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Abstract 

In order to fully benefit from the advantages induced by artificial intelligence (AI) at the 

corporate level, business organisations should be well aware of the factors contributing to the 

proper AI specialisation of their employees. In this context, the present paper aims to examine 

the role of national culture in supporting the distribution of AI skills and jobs across countries, 

starting from the theoretical and applied need of carrying out such a study. The investigation 

is developed by using Hofstede’s model of the six dimensions of national culture and it 

focusses on a global sample of 44 leading countries regarding their AI talent concentration. 

For the fulfilment of the assumed objective, multiple linear regression models, accompanied 

by robust regression and enhanced by beta regression with novel robust estimators, were 

employed. The achieved results reflect the existence of a connection between national culture 

and AI skills development across the explored countries. More specifically, the outcomes 

exhibit the prevalence of a negative, statistically significant, relationship between 

individualism and AI talent concentration, and a positive, significant connection between 

long-term orientation and AI skills and jobs concentration. The results are relevant for 

organisations and managers aiming to support the development of AI skills of their 

employees by nurturing free communication, group collaboration, teamwork, peer learning, 

and forward-looking strategic education programmes for adjustment to AI. 

Keywords: artificial intelligence (AI), AI skills, national culture, Hofstede, organisational 

competitiveness, OLS multiple regression, robust regression models 
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Introduction 

In recent years, the exponential growth of Artificial Intelligence (AI) and its thorough 
penetration in all spheres of human life generates profound socioeconomic shifts. Since the 
COVID-19 pandemic accelerated the pace of digitalisation (Wiley, 2021; CEDEFOP, 2023), 
individuals and organisations all over the world are aware of the importance to be prepared 
for the AI transformation. AI is deeply changing the way organisations operate. 

The generally recognised benefits of AI implementation in organisations refer to: faster, 
efficient and more comprehensive decision-making process, increased efficiency and better 
use of resources, cost savings, higher labour productivity, improved customer experience, 
higher opportunities to innovate, supporting ESG initiatives, etc. (Artificial Intelligence 
Skills Alliance (ARISA), 2023; Dickens, Krenz and O’Reilly, 2023). At the national level, 
economic growth, improved efficiency, and competitiveness may be emphasised. Ethical, 
responsible, trustworthy, and transparent use of AI are some of the key demands stated in 
programmatic documents and scientific literature (ARISA, 2023; Dickens, Krenz and 
O’Reilly, 2023). Furthermore, the risks related to new technologies, in general, and AI, in 
particular, raise global concerns (Tortoise Media, 2023a). 

One of the most significant challenges related to AI in organisations occurs in the human 
resources area and it refers to AI two-fold debated potential: on the one hand, to reduce jobs 
by replacing the human factor and, on the other hand, to create jobs and/or increase the 
efficiency of the human factor and the labour productivity (Dickens, Krenz and O’Reilly, 
2023; WEF, 2023) if AI-based solutions and technologies are properly used by skilled staff. 
The World Economic Forum (WEF, 2023) found a net positive impact of AI on job creation 
in the near future, CEDEFOP (2023) mentions an organic complementarity between the 
human factor and AI, and Giraud et al. (2023) show that most of the managerial skills are 
expected to be enhanced by AI. As a result, the organisational performances are altered by 
staff abilities to quickly adapt to the new technological context and to reskill for economic 
adjustment. The current competitiveness of business organisations in an AI-driven economy 
highly depends on the skills and competencies of the personnel that should be able to use and 
integrate AI solutions and technologies in their present and future activities, no matter the 
business sector or division they are working in. At regional and country level, citing an IBM 
study from 2022, ARISA (2023) highlights that AI deployment rate in Europe and the USA 
is lower than in China or India, where almost 60% of the organisations have already 
succeeded in employing AI in an active manner in their current activities. 

Today, it is widely accepted that having employees with AI skills is among top interests of 
business organisations worldwide when it comes to talent attraction and development. 
Furthermore, intuitively, skills, in general, and AI skills, in particular, are built and progress 
in human behaviour. It is the human behaviour that channels, through intricate capillaries, 
the general mindset of the national culture into the staff’s professional development choices, 
and, eventually, into companies’ structures and processes. Therefore, companies, in general, 
and especially those that act in a multinational and multicultural setting, should be deeply 
aware that AI talent varies across national cultures and adjust their human resources (HR) 
policies accordingly. Thus, the importance of national culture for shaping the AI competence 
profiles becomes a topic of interest in theoretical and practical terms, which can support 
organisational and national competitiveness. 

However, as far as the authors know, there is a gap in a literature regarding the thorough 
investigation of the role that different cultural perspectives have on the distribution of AI 
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skills and competencies at a global level. Therefore, the present research contributes to filling 
this gap by examining the impact of Hofstede’s cultural dimensions (Hofstede Insights. The 
Culture Factor Group, 2024a) on the concentration of AI talent at the international level. 

Different arguments underline both the originality and the pragmatism of this research. First, 
the analysis is innovative, because this is the first study that fills a gap by exploring in detail 
the relationship between national culture and AI talent, as far as the authors are acquainted 
with; the AI talent is analysed in a cross-cultural context through the widely used lenses of 
Hofstede’s national culture scores (Hofstede Insights. The Culture Factor Group, 2024b) that 
stands for a top method of studying international business-related facets. Secondly, the 
developed econometric research is among the first studies to extend the purely descriptive 
line of reasoning and employ quantified information to econometrically model the very novel 
phenomena of AI skills. Third, the analysis is business oriented, being innovative from the 
perspective of studying national concentration of AI skills and jobs across countries, but 
pertaining to the robust, long-standing mainstream literature that thoroughly approaches 
business and organisational phenomena with direct impact on the sustainable 
competitiveness of the companies. Fourth, the high representativeness of the study at the 
international level is based on highlighting how cultural differences influence the national 
concentration of AI talent for a select sample of countries, situated among the leaders for this 
specific metric. Finally, the pragmatic approach of this research derives from the added value 
of the achieved results and goes beyond the merely identification of the relationships between 
variables, as they can support (international) managers to adapt to the various challenges 
posed by the current quest for AI talent in a multicultural context. 

