the Implementation of AI Tools.

Segmentation: What Are the Main Barriers to AI Implementation in the Enterprise? (Ward Method)

Low Perception
of Barriers

Competency-
Related Barrier

Strategic–
Institutional Barrier Total

n = 36 (51%) n = 19 (27%) n = 15 (21%) n = 70 (100%)

Lack of knowledge about the
potential applications of AI 0% 100% 80% 44%

Lack of employees with
adequate competencies 19% 53% 80% 41%

High implementation costs 31% 16% 53% 31%

Concerns regarding
data security 50% 5% 100% 49%

Employee resistance to change 19% 26% 47% 27%

Lack of appropriate tools
and/or infrastructure 31% 11% 40% 27%

Failure to recognize the need
for AI implementation 8% 21% 53% 21%

None of the above 14% 0% 0% 7%

Source: Authors’ own SME survey; responses provided by AI users; n = 70.

The second segment, 27%, clearly concentrates on competence-related barriers. All
enterprises within this group indicate a lack of knowledge regarding AI capabilities (100%),
and more than half (53%) point to the absence of employees with adequate competencies.
Cost-related barriers and concerns regarding data security are of secondary importance
in this segment. Such a profile suggests that these entities recognize the potential of AI,
yet simultaneously identify a significant skills gap that prevents them from moving from
technological interest to actual implementation.

The third segment, 21%, represents the most complex and multidimensional profile
of AI adoption barriers. In addition to a lack of knowledge about AI capabilities (80%),
these enterprises very frequently indicate the absence of employees with appropriate
competencies (80%) and express concerns regarding data security (100%). Moreover,
compared with other segments, strategic and institutional barriers are more common, such
as a perceived lack of need to implement AI or employee resistance to change. It may
be assumed that these organizations are at a stage of strategic reflection, recognizing the
potential benefits of AI while simultaneously being aware of the scale of organizational,
legal, and competence-related challenges associated with its implementation.

Particular attention should also be paid to the relatively low aggregated share of
responses indicating the barrier related to the lack of employees with appropriate com-
petencies, 41% across the entire sample, and especially the mere 19% recorded within
the low-barrier-perception segment. This result stands in clear contrast to the findings of
most industry reports and international studies, which identify skills deficits as one of the
key obstacles to AI adoption. A possible explanation for this discrepancy lies in differing
interpretations of AI competencies among respondents, who may equate them with a
basic ability to use generative tools rather than with advanced analytical, engineering, or
integration skills. In summary, the barrier segmentation results suggest that the core chal-
lenge does not lie solely in financial or technological constraints, but rather in the uneven,
often superficial level of managerial awareness of AI’s actual capabilities and limitations.
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The identified segments form a logical continuum: from the apparent absence of barriers,
through consciously recognized competence-related barriers, to complex strategic and
institutional constraints. This continuum provides an important reference point for further
analysis of AI’s impact on enterprise functioning and enterprises’ readiness to adopt more
advanced forms of implementation.

4.3. Determinants of Impact of AI Adoption on Internal Processes in Small and
Medium-Sized Enterprises

The analysis is based on a set of binary dependent variables capturing different
dimensions of AI impact on firm operations, as perceived by company representatives.
These include reductions in working time, decreased workload, automation of repeti-
tive processes, cost reduction, and increased employee creativity. Given the dichoto-
mous nature of these variables, logistic regression was employed as the appropriate
econometric approach.

Initially, a broader set of dependent variables was considered, including impacts on
content creation, customer service quality, and task quality. However, the corresponding
models did not achieve satisfactory goodness-of-fit or predictive performance and were
therefore excluded from further analysis.

All estimated models share a common set of predictors reflecting key organizational
characteristics and perceptions: perceived barriers to AI implementation, concerns related
to AI use, employee attitudes toward AI, sector affiliation, firm size, and the level of AI
adoption within the enterprise. This unified specification enables consistent comparison
across different dimensions of AI impact. A logit model estimation [64] was applied, and
the results are presented in Table 7.

Overall, the presented models demonstrate good and analytically meaningful fit.
Discriminatory power, measured by the Area Under the ROC Curve (AUC), ranges approx-
imately from 0.79 to 0.85, indicating solid classification performance. Likelihood ratio (LR)
tests confirm that all models are globally statistically significant (p < 0.05 or better), while
McFadden’s pseudo-R2 values fall between 0.20 and 0.30, which is considered relatively
strong for logistic regression models.

Among all specifications, the model for impact on working time (impact_time) exhibits
the best fit, with high explanatory power (pseudo-R2 ≈ 0.30), excellent discrimination
(AUC ≈ 0.85), and balanced predictive performance (accuracy ≈ 80%, F1 ≈ 0.84). Models
for workload reduction (impact_work) and automation (impact_automatization) also show
solid performance, with slightly lower but still robust fit statistics. The model for creativity
(impact_creativity), while somewhat weaker (pseudo-R2 ≈ 0.20, AUC ≈ 0.79), remains
stable and analytically reliable.

