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Article

Artificial Intelligence Adoption in the European Union: A
Data-Driven Cluster Analysis (2021–2024)
Costel Marian Ionas, cu

Department of Economic Statistic and Informatics, Faculty of Economics and Business Administration,
University of Craiova, 200585 Craiova, Romania; costel.ionascu@edu.ucv.ro

Abstract: The adoption of artificial intelligence by enterprises in the EU countries increased
significantly between 2021 and 2024, but the recorded values were uneven and very small.
This study analyzed the main characteristics of the artificial intelligence adoption process,
its dynamics and patterns using principal component analysis and K-means clustering. The
results highlighted a shift from using technologies for process automation to more advanced
ones like natural language generation. The process was extended and gradually covered
almost all business areas. The lack of relevant expertise, high costs and gaps in regulation
of the development and use of artificial intelligence are the important barriers identified
by 2024. The cluster analysis of EU countries highlighted the existence of two permanent
clusters, one containing the leading countries and one containing the countries lagging
behind, showing a large gap between them. The increasing dependence on externally
developed solutions has characterized a maturing market for artificial intelligence. The
equitable adoption of artificial intelligence at the level of EU countries must be based on
specific workforce training, investments in infrastructure, financial incentives and, last but
not least, on clear regulations. Only in this way can the gap in this area at the EU level
be reduced.

Keywords: artificial intelligence; AI adoption; AI measuring index; K-means clustering;
principal component analysis; AI adoption barriers; AI regulatory challenges; AI
development strategies; EU AI policies

1. Introduction
Artificial intelligence (AI) is rapidly transforming industries around the world, through

the businesses that continuously integrate AI technologies to enhance efficiency, innovation
and decision-making. The performance achieved by some AI technologies, like in the case
of large language models, seen together with the first release of ChatGPT (based on GPT-
3.5) in November 2022, amazed everybody. This rapid advancement of AI also presents
unprecedented opportunities for economic growth and business innovation (Cazzaniga
et al., 2024). Nowadays, every country in the world understands this enormous potential
and wants to benefit from these advances.

The EU has recognized AI as a key driver of digital transformation (European Com-
mission, 2018, 2024), but AI adoption across enterprises from EU countries remains uneven.
While some countries and industries have rapidly started using AI-powered solutions,
others lag due to barriers such as lack of expertise, cost constraints and regulatory uncer-
tainty. Understanding these differences is vital for shaping policies that ensure equitable
AI adoption across EU member states.

Economies 2025, 13, 145 https://doi.org/10.3390/economies13050145

https://doi.org/10.3390/economies13050145
https://doi.org/10.3390/economies13050145
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/economies
https://www.mdpi.com
https://orcid.org/0000-0002-9198-9816
https://doi.org/10.3390/economies13050145
https://www.mdpi.com/article/10.3390/economies13050145?type=check_update&version=1


Economies 2025, 13, 145 2 of 38

The adoption of AI is a complex process and its integration across EU countries faces
several challenges. Overcoming these challenges is very important for the successful
adoption and deployment of AI technologies. One primary obstacle is the considerable
investment required for AI infrastructure, which includes both physical hardware and
software systems. Furthermore, there is a pressing need for financial assistance to support
AI research and development, alongside the establishment of educational frameworks to
cultivate essential AI skills (Li, 2022; Zahidi et al., 2020). At the level of each country, this
process must be implemented by enterprises and as well as the government in order to
extract all the benefits for his citizens.

2. Literature Review
The integration of AI into companies around the world has brought significant im-

provements in the productivity of employees in various roles. This effect demonstrates
the significant impact of AI adoption on business activities, but at the same time raises
challenges in its implementation (Agrawal et al., 2018). AI has revolutionized business
operations by automating repetitive and simple tasks, allowing employees to focus on more
strategic and creative responsibilities. For instance, AI-powered tools in Management Infor-
mation Systems (MIS) have reduced data processing time by 66% and operational costs by
20%, significantly boosting operational efficiency (Susilo & Susanto, 2024; Yi & Ayangbah,
2024). Similarly, in manufacturing and customer service sectors, AI systems have improved
productivity by handling routine tasks, enabling employees to concentrate on solving
complex problems and innovation (Santhosh et al., 2023; Manyika et al., 2017). AI’s capacity
to process large amounts of data in a very short period of time has transformed decision-
making processes in enterprises. Furthermore, as it can provide data-driven insights, AI
can raise the quality of decisions and lead to better results, therefore increasing productivity.
For example, AI in MIS has been shown to improve decision-making accuracy by 29%
(Susilo & Susanto, 2024). This capability is particularly useful in sectors like healthcare,
where AI and IoT combinations have reduced patient wait times by 50% (Mudholkar &
Mudholkar, 2024).

The integration of AI stimulates the development of a culture of continuous learning
and skill development within organizations. Employees are encouraged to adapt to new
technologies, enhancing their AI skills such as machine learning and data analytics. This
not only improves individual productivity but also strengthens AI–employee collaboration,
leading to more efficient workflows (S. Kumar & Mittal, 2024; K. Y. Kumar & Das, 2024).
AI-supported leadership plays a central role in driving productivity. Leaders who leverage
AI tools can create a more skilled and engaged workforce, leading to improved team
effectiveness and employee engagement. The case of Slovenian companies illustrates the
cultural shift towards AI adoption. In their case, AI-supported leadership has positively
impacted team performance. The study of Rožman et al. (2023) highlights the importance
of developing AI capabilities to increase companies’ competitiveness, but it is limited only
to a single country case and cannot be generalized to all EU countries.

AI adoption can also generate inconsistent results. For example, Brynjolfsson et al.
(2018), showed in their study that AI implementation does not generate automatically an
increase in labor productivity. Their study, based on data gathered until 2018, captures the
early stages of AI adoption impact and cannot analyze later effects. Moreover, because it
treats the economy as a whole, it does not detect adoption patterns at the country level
and does not analyze the causes of the gap identified between the time of AI adoption
and the time of the detection of labor productivity growth. The potential for bias or data
privacy issues generated by the use of some AI technologies can diminish the trust of the
employees and may reduce the use of AI at the workplace. Important ethical concerns can
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appear due to the use of AI technologies for surveillance or management. It is essential to
take all the necessary measures in order to make sure that the adoption of AI technologies
does not alter employee well-being or productivity.

Atkinson and Collins (2023) conducted a study that identified potential problems
arising from the adoption of AI. The study provided limited empirical evidence on the
prevalence or impact of the identified problems and focused on workplace rights, but did
not propose a method for assessing or systematically addressing these concerns in practice.
The approach used was conceptual rather than data-driven, focused on organizational
policies and ethical principles, and did not quantify how widespread bias checks or privacy
measures are in current AI implementations. The study of Kurniawan et al. (2024) analyzed
the role and effects of AI adoption. It was focused only on the level of the human resources
function of the companies and the behavior of the employees. While highlighting the
benefits of using AI in the field of human resources, their study did not target the adoption
of AI in other areas at the company or at the country level and did not fully capture trust or
bias as organizational challenges.

The adoption of AI technologies can lead to the creation of new types of jobs in fields
such as AI engineering and data science, but it also automatically leads to the replacement of
other jobs such as those that involve performing repetitive tasks. To ensure that employees
remain relevant in an AI-driven economy, companies must ensure that they are constantly
adapted and retrained. Santhosh et al. (2023) investigated the impact of AI adoption on
job automation and the role of AI technologies in creating new jobs or eliminating those
that rely on repetitive tasks. Their study highlights the need to reskill the workforce to be
ready for the AI era, but does not provide information on what types of skills are missing
or how training should be prioritized across countries. Liang (2024) analyze AI’s impact on
employment, wages and income inequality, highlighting the effects on job displacement
and productivity enhancement. The findings show that AI adoption can generate job
displacement even if it creates new ones, emphasizing the fact that retraining is necessary
in order to keep employees relevant.

Analyzing the known effects at the level of companies that have already adopted AI
technologies, it can be concluded that the adoption of AI leads to an increase in the number
of jobs, especially for those requiring skilled workers, rather than to their overall reduction.
Albanesi et al. (2023) conducted a study of AI adoption impact on jobs in Europe which
showed that even if the adoption of AI leads to an increase in employment, it does not
generate wage increases, and the discovered relationship between AI and wages appears
to be, at least until 2019, rather negative and statistically insignificant. Their study stops in
2019 and does not capture the effect of the significant advancements made between 2022
and 2024 in the field of generative models. Their approach does not separate the effects
generated by the adoption of AI from those generated by other types of technological
innovations because it is based on aggregate information on the effects of new technologies,
which include those generated by the adoption of AI, among others. The study also does
not analyze differences between EU countries. It is becoming clear and obvious that,
although it may lead to an increase in the number of jobs, the adoption of AI technologies
does not lead to a consistent increase in salaries, even though it requires a higher level of
qualification.

Relying on AI systems requires strong data protection measures. Ensuring the security
of sensitive information is a critical pillar for maintaining trust and preventing potential
breaches that could completely cancel the productivity gains.

Mudholkar and Mudholkar (2024) conducted a systematic analysis of the influences
generated by the adoption of AI, including IoT, on performance management in organiza-
tions. One of the important conclusions summarized by the performed analysis is that AI
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can improve performance indicators, but the gains obtained are directly conditioned by
addressing risks such as data security and system reliability. Their study emphasizes that
issues such as inadequate data protection or unmanaged biases in AI systems could “cancel
productivity gains” due to undermining user trust or generating compliance issues. Focus-
ing on performance management, the study presents these risks in a general organizational
context, without quantifying the relationship between adopting bias mitigation measures
and increasing performance. Although it is a comprehensive review, it does not provide
new empirical data on the extent to which companies meet these conditions. It emphasizes
that bias and security are important but does not specify in which areas or which countries
have succeeded or failed in these aspects.