The structure of the paper is briefly highlighted below. Section 1 presents the review of the 
scientific literature by focussing on the search of business organisations to have employees 
with AI skills and competencies, the role that national culture plays among other factors in 
supporting the achievement of these skills, and the development of hypotheses regarding the 
influence of culture on AI skills and competencies. Section 2 is dedicated to the research 
methodology and it outlines the sample, the variables, and the models that were developed 
in order to achieve the assumed research objective. Section 3 deals with the results of the 
identified relationships between national culture and AI skills, as well as their interpretation. 
Finally, the paper ends with a set of conclusions that pragmatically reflect the main findings 
of the research and their applicability. 

 

1. Review of the scientific literature 

1.1. Need for employees with AI skills and competencies 

In order to benefit from the opportunities induced by AI at the organisational and national level 
and mainly related to higher productivity, efficiency, and competitiveness (CEDEFOP, 2023), 
the public and private actors – especially business organisations – should be aware of the 
necessity to have properly AI trained staff and, as a consequence, to invest in AI skills (Dalla 
Benetta, Sobolewski and Nepelski, 2021). The adequate acquiring of AI skills and competencies 
of the workforce entails a strategic vision on the long run, equally considering the specific 
requirements of the various economic sectors as well as the evolutive adaptation of the AI skills 
to a highly dynamic market (ARISA, 2023). In line with the digital skills gap previously 
identified (e.g., Wiley, 2021; CEDEFOP, 2023), the skills gap between the AI skills supply of 
the workforce and the AI skills demand of the organisations is considered to be the main obstacle 
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hindering the appropriate implementation of AI (ARISA, 2023) and obstructing its advantages 
at organisational level. The organisational change induced by AI should also be accompanied by 
the human skills related to context understanding (Sanders and Wood, 2023). 

The European Commission (EC-DG Connect, 2020) identified the internal obstacles in 
enterprises and, more specifically, the AI skills needs as the most critical barrier that 
organisations face when it comes about the AI adoption in Europe. The AI skills barrier is 
reflected in the lack of AI skills of the current staff or difficulties in hiring new staff that 
already possesses the desired AI skills (EC-DG Connect, 2020). Moreover, the EC-DG 
Connect (2020) finds the AI skills barrier as highly severe, because all enterprises in one 
country are affected by the skills shortages in that national labour market. 

In the context of acknowledging the importance of developing and deploying AI skills and 
competencies of the workforce that are in line with current and future needs, the Artificial 
Intelligence Skills Alliance (ARISA, 2023) proposes a detailed “Strategic Planning for 
Developing AI Skills in Europe”. The objectives of the strategy generally envisage the 
identification of AI skills requirements, the design of educational and training contexts for 
AI skills learning, and the consolidation of an all-inclusive environment for AI skills 
development, while engaging policymakers, public institutions, educational institutions, 
business organisations, and stakeholders altogether (ARISA, 2023). 

 

1.2. Main types of AI skills and competencies 

Generally, the AI-related skills and competencies of staff reflect both the technical 
perspective (e.g., data science, programming languages, neural networks, machine learning, 
mathematics, statistics, project management), as well as the soft component (e.g., 
communication, teamwork, conflict resolution, time management, critical thinking) and the 
transversal requisites (e.g., ethical reasoning, security, laws, and regulations). 

According to a broad investigation developed by OECD.AI (2024a) at global level based on 
self-reported information provided by LinkedIn members in their profiles, the top 20 most 
frequent AI skills from 2015 to 2022 are depicted in the following order: Machine Learning 
(ML); Artificial Intelligence (AI); Data Structures; Deep Learning; Pandas; Natural 
Language Processing (NLP); Computer Vision; TensorFlow; Image Processing; Scikit-
Learn; PyTorch; Neural Networks; Keras; OpenCV; Artificial Neural Networks (ANN); 
Pattern Recognition; Convolutional Neural Networks (CNN); Reinforcement Learning; MS 
Azure ML; Information Retrieval. The main AI skills subcategories emphasised by OECD.AI 
(2024a) on the labour demand side are AI software development, AI research and 
methodology, ML tools, AI data management, and AI web development. 

 

1.3. Factors influencing the acquisition of AI skills and competencies 

A series of factors may influence the acquisition of AI skills and competencies of the staff, 
and they could be divided into two groups: AI directly related factors and auxiliary factors 
for supporting AI at country level. The general development of AI at national level, 
investments in AI and/or forms of digitalisation, support for AI academic education and 
training programmes, AI strategy and awareness, visible and accessible AI initiatives for the 
general public, mitigating the risk of losing jobs due to AI emergence, etc. (Dalla Benetta, 
Sobolewski and Nepelski, 2021; ARISA, 2023; Dickens, Krenz and O’Reilly, 2023; Tortoise 
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Media, 2023b; WEF, 2023) are listed in the first category. The second class comprises 
support factors at country-level that may be seen as a prerequisite of acquiring AI skills: 
traditional IT graduates and ICT skills, digital skills, technological development, research 
and development (R&D) expenditures, strengthening of Science, Technology, Engineering 
and Mathematics (STEM) education and research, social and cultural contexts, etc. (Wiley, 
2021; ARISA, 2023; Dickens, Krenz and O’Reilly, 2023; Giraud et al., 2023; Tortoise Media, 
2023b; WEF, 2023). 

An international comparison between countries in terms of their endowment with AI skills 
or talent becomes relevant in the context of existing differences between countries. For 
example, considering the information provided by LinkedIn members on their profiles 
regarding the AI skills they have and/or the AI jobs they hold (summing up the AI talent), 
OECD.AI (2024b) reveals the AI talent concentration for 45 countries, with the top 10 
countries for 2022 listed in the following order: India, South Korea, Israel, Japan, Germany, 
Switzerland, Greece, Bulgaria, Türkiye, and Canada. Tortoise Media (2023a, b) develops its 
Global AI Index (GAII) that comprehensively measures the AI development in 62 countries 
and it also encompasses the AI Talent component. The ranking of countries according to AI 
Talent 2023 is led by the USA, India, Germany, Singapore, UK, Canada, Israel, Netherlands, 
Switzerland, and France (in this order) (Tortoise Media, 2023a, b). 

As previously stated, the AI skills gap between staff demand and supply leads to a higher 
appreciation of AI-skilled employees and a competitive and sustainable advantage for their 
employers. Business organisations around the world try to identify the main factors that 
contribute to attraction and development of AI talent and, in this respect, national culture is 
an important driver to be considered. 

