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Abstract

Artificial  Intelligence  continues  to  advance  very  quickly,  and  its  integration  into  business  models  is 
considered  absolutely  necessary  and  imminent  for  business  continuity.  However,  there  are  a  number  of
challenges  regarding  the  AI development  and  implementation  process  related  to  aspects  such  as  costs, 
infrastructure, human  capital,  regulation,  security,  and  countries  that  manage  to respond  efficiently  and 
inclusively to these challenges have a high potential to gain competitive advantages. Thus, the objectives 
of this paper is to analyze the grouping of EU-27 Member States into performance clusters from an AI 
readiness point of view, and at the same time to analyze patterns of convergence/divergence over time. The
research methodology is based on descriptive analysis, cluster analysis and critical comparative analysis. 
The research results show that the highest AI Readiness is in countries from Western and Northern Europe, 
with only Denmark, France, Germany and the Netherlands recording a constant evolution. The results also 
show that the worst performers are Romania and Croatia, and that there is a tendency for certain states to 
converge towards the most developed cluster.
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Introduction 

Artificial Intelligence (AI) is currently at the center of future innovation strategies in global industry, Zhang 
and Li (2026) showing that AI can serve as a catalyst for high-quality innovation in businesses. AI has the 
potential to enable new business models and drive business excellence, but sustainable and inclusive 
implementation requires significant investments in infrastructure, human capital skills development, and 
according to Pan et al. (2026), government commitment to innovation.  

AI is developing very fast and is being implemented in a very diverse range of fields, stimulating innovation 
and improving operational efficiency. According to the AI Index 2025 Annual Report by Stanford 
University, AI business usage increased from 55% in 2023 to 78% in 2024 (Maslej et al., 2025). AI adoption 
is also considered a key factor for the success of firms’ digital transformation (Bai and Cui, 2026).  

Thus, it becomes obvious that in order to have sustained competitiveness, it is necessary for national public 
and private organizations to adopt AI. For AI adoption to be effective and efficient, a high level of 
preparedness is necessary, covering aspects such as AI infrastructure, AI policies, development and 
diffusion capacity or resilience.  

In this context, the paper attempts to answer the following questions: 

Q1: How are the EU-27 Member States grouped in terms of AI readiness? 

Q2: Are there patterns of convergence/divergence between these states over time?  

 



 
BASIQ 2026 International Conference 

on New Trends in Sustainable Business and Consumption 
 

356 

Thus, the paper attempts to contribute to the scientific literature by expanding the empirical framework for 
analyzing disparities between EU-27 Member States in terms of AI readiness, through a comparative 
approach based on a multidimensional index. 

 

1. Review of the scientific literature  

The specialized literature studying AI is in an accelerated development, with researchers analyzing various 
aspects, such as the role of AI in certain sectors of activity, benefits, implications, enablers, and associated 
challenges. 

The essential role of AI adoption is highlighted in many industries: hospitality (Alam et al., 2025), urban 
sustainable development (Liu et al., 2026), healthcare (Kanyal & Mehta, 2026), or construction (Zuofa & 
Ochieng, 2026). 

Regarding benefits, Cooper (2025) conducted a study at the level of Irish small-to-medium-sized enterprises 
and demonstrated that AI has a high potential to support new product development, but currently the level 
of readiness of these companies for adopting AI is low. Another benefit is illustrated by Meng et al. (2026), 
who emphasize its role in strengthening the resilience of the financial system, while Li and Ding (2026) 
concluded that AI implementation has the potential to reduce corporate default risk, and Emin and Emin 
(2025) note the ability of AI adoption to reduce credit risk. 

Also related to the positive effects of AI, Singh and Mishra (2025) demonstrate the positive link with 
business sustainability, Kulkarni et al. (2024) argue that AI readiness has a direct impact on social 
sustainability, and Li (2026) illustrates that AI adoption improves companies' ESG performance. 

Testa et al. (2026) show that AI readiness is a booster for increasing career adaptability, and Wang et al. 
(2023) noted that teachers with high levels of AI readiness have high capacity for innovation and 
professional satisfaction. 