If we use the Global AI Index values (Tortoise Media, 2024), one of the most com-
prehensive global indices, calculated at the level of 2024, to understand the positioning
regarding the state of AI adoption of EU countries compared to other countries globally, it
becomes very clear that none of the world’s countries can compare with the USA. There
is a huge gap between the USA and all the other countries in the world. The country that
follows the USA closest in this ranking is China. The highest position of any EU country is
occupied by France. EU countries fail to close the gap between themselves and the USA,
and this will lead to a development of potential dependency on the countries that are at the
top of this race. The consequences of such a situation extend beyond economic potential
and define their future.

The changes on the international stage over the past years have motivated the EU to
adopt a new strategy in order to accelerate the recovery of its AI gap. This process has
already started, and until 2023, excepting only one country, all EU countries have already
developed AI strategies, reflecting strong engagement but also significant policy differences
across countries. Woszczyna and Mania (2023) conducted a comparative overview of
national AI strategies across EU countries. The scope of their study is limited to policy
documentation and strategic commitments, without assessing the effectiveness of these
policies in promoting AI adoption or measuring the actual outcomes. It is a comparative
policy analysis, but it does not examine data on the adoption of AI, leaving a gap in
understanding how these different strategies generate results at the country level.

The EU has produced the first regulation on AI: the AI Act. This act places the devel-
opment and use of AI in an ethical framework to minimize risks, without unnecessarily
limiting benefits (European Commission, 2024). It also encourages innovation, research
and public–private collaboration in line with the EU’s fundamental values, such as human
dignity and social justice. This act is the result of two actions: dialogue with stakeholders
and the continuous adaptation of EU policies in this area. The study undertaken by Luise,
(2024) showed that without these actions, it is not possible to keep up with technological
advancements and correctly base decisions that support the interests of citizens. This study
is conceptual and advocacy-oriented; it provides normative guidance but does not present
any concrete analysis of the effects of AI adoption. Furthermore, it is focused solely on
the policy-making process, and it leaves gaps in addressing issues such as measuring the
speed of AI adoption or identifying areas that require immediate attention from regulators.
The analysis highlights what should be done and provides limited evidence in this regard,
requiring complementary studies to provide data-driven insights.

The AI adoption at EU level was the subject of many research studies on various
fields and from different perspectives. Marino et al. (2022) prepared a SWOT analysis,
based on 42 official European Commission reports, evaluating the transition towards AI
adoption across the 27 EU member states from 2012 to 2021. The analysis revealed both
positive and negative perspectives on AI, with strengths including strong support for
digitalization and a focus on data ethics. However, several weaknesses were identified,
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such as limited AI implementation in healthcare, the absence of specific ethical frameworks
and insufficient investment in AI transition. Their analysis is qualitative and covers the state
of AI adoption only up to 2021, just before generative AI reaches its recent performance
milestones. Moreover, as it is based on policy reports, the analysis may be biased towards
an official point of view and does not take into account the perspectives of the private sector.
The lack of a quantitative analysis leads to the impossibility of identifying the factors that
strongly influence the process of AI adoption. The study does not measure the progress of
adoption and does not provide post-2021 perspectives, showcasing the need for an updated,
data-driven analysis.

Key concerns emerged regarding potential job losses due to AI adoption, along with
issues related to data protection and insufficient national investment strategies. Despite
these challenges, opportunities exist because many citizens hold positive views on AI
and numerous countries have started integrating AI into their national strategies while
planning dedicated research centers. Among the attempts to discover the key factor that
can stimulate the spread of AI adoption within EU countries, one study, carried out by
Gualandri and Kuzior (2024), used regression and correlation analysis to determine these
factors, but the results found were not significant. The main limitation of their study
is the lack of concrete results. The approach used did not lead to the identification of
factors influencing the adoption of AI. Most likely, the choice of the type of model or
the factors analyzed were not appropriate to assess the complexity of the AI adoption
process. A cross-sectional analysis only for the years 2022–2023, based on a small number
of factors measured at the country level, cannot detect more complex patterns, namely
latent structures or influences in the adoption of AI at the level of EU countries, which
leads to the need to use alternative analytical frameworks to discover them.

Other studies, like Popa (2024), were focused on other key aspects like promoting
transparency regarding AI technologies and algorithms used in the public system to avoid
problems caused by bias, for example, by creating a dedicated base for this purpose at EU
level. The study of Popa (2024), does not address the challenges related to the adoption of
AI in the private sector or in the economy in general, and does not analyze the factors that
stimulate or inhibit the adoption of AI, nor the discrepancies or similarities between EU
countries in the adoption process of AI.

This article provides a data-driven, enterprise-level analysis of AI technologies adop-
tion across EU countries over the period 2021–2024 and addresses a number of limitations
of previous studies. By using Eurostat data for all EU countries, principal component
analysis (PCA) and K-means clustering, it goes beyond a single-country focus and reveals
a pronounced cross-national specialization in AI adoption strategies. While Rožman et al.
(2023) highlighted internal leadership as a determinant of accelerating AI adoption, our
results show that external structural conditions, such as relevant skills shortages or cost
pressures, represent the determinant factors of the AI adoption intensity. Furthermore, this
article updates the debate on the productivity paradox initiated by Brynjolfsson et al. (2018).
Although the adoption rate of AI in EU enterprises almost doubled from 2020 to 2024,
the overall adoption rate still remains low. The explanation for the lag in the correlation
between the adoption rate and productivity is given by the existence of three main barriers
to the adoption of AI that slow down the productivity increases. These results highlight
clear mechanisms, similar to those whose effects Brynjolfsson et al. (2018) observed, but
which they did not identify. Responding to the concerns of Atkinson and Collins (2023)
and Mudholkar and Mudholkar (2024), we quantitively assess enterprises’ bias-checking
practices. By documenting how AI use has expanded from early use in HR (Kurniawan
et al., 2024) to finance, R&D and cybersecurity, this article demonstrates that the same AI
potential for transforming the HR sector is now generalizing across all business functions.
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As already signaled, on several occasions, with quantitative evidence of its severity and
spatial distribution, the main obstacle remains the relevant skills gap, confirming the call
made by Santhosh et al. (2023) for a large-scale upskilling.

The present paper has allowed for a better understanding of the complex effect of AI
adoption on employment, highlighted by Liang (2024) and Albanesi et al. (2023). The mul-
tivariate methodological approach used in the present article overcomes the inconclusive
results of the multiple linear regression approach used by Gualandri and Kuzior (2024).
This approach allowed for the discovery of latent structures that a single-equation model
could not have highlighted. The results of this quantitative study extend and clarify the
policy-based analysis of Woszczyna and Mania (2023), Luise (2024) and Marino et al. (2022).
Finally, by mapping ethical vigilance and transparency deficits, the study operationalizes
Popa’s call for an EU transparency register, providing the empirical foundation on which
such a framework can be built.

The main purpose of this study is to comprehensively analyze the adoption of AI
technologies by enterprises in EU countries, during the period 2021–2024. The research
aimed to uncover the distinct typologies of AI adoption, identify the important factors and
barriers influencing the integration of AI in business and provide information on strategies
and policies that can be used to facilitate a rapid and balanced process of AI adoption
across the EU. Moreover, the analysis also involved studying the differences between the
adoption models of AI technologies, as well as how these models have changed over time.
To achieve this, the following objectives were set:

1. Investigate the adoption models of AI in EU countries by analyzing the current state
of AI adoption and assessing the extent and ways in which enterprises implement AI
solutions, highlighting regional disparities in adoption rates and use cases.

2. Identify clusters of countries with similar patterns by conducting a cluster analysis
based on PCA of a large number of characteristics used to evaluate the AI adoption
process and by analyzing the differences between the identified clusters.

3. Analyze the changes in the AI adoption process from 2021 to 2024 by tracking the
changes in the scale of AI technologies use, changes in the purposes of using AI
technologies and the impact of recent innovations in the field of AI on adoption rates.

4. Identify the main barriers influencing the adoption process of AI and their dynamics
by discovering the main obstacles that hinder or slow down the adoption process
of AI technologies in enterprises in EU countries and analyzing the dynamics of the
perceived importance of these barriers until 2024.

5. Identify differentiated policies, based on the characteristics of the identified clusters,
that allow the adaptation of the adoption process of AI by enterprises in EU countries
to become more efficient and equitable.

3. Methodology
The data used in this paper is based on the results of the annual EU survey on ICT

usage and e-commerce in enterprises organized by Eurostat (Eurostat, 2024). Until 2021
there were recorded only data about how many AI technologies enterprises were used.
Starting in 2021, the diversity of collected data increased. For 2022, no data regarding AI use
in enterprises was recorded, but after ChatGPT was launched in November 2022, the col-
lected data diversity regarding AI increased even more. In 2024, 157,000 of the 1.54 million
enterprises in the EU were surveyed. Of the 1.54 million enterprises, approximately 83%
were small enterprises, 14% were medium enterprises and 3% were large enterprises. The
survey covered enterprises with at least 10 employees and self-employed persons (GE10).

From an initial set of 611 collected variables within the survey, 136 were selected as
directly related to the AI adoption process and used in this paper. Moreover, as the set of



Economies 2025, 13, 145 7 of 38

collected variables changed during the years 2021, 2023 and 2024, the data were processed
at the level of each year. The selected set of variables was split into many subsets, each with
a specific goal. Variables with missing data at the level of each processed subset/year were
eliminated from the dataset. Because some countries did not report the data on Eurostat
until the end of 2024, the records for these countries with missing data at the level of a
subset/year were also eliminated from the dataset.