 

1.4. Role of culture in supporting the achievement of AI skills and competencies 

The various dimensions of national culture act as predictors or moderators for different 
perspectives of technology acceptance (Jan, Alshare and Lane, 2022). Nowadays, when 
technologies are changing and staff skills should be updated at a rate never seen before, the 
importance of the complex role that culture plays in influencing technology-related issues 
should be explored and understood in detail in order to be able to identify socially acceptable 
and economic efficient solutions for individuals across countries. 

Considering the previous background, the influence of national culture in shaping different 
facets of AI development and deployment begins to receive attention in the literature (Eitle 
and Buxmann, 2020; Zolduoarrati, Licorish and Stanger, 2022; Giraud et al., 2023; Lerma, 
Kwarteng and Pílik, 2023). Both quantitative and qualitative studies were conducted to study 
the link between culture and AI. For instance, the individualism vs. collectivism cultural 
dimension influences the behaviour of software developers (Zolduoarrati, Licorish and 
Stanger, 2022), the risk aversion of national or regional cultures affects the successful 
implementation of AI by managers (Giraud et al., 2023), the personal cultural orientations 
influence the adoption of AI in SMEs (Lerma, Kwarteng and Pílik, 2023), and the cultural 
characteristics impact the machine learning adoption (Eitle and Buxmann, 2020). 

Nevertheless, a comprehensive investigation regarding the impact of different cultural 
perspectives on the distribution of AI skills and competences at the global level is missing. 
Hence, as already asserted, the assumed research objective of the present study is to 
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investigate the role of national culture in developing AI talent across countries. This goal is 
considered from a pragmatic perspective in order to highlight a set of desired behaviours for 
managers and organisations that aim to support the growth of AI skills for their staff. 

One of the most famous definitions and research of culture belongs to Geert Hofstede. 
Hofstede, Hofstede and Minkov (2010, p. 6) define culture as “the collective programming 
of the mind” specific to a society/nation. They identified six dimensions of national culture 
that were extensively used in several economic and social studies during the years: power 
distance, individualism vs. collectivism, masculinity vs. femininity, uncertainty avoidance, 
long-term orientation vs. short-term orientation, and indulgence vs. restraint (Hofstede, 
Hofstede and Minkov, 2010; Hofstede Insights. The Culture Factor Group, 2024a). 

 

1.5. Development of hypotheses regarding the influence of culture on AI skills 

In the formulation of the following research hypotheses on the influence of culture on AI 
skills, two relevant premises related to these skills were considered: a) similar research was 
not conducted in the literature; b) although related to technology/ICT (ICT skills) and 
digitalisation (digital skills), the AI skills are more than an extrapolation of these concepts 
and present their particular features. 

Power distance (PDI) reflects the society’s way of dealing with inequalities between 
individuals and accepting authority, and it can be high power distance or low power distance. 
Focus on hierarchical order, centralisation, dependence of subordinates on superiors, and 
emotional relations are specific to high-power distance cultures. In contrast, focus on 
equalisation of power, decentralisation, interdependence-consultation between superiors and 
subordinates, and pragmatic relations are characteristics of low-power distance cultures 
(Hofstede, Hofstede and Minkov, 2010; Hofstede Insights. The Culture Factor Group, 
2024a). A negative association between PDI and ICT adoption was found by Erumban and 
de Jong (2006) in a cross-country study, in support of earlier findings showing that a high 
level of PDI inhibits new ideas and innovation, while the autonomy given to employees in 
low PDI countries supports innovation. 

When it comes to the endowment with AI skills of the workforce in a country, the question 
of preferential or equal access to this type of skills is of interest. In this regard, derived from 
the information presented in Hofstede, Hofstede and Minkov (2010), the low PDI countries 
put emphasis on the need for minimising the inequalities between individuals, the tendency 
to adapt to the new technological requirements of the society, and the focus on expertise and 
peer-learning. As a result, it may be assumed that there is a higher concern for AI skills in 
lower PDI countries due to their aim of having a broad distribution of AI talent in the society, 
with a large number of employees having AI skills. Individuals from low PDI cultures easily 
collaborate and share knowledge, which is an essential prerequisite of acquiring and 
improving AI skills. Therefore, the following hypothesis is formulated: 

H1. Countries with a lower PDI culture have a higher level of AI skills than countries with a 
higher PDI. 

Individualism (IDV) refers to the type of connections between individuals within the society, 

and the two poles of this dimension are individualism and collectivism. Weak ties between 

people, personal interest, individual freedom, individual work, and performance are some of 

the particularities of individualistic cultures. On the contrary, strong ties between individuals, 
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group loyalty, equality, teamwork, and group performance describe the core of collectivistic 

cultures (Hofstede, Hofstede and Minkov, 2010; Hofstede Insights. The Culture Factor 

Group, 2024a). In an investigation developed for the EU countries, contrary to their initial 

expectations and various results in the previous literature (for instance, Erumban and de Jong, 

2006), Rubino et al. (2020) found a negative relationship between IDV and the country level 

of firms’ digitalisation, stressing the potential of collectivism in supporting technological 

change. Lai et al. (2016) identified a positive connection between collectivism and the use of 

technology, justified as a group pressure consequence and not due to individual inclinations 

to innovation. Acquiring new skills – like AI skills – is indeed part of the technological 

transformation at the individual, corporate, and national level. 

Another issue that is relevant for an investigation of AI skills at country-level refers to 

individual or in-group acquisition of this type of skills. Some of the characteristics of 

collectivistic cultures presented by Hofstede, Hofstede and Minkov (2010) and highly 

relevant for the investigated topic are the following: the collective interests prevail over 

individual interests, the training opportunities are highly necessary for improving existing 

skills or acquiring new ones, the proper performance of the job implies the full use of work 

skills, and collaboration between individuals is essential. As a consequence, it could be 

expected that these collectivistic societies put a higher focus on the development of AI skills, 

reflecting their joint contribution to technological change, an assumption that is in accordance 

with the findings of Rubino et al. (2020). Furthermore, collectivism supports teamwork, 

which is fundamental to software development (Zolduoarrati, Licorish and Stanger, 2022), 

and the power of social networks (Hofstede, Hofstede and Minkov, 2010), making it more 

feasible for AI skills and competencies to be ‘copied’/replicated and distributed in societies 

where individuals are very accustomed to collaborating and working together. For the 

purpose of the present research, the collaboration and positive communication or interaction 

(Zolduoarrati, Licorish and Stanger, 2022) between members of collectivistic societies are 

oriented towards the enhancement of group performances through training and use of AI 

skills. Therefore, the following hypothesis is formulated: 

H2. Countries with a lower IDV culture have a higher level of AI skills than countries with 

a higher IDV. 