On the other hand, Pramanik, Jana and Ghosh (2024) demonstrated that enablers of AI readiness in business 
are different in developed and developing countries, while also indicating certain common factors, 
including internet infrastructure. Another factor that stimulates AI adoption is highlighted by Lada et al. 
(2023), namely the top management commitment. The role of top management in supporting AI adoption 
is also indicated by Gupta et al. (2022), who show that financial readiness has also a positive impact. 
Further, Mikalef et al. (2022) discuss the role of the state in the development of AI capabilities, highlighting, 
among other things, the importance of government incentives and regulatory support. 

In terms of challenges, Hameed et al. (2026) emphasize the extremely important role of trust in AI 
implementation, and Schäfer, Leutheuser and Voigt (2026) discuss the factors that support this trust, their 
results showing that trust in AI depends, among others, on transparency, digital literacy or partnerships. 
Related to this aspect, Darban et al., (2024) argue that the attitude towards adopting AI solutions depends 
on age, education and labor market status. 

Because measuring the level of development from an AI perspective is very important because it provides 
essential information regarding the level of competitiveness and the gaps between organizations, 
Holmström (2022) proposes a framework for characterizing a firm's AI readiness, focused on 4 basic 
dimensions: technologies, activities, boundaries and objectives. 

As we can see, the specialized literature on AI is very diverse, analyzing many specific aspects of it, which 
have aggregate macroeconomic effects, influencing productivity and implicitly competitiveness at the 
national level. 

 

2. Research methodology 

The applied research methodology consists of descriptive analysis, cluster analysis and critical comparative 
analysis. 

To see how the EU-27 Member States (cases) are divided in terms of AI Readiness, the standardized total 
scores (using Z-score) of the Government AI Readiness Index for each year from 2020 to 2025 were used. 
The initial scores were obtained from the Government AI Readiness Index reports produced by Oxford 
Insights. 

For each country i, the following vector is constructed: 
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𝑉𝑉𝑖𝑖 =(𝑍𝑍𝑖𝑖,2020, 𝑍𝑍𝑖𝑖,2021, 𝑍𝑍𝑖𝑖,2022, 𝑍𝑍𝑖𝑖,2023, 𝑍𝑍𝑖𝑖,2024, 𝑍𝑍𝑖𝑖,2025)   (1) 
 

where: 

𝑍𝑍𝑖𝑖,𝑦𝑦𝑦𝑦𝑦𝑦𝑦𝑦  represents the standardized total AI Readiness Index scores for country i 

These vectors were used as input in the k-means method to determine cluster centers and cluster 
membership. Thus, the states are grouped according to similar profiles. 

To determine the optimal number of clusters, the Hierarchical Cluster Analysis (Ward's method and 
Squared Euclidian distance as a measure) was initially used. 

To identify examples of convergence/divergence between states, the same k-means clustering method and 
the same standardized data were used, but the convergence clusters were composed for each year separately 
(matching clusters based on centroid ordering). 

The cluster analysis was performed using IBM SPSS software. 

 

3. Results and discussion 

The first step in the cluster analysis was to determine the optimal number of clusters for grouping the 
selected cases. Based on Hierarchical Cluster Analysis results (Figure no. 1), a number of 3 distinct clusters 
were chosen. 

 
Figure no. 1. Hierarchical Cluster Analysis results 

Source: made by the author 

After establishing the number of clusters, the k-means analysis was performed. Table no. 1 presents the 
results of the ANOVA analysis, which highlights that the included variables contribute significantly to the 
differentiation of the clusters. 

 

 



 
BASIQ 2026 International Conference 

on New Trends in Sustainable Business and Consumption 
 

358 

Table no. 1. ANOVA results 
 

Cluster Error 
  

 
Mean Square df Mean Square df F Sig. 