Finally, the use of heteroskedasticity-robust standard errors (HC1) does not materially
alter the main conclusions. Core effects—particularly those related to R&D activity and
the level of AI adoption—remain statistically significant, whereas some marginal effects
(e.g., knowledge barriers) lose significance, suggesting limited robustness and warranting
cautious interpretation. The detailed model fit table is available in Appendix A.

The set of logit models indicates which enterprise characteristics determine which
effects of AI implementation are perceived as most significant (Table 8). The results show
that the perception of AI effects does not stem from a single universal mechanism, but
rather results from the interaction of technological, organizational, and perceptual factors.
However, their importance differs clearly depending on the type of effect considered, with
the strongest and most consistent patterns observed in relation to AI’s impact on work and
time, and the weakest in the case of creativity.
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An additional robustness check, all baseline logit models were re-estimated using probit
specifications—presented in Table A2 in the Appendix A. The probit estimations produced
results highly consistent with the original logit models. The key predictors retained both
their direction and substantive interpretation across specifications. In particular, the effects
associated with AI adoption level, service-sector affiliation, firm size, labor attitudes toward
AI, and the perceived usefulness of AI for research and development activities remained
stable or marginally stable across models. Model performance indicators, including AUC
and McFadden pseudo-R2, also remained broadly comparable across link functions, indicat-
ing satisfactory discriminatory power despite the relatively small sample size. Overall, the
results suggest that the substantive conclusions are robust to alternative binary-response
specifications and are not driven by the specific choice of the logistic link function.

Table 7. Definitions of Variables and Their Statistical Characteristics.

Variable Name Label Response Distribution

impact_time In which areas is the impact of AI felt in the
enterprise: reduction in working time

No—38.6%
Yes—61.4%

impact_work In which areas is the impact of AI felt in the
enterprise: reduction in workload

No—65.7%
Yes—34.3%

impact_automatization In which areas is the impact of AI felt in the
enterprise: automation of repetitive processes

No—54.3%
Yes—45.7%

impact_costs In which areas is the impact of AI felt in the
enterprise: cost reduction

No—68.6%
Yes—31.4%

impact_creativity In which areas is the impact of AI felt in the
enterprise: increases in one’s own creativity

No—52.9%
Yes—47.1%

research
How do you assess the usefulness of current AI

tools for application in the following areas of
your business: research and development

Definitely not useful—8.6%
Rather not useful—10%
Neither useful nor not

useful—31.4%
Rather useful—30%

Definitely useful—20%

barrier_knowledge
What are the main barriers to implementing AI
in the enterprise: lack of knowledge about AI

capabilities

No—55.7%
Yes—44.3%

barrier_infrastructure
What are the main barriers to implementing AI
in the enterprise: lack of appropriate tools and

infrastructure

No—72.9%
Yes—27.1%

concerns_hallucinations
What concerns are associated with using AI in

the enterprise: incorrect results and
AI hallucinations

No—35.7%
Yes—64.3%

labour_attitude How do you assess the overall attitude of
employees toward AI solutions in the enterprise?

Rather negative—12.9%
Neutral—24.3%
Positive—55.7%

Very positive—7.1%

service_sector Service sector?
Manufacturing or

trade—25.7%
Services—74.3%

AI_adoption_level Segmentation by level of AI tool adoption
Basic adoption (mainly

ChatGPT)—70%
Advanced adoption—30%

size_3 Company size (three categories)
0–9 Employees—40%

10–49 Employees—37.1%
50+ Employees—22.9%

Source: Authors’ own SME survey; responses provided by AI users; n = 70.
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Table 8. Logit Model Estimation: Determinants of Advanced AI Adoption in SMEs.