Masculinity (MAS) – currently, Motivation towards Achievement and Success (MAS) – is 

defined based on the values associated with different roles, with masculinity or femininity 

guiding the emotional status of a society. The emphasis on assertiveness and material success, 

achievement and competition, equity rewards, and performance society briefly describe 

masculine cultures. On the opposite side, accent on tenderness and quality of life, relations 

and moderation, equality rewards, and welfare society illustrate the feminine cultures 

(Hofstede, Hofstede and Minkov, 2010; Hofstede Insights. The Culture Factor Group, 

2024a). In this paper, “Masculinity vs. femininity” is used when referring to previous 

research in the literature, while “Motivation towards Achievement and Success” is employed 

when mentioning the outcomes of the current study. However, the interpretation and acronym 

(MAS) of the dimension remain the same, as stated by Hofstede Insights. The Culture Factor 

Group (2024a). When exploring machine learning adoption in two different cultural contexts 

(Germany and USA), Eitle and Buxmann (2020) found the contribution of MAS in 

supporting competitive advantages and talent acquisition in organisations. 
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From a cultural perspective, the analysis of AI skills at the national level should also reflect 

the emotional reasons involved in the process of skill acquisition. According to Hofstede, 

Hofstede and Minkov (2010), the masculine societies focus on achieving high earnings and 

recognition on the jobs, look for advancement or promotion opportunities, and work-related 

challenges in order to nurture personal accomplishment or satisfaction, while engineers and 

scientists are among the most masculine analysed jobs. All these attributes could indicate a 

higher predisposition of masculine cultures towards acquiring AI skills for ensuring 

innovation and competitiveness at work. Therefore, the following hypothesis is formulated: 

H3. Countries with a higher MAS culture have a higher level of AI skills than countries with 

a lower MAS. 

Uncertainty avoidance (UAI) considers the aversion to ambiguity and unfamiliar situations 

of a society, and it distinguishes between high uncertainty avoidance and low uncertainty 

avoidance. Uncertainty seen as a threat, the need for predictability, strict rules and 

regulations, and fewer job switches are some of the most relevant traits of high uncertainty 

avoidance cultures. Alternatively, uncertainty perceived as a normal fact, tolerance, relaxed 

attitude rather based on practice, and more job switches are particular to low uncertainty 

avoidance cultures (Hofstede, Hofstede and Minkov, 2010; Hofstede Insights. The Culture 

Factor Group, 2024a). The tendency towards digital capability of people and technology 

adoption are frequently associated in the literature with low UAI cultures (Erumban and de 

Jong, 2006; Eitle and Buxmann, 2020; Rubino et al., 2020; Li, Zhang and Limniou, 2023) 

that are more likely to accept new challenges and innovation in their everyday life, compared 

to high UAI cultures that are more reluctant to change and supplementary effort to adopt new 

skills and technologies (Li, Zhang and Limniou, 2023). 

The analysis of AI skills at country-level should equally address the reluctance to change or 

risk aversion of the societies. Although initially resistant to change, the higher UAI cultures 

may be more eager to secure their jobs and learn new skills in a formalised way when they 

realise that possessing AI skills becomes compulsory for reducing the risk of losing jobs due 

to lack of proper technological abilities. The behaviour of adopting AI skills of nations with 

higher levels of UAI may be supported by the following characteristics emphasised by 

Hofstede, Hofstede and Minkov (2010): individuals feel uncomfortable with unknown risks; 

formal education, structured learning situations, experts, and technical solutions are praised; 

there is the emotional need to stay busy and work hard. As a result, individuals from high 

UAI cultures could try to minimise the technological risks associated with AI by acquiring 

new skills in structured learning environments, while constantly struggling to secure their 

skills profile. Therefore, the following hypothesis is formulated: 

H4. Countries with a higher UAI culture have a higher level of AI skills than countries with 

a lower UAI. 

Long-term orientation (LTO) deals with the nurturing of virtues from a time perspective, 

opposing long-term orientation to short-term orientation. Future rewards, perseverance, 

moderation, pragmatism, support for skills, and modern education are specific to long-term 

oriented cultures. Conversely, present rewards, respect for traditions and norms, social duties, 

and personal stability define the short-term oriented cultures (Hofstede, Hofstede and 

Minkov, 2010; Hofstede Insights. The Culture Factor Group, 2024a). Lai et al. (2016) 

examined the influence of cultural values on technology adoption and brought evidence on 

the positive effect of LTO and collectivism on the use of technology for self-directed learning 
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of languages outside the classroom. Their findings underline that LTO could generally have 

a major impact on informal learning through technology use, especially considering its tacit 

outcomes that could be higher valued by forward-thinking individuals. 

The time reference for AI skills is an issue that should be examined across countries from a 

strategic point of view. Some of the features of long-term oriented cultures depicted by 

Hofstede, Hofstede and Minkov (2010) reflect the investment in modern education and 

knowledge (these societies have talents and better results in mathematics and applied 

sciences) as a solution to persistently prepare for the future, learning from others, and 

patiently striving for personal adaptation in order to reduce wide economic and social 

differences. Considering the previous arguments, the long-term oriented cultures could show 

more interest in acquiring AI skills for the broad population in the long run. The association 

between LTO and the adoption of AI skills reflects the inner need of these societies to be 

well-prepared and trained for the coming technological future. These postulations are in line 

with the outcomes of Eitle and Buxmann (2020) that identified a pragmatic and strategic 

approach of a long-term oriented culture when using ML applications in organisations. 

Therefore, the following hypothesis is formulated: 

H5. Countries with a higher LTO culture have a higher level of AI skills than countries with 

a lower LTO. 