Zscore(Y2020) 10.778 2 .185 24 58.198 <.001 
Zscore(Y2021) 10.601 2 .200 24 53.018 <.001 

Zscore(Y2022) 10.308 2 .224 24 45.955 <.001 

Zscore(Y2023) 10.557 2 .204 24 51.858 <.001 
Zscore(Y2024) 10.431 2 .214 24 48.719 <.001 

Zscore(Y2025) 9.086 2 .326 24 27.856 <.001 
Source: made by the author 

Furthermore, the final cluster centers results for the aggregate analysis (Table no. 2) show that the states in 
Cluster 1 register a high level in terms of the AI Readiness Index during the analyzed period, with above-
average performance and moderate variation. On the other hand, Cluster 2 presents exclusively significant, 
relatively constant negative values, indicating that it comprises countries with a low level of AI readiness 
(below average), as well as a lack of significant progress in the period considered. 

The third cluster is located between the other two in terms of AI Readiness. The Final Cluster Centers 
values are close to the average and are relatively stable, highlighting moderate development and prospects 
of convergence towards the states in Cluster 1. 

Table no. 3 presents the Final Cluster Centers for individual cluster analysis for each year from 2020 to 
2025. 

Table no. 2. Final Cluster Centers for aggregate analysis 
 

Cluster 
 

1 2 3 

Zscore(Y2020) 1.04177 -1.21521 -.19113 

Zscore(Y2021) 1.06095 -1.15259 -.25414 

Zscore(Y2022) .95472 -1.27990 -.05879 

Zscore(Y2023) 1.01184 -1.23384 -.14815 

Zscore(Y2024) .93852 -1.31199 -.02013 

Zscore(Y2025) .84029 -1.25892 -.04096 

Source: made by the author 

Table no. 3. Final Cluster Centers for annual analysis 
 

Cluster 
 

1 2 3 

Zscore(Y2020) 1.27985 -1.13902 .11747 

Zscore(Y2021) 1.26735 -1.67132 -.32030 

Zscore(Y2022) .75159 -1.91052 -.61581 

Zscore(Y2023) .94914 -2.11957 -.44296 

Zscore(Y2024) .78769 -1.64162 -.49569 

Zscore(Y2025) 1.40166 -1.25892 0.12028 

Source: made by the author 

The detailed structure of each cluster formed based on aggregated data from the period 2020 - 2025, as well 
as that of the resulting clusters based on data from each year is presented in Table no. 4. 
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Table no. 4. Cluster membership 

 2020-2025 2020 2021 2022 2023 2024 2025 

Country Cluster 

Austria 1 3 3 1 1 1 3 

Belgium 3 3 3 1 3 1 3 

Bulgaria 2 2 3 3 3 2 2 

Croatia 2 2 2 2 2 2 2 

Cyprus 2 2 3 3 3 3 2 

Czechia 3 3 3 1 3 1 3 

Denmark 1 1 1 1 1 1 1 

Estonia 1 3 3 1 1 1 3 

Finland 1 1 1 1 1 1 3 

France 1 1 1 1 1 1 1 

Germany 1 1 1 1 1 1 1 

Greece 2 2 2 3 3 2 2 

Hungary 3 2 3 3 3 3 3 

Ireland 1 3 1 1 1 1 3 

Italy 3 3 3 1 3 1 3 

Latvia 2 2 3 3 3 3 2 

Lithuania 3 3 3 3 3 3 3 

Luxembourg 1 1 1 1 1 1 3 

Malta 3 3 3 3 3 3 3 

Netherlands 1 1 1 1 1 1 1 

Poland 3 3 3 3 3 3 3 

Portugal 3 3 3 1 1 1 3 

Romania 2 2 2 2 2 2 2 

Slovakia 2 2 3 2 3 3 2 

Slovenia 3 2 3 3 3 3 3 

Spain 3 3 3 1 3 3 1 

Sweden 1 1 1 1 1 1 3 
Source: made by the author 

As we can see from global clustering, Cluster 1 includes exclusively countries from Western and Northern 
Europe, while Cluster 2 (with the worst performance) mainly includes countries from the South-East of the 
continent. This structure reflects the much higher capacity of Cluster 1 states to increase productivity in the 
medium and long term and also the competitive advantage over Cluster 2 countries, in particular.  