In order to characterize the AI adoption process within EU countries, we studied
this topic using a top-down approach, first at the EU level and second at the level of the
individual EU countries. This approach allowed us to identify both the commonalities and
the differences in AI adoption across EU countries. A preliminary data analysis highlighted
that because there are many similarities between countries situated in different regions of
the EU due to their cultural, economic and historical backgrounds, groups of countries with
similar characteristics regarding the AI adoption process are formed. A cluster analysis
is required in this case. We ran an initial cluster analysis for finding the characteristics of
clusters to determine which type of clustering analysis is adequate, in a robust manner,
using principal component analysis (PCA) visualization and the following four metrics:

• Silhouette score (Rousseeuw, 1987):

S =
b − a

max(a, b)
(1)

where

o a—mean intra-cluster distance;
o b—mean nearest-cluster distance.

Values closer to 1 indicate well-separated spherical clusters.

• Statistic GAP (Tibshirani et al., 2001):

GAP(k) =
1
B

B

∑
b=1

logWb
k − logWk (2)

where

o Wk—sum of intra-cluster variances for the observed data;
o Wb

k —sum of intra-cluster variances for the random (null) dataset;
o B—number of times the null reference distribution is sampled.

The standard deviation of the GAP statistic is:

sk =

√√√√ 1
B

B

∑
b=1

(
logWb

k − 1
B

B

∑
b=1

logWb
k

)2

(3)

The optimal number of clusters is:

k∗ = min{k : Gap(k) ≥ GAP(k + 1)− sk+1} (4)

Higher GAP indicates that the clustering structure is stronger and better than random.

• Davies–Bouldin Index (Davies & Bouldin, 1979):

DBI =
1
k

k

∑
i=1

max
j ̸=i

si + sj

dij
(5)
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where

o si—the average distance between points in cluster i and its centroid;
o dij—the distance between centroids of clusters i and j.

Lower values indicate better-separated and compact clusters.

• Caliński–Harabasz Index (Caliński & Harabasz, 1974):

CHI =
SB/(k − 1)
SW/(n − k)

(6)

where

o k—number of clusters;
o n—total number of data points.

SB—Between-Cluster Variance:

SB =
k

∑
i=1

|Ci| · ∥µi − µ∥2 (7)

where

■ |Ci|—the number of points in cluster i;
■ µi—the overall mean of the dataset.

SW—Within-Cluster Variance:

SW =
k

∑
i=1

∑
x∈Ci

∥xi − µi∥2 (8)

o where x is a data point belonging to cluster Ci.

Higher values indicate better-separated and compact clusters.
The results obtained indicated well-separated and relatively compact clusters (Silhou-

ette score > 0.5, Davies–Bouldin Index ≤ 0.71, Statistic GAP ≥ 0.62, Caliński–Harabasz
Index ≥ 10). These findings guided us to the use of K-Means algorithm.

K-means clustering works iteratively to assign data points to k clusters based on their
similarity (MacQueen, 1967; Lloyd, 1982; Hartigan, 1975; Hartigan & Wong, 1979). The
procedure consists of the following steps:

1. Initialization: Select k initial cluster centroids, typically chosen randomly.
2. Assignment Step: Assign each data point xi to the nearest centroid cj, using a chosen

distance metric.
3. Update Step: Compute new centroids by taking the mean of all points assigned to

each cluster.
4. Repeat: Iterate the assignment and update steps until centroids no longer change

significantly or a stopping criterion is met (e.g., a maximum number of iterations).

Given a dataset X = {x1, x2, . . ., xn} with n observations, the K-means objective function
seeks to minimize the total within-cluster variance, defined as:

W2 =
n

∑
i=1

∑
xj∈Ci

∥∥xj − µi
∥∥2 (9)

where

o k—the number of clusters;
o Ci—the set of points in cluster I;
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o µi—the centroid of cluster i, computed as:

µi =
1

|Ci| ∑
xj∈Ci

xj (10)

o
∥∥xj − µi

∥∥2 represents the squared Euclidean distance between data point xj and
centroid µi.

The most commonly used distance metric in K-means is Euclidean distance, defined as:

d(x, y) =

√
m

∑
i=1

(
xj − µi

)2 (11)

where x and y are two data points in an m-dimensional space.
The following arguments recommend the use of the K-means algorithm (Celebi et al.,

2013; Ahmed et al., 2020; Ikotun et al., 2023):

• Computational efficiency: K-means is relatively fast and scales well with large datasets.
• Simple and intuitive: The algorithm is straightforward in terms of understanding and

implementation.
• Scalability: Works well with large-scale datasets, making it a practical choice for clustering.
• Interpretability: Results are easy to interpret, especially with well-separated clusters.

The K-means algorithm assumes that clusters are convex and isotropic and it has a
series of limits that must be taken into consideration before using it:

• Sensitive to initialization—Poorly chosen initial centroids can lead to suboptimal
clusters.

• Based on a fixed number of clusters—The optimum number of clusters k must be fixed
before using K-means algorithm, which can be challenging.

• Sensitive to outliers: Outliers can significantly affect cluster centroids, leading to
distorted clustering.

With a focus on the interpretability of the resulting clusters, the optimal number of
clusters required by the K-means algorithm was determined as the median value of the set
formed by the values identified by the four metrics presented above, to which was added
the value determined by the “Elbow” method. Given the differences between the metrics
and taking into account the characteristics of the clusters determined by the preliminary
analysis, we preferred this approach that provides more confidence in the optimal number
of clusters chosen. Considering the fact that the K-means algorithm is sensitive to the initial
position of the centroids, we ran the algorithm several times, using different random seeds,
to ensure the stability of the results obtained. Knowing that possible outliers can influence
the clustering result, we performed an assessment of the impact of these possible values
on the cluster formation process. It was found that the main structure of the clusters was
maintained even when these values were eliminated. The clustering process was repeated
using different subsets of variables and it was observed that the main cluster structure
remained, with small variations, almost the same.

Taking into account the characteristics of the clusters identified in the preliminary
analysis, we used other algorithms, such as agglomerative clustering and spectral clustering,
to identify the existing cluster structure and we obtained results that presented only small
variations compared to the result obtained using the K-means algorithm. Finally, the main
cluster structure identified proved to be stable.

The discovered AI adoption patterns were compared year-over-year to identify major
shifts in enterprises’ preferences at the country level.
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4. Results
4.1. The AI Adoption Analysis at EU Level

As Figure 1 shows at the EU level, enterprises had a very small rate of AI adoption, but
comparing the values of 2024 with 2020, the AI adoption rate almost doubled, increasing
from 7% to 13%.

Figure 1. AI adoption rate by GE10 enterprises at the EU level. Data source: (Eurostat, 2024). Note:
No data was collected for 2022.

The analysis of the AI technologies’ source used by GE10 enterprises at the EU level
revealed that 84% of the enterprises that adopted AI technologies used open source, com-
mercial or externally developed software, compared with 16% that used their own created
software. This shows that enterprises preferred to use externally created AI software
instead of creating their own software (Figure 2).

Figure 2. Source of AI technologies used by GE10 enterprises at the EU level. Data source: (Eurostat,
2024).

The enterprises’ interest in adopting different types of AI technologies is strongly
connected to the specifics of each one. By analyzing the types of AI technologies adopted
by enterprises, some aspects became relevant. In 2021, 3% of enterprises preferred process
automation (PA), 2% machine learning (ML) and 2% text mining (TM), but these preferences
were changed by the performances achieved by the AI technologies related to natural
language generation (NLG) in 2022, proved by the launch of ChatGPT. After a slow change
of AI adoption rate in 2023, these advances stimulate the increase in adoption of TM to 7%,
NLG and speech recognition (SR) both to 5% and ML to 4% in 2024 (Figure 3).
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Figure 3. Types of AI technologies used by GE10 enterprises at the EU level. Data source: (Eurostat,
2024). Note: No data was collected for 2022.

The analysis of the purpose for which enterprises used AI technologies at EU level
highlighted a few characteristics (Figure 4).

Figure 4. For what purpose GE10 enterprises used AI technologies—EU level. Data source: (Eurostat,
2024). Note: No data was collected for 2022.

First, in 2021, the enterprises used AI technologies only for four purposes (ICT security,
marketing or sales and production process) and in a very small percent (under 2%). Over
time, the diversity of purposes increased rapidly, reaching seven in 2024. The enterprises
became interested by other purposes like business administration processes or management,
accounting, controlling or finance management and R&D or innovation activity. In 2021,
ICT security was the dominant purpose (2%); this changed over time, and in 2024, the
dominant purposes were marketing or sales (5%) and business administration processes or
management (4%). There is only one purpose where the interest of enterprises remained
low (under 1%) and constant over time: logistics.

In 2023, when it became very clear that the AI technologies would play a very signifi-
cant role, the EU became interested in the factors that could make it harder for enterprises
to use them. Several factors were identified, but the most important of these was the lack
of relevant expertise (4.45%) (Figure 5).
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Figure 5. Main barriers encountered by GE10 enterprises in adoption of AI technologies. Data source:
(Eurostat, 2024).

The following factors, ranked by importance, concern the availability and quality
of data (3.09%), the lack or unclear legal regulations (3%) and concerns related to data
protection and privacy (2.74%). In 2024, the situation changed; the influence of lack
of relevant expertise increased to 7.10% and this time the identified factors, ranked by
importance, were the lack of clarity about legal consequences (5%) and data protection and
privacy (4.89%).

4.2. The AI Adoption Analysis at EU Countries Level

Figure 6 highlights a clear differentiation between the levels of adoption of AI technolo-
gies at the EU level. Denmark stood out as a leader among EU countries, with its adoption
rate values varying from 15% to 27.6% for all analyzed years, significantly higher than that
of all other EU countries. The next two countries ranked after Denmark were Sweden, with
percentages between 10.3% and 25.1%, and Belgium, with percentages between 13.8% and
24.7%. At the other extreme, which had much lower and almost stable adoption rates of
AI technologies over the period examined, were Romania (1.5% to 3.1%), Poland (2.9% to
3.9%) and Bulgaria (3.6% to 6.5%).

