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The association between national
culture and Al readiness: a
cross-national study

Kumiko Komatsu*, Nina Zdanovi¢, Masaki Yamabe,
Hiroyoshi lwata, Misa lwamoto and Shutaro Takeda

Graduate School of Media Design, Keio University, Yokohama, Japan

While the adoption of Artificial Intelligence (Al) is advancing globally, its pace
varies significantly across nations. This study statistically examines the asso-
ciations between Hofstede’s cultural dimensions and national-level Al readi-
ness. A correlation analysis was conducted using data from the Oxford Insights’
“Government Al Readiness Index 2024" and Hofstede's cultural dimension
scores. The findings reveal that Individualism and Long-Term Orientation have
a significant positive correlation with Al readiness, whereas Power Distance
and Uncertainty Avoidance show a significant negative correlation. Conversely,
Masculinity and Indulgence did not have a statistically significant relationship.
These results suggest that national cultural characteristics are associated with
differences in the adoption of advanced technologies such as Al. To contextual-
ize the statistics, we include an illustrative, non-causal comparison of Japan, the
United States, and Singapore.
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1 Introduction

Artificial Intelligence (AI) has emerged as a transformative force with the potential to
fundamentally reshape the global economy by adding trillions of dollars in value and signifi-
cantly boosting productivity (Chui, 2023). The ramifications of the global AI skills gap extend
far beyond purely economic concerns, creating ripple effects that permeate societal structures
and threaten to reshape the global order (Wu and Lin, 2024). Similarly, the diffusion of genera-
tive Al technologies may exacerbate inequalities across domains such as education, work, and
healthcare, demanding comprehensive policy interventions (Capraro et al., 2024). More
broadly, cross-national research on innovation and diffusion highlights systematic differences
in how quickly new technologies spread across countries. Prior work also suggests that national
cultural orientations can be associated with cross-country variation in innovation rates and
diffusion dynamics (Jaiswal and Zane, 2022). Against this backdrop, governments worldwide
are increasingly integrating Al into public services, making Al readiness an important national
capability (Oxford Insights, 2024). Research on technology acceptance has highlighted the role
of users’ beliefs in shaping adoption, as exemplified by the Technology Acceptance Model
(TAM). In TAM, these beliefs primarily refer to perceived usefulness and perceived ease of use,
which influence users’ attitudes and intention to use (Davis, 1989). However, to explain dispari-
ties in AI adoption at the national level, a macro-level perspective that considers cultural
dimensions is critical, beyond just economic and policy factors.
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Several prior studies have examined the relationship between cul-
tural values and technology adoption across nations. For example, dif-
ferences in information and communication technologies (ICT) uptake
can be partially explained by cultural dimensions such as uncertainty
avoidance and individualism (Erumban and de Jong, 2006). Likewise,
national culture has been shown to influence both managerial percep-
tions and organizational use of IT (Leidner and Kayworth, 2006). Taken
together, this literature suggests that national culture may shape technol-
ogy uptake, for example through differences in risk-related orientations
and authority relations that can influence managerial perceptions and
organizational use of IT. Building on this literature, we extend the
inquiry to the national AI readiness context by examining statistical
associations between Hofstede’s cultural dimensions and the
Government Al Readiness Index (Oxford Insights, 2024).

Hofstede’s seminal argument that organizational practices and
theories are culturally relative (Hofstede, 1983) provides critical
insight for understanding how national cultural values relate to coun-
try-level technology adoption and Al readiness. Building on this argu-
ment, our study argues that a nation’s collective stance toward a
transformative technology like AI is similarly shaped by its deep-
seated cultural values. The purpose of this paper is to systematically
investigate this underexplored relationship (see Figure 1).

Building on the above, we anchor our analysis in two theoretical
pillars: national AI readiness and Hofstede’s model of cultural dimen-
sions. For national AI readiness, we adopt the Government Al
Readiness Index from Oxford Insights, which conceptualises Al readi-
ness as governments’ readiness to implement Al in the delivery of
public services and operationalises it using 40 indicators across three
pillars—Government, Technology Sector, and Data & Infrastructure
(Oxford Insights, 2024). We interpret this composite score as reflect-
ing governments’ overall preparedness and capacity for public-sector
Al implementation, while noting that it also includes some adoption-
related indicators.