Y X Estimate Odds Ratio Robust Se Robust
p-Value AME

im
pa

ct
_t

im
e

AI_adoption_level −0.25 0.78 1.03 0.81 −0.04

barrier_infrastructure −1.15 0.32 0.92 0.21 −0.17

barrier_knowledge −1.13 0.32 0.78 0.15 −0.17

concerns_hallucinations 1.06 2.89 0.72 0.14 0.16

labour_attitude 0.31 1.36 0.44 0.48 0.05

Research * 0.58 1.79 0.32 0.07 0.09

service_sector * 1.50 4.49 0.86 0.08 0.23

size_3 ** 1.24 3.45 0.53 0.02 0.19

im
pa

ct
_w

or
k

AI_adoption_level ** 2.03 7.64 0.89 0.02 0.32

barrier_infrastructure −0.33 0.72 0.89 0.71 −0.05

barrier_knowledge * 1.42 4.13 0.82 0.08 0.22

concerns_hallucinations 1.09 2.99 0.81 0.17 0.17

labour_attitude *** 1.39 4.01 0.48 0.00 0.22

research −0.41 0.66 0.35 0.23 −0.06

service_sector ** 1.58 4.87 0.70 0.02 0.25

size_3 0.30 1.35 0.50 0.54 0.05

im
pa

ct
_a

ut
om

at
iz

at
io

n

AI_adoption_level −0.15 0.86 0.78 0.85 −0.03

barrier_infrastructure ** −1.77 0.17 0.78 0.02 −0.31

barrier_knowledge * −1.07 0.34 0.67 0.11 −0.19

concerns_hallucinations 0.49 1.63 0.67 0.46 0.09

labour_attitude * −0.78 0.46 0.41 0.06 −0.14

Research ** 0.95 2.58 0.39 0.02 0.17

service_sector 0.61 1.84 0.72 0.39 0.11

size_3 0.36 1.43 0.45 0.42 0.06

im
pa

ct
_c

os
ts

AI_adoption_level ** 2.05 7.80 0.89 0.02 0.34

barrier_infrastructure 0.48 1.62 0.78 0.54 0.08

barrier_knowledge −0.29 0.75 0.71 0.69 −0.05

concerns_hallucinations ** 1.97 7.15 0.82 0.02 0.33

labour_attitude 0.39 1.48 0.53 0.46 0.07

research −0.33 0.72 0.36 0.35 −0.06

service_sector −0.79 0.45 0.76 0.30 −0.13

size_3 * 0.76 2.14 0.47 0.11 0.13

im
pa

ct
_c

re
at

iv
it

y

AI_adoption_level −0.04 0.96 0.75 0.96 −0.01

barrier_infrastructure −0.84 0.43 0.67 0.21 −0.16

barrier_knowledge 0.74 2.09 0.62 0.23 0.14

concerns_hallucinations 0.79 2.20 0.70 0.26 0.15

labour_attitude * 0.75 2.11 0.41 0.07 0.14

research 0.53 1.70 0.34 0.12 0.10

service_sector 0.02 1.02 0.68 0.98 0.00

size_3 −0.13 0.88 0.36 0.73 −0.02

Source: Authors’ own SME survey; responses provided by AI users; n = 70; Notes: * p < 0.10; ** p < 0.05;
*** p < 0.01.
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The clearest and most multidimensional picture emerges in the case of the perceived
impact of AI on reducing work-related burdens, for example, by lowering time pressure
through the provision of additional information or by reducing the number of burdensome
minor tasks (impact_work). This model demonstrates strong explanatory power, with both
technological and organizational factors playing an important role. A higher level of AI
adoption increases the probability of perceiving a reduction in workload by approximately
+32 percentage points (AME ≈ 0.32), indicating the fundamental role of the actual use
of technology. In addition, operating in the service sector increases this probability by
approximately +25 percentage points (AME ≈ 0.25), while a positive attitude among
employees raises it by approximately +22 percentage points (AME ≈ 0.22). The knowledge
barrier has a similar effect (+22 percentage points, AME ≈ 0.22), which represents an
interesting finding: enterprises that perceive the potential of AI in reducing work-related
burdens simultaneously identify competency gaps as a constraint on the further use of
this technology. This may indicate a transitional stage: from adoption toward the full
integration of AI.

The second strongest area concerns AI’s impact on reducing working time and process
duration (impact_time). In this case, the structural characteristics of the enterprise play a
key role. Operating in the service sector increases the probability of perceiving a reduction
in working time by approximately +23 percentage points (AME ≈ 0.23), while a larger
scale of operations (size_3) increases this probability by approximately +19 percentage
points (AME ≈ 0.19) when moving to a higher category. These results suggest that the
time-efficiency effects of AI become particularly visible where economies of scale can be
leveraged. In contrast to the perceived reduction in work-related burdens, the perceived
impact on shortening working time has a more structural than perceptual character.

Another significant area concerns the impact of AI on costs (impact_costs), where the
most important predictor is the level of AI adoption, which increases the probability of
perceiving a cost-related effect by approximately +34 percentage points (AME ≈ 0.34). An
equally strong effect is observed for concerns related to AI hallucinations (+33 percentage
points, AME ≈ 0.33), indicating that the perception of costs is associated not only with
expected benefits but also with awareness of technological risks. In addition, larger en-
terprises more frequently perceive this effect (+13 percentage points, AME ≈ 0.13), which
may be interpreted as a result of greater operational complexity and the higher visibility of
cost-related outcomes. Taken together, these findings suggest that the perceived impact of
AI on costs is characteristic of a more mature stage of technology utilization.

In the case of process automation (impact_automatization), technological factors
play a key role. The lack of infrastructure strongly reduces the probability of indicating
automation as an observed effect (−31 percentage points, AME ≈ −0.31), whereas a
positive assessment of AI usefulness in research and development activities increases this
probability by approximately +17 percentage points (AME ≈ 0.17). Automation, therefore,
appears to be an outcome of more advanced, competence-based AI utilization, requiring
both appropriate technical resources and experience in working with the technology. At
the same time, the negative correlation between AI’s impact on automation and employees’
positive attitudes toward AI use may suggest that effective automation raises concerns
about potential job displacement.