Through annual clustering, we observe that among the states that belong to Cluster 1, only four managed 
to maintain their status each year, namely Denmark, France, Germany and the Netherlands, while at the 
opposite pole were Croatia and Romania, countries that permanently ranked in Cluster 2. 

On the other hand, when we analyze the convergence trend through annual clustering, the results show that 
there are convergence processes in certain cases. For example, there are countries like Spain, Italy, Belgium 
or Czechia that have managed in certain periods to advance from Cluster 3 to Cluster 1, and even to stay 
there for a longer time (Portugal). 

This reclassification can be explained by the favorable evolution of the index in 2022 compared to 2021, 
and by the decrease in the value of the final center of Cluster 1 to 0.75 in 2022, which indicates a decrease 
in the average performance level of the states in this group. Although the states that were already part of 
cluster 1 in 2021 maintained their position in 2022, they recorded decreases in performance, which reduced 
the overall level of the performing cluster and allowed the inclusion of Belgium, the Czech Republic, Italy 
and Spain in this category. On the other hand, the re-inclusion of Belgium, the Czech Republic and Italy in 
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Cluster 1 in 2024, after they were included in Cluster 3 in 2023, can be explained by the significant increase 
in the values of the analyzed index. Compared to the other states included in Cluster 1 in 2024, these 
countries recorded the most positive developments of the indicator, which brought them closer to the 
statistical profile specific to the group of high-performing states. As for Spain, its inclusion in Cluster 1 in 
2025 can be explained by the significant increase in the index value compared to 2024, this being the largest 
positive evolution among all the countries analyzed. In this context, Spain's favorable dynamics contributed 
decisively to its repositioning among the high-performing countries. 

In the analyzed context, the convergence processes observed in the case of Belgium, the Czech Republic 
and Italy, both in 2022 and 2024, can be explained inclusively by improving performance in terms of 
governance, infrastructure and data. 

Another important remark is that many of the states that are mainly found in Cluster 1, in 2025 have 
registered a divergence process, moving into Cluster 3 (for example Austria, Luxembourg or Sweden) 
because in 2025 there were significant absolute decreases in the index compared to 2024. 

Conclusions 

Through the way the paper is structured and based on the results obtained, the objectives of the work has 
been achieved. 

Most Western and Northern European countries register high performances in terms of AI Readiness, while 
at the opposite pole are mostly South-Eastern countries. This shows us, among other things, that the 
developed EU-27 countries are developing a potential competitive advantage in the medium and long term 
compared to the other member states. 

It is important to note that there are countries like Portugal that are making progress in convergence with 
the most developed states, but also that Romania and Croatia have consistently recorded poor results. 

The low level of AI readiness in countries such as Romania can have significant consequences on 
productivity and economic competitiveness, the efficiency of public administration, cybersecurity, or the 
labor market. In this context, it becomes imperative to develop and implement certain measures and policies 
to improve AI readiness, including: public and private investments in the development of digital 
infrastructure, granting tax facilities and subsidies for companies that invest in AI research and 
development, creating university programs focused on developing AI skills and professional training 
programs at the enterprise level for upskilling, and drafting strict regulations so that artificial intelligence 
is used ethically and transparently. 

At the same time, improving the performance of low-performing states can be supported by various 
European Union policies, including by increasing financial allocations to states in lower clusters, with a 
distribution oriented according to the sub-dimensions in which deficits are recorded, as well as by 
strengthening and harmonizing the digital governance framework at European level. 

The paper has also certain limitations, especially in terms of not focusing on the particular constituent 
dimensions that influence the total AI Readiness scores, and therefore the division into clusters. The 
analysis is focused on highlighting the distribution of AI readiness performances and 
convergence/divergence trends, without an in-depth examination of the associated explanatory factors. 

This research can be expanded by addressing the aforementioned limitations and also by identifying specific 
potential solutions to increase the degree of convergence between states regarding AI readiness. 

The paper is particularly aimed at the academic environment, representing a potential support for other 
research in the field of AI. 

 

Acknowledgement: 

This paper was co-financed by The Bucharest University of Economic Studies during the PhD program. 