Indulgence (IVR) emphasises the way of satisfying human needs, with indulgence and 

restraint situated at two opposite poles of the continuum. Free satisfaction of needs, control 

of personal life, permissive society, and positive emotions are representative of indulgent 

cultures. In opposition, repressed gratification of needs, lack of control, restrictive society, 

and negative emotions are specific for restrained cultures (Hofstede, Hofstede and Minkov, 

2010; Hofstede Insights. The Culture Factor Group, 2024a). Rubino et al. (2020) proved that 

a higher level of IVR – related to creativity and innovation – positively influences the 

digitalisation of companies in the EU countries. 

Concerning the AI skills at country level from the perspective of gratifying needs, it may be 

assumed that the individuals pertaining to indulgent societies put a higher focus on acquiring 

AI skills, by following their desires to have a good life under their control and without risking 

the present benefits (for example, the good jobs they currently hold). Individuals in indulgent 

societies can also invest in AI skills for career promotion or innovation fostering. Therefore, 

the following hypothesis is formulated: 

H6. Countries with a higher IVR culture have a higher level of AI skills than countries with 

a lower IVR. 

 

2. Research methodology 

2.1. The overview of the methodological aspects 

This research investigates the connection between national culture and AI talent 

concentration through multiple regression models within a cross-sectional national setting. 

Therefore, the purpose of the analysis is to determine the influence of Hofstede’s six national 

cultural dimensions on a national AI talent concentration metric retrieved from OECD.AI 

(2024b). For the purpose of this research and according to the explanations of the data 
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provider (OECD.AI, 2024c), the AI talent refers to individuals reporting to have AI skills 

and/or jobs, while the AI talent concentration is reflected by the share of AI talent in the total 

number of members with LinkedIn accounts (OECD.AI, 2024c). Taking into account the 

available data, the present analysis includes countries with the highest values of AI skills and 

jobs concentration worldwide. 

The choice of multiple regressions is based on two arguments: (1) the use of regression 

analysis in the literature to study the relationship between national culture and a variety of 

indicators reflecting socioeconomic phenomena (e.g., Vitolla et al., 2021); and (2) the nature 

of the variables used (the national culture does not change for relatively long periods of time, 

having predominantly the quality of an independent variable, while the AI skills are in the 

early stage of measurement, being treated like a dependent variable). The analysis considers 

the nature of the response variable (AI talent concentration) – a series of continuous data 

limited in the unit interval, and thus the following regression models are employed, which 

either include the dependent variable with a logit transformation (Model 1 and Model 2) or 

directly account for the nature of the dependent variable (Model 3). 

Model 1 is a traditional OLS multiple regression model with the logit transformed dependent 

variable. The regression assumptions and challenging aspects were investigated through 

various procedures and tests, as specified in literature and established resources (Chen et al., 

2003; Hair et al., 2009; Mooi, Sarstedt and Mooi-Reci, 2018), as follows: 1. presence of 

influential observations; 2. multicollinearity of independent variables; 3. model linearity; 4. 

model specification; 5. normality of residuals; 6. homogeneity of variance. 

Model 2 is a robust regression model with iteratively reweighted least squares to account for 

the behaviour of the observations in terms of influence. This model also employs the logit 

transformed response variable. 

Model 3 is a robust beta regression with logit link-function model using novel robust 

estimators (LMDPDE – logit minimum density power divergence estimator and LSMLE – 

logit surrogate maximum likelihood estimator), proposed by Maluf, Ferrari and Queiroz 

(2024). This model directly considers the nature of the response variable (Ferrari and Cribari-

Neto, 2004; Cribari-Neto and Zeileis, 2010; Maluf, Ferrari and Queiroz, 2024), while 

accounting for outliers, performing well both in their presence and absence (Maluf, Ferrari 

and Queiroz, 2024). In detail, the model works by using a tuning constant α, which can be 

fixed or selected by a data-driven algorithm. The model with new estimators is also suitable 

for small samples, although in the presence of outliers and in favour of robustness gain, a 

slight rise in variability may appear, according to Maluf, Ferrari and Queiroz (2024). 

The last two models are implemented to confirm the associations between national culture 

and AI skills and jobs that were previously revealed in the OLS regression model. The data 

investigation, the OLS multiple regression analysis, and the robust regression are performed 

in STATA, while the robust beta regression analysis is performed in R (R Core Team, 2023) 

following the novel approach proposed by Maluf, Ferrari and Queiroz (2022, 2024) and 

implemented also in Queiroz, Maluf and Ferrari (2022). 

 

2.2. The sample 

The initial sample consisted of the 45 countries for which AI talent concentration values were 

available on the OECD.AI database. The OECD.AI sample is a select one as only includes 
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countries fulfilling the following two conditions on the LinkedIn platform, according to the 

OECD.AI (2024c) criteria: at least 40% labour force coverage and at least 10 AI hires per 

month. These countries are Argentina, Australia, Austria, Belgium, Brazil, Bulgaria, Canada, 

Chile, Croatia, Czechia, Denmark, Estonia, Finland, France, Germany, Greece, Hungary, 

Iceland, India, Indonesia, Ireland, Israel, Italy, Japan, Korea, Latvia, Lithuania, Luxembourg, 

Mexico, Netherlands, New Zealand, Norway, Poland, Portugal, Romania, Saudi Arabia, 

Slovakia, Slovenia, South Africa, Spain, Sweden, Switzerland, Turkey, United Kingdom, and 

United States of America. 

While screening the dataset for outliers, leverage points and potential influential points 

(Field, 2018), the initial sample of 45 countries was diminished to 44 by excluding India. The 

incidence of the value for India as an outlier was also confirmed by conducting robust beta 

regression with the LMDPDE and LSMLE estimators, presented in Maluf, Ferrari and 

Queiroz (2024). For this full dataset, the algorithm selects a tuning constant (α) of 0.08 for 

both estimators, indicating that the analysis required a robust adjustment. After removing the 

outliers, the algorithm returned an α = 0 (maximum likelihood estimator – MLE) for both 

robust estimators. This evidence was not surprising, given that a disclaimer exists on the 

website of the data provider about potentially biased AI talent coverage for India on the 

LinkedIn platform (OECD.AI, 2024c). 