On the cultural side, we draw on Hofstede’s six-dimensional
model of national culture (Hofstede, 2025a,b). While the model has
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limitations—such as reliance on historical data from a single multina-
tional company (IBM) and its static treatment of culture—it remains
a widely used framework for quantitative cross-cultural research.
Consistent with this, a recent meta-analysis of technology acceptance
studies documents the continued incorporation of Hofstede’s dimen-
sions across diverse adoption contexts (Jan et al., 2024).

At the country level, prior research suggests that national culture
is associated with patterns of technology adoption and diffusion, and
that these relationships are often studied at macro and organizational
levels rather than being reducible to individual acceptance alone.
Drawing on reviews of culture in IS research highlighting how cultural
values shape IT management and implementation dynamics (Leidner
and Kayworth, 2006), and evidence that cross-country differences in
ICT adoption can be examined using Hofstede’s cultural dimensions
(Erumban and de Jong, 2006), we treat Hofstede’s dimensions as
macro-level orientations potentially relevant to coordination, risk
handling, and long-term capability building. Relatedly, cross-national
diffusion research links national culture and attitudes to differences in
how new technologies spread across countries (Jaiswal and
Zane, 2022).

Hypothesis development. Building on cross-national evidence
that Hofstede’s national culture dimensions are statistically associated
with country-level innovation indicators (Espig et al., 2022) and evi-
dence that Hofstede’s dimensions are widely applied in technology
adoption studies (Jan et al., 2024), we derive directional expectations
for each dimension. We expect Individualism (IDV) to be positively
associated with Al readiness, as cultures emphasizing autonomy and
individual initiative tend to reward innovative effort and experimenta-
tion, and prior country-level evidence links individualism to both
innovation outcomes and the uptake of new technologies (Erumban
and de Jong, 2006; Gorodnichenko and Roland, 2011). We expect
Long-Term Orientation (LTO) to be positively associated with AI
readiness because future-oriented cultures tend to emphasize perse-
verance and long-term planning, often channeling effort into educa-
tion and economic modernization, and may also shape technology

Correlation with Al Readiness (r) by Hofstede Dimensions
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Bar chart showing the Pearson correlation between Hofstede's cultural dimensions and the Al readiness index (N = 61).
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acceptance by making long-run benefits more salient during technol-
ogy rollouts (Espig et al., 2022; Jan et al., 2024). Power Distance (PDI)
is expected to be negatively associated with Al readiness, as high-PDI
contexts tend to feature centralized decision structures and hierarchi-
cal authority relations that can restrict communication and informa-
tion sharing, potentially complicating broad implementation efforts
(Hofstede, 1983; Espig et al., 2022). Uncertainty Avoidance (UAI) is
expected to be negatively associated with AI readiness because high-
UAI societies tend to avoid uncertain or unproven options, prefer
stability and established routines, and are less willing to take risks or
experiment with disruptive technologies (Erumban and de Jong, 2006;
Espig et al., 2022). We also expect Masculinity (MAS) to be negatively
associated with Al readiness insofar as achievement- and competi-
tion-oriented cultures may place less emphasis on cooperation, con-
sensus, and error tolerance, which can undermine the collaborative
and learning-oriented processes required for responsible public-sector
Al implementation (Hofstede, 1983; Espig et al., 2022). Finally,
Indulgence (IVR) is expected to be negatively associated with AI
readiness, as more indulgent cultures may exhibit lower acceptance
of—and compliance with—stringent, coordination-intensive public
interventions, thereby weakening large-scale implementation capacity.
This expectation is consistent with cross-national evidence that the
effectiveness of restrictive government measures is attenuated in more
indulgent contexts (e.g., compliance with COVID-19 control policies)
(Xu et al., 2024; Lee et al., 2025).

Therefore, the central research question of this paper is: “How are
a nations cultural characteristics, as defined by Hofstede, statistically
associated with its Al readiness?” To answer this question, this study
performs a cross-national quantitative analysis, correlating Hofstede’s
cultural dimensions with the Government AI Readiness Index
(Oxford Insights, 2024).