In the case of AI’s impact on creativity (impact_creativity), the only clearly identifiable
factor is employees’ positive attitude, which increases the probability of perceiving AI’s
impact on creativity by approximately +16 percentage points (AME ≈ 0.16). The remaining
variables do not exert a significant effect, suggesting that creativity is a more subjective
domain and is less directly associated with measurable organizational characteristics or the
level of technology adoption.

https://doi.org/10.3390/su18136503

https://doi.org/10.3390/su18136503


Sustainability 2026, 18, 6503 25 of 37

4.4. Conditions Shaping the Use of Artificial Intelligence in Small and Medium-Sized Enterprises:
Insights from In-Depth Entrepreneurial Interviews

In this subsection, the results of the authors’ own research are presented, based on
individual interviews conducted with representatives of SMEs. The interviews were carried
out using the Individual In-Depth Interview (IDI) method in April 2026. The sample was
described using codes identifying each interview conducted with a specific participant, as
presented in Table 9.

Table 9. Categorizations of SME Entity Representatives in the In-Depth Interviews.

Code Industry Firm Size
(Employment) Respondent In-Depth Main Information on

AI Usage

IDI 1 Construction
materials recycling

Micro
(up to 9 employees) Owner Yes Paid ChatGPT; texts, posts,

emails, cost estimates

IDI 2 HR services Small
(10–49 employees) CEO Yes Recruitment marketing, CRM,

candidate communication

IDI 3 Real estate land Micro
(up to 9 employees) Owner Yes

Gemini, Google, geoportal;
documents, brochures,
information analysis

IDI 4 Technical sales
/local branch

Micro
(up to 9 employees) Sales Director Yes

Translations,
language correction,
occasional contracts

IDI 5 Tourism short-term
rental

Small
(10–49 employees) Owner Yes

Claude, Gemini,
Copilot/Azure, proprietary

AI assistant, concierge,
booking analytics

IDI 6 Industrial services Micro
(up to 9 employees) Owner No No adoption; no perceived

business value

IDI 7 Construction
services design

Micro
(up to 9 employees) Owner Yes Paid graphic tools;

visualizations and rendering

IDI 8 Consulting services Micro
(up to 9 employees) Owner Yes Paid ChatGPT; document

analysis, editing, summaries

IDI 9 Marketing business
matchmaking

Micro
(up to 9 employees) Owner Yes

ChatGPT/Claude,
transcription, agents,

sales, onboarding,
internal knowledge

IDI 10 Marketing services,
graphic design

Micro
(up to 9 employees) Owner Yes

Gemini, ChatGPT, Adobe
Firefly; graphics, video,

creativity, SEO

IDI 11 Construction Small
(10–49 employees) CEO Trials

AI exploration for documents,
accounting, planning,

and inspections;
implementation suspended

IDI 12 PVC packaging
manufacturing

Large
(50+ employees)—

contrasting case

Production
Director Yes

GenAI packages for
employees, IT, experiments

with agents, and
proprietary data

IDI 13 Medical wholesale
e-commerce

Small
(10–49 employees) CEO/Owner Yes

ChatGPT, Perplexity, Claude;
product descriptions, IT,

e-commerce, quality control

Source: authors’ own elaboration based on respondents’ answers.

The sample also includes one case of a large manufacturing enterprise [IDI 12], which
was treated as a contrasting case. Its analysis indicates that organizational scale and access
to financial resources alone do not constitute sufficient conditions for the full integration of
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AI solutions into key operational processes, highlighting the importance of organizational
and strategic factors.

Importantly, the inclusion of firms representing different sectors, sizes, and levels
of AI maturity makes it possible to reconstruct a typical trajectory of AI adoption and
development. The interviews reveal a staged process, ranging from non-adoption or
exploratory use, through ad hoc and task-specific applications, to more advanced forms
of process integration and strategic utilization of AI. This progression reflects increasing
organizational learning, data readiness, and alignment between technology and business
processes. The general pattern of this development path is illustrated in Table 9.

The qualitative study, based on individual in-depth interviews (IDIs) with SME rep-
resentatives, complements and deepens the quantitative analysis by providing a better
understanding of the mechanisms underlying the observed statistical relationships. The
findings indicate that, in the analyzed enterprises, artificial intelligence primarily serves
as a tool for cognitive and operational augmentation, which in some cases constitutes a
transitional stage leading to the automation of selected processes.

The most common applications of AI include content creation, document analysis,
communication, and customer service. These findings directly support the results of the
logit models, which show that the strongest perceived impact of AI relates to reductions in
working time and workload. Respondents consistently emphasized time savings in routine
cognitive tasks (e.g., drafting texts, summarizing information, searching for data), which
translates into increased productivity without reducing employment. The relatively high
level of engagement and elaboration in the interviews suggests that entrepreneurs have
already formed clear opinions in this area and strongly perceive the impact of AI on work.

In contrast, the impact on costs appears more nuanced in light of the qualitative
evidence, as firms perceive costs in a multidimensional way. These include not only
potential time savings but also expenditures related to IT infrastructure, data preparation,
access to models, quality control, and system integration. This suggests that AI leads rather
to a reconfiguration of the cost structure than to a straightforward cost reduction. This
may explain the relatively weaker fit of the model addressing cost impacts—since cost
effects can be perceived as both positive and negative, the influence of some predictors
may partially offset each other.

Similarly, the issue of employee attitudes proves more complex than suggested by
the quantitative results. While a positive attitude facilitates the perception of AI’s impact
on efficiency and creativity, the interviews do not indicate significant resistance to the
technology. Instead, attitudes of curiosity and willingness to learn dominate, suggesting
that skills and adaptive capacity, rather than mental barriers, are the key factors.