Figure 6. Overall AI adoption rate for GE10 enterprises at EU countries level—2021, 2023, 2024. Data
source: (Eurostat, 2024).

The analysis of the different types of AI technologies adopted across the EU countries
has shown significant differences (Figures 7–9).
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Figure 7. Types of AI technologies adopted by GE10 enterprises at EU countries level—2021. Data
source: (Eurostat, 2024).

Figure 8. Types of AI technologies adopted by GE10 enterprises at EU countries level—2023. Data
source: (Eurostat, 2024).

Figure 9. Types of AI technologies adopted by GE10 enterprises at EU countries level—2024. Data
source: (Eurostat, 2024).

The use of the following types of AI technologies was analyzed: AI for Physical
Movement (PM), AI for Image Recognition (IR), AI for ML, AI for NLG, AI for Workflow
Automation (WA), AI for SR and AI for TM.
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There was an obvious general trend of increasing AI integration by GE10 enterprises,
but at the same time, the landscape was characterized by changes in leadership among
EU countries and in priorities regarding AI technology. In 2021, Denmark stood out as a
leader in most types of AI, especially in PA (16.9%), ML and TM, but in 2023, Finland (8.6%)
became the leader, even surpassing Denmark for the exact same types of AI technologies.
This fact indicated at least a convergence for the leading countries in the adoption of AI.
By the end of 2024, countries’ priorities have shifted to integrating AI for NLG technology.
Denmark, (18.5%) has reclaimed its leadership position, and the Netherlands (12.6%) and
Belgium (12.7%) have consistently followed closely throughout the period, consolidating a
group of countries that are leaders in NLG and TM use. It was also noted that Luxembourg
(17.6%) was the leader for AI for TM and Slovenia (12%) for AI for IR during the period
under review.

In the leading group countries, AI for WA has consistently maintained high levels of
adoption, between 5% and 8.5% in 2023 and between 8.2% and 10.9% in 2024, highlighting
its consistent and enduring importance as a core scope. AI for ML and AI for TM have stood
out by increasing in importance and adoption rate faster and faster over the years. This
indicated a greater focus on fundamental ML capabilities in the EU. In 2024, AI for NLG
and AI for TM have become the main types of AI technologies integrated into enterprises
across EU countries. There have been other types of AI technologies that have consistently
shown lower adoption rates over time, indicating that they may be either less mature, too
industry-specific or involve overcoming more consistent obstacles in the adoption process.

One feature of the adoption of AI technologies was clearly highlighted, namely that
there was a significant gap between EU countries even though the pace of adoption and
the degree of diversification of integrated AI technologies have increased over time. There
was a group of countries that have recorded lower adoption rates (under 2%) for most
types of AI technology and that have systematically lagged behind the leading group. This
group consists of countries such as Romania, Latvia, Estonia and Cyprus. This systematic
gap revealed the uneven spread of AI technologies within EU countries. Furthermore, it
highlighted the need for more carefully targeted strategies that lead to uniform adoption of
AI in all member states while allowing them to benefit equally from its potential.

By deepening the analysis at the level of EU countries through cluster analysis and
PCA, we discovered some new common characteristics of the countries, as well as others
that differentiate them.

First, the principal components analysis carried out based on the variables in which
the types of AI technologies adopted by enterprises in EU countries were recorded over the
studied period highlighted the existence of an increasingly intense trend. Across all three
years, the first principal component (PC1) was strongly correlated with the overall level of
AI technology adoption, indicating that enterprises with high PC1 scores demonstrated
widespread integration of various AI technologies, particularly ML and NLG (Table 1).

The second principal component (PC2) represented a contrast dimension and high-
lighted a growing divergence between businesses specializing in AI for IR and those
focusing on AI for TM, AI for WA, and AI for PM. Notably, the positive loading for IR
strengthens over time, suggesting a more specialized application of this technology. This
strengthening differentiation implies that enterprises are increasingly choosing to specialize
in IR rather than maintaining a more balanced portfolio of AI technologies (Figure 10).

Countries on the right, with high PC1 values, were generally advanced in overall
AI adoption. Denmark, a clear outlier, showed exceptionally high adoption across all AI
technologies measured. The vertical position (PC2) further contrasted countries based on
their emphasis on IR. For example, countries such as Slovenia or Malta, which recorded
high values on the PC2 axis, had a higher adoption rate in AI for IR than other coun-
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tries. The clustering effectively highlighted not only how much, but also what kind of
AI technologies were being adopted across EU countries, revealing nuanced patterns of
technological specialization.

Table 1. PCA for AI technologies types used by EU countries.

Year PC Components

2021
PC1 = 0.399 × (AI for PM) + 0.302 × (AI for IR) + 0.413 × (AI for ML) + 0.401 ×

(AI for NLG) + 0.392 × (AI for WA) + 0.361 × (AI for SR) + 0.367 ×
(AI for TM)

PC2 = −0.192 × (AI for PM) + 0.819 × (AI for IR) − 0.029 × (AI for ML) + 0.281
×

(AI for NLG) − 0.242 × (AI for WA) − 0.106 × (AI for SR) − 0.378 ×
(AI for TM)

2023
PC1 = 0.389 × (AI for PM) + 0.331 × (AI for IR) + 0.407 × (AI for ML) + 0.399 ×

(AI for NLG) + 0.386 × (AI for WA) + 0.375 × (AI for SR) + 0.353 ×
(AI for TM)

PC2 = 0.104 × (AI for PM) + 0.720 × (AI for IR) − 0.104 × (AI for ML) + 0.268 ×
(AI for NLG) − 0.148 × (AI for WA) − 0.241 × (AI for SR) − 0.555 ×

(AI for TM)

2024
PC1 = 0.382 × (AI for PM) + 0.293 × (AI for IR) + 0.391 × (AI for ML) + 0.401 ×

(AI for NLG) + 0.401 × (AI for WA) + 0.381 × (AI for SR) + 0.386 ×
(AI for TM)

PC2 = 0.233 × (AI for PM) + 0.838 × (AI for IR) − 0.240 × (AI for ML) + 0.061 ×
(AI for NLG) − 0.122 × (AI for WA) − 0.213 × (AI for SR) − 0.350 ×

(AI for TM)

(a)

Figure 10. Cont.
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(b) 

(c)

Figure 10. Countries clusters by AI technologies types adopted by GE10 enterprises: (a) 2021, (b) 2023,
(c) 2024. Data source: (Eurostat, 2024).

Second, using K-means clustering, it was revealed that the process of adopting AI
technologies at the level of EU countries is dynamic. In 2021, the distribution of countries
was carried out in seven clusters. This was due to the different degrees of adoption and
specialization of EU countries in AI technologies. By 2023, the landscape had simplified
greatly, with the analysis highlighting the formation of only two main groups: one contain-
ing EU countries with a low overall rate of adoption of AI technologies and the second
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including EU countries with a higher adoption rate and a greater diversity of adopted AI
technologies. In 2024, the structure of the clusters continued to evolve, with the analysis
highlighting three well-defined clusters. The first cluster identified included EU countries
characterized by a systematically lower rate of adoption of AI technologies. The second
group contains countries specializing mainly in AI for IR, which is especially evident in the
case of Malta and Slovenia. The last cluster contained countries with high overall adoption
of AI technologies and included countries such as Denmark, Belgium, Finland and Sweden.
This dynamic suggested a trend of increasing divergence in AI adoption strategies. Some
countries preferred to focus on specific types of AI technologies, while others opted for a
broader and more comprehensive approach. Denmark had a special status as a leader in
the integration of AI technologies throughout all years analyzed.

The analysis of the AI technologies adoption purposes by the EU countries, carried out
for the years 2023 and 2024, highlighted, on one hand, their consistency, and on the other
hand, important changes in their priorities. In both years, AI for Business Administration or
Management (BAM) and AI for marketing or sales (MS) emerged as the main technologies
for all EU countries. This indicated a special and systematic attention paid to capitalizing on
the advantages offered by AI technologies to improve core business operations and active
customer engagement. It was also observed that the use of AI technologies for Production
Processes (PP) and AI for accounting, controlling or finance management (ACFM) also
remained important goals, especially in the case of the countries in the leading group,
which highlights the efforts to continuously improve the efficiency of production and
operational processes with the help of AI technologies (Figures 11 and 12).

Figure 11. Purposes of AI technologies adopted by GE10 enterprises at EU countries level—2023.
Data source: (Eurostat, 2024).

Figure 12. Purposes of AI technologies adopted by GE10 enterprises at EU countries level—2024.
Data source: (Eurostat, 2024).
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A main change observed between 2023 and 2024 was the consistent increase in the
adoption rate of AI for ICT security. Although moderately present in 2023, it grew rapidly,
becoming a primary focus in 2024, particularly in countries such as Slovenia, Belgium and
Denmark. This shift signaled a growing recognition of the critical role of AI in cybersecurity
and a greater focus on AI-based solutions to counter growing digital threats. In contrast,
while still relevant, the use of AI for PP became less dominant in 2024 compared to the
increased emphasis on AI for ICT security. This indicated either a possible shift in priority
or reaching a ceiling in its relative growth. AI for research and development or innovation
(RDI) and AI for logistics consistently remained the least adopted purposes in both years.

Across both 2023 and 2024, a clear pattern of countries leadership persisted, with
Finland, Belgium and the Netherlands consistently demonstrating strong adoption rates
across multiple AI purposes. Denmark also maintained a leading position, particularly
across a wide variety of AI technologies. Conversely, a group of countries including
Romania, Bulgaria and others consistently recorded lower adoption rates across almost all
AI purposes, highlighting a persistent digital divide in the EU regarding the application of
AI technologies to diverse business functions. This persistent gap underscores the need for
targeted initiatives to promote more equitable access to and implementation of AI across
all EU member states and for varied purposes.