 

2.3. The variables 

The dependent variable is the latest available value (2022) of the Artificial Intelligence Talent 

Concentration (AI talent) and was collected from the OECD.AI dedicated website 

(OECD.AI, 2024b). AI talent refers to any LinkedIn member that either self-reported AI 

skills or an AI job within their profile (OECD.AI, 2024c) and, therefore, reflects a broader 

spectrum of the AI talent at the national level. The national AI talent concentration metric is 

determined as a ratio between the counts of AI talent at the level of a certain country and the 

counts of LinkedIn members for that specific country (OECD.AI, 2024c). Besides its inherent 

shortages, mainly the self-reported character and the limitation to only one provider, this 

metric is nowadays a staple measure for quantifying national AI skills. For example, it is 

used in the Global AI Index from Tortoise Media (Tortoise Media, 2023b) or in the AI Index 

Annual Report by Stanford University (Maslej et al., 2023). AI talent enters the OLS 

regression and the robust regression as a logit transformed variable, and in the robust beta 

regression as concentrations (proportions). 

The independent variables represent the national culture, and they are the scores reflecting 

the cultural dimensions of the Hofstede’s model: Power Distance (PDI), Individualism vs. 

Collectivism (IDV), Motivation toward Achievement and Success / Masculinity vs. 

Femininity (MAS), Uncertainty Avoidance (UAI), Long-Term Orientation vs. Short-Term 

Orientation (LTO), and Indulgence vs. Restraint (IVR). The national scores were collected 

through the Country Comparison Tool from The Culture Factor Group (Hofstede Insights 

Ltd.). The most recent update of this data was performed in 2023 for the LTO and IVR 

(Hofstede Insights. The Culture Factor Group, 2024b). Considering the relatively immutable 

nature of the national culture and according to the research practice, the most recent available 

values of cultural dimensions were included in the analysis. As the value of the IVR for Israel 

is not available on Hofstede’s website, it was determined and included in the analysis as an 
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average of the other scores for this dimension in the sample. The national culture variables 

enter the entire analysis scaled on the 0-1 interval. 

The control variables reflect three national facets that, besides the cultural setting, are to be 

considered stimulants for AI skills development. The economic facet is represented by 

Research and Development (R&D) expenditure as percent of GDP (RD_GDP), and it was 

collected from The World Bank (2024) database. The social-educational driver is mirrored 

by the Percentage of graduates from Science, Technology, Engineering, and Mathematics 

(STEM) programmes in tertiary education (STEM) and it was collected from The UNESCO 

Institute for Statistics (UIS, 2024). The third control variable, the AI Enablers score (AIE), 

shows the governmental and public initiatives aimed at advancing the national AI 

environment, in general, and AI talent, in particular. The values for the AI Enablers score 

were specifically computed by the authors using qualitative information provided by 

OECD.AI (2021, updated until 2022), in order to reflect a variate perspective on different AI 

incentives for each investigated country. The control variables R&D as percent of GDP and 

STEM graduates are % and they were logit transformed for a potentially more accurate 

prediction and to account for a probably more linear relationship between the logit 

transformations of the dependent variable and these two control variables (Moore et al., 

2007). The AI Enablers score enters the models as scaled on the 0-1interval. The three control 

variables are expected to exhibit a positive relationship with the response variable. 

The correlations and descriptive statistics of the variables are presented below (Table no. 1). 

Table no. 1. Correlations, descriptive statistics, and VIFs 

Variables 
AItalent 

(logit) 
PDI IDV MAS UAI LTO IVR 

RD_GDP 

(logit) 

STEM 

(logit) 
AIE 

AItalent 

(logit) 
1          

PDI -0.29 1         

IDV 0.25 -0.55* 1        

MAS 0.15 0.16 -0.26 1       

UAI 0.14 0.52* -0.26 0.16 1      

LTO 0.59* -0.32* 0.57* -0.05 -0.10 1     

IVR -0.13 -0.40* 0.24 0.04 -0.38* -0.14 1    

RD_GDP 

(logit) 
0.65* -0.56* 0.70* -0.02 -0.13 0.66* 0.16 1   

STEM 
(logit) 

0.41* -0.13 0.22 -0.09 0.01 0.14 -0.18 0.28 1  

AIE 0.34* -0.17 0.26 0.21 0.01 0.23 0.12 0.42* -0.05 1 

Mean -4.14 0.50 0.62 0.48 0.68 0.50 0.49 -4.17 -1.19 0.28 

SD 0.54 0.20 0.18 0.23 0.20 0.17 0.21 0.76 0.26 0.24 

Max -2.66 1.00 1.00 1.00 1.00 1.00 0.97 -2.83 -0.61 1.00 

Min -5.03 0.11 0.05 0.05 0.23 0.12 0.13 -5.88 -1.73 0.00 

Skew. 0.90 0.18 -0.66 0.04 -0.35 0.28 -0.09 -0.56 -0.05 1.31 

Kurt. 4.07 2.52 3.91 2.58 2.13 4.12 2.21 2.67 2.27 4.28 

VIF - 2.31 2.65 1.25 1.57 2.29 1.65 3.53 1.24 1.35 

Notes: n =44; † For the pairwise correlations *= significant at the 5% level. 

The correlation analysis (Table no. 1) indicates that the dependent variable (AI talent) is 

significantly and positively correlated with LTO and the three control variables (RD_GDP, 

STEM and AIE). The AI Enablers score (AIE) is one of the main originality elements of the 

present study, and it mainly reflects the national AI actions directed toward the support of AI 

skills and education, labour market policies, public awareness and civic participation, access 
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to information and knowledge sharing, etc. (OECD.AI, 2021). The descriptive statistics 

expose that, on average, the 44 countries in the sample score higher on IDV and UAI in 

comparison with the other four national cultural dimensions. The variance inflation factor 

test confirms that there is no multicollinearity as the VIF values are lower than 5. 

 

2.4. The models 

The OLS regression model and the robust regression model follow the equation: 

AItalent_logiti = β0 + β1PDIi + β2IDVi + β3MASi + β4UAIi + β5LTOi + β6IVRi  

+ β7RD_GDP_logiti + β8STEM_logiti + β9AIEi+εi               (1) 

where: 

AItalent_logit – the logit transformation of the AI talent metric; 

PDI, IDV, MAS, UAI, LTO, IVR – the Hofstede’s national culture scores; 

RD_GDP_logit – the logit transformation of the R&D expenditure as percent of GDP; 

STEM_logit – the logit transformation of the percentage of graduates from STEM 

programmes in tertiary education; 

AIE – the Artificial Intelligence Enablers score. 