The interviews also indicate that process automation is gradual and conditional. In
many cases, it begins with support for individual tasks, and only in more advanced
organizations does it evolve into process integration. The key barriers are structural in
nature: data quality, system integration, lack of standardized solutions, and governance
challenges. This confirms the importance of organizational and technological factors as
determinants of the actual impact of AI.

The link between environmental aspects and the implementation of artificial intelli-
gence (AI) remains largely unnoticed by companies, despite the fact that AI technologies
inherently involve the consumption of energy and other resources. Companies do not
measure the resource consumption or energy intensity associated with AI, and the environ-
mental dimension of these technologies remains virtually invisible at the organizational
level. The limited visibility of environmental aspects in management decisions related
to artificial intelligence (AI) seems consistent with broader research indicating that small
and medium-sized enterprises often prioritize operational continuity, market survival,
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and economic resilience over formal environmental management or ESG-focused man-
agement [66,67]. In this context, sustainability is primarily interpreted as a company’s
ability to remain competitive and adapt to changing market conditions over the long term.
Qualitative results confirm this: SME managers often perceive AI as a tool supporting
organizational sustainability in this broader, strategic sense, even if the environmental
consequences of AI implementation remain poorly understood or insufficiently measured.
From this perspective, AI contributes to sustainability primarily through economic and
organizational dimensions—increasing efficiency, enabling the implementation of new
business models, and improving responsiveness to market changes.

Thus, while AI does have a material environmental footprint, this connection is
rarely acknowledged or incorporated into managerial decision-making. Awareness of the
environmental implications of AI appears only sporadically and does not translate into
formal metrics or evaluation criteria.

The study also highlights a paradox characteristic of many SMEs undergoing digital
transformation. While AI systems are increasingly associated with organizational effi-
ciency, competitiveness, and strategic resilience, their environmental impacts—including
energy consumption, computational intensity, and indirect resource use—remain largely
invisible at the managerial level. This suggests that sustainability-related aspects associ-
ated with AI implementation are not intentionally overlooked, but rather remain weakly
institutionalized within SME decision-making processes.

Cause-and-effect analysis of decisions made by entrepreneurs in the process of AI
adoption in SMEs follows to develop a staged causal path (Figure 3): from curiosity-driven
experimentation, through operational augmentation and routine use, to process integration
and, in selected cases, strategic business transformation; movement along this path depends
less on firm size than on process maturity, implementation capabilities, and the ability to
transform internal data into a controlled AI working environment.

 

Figure 3. AI adoption path in SMEs: a causal mechanism. Source: Authors’ elaboration based on
qualitative interviews with SMEs. Note. The diagram synthesizes a staged mechanism of AI adoption
in SMEs: initial experimentation, routine cognitive augmentation, process integration, rising data
and governance requirements, and potential strategic transformation. Environmental consequences
are shown as a side mechanism because they are rarely part of SME decision-making despite being
acknowledged by some respondents.
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5. Conclusions
5.1. Summary of Results and Verification of Research Questions

The findings of this study suggest that AI implementation in SMEs should be under-
stood not only as a process of technological adoption or productivity enhancement, but also,
more broadly, as a form of sustainable digital transformation that shapes organizational
resilience, long-term competitiveness, and adaptive capacity under conditions of grow-
ing market and technological uncertainty. In the analyzed firms, AI adoption frequently
emerged as a mechanism supporting business continuity, operational flexibility, and the
ability to maintain a competitive position in increasingly digitalized markets. In this sense,
the study contributes to the sustainability literature by demonstrating that SMEs often
approach AI not through environmental or ESG-oriented frameworks, but through the
broader logic of sustaining organizational viability and long-term development capacity.

The revised empirical analysis provides answers to the four research questions for-
mulated in Section 2.6 by combining quantitative survey results with qualitative evidence
from in-depth interviews. This mixed-method approach enabled not only the identification
of statistical relationships among firm characteristics, barriers, AI adoption levels, and per-
ceived effects of AI, but also the explanation of the organizational mechanisms underlying
these relationships.

With regard to RQ1, the results show that firm characteristics condition the perceived
effects of AI implementation, though not uniformly. The quantitative models indicate that
sectoral affiliation is particularly relevant. Operating in the service sector significantly
increases the probability of perceiving AI-related reductions in workload and process
duration. Firm size also matters, but its role is more selective: larger enterprises are
more likely to perceive time-related and cost-related effects, probably because greater
operational scale makes such effects more visible. At the same time, the qualitative in-
terviews nuance this finding. They show that company size alone does not determine
the depth or effectiveness of AI use. Some micro firms developed advanced, strategically
oriented AI applications when they had strong owner-manager engagement, process readi-
ness, digital competencies, and access to relevant data. Conversely, larger organizations
may remain at the experimental stage if they cannot translate AI into stable, measurable,
process-level applications.