 

Generative Artificial Intelligence (GenAI) usage statement: 
No GenAI tool was used in the development of this paper. 
 
 
 
 



 
BASIQ 2026 International Conference 

on New Trends in Sustainable Business and Consumption 
 

361 

References 

Alam, S. S., Kokash, H. A., Ahsan, N., & Ahmed, S. (2025). Relationship between technology readiness, 
AI adoption and value creation in hospitality industry: Moderating role of technological turbulence. 
International Journal of Hospitality Management, 127, 104133. 
https://doi.org/10.1016/j.ijhm.2025.104133. 

Bai, L. & Cui, D. (2026). Artificial intelligence investment, data factor accumulation, and enterprise digital 
transformation performance, Finance Research Letters, 92, 109573, ISSN 1544-6123, 
https://doi.org/10.1016/j.frl.2026.109573  

Cooper, R. G. (2025). SMEs' use of AI for new product development: Adoption rates by application and 
readiness-to-adopt. Industrial Marketing Management, 126, 159-167. 
https://doi.org/10.1016/j.indmarman.2025.01.016  

Darban, K., Kabbaj, S., & Eljai, M. (2024). Assessing the Adoption Readiness of Moroccan Consumers for 
AI-Powered Assistance and CRM Systems. Procedia Computer Science, 236, 541-549. 
https://doi.org/10.1016/j.procs.2024.05.064  

Emin, D., & Emin, A. A. (2025). The role of AI in credit risk assessment: Evidence from OECD and BRICS 
via system GMM and random forest. Finance Research Letters, 81, 107499. 
https://doi.org/10.1016/j.frl.2025.107499  

Gupta, S., Ghardallou, W., Pandey, D. K., & Sahu, G. P. (2022). Artificial intelligence adoption in the 
insurance industry: Evidence using the technology–organization–environment framework. Research in 
International Business and Finance, 63, 101757. https://doi.org/10.1016/j.ribaf.2022.101757  

Hameed, Z., Alsaleh, H., Malik, P., & Vishnoi, S. K. (2026). How does responsible AI influence healthcare 
employee AI collaboration and engagement? The role of AI trust and responsible leadership. 
Technological Forecasting and Social Change, 227, 124651. 
https://doi.org/10.1016/j.techfore.2026.124651  

Holmström, J. (2022). From AI to digital transformation: The AI readiness framework. Business Horizons, 
65(3), 329-339. https://doi.org/10.1016/j.bushor.2021.03.006  

Kanyal, Y., & Mehta, A. (2026). The role of artificial intelligence (Ai) and generative artificial intelligence 
(Gen ai) in digital healthcare. În Revolutionizing Digital Healthcare  Through Artificial Intelligence and 
Automation (pp. 25-46). Elsevier. https://doi.org/10.1016/B978-0-443-36434-1.00012-4  

Kulkarni, A. V., Joseph, S., & Patil, K. P. (2024). Artificial intelligence technology readiness for social 
sustainability and business ethics: Evidence from MSMEs in developing nations. International Journal 
of Information Management Data Insights, 4(2), 100250. https://doi.org/10.1016/j.jjimei.2024.100250  

Lada, S., Chekima, B., Karim, R. B., Fabeil, N. F., Ayub, M. S., Amirul, S. M., Ansar, R., Bouteraa, M., 
Fook, L. M., & Zaki, H. O. (2023). Determining factors related to artificial intelligence (AI) adoption 
among Malaysia's small and medium-sized businesses. Journal of Open Innovation: Technology, 
Market, and Complexity, 9(4), 100144. https://doi.org/10.1016/j.joitmc.2023.100144  

Li, L., & Ding, Y. (2026). Beyond efficiency: The role of AI applications in reducing corporate default risk. 
Finance Research Letters, 99, 109946. https://doi.org/10.1016/j.frl.2026.109946  

Li, Y. (2026). How AI adoption shapes ESG performance in manufacturing: The mediating role of digital 
transformation. Finance Research Letters, 94, 109672. https://doi.org/10.1016/j.frl.2026.109672  