The analysis of the AI adoption purposes at the level of EU countries for 2023 and 2024,
using PCA, revealed that PC1 consistently represented the overall level of purpose-based
AI adoption, showing that enterprises with higher PC1 scores generally integrate AI across
a wide range of business functions (Table 2).

Table 2. PCA for purposes of AI technologies adopted by EU countries.

Year PC Components

2023
PC1 = 0.343 × (AI for ICT security) + 0.386 × (AI for logistics) + 0.376 ×

(AI for PP) + 0.392 × (AI for MS) + 0.393 × (AI for BAM) + 0.362 ×
(AI for ACFM) + 0.390 × (AI for RDI)

PC2 = −0.641 × (AI for ICT security) + 0.190 × (AI for logistics) − 0.209 ×
(AI for PP) − 0.193 × (AI for MS) + 0.224 × (AI for BAM) + 0.648 ×

(AI for ACFM) − 0.056 × (AI for RDI)

2024
PC1 = 0.341 × (AI for ICT security) + 0.378 × (AI for logistics) + 0.361 ×

(AI for PP) + 0.397 × (AI for MS) + 0.402 × (AI for BAM) + 0.393 ×
(AI for ACFM) + 0.369 × (AI for RDI)

PC2 = 0.692 × (AI for ICT security) + 0.418 × (AI for logistics) − 0.477 ×
(AI for PP) − 0.106 × (AI for MS) − 0.045 × (AI for BAM) − 0.133 ×

(AI for ACFM) − 0.295 × (AI for RDI)

The second principal component identified (PC2) represented the dimension that
contrasts countries in terms of their specialization in the use of AI technologies for specific
purposes. This component suffered consistent change from one year to the next. In
2023, PC2 highlighted the contrast between companies that prioritized the use of AI
technologies for ACFM versus those that prioritized their use in ICT security and PP.
In 2024, PC2 changed its structure, and this time contrasted companies that prioritized
the use of AI technologies in ICT security and logistics with those that prioritized the
use of AI technologies in PP and RDI. This temporal variation in the structure of PC2
highlighted the dynamics of AI adoption strategies, meaning that companies change their
focus, on the one hand, in line with their priorities and, on the other hand, depending on
emerging opportunities.
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The clusters’ visualization for 2023 and 2024, when viewed alongside the PCA inter-
pretations, revealed distinct patterns in the adoption of AI for specific purposes across EU
countries (Figure 13).

(a) 

(b)

Figure 13. Countries’ clusters by purposes of AI technologies adopted by GE10 enterprises: (a) 2023
(b) 2024. Data source: (Eurostat, 2024).

In both years, the size of the clusters, from left to right in the graphs, was remarkably
stable and included thirteen, eight and five EU countries. Their composition did not change
much either.



Economies 2025, 13, 145 20 of 38

In 2023, the cluster analysis showed a clear separation based on PC1 and PC2, where
cluster 2 represented countries with a high overall adoption rate of AI for various pur-
poses, while clusters 0 and 1 showed a differentiation based on their focus on financ-
ing/administration versus ICT security/production. This was consistent with the mean-
ings of PC1 as the overall level of adoption and PC2 as the dimension of specialization
contrasting these two areas.

In 2024, almost the same countries formed the three clusters. While cluster 1, which
contained countries like Denmark, Belgium and the Netherlands, showed a widening
purpose for AI technology adoption, cluster 2, which contained countries like Sweden,
Austria, Germany or Malta showed a narrowed strategy for AI adoption purposes. For
this year, the cluster 0 contained the countries that preferred the use of AI technologies
for ICT security and logistics and had the lowest overall adoption rate of AI technologies.
Among these were countries such as Romania, Bulgaria and Poland. Cluster 2 was formed
by those that had a slightly higher overall adoption rate of AI technologies but preferred
their use more for PP and RDI, such as Germany, Malta, Luxembourg and Sweden. Cluster
1 contained the countries like Slovenia, Belgium, Denmark, the Netherlands and Finland,
with the highest overall adoption rate of AI technologies and that preferred a much wider
spectrum of their use than those in cluster 2 or 0. Another observation that stands out from
the graph is that the countries in cluster 1 had a greater inclination to use AI technologies in
the field of ICT security and logistics than for PP and RDI. The change in the composition
of clusters from one year to the next showed the different and dynamic adaptation of
EU countries taking into account the identified opportunities and the priorities they have
assumed. The strongest change in strategy was highlighted in the case of Slovenia. This
was the country that made the leap from cluster 0 in 2023 to cluster 1 in 2024 and, at the
same time, strongly changed the strategy for adopting AI technologies on the dimension
related to PC2, focusing strongly on their use in the field of ICT security and logistics in
2024 more than for ICT security and PP in 2023. Another change was observed in the case
of Austria, which almost maintained its level of overall adoption rate of AI technologies
but changed the strategy and direction of its leap opposite the one of Slovenia.

The analysis of the breadth of EU countries’ AI adoption strategies for 2023 and 2024
highlighted a significant increase in the rate of AI adoption at their level (Figures 14 and 15).

Figure 14. Number of purposes of AI technologies adopted by GE10 enterprises at EU countries
level—2023. Data source: (Eurostat, 2024).
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Figure 15. Number of purposes of AI technologies adopted by GE10 enterprises at EU countries
level—2024. Data source: (Eurostat, 2024).

The percentage of companies that have adopted AI for at least one, two or even three
purposes has increased significantly over the two years analyzed, which supports the
previous statement. Denmark and Finland played the role of leaders in 2023, but in 2024,
Austria and Belgium had a higher adoption rate of AI technologies for at least one purpose
and surpassed them. An increase in the pace of adoption of AI technologies for at least two
or three purposes was noted across all EU countries. This increase signified a change in
the adoption strategy towards a more integrated one and was especially visible within the
countries in the leading group. However, the formation of distinct groups of countries was
again observed, between which a leader group and a laggard group stand out, between
which the gap was very clear and worrying. Countries in the laggard group (Romania,
Bulgaria, Poland and Hungary, for example) systematically presented the lowest adoption
rates in both years. The existing gap was not only obvious but also amplified due to the
faster year-on-year growth in the adoption rate of AI technologies in the leader group
countries compared to the almost stationary rates in the laggard group countries. This
different reality, which was accentuated for the two groups, highlights the need to create
and adopt differentiated support mechanisms through specific policies to create a fair
framework for access to AI technologies for all EU countries. In this way, the creation of
a significant and permanent two-tier differentiation in the use of AI technologies across
EU countries could be prevented. The two statistical graphs indicate a cluster structure of
EU countries.

The PCA revealed in both years that PC1 represented the overall extent of multi-
purpose AI adoption, effectively separating countries based on their broad integration of
AI across various purposes (Table 3).

Table 3. PCA for number of purposes of AI technologies adopted by EU countries.

Year PC Components

2023 PC1 = 0.575 × (AI for at least one purpose) + 0.581 ×
(AI for at least two purposes) + 0.576 × (AI for at least three purposes)

PC2 = 0.725 × (AI for at least one purpose) − 0.036 ×
(AI for at least two purposes) − 0.688 × (AI for at least three purposes)

2024 PC1 = 0.572 × (AI for at least one purpose) + 0.586 ×
(AI for at least two purposes) + 0.575 × (AI for at least three purposes)

PC2 = 0.742 × (AI for at least one purpose) − 0.071 ×
(AI for at least two purposes) − 0.667 × (AI for at least three purposes)
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PC2 also showed consistency across the two years and differentiated between ampli-
tude and depth of AI adoption.

The cluster visualizations for 2023 and 2024, combined with the PCA equations,
clearly illustrate the consistent patterns of multi-purpose AI adoption within EU countries
(Figure 16).

(a) 

(b)

Figure 16. Countries’ clusters by number of purposes of AI technologies adoption by GE10 enterprises:
(a) 2023, (b) 2024. Data source: (Eurostat, 2024).
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The rightmost cluster in both visualizations consistently grouped countries with
the highest PC1 scores, indicating a greater tendency to adopt AI for multiple purposes.
Denmark, Belgium, Slovenia and Finland were the countries that adopted AI technologies
for more than one purpose. At the other end, we found Romania, Bulgaria and Greece as
countries where the adoption of AI technologies had the lowest rates, signaling that the
talent of programmers or the good Internet infrastructure, as in the case of Romania, were
not enough to stimulate the AI adoption rate.

In both visualizations there were countries that focused on wider AI adoption (like
Slovenia, Ireland or the Netherlands), while other countries focused on the adoption of
AI for at least one purpose (like Lithuania, Czechia or Greece). This visual separation
reinforced the PCA’s finding that PC2 effectively contrasted these two approaches to
AI adoption. The stability of cluster compositions and their alignment with the PCA
equations highlighted a consistent structure in how countries approached the number of
AI applications they implement.

The analysis of AI technology sources from 2021 to 2024 highlighted other important
changes in EU countries’ strategy for adopting AI technologies (Figures 17–19).

Figure 17. Source of AI technologies adopted by GE10 enterprises across EU countries—2021. Data
source: (Eurostat, 2024).

Figure 18. Source of AI technologies adopted by GE10 enterprises across EU countries—2023. Data
source: (Eurostat, 2024).