In response to RQ2, the study identifies several barriers that limit SMEs’ ability to ob-
tain positive effects from AI implementation. The quantitative models show that the lack of
appropriate infrastructure significantly reduces the probability of perceiving AI-driven au-
tomation. Knowledge barriers also appear relevant, but their interpretation is more complex.
In some models, the knowledge barrier coexists with perceived reductions in workload,
suggesting that firms already experiencing AI benefits may simultaneously become more
aware of their competence gaps. Concerns about hallucinations are strongly associated
with perceived cost-related effects, indicating that firms that use AI more consciously
also recognize the costs of verification, control, and risk management. The qualitative
interviews provide greater depth to these patterns. At early stages of adoption, the main
barriers are a lack of knowledge, a lack of time, and uncertainty about concrete use cases.
At more advanced stages, the dominant barriers shift toward data quality, hallucinations,
integration costs, cybersecurity, regulatory uncertainty, and AI governance.

With regard to RQ3, the findings confirm that the level of AI implementation advance-
ment influences the perceived economic effects of AI use, but this influence is multidimen-
sional. In the quantitative models, a higher level of AI adoption significantly increases
the probability of perceiving workload reduction and cost-related effects. However, it
does not significantly explain all types of outcomes, such as creativity or process duration.
This suggests that AI maturity does not automatically translate into every possible benefit.
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The qualitative findings further clarify that the most visible economic effects are usually
time savings, improved output quality, greater work capacity, and improved customer
service. Direct cost reduction or employment reduction is much less frequently observed.
More mature AI use may increase productivity, but it also creates new costs related to paid
tools, token usage, data preparation, system integration, output verification, and security.
Therefore, the economic impact of AI in SMEs should be understood not simply as cost
reduction, but as a broader set of perceived cost and productivity implications.

Finally, in relation to RQ4, the qualitative study provides the most important evidence.
The interviews show that sustainability considerations, particularly environmental factors,
are rarely incorporated into SME decision-making regarding AI implementation. Most
entrepreneurs and managers do not measure or even explicitly consider the environmental
consequences of AI use, such as energy consumption, water use, or the carbon footprint
of digital infrastructure. When sustainability appears in their reasoning, it is usually un-
derstood in organizational and strategic terms: competitiveness, resilience, operational
continuity, better use of human resources, and long-term adaptability. Only a few respon-
dents were aware of the environmental costs of AI, but this awareness did not translate
into formal decision criteria or measurement practices.

Nevertheless, the lack of explicit environmental awareness in SMEs does not neces-
sarily imply a lack of organizational behavior focused on sustainability. Sustainability
appears implicit, woven into strategic considerations related to organizational survival,
resilience, adaptability, and the ability to maintain long-term market position under intense
competitive pressures. This finding is consistent with broader research showing that SMEs
often implement sustainability pragmatically and cost-effectively, rather than through
formal ESG frameworks or environmental reporting systems [65].

Overall, the study results suggest that the implementation of artificial intelligence (AI)
in SMEs follows a phased organizational process. It typically begins with curiosity-driven
experiments and simple GenAI applications, then progresses toward routine support for
cognitive and communication tasks. Only in more informed organizations is it integrated
into workflows or new business models. The main observed effects relate to time, workload,
quality, and customer service, rather than immediate automation or direct cost reduction.
The transition from ad hoc AI use to strategic implementation depends less on com-
pany size and more on process maturity, implementation capabilities, data readiness, and
managerial acumen.

At the same time, although SMEs are increasingly adopting artificial intelligence (AI)
to strengthen competitiveness and organizational resilience, most respondents demonstrate
limited awareness of the environmental impact, ESG dimensions, and management chal-
lenges associated with digital transformation. This skills gap may become increasingly
problematic in the future. In the long term, insufficient awareness of the environmental
and ESG-related dimensions of AI may expose SMEs not only to regulatory risks but also
to declining legitimacy within digitally integrated, sustainability-oriented supply chains.
As European regulatory frameworks, investor expectations, supply chain standards, and
stakeholder pressures become increasingly ESG-focused, SMEs lacking the knowledge and
competencies for responsible digital transformation may face increasing barriers to main-
taining competitiveness and long-term strategic adaptation. Therefore, the sustainability
challenge of implementing AI in SMEs concerns not only environmental externalities but
also the organization’s ability to effectively participate in an economy that is simultaneously
becoming digital and sustainability-oriented.
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5.2. Managerial Implications

The findings suggest that SME managers should treat AI implementation as a staged
organizational process rather than a one-off technological purchase. The qualitative evi-
dence indicates that adoption usually begins with curiosity-driven experimentation and
simple GenAI use, then moves toward routine support for cognitive tasks, and only later—if
firms identify repeatable processes and develop adequate capabilities—becomes integrated
into workflows or new business models. Managers should therefore avoid starting with
broad and abstract AI strategies. Instead, they should first identify concrete, repetitive,
and knowledge-intensive processes in which AI can produce visible benefits, such as
sales follow-up, customer communication, document preparation, product descriptions,
recruitment support, or internal reporting. This approach is consistent with the literature
emphasizing the importance of starting AI implementation with clearly defined business
problems and measurable use cases [8,35,49].