While national Al readiness is often discussed in terms of struc-
tural economic conditions and policy capacity, a complementary per-
spective is to examine whether it is statistically associated with
macro-level cultural orientations. This study makes three contribu-
tions. First, we examine the statistical associations between Hofstede’s
six cultural dimensions and the Government AI Readiness Index
using publicly available country-level data. Second, we report Pearson
correlation analyses and a multiple linear regression model (OLS) to
compare bivariate associations with estimates from a model including
all six dimensions simultaneously. Third, we provide a brief, illustra-
tive (non-causal) comparison of Japan, the United States, and
Singapore to contextualize the statistical patterns.

2 Methods

This study employs a quantitative, cross-national research design
to investigate the relationship between national cultural dimensions
and Al readiness. The methodology is structured into two parts—data
collection and data analysis—and includes a brief, non-causal illustra-
tive comparison of three high-readiness countries (Japan, the United
States, and Singapore) to contextualize the results.

2.1 Data collection and sample

The dataset for this study was compiled from two distinct, publicly
available sources.
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2.1.1 Dependent variable

Al readiness: the dependent variable, national Al readiness, was
measured using the overall score (on a scale of 0 to 100) from the
“Government Al Readiness Index 2024” (Oxford Insights, 2024). This
index provides a comprehensive assessment of a country’s prepared-
ness for Al, and specifically, it is a composite measure designed to
assess how ready governments are to implement Al in the delivery of
public services. It is built from 40 indicators organized into three pil-
lars (Government, Technology Sector, and Data & Infrastructure) and
aggregated into an overall score that is normalized on a 0-100 scale,
where higher values indicate greater national readiness for public-
sector Al adoption and implementation. In this study, the overall
index score was treated as a continuous dependent variable in the
analysis.

2.1.2 Independent variables

Cultural dimensions: the independent variables were the six cul-
tural dimension scores for each country, as defined by Hofstede. The
data were retrieved from the “Dimension data matrix” (version 2015-
12-08) published on Geert Hofstede’s website (Hofstede, 2025a,b). We
used the modified 0-100 dataset provided on the same page. Hofstede’s
national cultural dimensions were operationalized using country
scores for the six-dimension model (PDI, IDV, MAS, UAI LTO, IVR)
from the Hofstede dimension data matrix. Each dimension is reported
as a country-level score on a 0-100 scale, where higher values indicate
a stronger presence of the named cultural tendency. Specifically,
Power Distance (PDI) reflects acceptance of unequal power distribu-
tion; Individualism (IDV) reflects preference for individual autonomy
over group cohesion; Masculinity (MAS) reflects emphasis on com-
petition and achievement over cooperation and quality of life;
Uncertainty Avoidance (UAI) reflects discomfort with ambiguity and
preference for rules and predictability; Long-Term Orientation (LTO)
reflects future-oriented pragmatism and perseverance; and Indulgence
(IVR) reflects a greater tendency toward gratification and enjoyment
rather than restraint. These scores were treated as continuous inde-
pendent variables in the analysis (Hofstede, 2025a,b).

The final sample consists of 61 countries with available data in
both the Government AI Readiness Index and Hofstede’s cultural
dimension dataset. Countries were excluded if either the Al readiness
score or any of the six Hofstede scores was missing in the source data-
sets. We used complete-case analysis (i.e., no imputation), retaining
only countries with complete data across both sources. The resulting
sample spans multiple world regions; however, regional coverage may
be uneven due to differences in data availability across the two sources.

2.2 Data analysis

The statistical analysis was conducted using Python programming
language. Key libraries included ‘pandas’ for data handling, ‘scipy.stats’
for Pearson correlation analysis, and ‘statsmodels’ for multiple linear
regression modeling.

To investigate the relationships between Hofstede’s six cultural
dimensions and the national Al readiness score, two main methods
were employed. First, Pearson correlation analysis was used to assess
the linear association between each cultural dimension and Al readi-
ness. Second, a multiple linear regression analysis was conducted to
estimate the relative contribution of each cultural dimension in
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predicting Al readiness. A p-value of less than 0.05 was considered
statistically significant for all analyses.