The analysis of AI technologies’ sources of origin used by enterprises in EU countries
at the level of the three years analyzed showed that external suppliers occupy the most
important place. In this way, enterprises in EU countries presented a systematic dependence
on external expertise and ready-made software solutions. A secondary, but still significant,
place was occupied by internally modified commercial software and open-source ones. The
least used source of supply for AI technologies was through the modification of open-source
software solutions. The leading countries in the adoption of AI technologies preferred to



Economies 2025, 13, 145 24 of 38

diversify their supply strategies the most. They chose a more complex approach through
which to use, on one hand, the advantages of an accelerated internal development of AI
technologies and, on the other hand, to develop them based on external partnerships. In
the case of the supply of AI technologies, the existence of groups of countries was also
observed, but also the existence of a significant and systematic gap between EU countries.
The EU countries in the lagging group that showed low overall adoption rates of AI
technologies also recorded the lowest intensity of supply from all sources analyzed in
the period 2021–2024. As observed, the countries that formed the leading group were
on the path to developing their own, internal AI technology generation capacities. The
countries in the lagging group still faced fundamental challenges regarding all aspects of AI
technology adoption, including those related to supply sources. The growing gap between
these groups of countries once again highlighted the need for differentiated policies at the
EU level to stimulate equitable access to AI technologies and support the development of
internal AI technology generation capacities in all EU countries, regardless of the stage
reached at a given time.

Figure 19. Source of AI technologies adopted by GE10 enterprises across EU countries—2024. Data
source: (Eurostat, 2024).

Countries like Luxembourg, Germany, France, Ireland, Italy and Romania had not
reported any values for these indicators or had only reported partially until the end of 2024,
and this influenced the results of PCA and cluster analysis.

The PCA for the countries that reported values regarding the analyzed indicators
revealed a clear evolution in countries AI adoption strategies. Initially, the focus was on
the choice between in-house modification and external reliance (Table 4).

Over time, the emphasis shifted towards a broader choice between building AI inter-
nally versus relying on external providers for development. Finally, in 2024, a significant
shift occurred towards adopting ready-made AI solutions, indicating a potential maturity
in the AI market and a preference for readily available technologies. The changes in the
PC2 component highlighted that the countries tend to change their strategy regarding the
AI development methods.

The cluster visualizations, in conjunction with the PCA interpretations, revealed a
dynamic evolution in AI development and modification of countries strategies across the
three years (Figure 20).
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Table 4. PCA for sources of AI technologies adopted by EU countries.

Year PC Components

2021

PC1 = 0.444 × (AI developed by own employees) + 0.451 × (AI developed or
modified by external providers) + 0.446 × (AI commercial software or

systems modified by own employees) + 0.453 × (AI open-source software
or systems modified by own employees) + 0.432 × (AI commercial soft

ware or systems ready to use)

PC2 = 0.045 × (AI developed by own employees) − 0.437 × (AI developed or
modified by external providers) + 0.571 × (AI commercial software or

systems modified by own employees) − 0.686 × (AI open-source software
or systems modified by own employees) + 0.033 × (AI commercial soft

ware or systems ready to use)

2023

PC1 = 0.441 × (AI developed by own employees) + 0.447 × (AI developed or
modified by external providers) + 0.444 × (AI commercial software or

systems modified by own employees) + 0.449 × (AI open-source software
or systems modified by own employees) + 0.437 × (AI commercial soft

ware or systems ready to use)

PC2 = 0.236 × (AI developed by own employees) − 0.609 × (AI developed or
modified by external providers) + 0.439 × (AI commercial software or

systems modified by own employees) − 0.582 × (AI open-source software
or systems modified by own employees) + 0.130 × (AI commercial soft

ware or systems ready to use)

2024

PC1 = 0.424 × (AI developed by own employees) + 0.431 × (AI developed or
modified by external providers) + 0.423 × (AI commercial software or

systems modified by own employees) + 0.430 × (AI open-source software
or systems modified by own employees) + 0.479 × (AI commercial soft

ware or systems ready to use)

PC2 = 0.252 × (AI developed by own employees) + 0.356 × (AI developed or
modified by external providers) − 0.187 × (AI commercial software or

systems modified by own employees) − 0.292 × (AI open-source software
or systems modified by own employees) + 0.807 × (AI commercial soft

ware or systems ready to use)

(a)

Figure 20. Cont.
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(b) 

(c)

Figure 20. Countries’ clusters by sources of AI technologies adoption by GE10 enterprises: (a) 2021,
(b) 2023, (c) 2024. Data source: (Eurostat, 2024).

In 2021, the three existing clusters were very clearly separated along PC1 and, at
the same time, highlighted a differentiation between countries regarding the sources of
AI technology adopted by enterprises, contrasting the internal modification of AI and
the use of AI from external sources, as indicated by PC2. However, by 2023, the cluster
structure had changed, consistent with the PCA’s observation that PC2 changed over time to
differentiate between internal versus external development and modification and showed
a different strategy of countries in AI adoption. Most countries changed their strategies this
year, choosing particular variants. The transition was also obvious regarding the change in
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the composition of clusters, especially cluster 1, which has increasingly grouped countries
with a focus on external development and change. Denmark retained its outlier status
throughout the analyzed period, demonstrating its unique approach to AI development
and modification.

The analysis to identify the barriers that block or slow down the process of AI adoption
in EU countries, using the PCA analysis, highlighted the main aspects and changes at the
level of EU countries (Table 5).

Table 5. PCA analysis of barriers perceived in adoption of AI technologies across EU countries.

Year PC Components

2021

PC1 = 0.373 × (Data protection/privacy concerns) + 0.352 × (Costs too high) +
0.359 × (Data availability/quality issues) + 0.303 × (Ethical considerations)

+ 0.365 × (Incompatibility) + 0.349 × (Lack of expertise) + 0.363 ×
(Lack of legal clarity) + 0.359 × (AI not useful)

PC2 = 0.100 × (Data protection/privacy concerns) + 0.044 × (Costs too high) −
0.403 × (Data availability/quality issues) + 0.624 × (Ethical considerations)

− 0.360 × (Incompatibility) − 0.420 × (Lack of expertise) + 0.302 ×
(Lack of legal clarity) + 0.199 × (AI not useful)

2023

PC1 = 0.364 × (Data protection/privacy concerns) + 0.333 × (Costs too high) +
0.372 × (Data availability/quality issues) + 0.330 × (Ethical considerations)

+ 0.361 × (Incompatibility) + 0.361 × (Lack of expertise) + 0.372 ×
(Lack of legal clarity) + 0.332 × (AI not useful)

PC2 = −0.312 × (Data protection/privacy concerns) + 0.313 × (Costs too high)
−

0.250 × (Data availability/quality issues) + 0.582 × (Ethical considerations)
− 0.355 × (Incompatibility) − 0.328 × (Lack of expertise) + 0.058 ×

(Lack of legal clarity) + 0.407 × (AI not useful)

2024

PC1 = 0.365 × (Data protection/privacy concerns) + 0.286 × (Costs too high) +
0.377 × (Data availability/quality issues) + 0.356 × (Ethical considerations)

+ 0.372 × (Incompatibility) + 0.360 × (Lack of expertise) + 0.370 ×
(Lack of legal clarity) + 0.334 × (AI not useful)

PC2 = −0.271 × (Data protection/privacy concerns) + 0.734 × (Costs too high)
−

0.107 × (Data availability/quality issues) − 0.206 × (Ethical considerations)
+ 0.187 × (Incompatibility) − 0.336 × (Lack of expertise) − 0.200 ×

(Lack of legal clarity) + 0.382 × (AI not useful)

PC1 systematically represented, in all three analyzed years, the general level of barriers
perceived by enterprises that slow down or block the adoption of AI. High values for PC1
showed a wider range of reported reasons for not using AI. The interpretation of PC1 as
the general level of barriers perceived by companies was stable over time, even if the exact
loads changed slightly from year to year. PC2 changed its meaning throughout 2021 and
2023. It contrasted ethical values and concerns (such as ethical considerations, utility, legal
clarity) with practical and technical barriers (such as expertise, data, and incompatibility),
in other words, it represented a qualitative differentiation in the nature of the barriers. In
2024, the meaning of PC2 changed again and highlighted the contrast between cost as the
dominant barrier and a wider set of other barriers (the most significant of which are lack of
expertise and data protection/privacy concerns). It was observed that, in 2024, the main
obstacle perceived by companies in the adoption of AI was the level of costs.

Across the three years, a trend towards simplification in cluster structure was observed
(Figure 21).
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Figure 21. Countries’ clusters by principal barriers perceived in AI technologies adoption by GE10
enterprises: (a) 2021, (b) 2023, (c) 2024. Data source: (Eurostat, 2024).
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In 2021 and 2023, cluster analysis led to a higher optimal number of clusters, highlight-
ing more finely differentiated groupings of countries based on the reasons why they did
not adopt AI. The optimal number of clusters decreased significantly in 2024, indicating a
simpler and clearly separated clustering structure along the PC1 dimension. Throughout
all years, Malta and Finland consistently appear as isolated points, suggesting unique
profiles in terms of barriers to AI adoption compared to other EU countries. In 2024, the
clear two-cluster structure showed the clear difference in the overall barriers perceived at
the level of the contained countries. Cluster 0 indicated countries that did not encounter
high values for the overall barriers level in the AI adoption process, in contrast with cluster
1. Also, inside of both clusters existed countries that were contrasting by PC2 dimension.
Countries like the Netherlands, Sweden or Luxembourg from cluster 0 and Germany, Aus-
tria, and Denmark from cluster 1 recorded negative PC2 values, indicating a greater relative
emphasis on cost as a primary barrier to AI adoption. This evolution over the three years
highlighted a potential shift in the main barrier types to AI adoption across EU countries,
with cost emerging as a main differentiator in the most recent year, potentially reflecting
changes in economic conditions or a growing awareness of AI implementation costs.

The adoption of AI technologies by enterprises across EU countries cannot be achieved
by ignoring the potential risks associated with it. One of the biggest risks associated with
the development of AI technologies, such as NLG, for example, but not only, is the risk of
bias. This risk significantly became more important after the launch of ChatGPT. The annual
EU survey on the use of ICT and e-commerce addressed this type of risk in enterprises at
the EU level, beginning in 2024.

The PCA analysis revealed two components (Table 6). PC1 showed positive and quite
similar loadings across all types of bias checking approaches, irrespective of how the AI
was developed or modified, meaning that PC1 indicated the overall level of attention to
bias checking across all AI approaches.