The quantitative results show that the most visible effects of AI concern workload
reduction, time savings, and process efficiency. Therefore, managers should define simple
performance indicators before implementation, such as time saved per task, number of
documents processed, response time to customers, error reduction, or the number of follow-
up actions completed after meetings. Such indicators are particularly important because
the qualitative interviews showed that many SMEs perceive AI benefits intuitively but
rarely measure them systematically. Without measurement, firms may overestimate the
value of simple AI to use or fail to recognize where more advanced integration is justified.

The study also shows that the economic effects of AI should not be interpreted only
as direct cost reduction. More mature AI use may increase productivity and improve
work capacity, but it also generates new costs related to paid tools, token usage, data
preparation, integration, cybersecurity, and verification of AI-generated outputs. Managers
should therefore evaluate AI projects in terms of broader cost and productivity implications
rather than expecting immediate labor cost savings. In more advanced implementations,
budgeting should include not only software licenses but also employee training, process
redesign, data cleaning, output validation, and governance mechanisms.

The findings further indicate that the transition from ad hoc use to workflow integra-
tion depends strongly on process maturity, implementation capabilities, and data readiness.
SMEs should therefore invest in internal AI literacy and practical training for managers and
key employees. Training should not be limited to prompt writing, but should also cover the
limitations of GenAI, hallucinations, data confidentiality, intellectual property, regulatory
compliance, and responsible verification of outputs. This is especially important because
the study shows that knowledge barriers may coexist with visible AI benefits: firms that
already experience positive effects often become more aware of their competence gaps.

For firms seeking automation, infrastructure, and data governance are critical. The
quantitative models show that a lack of appropriate tools and infrastructure significantly
reduces the probability of perceiving AI-driven automation. The qualitative interviews
confirm that automation requires more than access to ChatGPT or similar tools. It requires
structured data, integration with existing systems, clear process ownership, and rules for
validating AI outputs. SMEs should therefore develop basic AI governance procedures,
including guidelines on which data may be entered into AI systems, who is responsible for
checking outputs, how errors are reported, and when paid or enterprise-grade tools should
replace free public applications. These recommendations are consistent with the TOE-based
literature on AI barriers and with the growing importance of data quality, interoperability,
and governance in AI implementation [56–58].

Employee attitudes also matter. The results indicate that positive employee attitudes
are associated with perceived workload reduction and creativity effects. Managers should
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therefore communicate AI as a tool for augmenting human work rather than as an im-
mediate substitute for employees. In practical terms, this means emphasizing how AI
can reduce burdensome minor tasks, support creativity, improve information access, and
allow employees to focus on judgment, customer relationships, and decision-making. At
the same time, in areas where automation becomes more advanced, managers should
address employment-related concerns transparently and include employees in the redesign
of workflows.

The qualitative findings also show that sustainability considerations remain weakly
embedded in SME decision-making. Managers should therefore broaden their under-
standing of responsible AI beyond productivity alone. Even if environmental impacts are
difficult for individual SMEs to measure, firms should at least consider whether AI imple-
mentation contributes to better resource use, lower error rates, reduced unnecessary work,
improved resilience, and responsible data practices. AI initiatives should be aligned with
the principles of trustworthy and human-centric AI, including transparency, accountability,
and risk awareness [63]. This is particularly important in the context of the EU AI Act and
the broader European framework for responsible digital transformation [51].

Finally, public policy and business support institutions should differentiate their
support according to the stage of AI maturity. Early-stage SMEs need awareness-building,
examples of practical use cases, and assistance in identifying repeatable processes. Firms
at the routine-use stage require training, templates for internal AI policies, and support
in evaluating paid tools. More advanced SMEs need advisory services related to data
governance, integration, cybersecurity, compliance, and cost management. European
Digital Innovation Hubs, regional development agencies, and SME support organizations
can play an important role in providing such staged support. This direction is consistent
with the recommendations of the European DIGITAL SME Alliance, which emphasizes the
need for Europe to invest in practical AI capabilities among SMEs [62].

The results suggest that SMEs should gradually expand their understanding of sus-
tainability, extending beyond direct operational efficiency. While many companies already
associate AI with organizational resilience and competitiveness, future competitive condi-
tions may increasingly require the integration of ESG-related competencies, responsible
AI management, and sustainability-focused digital strategies. Managers who continue
to treat environmental and ESG aspects solely as external administrative burdens may
face increasing strategic constraints in the evolving European regulatory and market en-
vironment. Therefore, responsible AI management should be considered a component of
organizational sustainability, not simply a matter of technology implementation. For SMEs,
responsible AI management encompasses not only impact on financial performance but
also the development of organizational competencies related to responsibility, data man-
agement, ethical risk management, and strategic adaptation that integrates sustainability
across all ESG dimensions.

5.3. Limitations and Future Research

In summary, the conducted study demonstrates that AI is becoming an increasingly
common element of business practice; however, its utilization remains fragmented and
uneven. The key challenge is no longer access to AI tools but rather the ability of enterprises
to integrate them consciously, strategically, and securely into organizational processes.