The beta regression model, also called a “double index regression model”, encompasses two 

elements of regression – for the mean and for the precision (Grün, Kosmidis and Zeileis, 

2012). The robust beta regression model is a beta regression that uses robust estimators when 

the sample is potentially contaminated with outliers. For the current analysis, the robust beta 

regression model with the logit transformation consists of the mean equation of the beta 

regression, assumes constant precision, and employs LMDPDE and LSMLE estimators. 

These two new robust estimators, which perform well in the presence of outliers even for 

small samples, were developed by Maluf, Ferrari and Queiroz (2002, 2004). As stated, a 

constant precision sub-model was used for the robust beta regression model, and the 

following equation was employed for the mean sub-model: 

log(μi/(1- μi)) = β0 + β1PDIi + β2IDVi + β3MASi + β4UAIi + β5LTOi + β6IVRi  

+ β7RD_GDP_logiti + β8STEM_logiti + β9AIEi+εi               (2) 

where: 

μ – the mean of the beta probability distribution of the AI talent indicator. 

The other variables have the same meaning as above (Equation no. 1). 

3. Results and interpretation 

3.1. The results of the regression models 

The results of the OLS regression, robust regression and robust beta regression – that are 

reflected by Models 1, 2, and 3 (Table no. 2) – confirm the existence of a relationship between 

some facets of the national culture and AI talent concentration for countries with high AI 

skills and jobs profiles. Model 3 provides similar results with both LSMLE (presented below) 

and LMDPDE. The three control variables and the independent variables explain about 71% 
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of the variance of the response variable in the OLS multiple model, while in the beta robust 

regression model the pseudo R-squared is about 70%. 

Table no. 2. Results of the regression models 

Variables 

Model 1 (M1) 

OLS Multiple 

Regression 

Model 2 (M2) 

Robust 

Regression 

Model 3 (M3) 

Robust Beta 

Regression 

 
  

Mean model 

with logit link 

PDI -0.555 -0.473 -0.753** 

 (0.371) (0.424) (0.316) 

IDV -1.424*** -1.389*** -1.885*** 

 (0.445) (0.508) (0.366) 

MAS 0.123 0.130 0.064 

 (0.240) (0.274) (0.206) 

UAI 0.583* 0.570 0.722** 

 (0.312) (0.356) (0.289) 

LTO 1.428*** 1.531*** 1.466*** 

 (0.454) (0.519) (0.322) 

IVR 0.0215 0.135 0.072 

 (0.313) (0.357) (0.302) 

RD_GDP_logit 0.333** 0.311** 0.416*** 

 (0.123) (0.141) (0.106) 

STEM_logit 0.650*** 0.657** 0.604*** 

 (0.215) (0.246) (0.184) 

AIE 0.302 0.317 0.289 

 (0.238) (0.271) (0.194) 

Constant -2.067** -2.326** -1.467** 

 (0.825) (0.942) (0.656) 

   
Precision model 

with identity link 

(Phi)   734*** 

   (157.6) 

Observations 44 44 44 

R-squared for M1 and M2 

Pseudo R-squared for M3 
0.712 0.650 0.703 

Adj R-squared  0.6364   

Root MSE 0.3274   

Notes: Standard errors in parentheses; For OLS and robust regressions: p-value corresponding to t-

value; For robust beta regression: p-value corresponding to z-value; *** p<0.01, ** p<0.05, * p<0.1. 

 

The achieved results reflect the following findings: 

 PDI has a negative coefficient that is statistically significant at the 5% level only in the 

third model; 

 IDV has a negative coefficient that is statistically significant at the the 1% levels on all 

three models; 

 MAS is not statistically significant in any model; 
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 UAI has a positive coefficient that is statistically significant in the first model (at the 

10% level) and in the third model (at the 5% level); 

 LTO has a positive coefficient that is statistically significant at the 1% level in all three 

models; 

 IVR is not statistically significant in any model; 

 RD_GDP_logit has a positive, statistically significant coefficient (at the 5% level) in all 

three models; 

 STEM_logit has a positive, statistically significant coefficient in the first and third 

models (at the 1% level), as well as in the second model (at the 5% level); 

 AIE is not statistically significant in any model. 

In conclusion, two of the research hypotheses (H2 and H5) were confirmed in all models 

through statistically significant relationships: IDV has a negative relationship with the 

dependent variable (AI talent), and LTO shows a positive relationship with the dependent 

variable (AI talent). In addition, the relationships between the dependent variable and the 

control variables RD_GDP and STEM were confirmed. 

 

3.2. Interpretation of the identified relationships between national culture and AI skills 

For the investigated sample, as assumed in the H2 research hypothesis, countries that score 

lower in terms of individualism seem to have a higher level of AI skills and jobs than 

countries that expose a higher level of individualism. This outcome may be due to the nature 

of AI skills and the increasing focus at organisational and national level in having strong staff 

communities endowed with specific abilities and competencies for dealing with the 

technological advances and related challenges posed by AI. Since collectivistic cultures are 

based on fruitful collaboration between persons, teamwork, networking, and peer-learning – 

critical for constantly acquiring and refining AI skills – they seem to concentrate a higher 

number of employees that are interested in proving their AI talents. A relevant aspect for the 

attainment of AI skills is precisely the possibility of individuals to comfortably communicate 

and collaborate with their colleagues that possess superior AI knowledge and that can serve 

as learning examples, without feeling the threat of competition. 

Taking into account the novelty of the investigated topic, the present study confirms, in an 

original way, the prevalence of collective efforts regarding the assimilation of AI skills and 

not of individual actions, which have been highlighted in certain analyses on various aspects 

associated with technology adoption (e.g., Erumban and de Jong, 2006). At the same time, 

by identifying a positive relationship between collectivism and AI skills, the study confirms 

the findings of previous research exploring the links between national culture and the use of 

technology or the digitalisation of companies (Lai et al., 2016; Rubino et al., 2020). More 

specifically, supporting the argumentation line in the cited literature, the individualism-

related relationship may be explained by considering the specific character of acquiring AI 

skills nowadays, the development of these competencies reflecting the group pressure, 

especially for the alignment with the requirements about the performance of the individual, 

organisation, and society as a whole. Moreover, the acquisition of AI skills is backed up by 
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prior accumulation of a relatively solid base of technological skills, that are not induced, at 

this level of development, by the individual inclination towards innovation, but, rather, by 

the constraints of the community. 