Table 6. PCA analysis regarding bias check in adoption of AI technologies across EU countries.

Year PC Components

2024

PC1 = 0.451 × (Bias check − AI developed by own employees) + 0.442 ×
(Bias check − AI developed/modified by external providers) + 0.443 ×
(Bias check − Commercial AI modified by own employees) + 0.446 ×
(Bias check − Open-source AI modified by own employees) + 0.453 ×

(Bias check − Ready-to-use commercial AI)

PC2 = −0.136 × (Bias check − AI developed by own employees) − 0.521 ×
(Bias check − AI developed/modified by external providers) + 0.524 ×
(Bias check − Commercial AI modified by own employees) + 0.530 ×
(Bias check − Open-source AI modified by own employees) − 0.391 ×

(Bias check − Ready-to-use commercial AI)

Enterprises with higher PC1 scores generally placed more emphasis on bias checking
in their AI systems, regardless of whether the AI was developed internally, externally or
purchased as ready-to-use.

PC2 revealed a more differentiated pattern. It showed positive loadings for “Bias
check—AI modified in-house” and “Bias check—AI modified externally”, and negative
loadings for “Bias check—AI developed externally” and “Bias check—Ready-made AI”.
“Bias check—AI developed in-house” has a small negative loading. This suggested that
PC2 contrasted two tendencies in bias checking:

• Positive side: emphasis on bias checking for modified AI systems, whether modifica-
tions are done in-house or externally.
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• Negative side: emphasis on bias checking for externally developed and ready-to-use
AI systems, potentially less emphasis on bias checking for systems developed in-house.

This could indicate a lack of trust in AI procured from external sources or bought
ready-to-use, and hence the need for a more rigorous assessment of the risk of bias.

The cluster analysis of EU countries based on their bias-checking practices across
different AI development and acquisition methods in 2024 revealed a nuanced landscape
(Figure 22).

Figure 22. Countries’ clusters by bias check in AI technologies adoption done by GE10 enterprises—
2024. Data source: (Eurostat, 2024).

The main observation was that countries seem to differ in the overall scale of bias
testing efforts and the relative focus on bias testing for different types of AI sources.
Denmark and Belgium appear as notable outliers. Denmark stood out with its high overall
extensiveness and a distinct accent on bias checking for AI that is modified in-house from
commercial or open-source software. Malta, in contrast, showed the highest overall range
of bias checking across all categories of AI source, without a strong differentiation in focus
based on AI origin.

These findings suggested diverse strategic approaches to AI bias management across
EU countries, with some countries demonstrating more comprehensive practices overall
and others prioritizing bias checks depending on how AI solutions are developed or
acquired.

5. Discussion
The analysis of AI adoption trends across EU enterprises from 2021 to 2024 revealed

important information about the dynamics of AI integration, the factors influencing adop-
tion and the specialization strategies emerging in different countries. The cluster analysis
carried out highlighted clear patterns of differentiation of the adoption strategies of AI
technologies related to EU countries. It also uncovered the existence of groups of countries
whose adoption strategies are similar and convergent, but also the differentiation between
the strategies of countries in different groups. The progress made, as well as the challenges



Economies 2025, 13, 145 31 of 38

encountered along the way and which still persist in some cases, characterized the dynam-
ics of the adoption process of AI technologies by enterprises in EU countries. The most
important feature of this process was the significant increase in the intensity and degree of
diffusion regarding the adoption of AI technologies by enterprises in EU countries during
the analyzed period. Enterprises have managed to increasingly integrate AI technologies
into their business processes, but although it showed an increase, the overall adoption rate
still remained in the range of low values. Even if an evolution has been observed, it is still
much too slow compared to the global leader, the USA.

One of the most obvious conclusions is that most enterprises in EU countries still
prefer to rely heavily on externally developed AI technologies rather than investing in
developing their own capabilities internally. By showing this preference for commercial
or open-source AI software, it also becomes clear that the enterprises actually prefer
ease of implementation and low costs to the difficulties generated by developing internal
capabilities. In other words, the enterprises use innovations made by others externally in
the field of AI technologies to accelerate their adoption but without incurring high research
and development costs.

Another conclusion identified from this study is the dynamics of preferences in the
adoption of various types of AI technologies. At the beginning of the analyzed period,
enterprises preferred to use AI technologies for PA, ML and TM. Later, after reaching a
level of progress considered useful in the case of advanced NLG technologies, highlighted
with the launch of ChatGPT, the preferences of enterprises changed significantly. Thus, in
2024, enterprises preferred to use more NLG, TM and SR AI technologies than other types
of technologies. Content generation, communication and automation based on AI became a
solid foundation for their business processes. Regarding the purposes for which enterprises
in EU countries used AI technologies, the conclusions drawn describe an increase in the
diversity of the palette of purposes in their use. Initially in 2021, AI technologies were used
primarily for ICT security, MS and PP, but later, by 2024, the use of AI technologies was
diversified and the focus shifted slightly to their use for BAM, ACFM and RDI. The basis of
this diversification lays in the fact that the enterprises recognized the importance of using
AI technologies in other processes, not only in those considered traditional, and took an
important step towards developing internal AI-based decision-making processes.

The progress made by EU enterprises in adopting AI technologies has been slowed
down by a number of barriers. The most important of all the barriers, identified at the
company level, was the lack of relevant expertise. Overcoming this requires the creation
of training programs in the development of AI technologies in EU countries that do not
yet have them, better focusing but also diversifying them towards relevant technologies
across all EU countries. It is also necessary to adopt initiatives for talent development
and recruitment.

The second most important barrier identified at the EU company level was the high
cost of developing and implementing AI technologies. Even if it was not initially perceived
as such a difficult barrier, the importance of cost became increasingly important by 2024,
especially for small- and medium-sized enterprises.

Other barriers identified concerned the availability and quality of data, regulatory
uncertainties and data protection issues.

The analysis carried out at the EU country level showed the existence of significant
differences in the adoption of AI technologies. There are two stable groups of countries,
noted in all aspects analyzed: a leading group in the adoption of AI technologies, which
includes a smaller number of countries, formed by countries such as Denmark, Finland, the
Netherlands or Belgium and a larger group of countries lagging behind, typically formed
by countries such as Romania, Poland, Bulgaria Hungary, Croatia or Lithuania and which
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have shown significantly lower adoption rates of AI technologies. Between these extreme
groups, one or more groups frequently appear, depending on the subject of the analysis,
which are formed by countries showing adoption rates of AI technologies with intermediate
values, such as the Czech Republic, Austria, Germany, Greece, Portugal or Spain.

Grouping countries based on their AI adoption strategies showed that there are
countries that have relied on AI technologies used for IR, while others have relied on
AI used for PP, TM or PM. The existence of these differences showed that AI technology
adoption strategies were carried out under the influence of country-specific policies and
not unitary at the EU level and, in addition, depend on the existing ICT infrastructure and
economic conditions. It is precisely the existence of these differences between countries with
a high degree of adoption of AI technologies and those with a low degree of adoption that
allows for the policies to be implemented in the field of AI, the digital infrastructure, and,
last but not least, the incentives for investment in AI technology to become the main factors
in the future acceleration of AI development and the expansion of its use in EU countries.

Another observation highlighted by this study was the different dynamics of AI bias
checking. As with other aspects analyzed, countries showed significant differences in
the attention paid to bias checking. Countries in the leading group in the adoption of AI
technologies, such as Denmark and Belgium, were also leaders in this case. Analyzing the
data at the EU country level, it can be concluded that bias checking becomes important,
not at early levels of adoption of AI technologies, but after a threshold is exceeded from
which the negative effects of bias become visible. Regarding the way in which the checking
is carried out depending on the source of origin of AI technologies, a preference for bias
checking was observed, especially in the case of externally developed AI systems. A
possible explanation is that the enterprises perceived the externally developed AI solutions
as being more susceptible to bias than the internally developed models. The lack of a clear
legal framework regulating the ethical practices for the development of AI technologies,
specifically a set of minimum standards to ensure the fairness and transparency of AI,
becomes evident.

The cluster analysis of the AI adoption level in EU countries identified three distinct
clusters: countries with a high level of AI adoption, lagging countries with a low level of AI
adoption and niche-focused countries which adopted specialized AI. Each of the clusters
presents different challenges and requires tailored digital policy and strategic interventions
to accelerate AI adoption. Specific recommendations for each cluster are presented below:

• Countries with a high level of AI adoption. This cluster includes countries with a broad
and advanced integration of AI across all sectors, such as Denmark, Finland, Belgium,
the Netherlands or Sweden. Recommended policies for this group aim to maintain the
gained advantage and address advanced challenges to further stimulate innovation:

– Continuous development of highly specialized AI skills and attracting talent
globally. The shortage of highly specialized skills in leading AI fields occurs even
in their case. Ensuring a permanent resource of expertise to support innovation
is achieved by funding advanced AI degree programs at national level, which
certify AI professionals and by facilitating partnerships between industry and
academics for the continuous improvement of relevant high skills.

– Investment in R&D and in the creation of environments for testing innovations. To
translate this into reality, it is necessary to apply policies that balance innovation
with AI regulation and control. Recommended measures include increasing
funding for AI research and development and creating specialized regulatory
testing environments for emerging AI solutions. Countries with high levels of AI
adoption should continue to push the boundaries by supporting experimental
AI projects in cutting-edge areas. Creating controlled environments with relaxed
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sandbox regulations allows companies to test their innovations under supervision,
while also contributing to the development of better future regulations.