Certain limitations of the research methodology employed in this study should be
acknowledged. First, the survey used a purposive sampling method to select SMEs for
inclusion in the research sample. Second, the study was conducted in a single region of the
EU, namely the Kuyavian–Pomeranian Voivodeship in Poland. Although this approach
ensured relatively homogeneous research conditions, enabling the elimination of location-
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specific factors and reducing the influence of systemic institutional differences on AI
implementation processes, it significantly limits the possibility of generalizing the findings
to the broader population of SMEs in the EU. Therefore, future research should focus on
expanding the research sample to include a much larger population of enterprises across
diverse geographical locations and should employ random sampling methods to enhance
the generalizability and robustness of the results.

The obtained results also indicate that the further development of AI utilization in
enterprises will increasingly depend on the level of managerial competencies, the quality
of reflection on implementation outcomes, and the ability of organizations to transition
from basic adoption to more advanced and systemic forms of AI integration. Therefore,
future research should focus more closely on factors related to sustainable development
in enterprises, the competencies of managerial staff, and a deeper exploration of data
concerning training methods, as well as the diversity of knowledge and skills among
employees within organizations.

The study also highlights the broader structural challenge of sustainable transfor-
mation in the SME sector. The limited awareness of environmental impact, ESG-related
governance, and responsible digitalization observed among respondents is consistent with
previous studies that have shown that SMEs often lack the competencies, resources, and
institutional readiness necessary to systematically integrate sustainability into strategic
decision-making [64,66]. Although many companies view AI primarily as a competitive-
ness tool, the ability to adapt to the environmental and ESG aspects of digital transformation
could become a significant source of future competitive disadvantage. SMEs that fail to
develop competencies in sustainable digital transformation, including the use of AI, may
face increasing difficulties in maintaining market position and establishing business part-
nerships. In this sense, the sustainability challenge of implementing AI in SMEs concerns
not only the environmental impact itself but also the long-term ability of the organization
to remain competitive in a sustainable economy that addresses all ESG issues.
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Appendix A

Table A1. Models fit summary.

Impact Time Impact Work Impact
Automatization

Impact
Content

Impact
Costs

Impact
Creativity

n 70 70 70 70 70 70

n_0 27 46 38 18 48 37

n_1 43 24 32 52 22 33

logLik −32.80 −33.19 −36.92 −33.38 −34.86 −38.84

AIC 83.60 84.38 91.84 84.75 87.72 95.69

BIC 103.83 104.62 112.07 104.99 107.95 115.92

LR_chi2 27.75 23.63 22.69 13.05 17.43 19.13

LR_p 0.00 0.00 0.00 0.11 0.03 0.01

McFadden_R2 0.30 0.26 0.24 0.16 0.20 0.20

McFadden_adj_R2 0.10 0.06 0.05 −0.06 −0.01 0.01

accuracy 0.80 0.77 0.74 0.83 0.74 0.73

sensitivity 0.86 0.58 0.72 0.96 0.41 0.70

specificity 0.70 0.87 0.76 0.44 0.90 0.76

precision 0.82 0.70 0.72 0.83 0.64 0.72

F1 0.84 0.64 0.72 0.89 0.50 0.71

AUC 0.85 0.82 0.80 0.76 0.78 0.79

TN 19 40 29 8 43 28

FP 8 6 9 10 5 9

FN 6 10 9 2 13 10

TP 37 14 23 50 9 23

Source: Authors’ own SME survey; responses provided by AI users.

Table A2. Robustness of Predictor Significance Across Logit and Probit Models.

Dependent Variable Predictor Logit Robust
p-Value

Probit Robust
p-Value

Direction
Retained Robustness

impact_time research 0.073 0.050 yes moderately
robust

impact_time service_sector 0.081 0.074 yes moderately
robust

impact_time size_3 0.019 0.013 yes robust

impact_work AI_adoption_level 0.022 0.010 yes robust

impact_work barrier_knowledge 0.082 0.065 yes moderately
robust

impact_work labour_attitude 0.004 0.001 yes robust

impact_work service_sector 0.023 0.011 yes robust

impact_automatization barrier_infrastructure 0.023 0.017 yes robust

impact_automatization barrier_knowledge 0.109 0.097 yes moderately
robust

impact_automatization labour_attitude 0.056 0.038 yes robust

impact_automatization research 0.016 0.010 yes robust

impact_costs AI_adoption_level 0.021 0.015 yes robust
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Table A2. Cont.

Dependent Variable Predictor Logit Robust
p-Value

Probit Robust
p-Value

Direction
Retained Robustness

impact_costs concerns_hallucinations 0.016 0.009 yes robust

impact_costs size_3 0.106 0.092 yes moderately
robust

impact_creativity labour_attitude 0.068 0.053 yes moderately
robust

Source: Authors’ own SME survey; responses provided by AI users. Note: Robustness assessment refers to the
stability of coefficient direction and statistical significance across alternative binary-response specifications using
HC1-robust standard errors. “Robust” indicates that the predictor remains statistically significant at the 5% level
(p < 0.05) in both logit and probit models, while “moderately robust” indicates statistical significance at the 10%
level (p < 0.10) in both models.
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