Liu, H., Tan, M., & Cao, R. (2026). The role of AI in promoting urban sustainable development: Evidence 
from China's new generation of national AI innovative development pilot zones. Applied Geography, 
188, 103906. https://doi.org/10.1016/j.apgeog.2026.103906  

Maslej, N., Fattorini, L., Perrault, R., Gil, Y., Parli, V., Kariuki, N., Capstick, E., Reuel, A., Brynjolfsson, 
E., Etchemendy, J., Ligett, K., Lyons, T., Manyika, J., Niebles, J. C., Shoham, Y., Wald, R., Walsh, T., 
Hamrah, A., Santarlasci, L., & Oak, S. (2025). The AI Index 2025 Annual Report, AI Index Steering 
Committee, Institute for Human-Centered AI, Stanford University, Stanford, CA, April 2025. 
https://doi.org/10.48550/arXiv.2504.07139  

Meng, Q., Yuan, Z., & Hou, Y. (2026). AI innovation and financial system resilience: The role of 
international IP protection. Finance Research Letters, 89, 109245. 
https://doi.org/10.1016/j.frl.2025.109245  

Mikalef, P., Lemmer, K., Schaefer, C., Ylinen, M., Fjørtoft, S. O., Torvatn, H. Y., Gupta, M., & Niehaves, 
B. (2022). Enabling AI capabilities in government agencies: A study of determinants for European 
municipalities. Government Information Quarterly, 39(4), 101596. 
https://doi.org/10.1016/j.giq.2021.101596  



 
BASIQ 2026 International Conference 

on New Trends in Sustainable Business and Consumption 
 

362 

Oxford Insights. (n.d.) Government AI Readiness Index Reports 2020 – 2025. Retrieved April 3, 2026, from 
https://oxfordinsights.com/ai-readiness/government-ai-readiness-index-2025/. 

Pan, D., Pan, D., Zhao, S., Zheng, X. & Wu, J. (2026). Artificial intelligence development and firms' 
sustained innovation: Evidence, mechanisms, and productivity implications, International Review of 
Financial Analysis, 115, 105199, ISSN 1057-5219, https://doi.org/10.1016/j.irfa.2026.105199  

Pramanik, P., Jana, R. K., & Ghosh, I. (2024). AI readiness enablers in developed and developing 
economies: Findings from the XGBoost regression and explainable AI framework. Technological 
Forecasting and Social Change, 205, 123482. https://doi.org/10.1016/j.techfore.2024.123482  

Singh, S., & Mishra, S. K. (2025). Artificial Intelligence and its impact on business sustainability in B2B 
firms: A hybrid PLS-ANN approach. Acta Psychologica, 261, 105762. 
https://doi.org/10.1016/j.actpsy.2025.105762  

Schäfer, F., Leutheuser, V., & Voigt, K.-I. (2026). Human-Technology Relationship: AI Adoption in 
Manufacturing. Procedia Computer Science, 277, 384-393. https://doi.org/10.1016/j.procs.2026.02.080  

Testa, M., Apuzzo, A., & Pittaway, L. (2026). AI literacy alone is not enough: Student AI readiness and 
career adaptability in business and management education. The International Journal of Management 
Education, 24(2), 101394. https://doi.org/10.1016/j.ijme.2026.101394  

Wang, X., Li, L., Tan, S. C., Yang, L., & Lei, J. (2023). Preparing for AI-enhanced education: 
Conceptualizing and empirically examining teachers’ AI readiness. Computers in Human Behavior, 
146, 107798. https://doi.org/10.1016/j.chb.2023.107798. 

Zhang, Q. & Li, Y. (2026). Artificial intelligence and corporate innovation in small and medium-sized 
enterprises, Technology in Society, 86, 103320, ISSN 0160-791X, 
https://doi.org/10.1016/j.techsoc.2026.103320  

Zuofa, T., & Ochieng, E. G. (2026). Unlocking AI Potentials in the Construction Industry: A Focus on 
Small and Medium Enterprises. Procedia Computer Science, 278, 2039-2046. 
https://doi.org/10.1016/j.procs.2026.03.201  

 