– Improving AI governance and ethical frameworks. As AI is already widely
adopted in these countries, the next logical step is to increase regulatory clarity
on data privacy, AI ethics and risk management. It is recommended to update na-
tional AI strategies by including robust ethical guidelines and clear standards on
transparency, safety and responsibility in AI. An example would be the implemen-
tation and popularization of mandatory guidance on algorithmic transparency
and bias mitigation to help companies innovate with confidence, while ensuring
public trust in AI systems.

– Supporting SME adoption and sectoral diffusion. Even in leading countries, there
will be SMEs or sectors that will experience gaps in the use of AI. It is necessary
to create a system of specific financial incentives in the form of grants or tax
credits to encourage the adoption of AI among SMEs and in areas lagging behind.
Expanding the system of digital innovation centers to provide access to tools and
expertise in the field of AI to SMEs.

– Integrating artificial intelligence in the public sector and sharing data. Translating
this recommendation into reality requires the continuous updating of digital
government strategies with the aim to implementing AI and developing smart
infrastructure in the field of healthcare or public administration. Another recom-
mendation is to create national platforms for sharing high-quality, confidential
datasets with AI innovators, thereby improving public services and generating the
data resources needed by researchers and companies to develop new AI solutions.

• Countries with a low level of AI adoption. This cluster consists of EU countries with
consistently low rates of AI adoption in most technologies and business functions,
such as Romania, Bulgaria, Poland. To support faster and more effective adoption of
AI, comprehensive measures are needed and to strengthen the foundations of their
digital transformation strategies and policies:

– Investments in digital infrastructure and connectivity. To support AI adoption, it is
essential, first of all, to strengthen digital infrastructure, which can be achieved by
improving connectivity and access to high-speed internet. Governments should
prioritize investments in expanding networks in industrial areas, facilitating ac-
cess of enterprises to cloud computing and high-performance computing services
by implementing national programs or through European funds.

– Implementation of a national AI strategy with funding. To accelerate the adoption
of artificial intelligence, it is very important that each country, if it does not already
have one, to develop a well-defined national AI strategy, based on adequate
funding, and to implement it. The strategy should set clear objectives and budgets
through concrete support programs, aimed at increasing the use of AI, especially
among enterprises. The real involvement of enterprises should be stimulated
using European funds and state aid to offer grants or tax incentives to companies
that invest in AI solutions, while linking these financial benefits to the achievement
of concrete measurable results.

– Workforce training and digital skills programs. The lack of relevant expertise for
AI is a major barrier in these countries, which is why large-scale upskilling is
of utmost importance. Governments should implement measures to stimulate
the organization of free or subsidized courses aimed to development of digital
skills and specialized AI competencies, addressed to employees and job seekers,
but also the integration of AI specialization modules in university programs and
vocational education.
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– Promote awareness and success stories related to AI. Many companies in countries
with low AI adoption are unaware of the benefits of using AI, while others are
hesitant due to perceived complexity. To stimulate AI adoption, awareness of the
benefits of using AI must be actively promoted and measures taken to reduce
the fear of complexity. Implementing information campaigns and pilot projects
in key sectors, such as industry or public services, practically popularizes the
positive impact of AI. Officially promoting success stories with clear results, such
as reducing downtime through predictive maintenance, inspires companies to try
using AI solutions and encourages them to expand their adoption.

– Regulatory clarity and testing environments. The lack of legislative clarity in
the field of AI use does not encourage its adoption, especially in sensitive ar-
eas such as data protection or legal liability. Therefore, the implementation of
clear guidelines on the application of existing regulations and aligning national
legislation with EU legislation can help overcome this obstacle. The creation of
sandbox environments for registering and testing AI systems under appropri-
ate monitoring, without immediate compliance obligations, provides companies
with a safe environment for innovation and reduces uncertainty and compliance
costs, encourages investments in AI solutions and helps authorities to adapt
existing regulations.

– Public sector as an AI enabler. The state can have a more important role in
promoting the adoption of AI by implementing government services based on AI
solutions, such as automatic detection of tax fraud, chatbots supporting online
administration or optimizing road traffic in cities. In this way, more efficient
services are provided to the population, but also provide concrete examples for
the private sector to follow. Another measure by which the state can stimulate
the adoption of AI can be the launch of public procurement based on a bidding
system or competition of solutions that explicitly request the development of AI
solutions for real needs.

– Regional and European collaboration. Countries in this cluster must integrate
into a European AI ecosystem to reduce the gap and to more easily benefit
from a fair digital transformation. Therefore, they should make the best use of
European initiatives and partnerships to overcome the barriers encountered in the
adoption process of AI. Active participation in European programs such as Digital
Europe, Horizon Europe or European Digital Innovation Hubs gives them access
to funding, relevant expertise and essential tools to accelerate the adoption of AI.
Also, the adoption of AI can be accelerated by establishing regional collaborations
based on partnerships with countries with a high level of AI adoption or by
implementing joint infrastructure projects for the development of AI.

• Niche-focused countries. This cluster includes countries with moderate overall adop-
tion of AI and strong specialization in certain AI technologies, such as Malta and
Slovenia. These countries have achieved high adoption level in specific areas of AI
and lagged behind in others, leaving them with specialized expertise only in the areas
where they excel. Their AI policies and strategy should aim to expand the use of AI,
while capitalizing on their expertise in areas of excellence:

– Update the digital transformation and AI strategies by policymakers to diversify
AI adoption in other fields. The updated strategies should ensure continued
support for highly developed AI areas, set clear goals to ensure the expansion of
AI use in other new sectors, allocate R&D funds to more AI areas and develop a
system of incentives, not just financial, for developers of AI projects in new areas.
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– Capitalize on existing strengths by establishing centers of excellence or innovation
clusters for the specialized field of AI excellence. Attracting other companies and
highly qualified researchers strengthens the countries’ reputation for excellence
and generates indirect benefits, such as foreign investment and highly skilled
jobs. Implementing this recommendation involves creating a system of grants
or tax breaks for companies operating in areas of AI excellence, with the aim of
developing regional AI centers specialized in AI areas of excellence, thus turning
specialization into a competitive advantage.

– Encourage knowledge transfer and partnership building. Facilitate partnerships
with leading AI countries to import know-how in areas other than those of
excellence by participating in innovation networks developed by the EU. In this
way, local companies and regulators come into direct contact with a wide range
of AI use cases and accelerate the learning process.

– Develop specific skills in new AI areas. Launching government-specific training
initiatives to develop expertise beyond the niche domain by introducing special-
ized courses into the educational offer of universities, bootcamps or retraining
programs in other disciplines, stimulating students through scholarships to study
AI abroad in various fields and their employment in local companies.

– Developing an adaptive regulatory framework. Implementing clear regulations,
namely a system of sandbox testing environments for new domains, so that
companies can safely innovate in new AI domains and at the same time not be
discouraged by legal uncertainty.

6. Conclusions
This study conducted a comprehensive analysis of the main characteristics of the

adoption of AI technologies by enterprises in EU countries from 2021 to 2024, highlighting
the strategic directions chosen by the countries, the dynamics of the process, and the
challenges encountered. The main conclusions drawn are presented below.

A first conclusion is that the adoption of AI technologies has intensified, the adoption
rate of AI technologies has almost doubled compared to 2020, but compared to other
countries, such as the USA, the overall adoption rate was still very low. In some EU
countries, enterprises have quickly embraced AI technologies, while in others the adoption
process has been delayed and slow due to economic, but especially structural, constraints.

The vast majority of enterprises in EU countries preferred to rely on externally devel-
oped AI technologies rather than invest in the development of their own AI technologies.
This preference highlights a strong need for access to high-quality AI solutions that can
potentially be easily implemented.

The enterprises have quickly understood the benefits of AI technologies across all
industries and have increased the diversity of business processes in which they have used
AI technologies, covering processes ranging from ICT security and marketing to financial
management and research and development.

The lack of expertise in the development of AI technologies was the most difficult
barrier faced by enterprises in the adoption process. The need for specialized training and
adaptation of skills in this area for the workforce was evident.

Weak regulation and data privacy issues slowed the adoption of AI technologies. If
for a long time the barriers related to technical and regulatory capacities were the main
problems encountered in the implementation process, by 2024, especially in the case of
SMEs, a new main factor represented by cost has emerged.

The analysis of patterns in the adoption of AI technologies highlighted divergent
approaches across EU countries. Some EU countries preferred to specialize in using AI for
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IR, for example, while others preferred to use AI for TM or WA. This divergence suggests
that a one-size-fits-all policy on AI might not be effective for all EU countries. Differences
were also recorded between enterprises from different countries in terms of assessing the
bias of AI technologies, with a clear preference for checking the externally developed
AI solutions.

The applied importance of this study is evident in the way it provides a data-driven
foundation for strategic decisions that will shape the adoption of AI at a European level.
The tailored recommendations at the level of the identified clusters constitute fundamental
components for a practical roadmap for policymakers, helping to improve digital transfor-
mation programs and better tailor AI regulatory policies to reality.

Considering the limitations of this study, it would be better to extend the time frame
beyond 2024 to determine whether the patterns identified persist. It is foreseeable that
the advancement in the field of AI will continue to accelerate and this could generate
new patterns. The inclusion of additional indicators, such as the degree of use of AI at
the level of each sector, indicators that assess the capacity for innovation or indicators
for assessing human capital, would complement and improve the present analysis. Also,
a more detailed analysis of cross-national comparisons through longitudinal studies or
in-depth case studies would better clarify how national policies and market conditions
influence the characteristics of AI adoption over time.
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AI Artificial intelligence
BAM Business Administration or Management
EU European Union
GE10 Enterprises with at least 10 employees
ICT Information and Communication Technology
IR Image Recognition
MIS Management Information Systems
ML Machine Learning
MS Marketing or Sales
NLG Natural language generation
PA Process automation
PCA Principal component analysis
PM Physical Movement
PP Production Processes
RDI R&D or innovation
SME Small and medium-sized enterprises
SR Speech recognition
TM Text mining
WA Workflow Automation
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