The achieved results also support the H5 research hypothesis, indicating that countries that 

are rather long-term oriented show a higher concentration of AI skills for their people than 

countries that are rather short-term oriented of a cultural perspective. The explanation could 

reside in the increased interest of long-term oriented societies in investing in (modern and 

technological) education in order to be well-prepared for the unknown future. In this case, as 

AI is exponentially gaining ground, individuals, in general, and employees, in particular, may 

be more and more willing to have AI skills and competencies for securing their positions and 

achieving stability in the long run. The employees from these societies do not necessarily 

expect immediate outcomes from their learning efforts, but they are investing in the future. 

Learning from others, as in collectivistic societies, is a feature of long-term oriented cultures 

that supports their search for AI skills by dedicating their time, effort, and building 

relationships. The results regarding the positive influence of both collectivism and long-term 

orientation on AI skills of the individuals across countries correspond with the ones of Lai et 

al. (2016), while the strategic approach of long-term oriented cultures regarding the 

acquisition of these skills is similar to the findings of Eitle and Buxmann (2020) for applying 

ML at organisational level. 

Some may argue that short-termism would be a very suitable piece in the AI skills 

development conundrum when reflecting upon the immediacy of the need of adopting new 

technologies, as assumed in some studies (e.g., Rubino et al., 2020). However, following a 

different line of argumentation regarding the relationship between culture and technology/ 

innovation, also found in other studies (e.g., Lai et al., 2016), the present analysis confirms – 

for the first time for AI skills development – the assumed hypothesis that AI talent growth 

aligns more to a long-term results philosophy. This evidence is supported especially because 

the sophisticated AI skills are more likely to be attached to long-term investment in the 

learning processes. Additionally, informal, voluntary learning is able to contribute greatly to 

achieving AI skills, at least in the early stages of the phenomenon. Therefore, the long-term 

orientation emerging as a positive driver of AI talent could reflect the intrinsic process of 

learning and developing AI skills, on the one hand, and the attached value to long-term 

expected achievements and benefits, on the other. 

The results also indicated that power distance, motivation towards achievement and success 

(masculinity vs. femininity), uncertainty avoidance, and indulgence did not generate 

statistically significant associations for all regression models. The non-statistically 

significant results that were registered for motivation towards achievement and success are 

also supported by previous studies. In a comprehensive investigation regarding the role of 

cultural dimensions in technology acceptance models, Jan, Alshare and Lane (2022) found 

no robust direct effect of masculinity on the technology acceptance models. 

As assumed, there are a series of factors that influence the development of AI skills at 

national level in addition to cultural dimensions. From an economic perspective, the R&D 

expenditure of countries differentiates between the possibilities of the individuals to have 

access to funds for their scientific and technological development, including AI skills. From 

a social and educational insight, the graduates in the STEM field may be considered a relevant 

base for the development of AI-related talents. Finally, although not statistically significant 

for the studied sample, the AI governmental and public incentives (like training and 
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educational programs, labour markets policies, public awareness and participation actions, 

knowledge transfers, scientific networking, etc.) could make a positive distinction between 

countries more or less staff supportive in terms of AI skills and competencies. 

The achieved results present a special importance at the organisational and managerial levels. 

Business organisations all over the world are aware of the importance of having AI well-

trained staff in order to maintain or to gain a competitive position on the market. In this 

context, understanding the influence of different factors on the ability of the employees to 

upskill or reskill according to the technological context is crucial for the managers in the 

organisations. As cultural factors play an essential role in the development of AI skills of 

employees across countries, managers and organisations should learn from the best practice 

experience and take into account the cultural profile of the staff when designing AI training 

programmes. The behaviours that could be encouraged by managers regarding the attainment 

of AI skills and competences for the employees reflect the corporate support for long-term 

strategically intensive training and educational programmes, teamwork and peer-learning, as 

well as collaboration and networking between individuals within the organisations. 

The achieved results are also valuable from a theoretical perspective, and they are in line with 

the mainstream literature, highlighting the impact that certain sociocultural factors may have 

on staff predilection to acquire technical skills related to AI, which contributes to increasing 

employee productivity and organisational competitiveness. 

 

Conclusions 

The main contributions of the paper are two-folded, bringing valuable insights both for 

researchers in the human resource management field, as well as for business professionals 

and decision-makers that focus nowadays on the challenges posed by AI. Specifically, the 

investigation validates the postulation that national culture has an influencing role in shaping 

the assimilation and development of AI skills of individuals across countries. Thus, the 

importance of the work resides mainly in conveying further light on the central part that 

national culture has when companies decide upon their human resources policies, in general, 

and their strategic approaches within the (AI) talent race, in particular. 

Using a series of quantitative methods (OLS multiple regression, robust regression, and a 

novel approach of the robust beta regression), the present paper studied the connections 

between Hofstede’s cultural dimensions and AI talent concentration at international level, 

across a select sample of 44 countries. The main results confirmed the initially assumed 

connections between two of the six cultural dimensions and AI talent concentration. More 

specifically, positive relationships were found between collectivism and AI skills and jobs, 

on the one hand, and between long-term orientation and AI skills and jobs, on the other hand. 

The findings are in line with recent insights in the mainstream literature that situate long-

term orientation, along other national culture pillars, as a definite driver of various social and 

economic phenomena related to learning and innovation, as the case of AI skills is. Consistent 

with various sources, the positive effect of collectivism on AI talent has several possible 

explanations. Some are related to the fineness of the learning processes in AI skills 

absorption, while others explain the influence of collectivism on employee’s behaviour. 
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This work has great applicability for business organisations. The study distils through a 

quantitative approach the importance of national culture by using the cultural diversity of the 

employees as a vector for business competitive advantage at global level. Future studies could 

accommodate more countries for alleviating one of the limitations of this research, namely 

the one referring to the size and composition of the sample (only countries with a relatively 

high level of AI skills) as a direct result of current data availability and selection criteria of 

the sample. Additionally, when more data becomes available, more drivers of AI talent could 

be studied. New research directions could be developed by using other multivariate analyses 

(e.g., cluster analysis), and other extensions of the investigation could materialise in inquiries 

of AI talent across industries or gender to call upon more granular, profound, and sensitive 

aspects that will be of interest in the near future. 
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