2.3 Screening and assumption checks

Screening and assumption checks. We conducted screening
procedures prior to inference. Countries were retained only when
the Al readiness score and all six Hofstede dimension scores were
available (complete-case analysis; no imputation). Potential outli-
ers were screened using standardized z-scores across the depen-
dent variable and the six predictors (threshold |z| > 3), and no
countries exceeded this threshold. Regression assumptions were
assessed on the OLS model residuals. Normality was evaluated
using Q-Q plots of residuals, and linearity/homoscedasticity were
inspected via residuals-versus-fitted plots. We additionally con-
ducted the Breusch-Pagan test for heteroscedasticity, which was
not statistically significant. Multicollinearity was diagnosed using
variance inflation factors (VIF) and tolerance values; VIFs were
low (all < ~2.1) and tolerances were acceptable (all > ~0.49), indi-
cating no severe multicollinearity among predictors. Overall, diag-
nostics did not suggest major violations of regression assumptions;
however, given the cross-sectional design and the use of secondary
indicators, findings should be interpreted cautiously as associa-
tions rather than causal effects.

3 Results

This section presents the statistical findings of the study. First, the
descriptive statistics for all variables used in the analysis are summa-
rized. Then, the results of the Pearson correlation analysis are reported,
followed by the multiple regression analysis to examine the simultane-
ous effects of all cultural dimensions on Al readiness.

3.1 Descriptive statistics

The descriptive statistics for the 61 countries included in this
study are presented in Table 1. This table provides the number of
observations (N), mean, standard deviation, and the minimum and
maximum values for the AT Readiness Index score and each of the six
Hofstede’s cultural dimensions (see Table 1 for details).

TABLE 1 Descriptive statistics and Pearson correlations with Al readiness.

10.3389/frai.2026.1727606

Interpretation of Descriptive Statistics: Table 1 demonstrates con-
siderable variation across countries. The Al readiness scores span a
wide range (29.21-87.03), and cultural dimensions such as IDV and
UALI also show substantial diversity.

3.2 Correlation analysis

To assess the direct relationship between each cultural dimension
and Al readiness, a Pearson correlation analysis was conducted (see
Figure 1). The results, as detailed in Table 1, indicate that four of the
six dimensions have a statistically significant correlation with the AI
readiness score (see Table 1 for details).

Al readiness was positively associated with Individualism (IDV)
(r=0.55, p <0.001) and Long-Term Orientation (LTO) (r=0.47,
p <0.001), and negatively associated with Power Distance (PDI)
(r=-0.38, p = 0.002) and Uncertainty Avoidance (UAI) (r = —0.31,
p =0.015). Masculinity (MAS) and Indulgence (IVR) were not signifi-
cant (see Figure 1).

3.3 Multiple regression analysis

To investigate which cultural dimensions predict Al readiness
while controlling for the other dimensions, we estimated an OLS mul-
tiple regression model (see Table 2 for details).

The overall model was statistically significant, F(6, 54) = 10.83,
P <0.001, with R* = 0.546 (adjusted R* = 0.496; N = 61). Individualism
and Long-Term Orientation emerged as the only statistically signifi-
cant predictors. As effect-size indicators, standardized coefficients
showed the largest positive associations for Individualism (4 = 0.44)
and Long-Term Orientation (3 = 0.52).

The discrepancy between the Pearson correlation results and the
OLS multiple regression results is not necessarily contradictory.
Pearson correlations reflect the bivariate associations between each
cultural dimension and Al readiness, whereas the regression coeffi-
cients quantify each dimension’s unique association with Al readiness
while controlling for the other Hofstede dimensions. Because Hofstede
dimensions are intercorrelated, shared variance across dimensions can
lead some predictors to lose statistical significance once all six dimen-
sions are modeled simultaneously, even when their Pearson correla-
tions are significant. In this study, multicollinearity diagnostics (VIF/
tolerance; see Section 2.3) did not indicate severe multicollinearity;
however, the shared variance among cultural dimensions implies that

Variable Mean Std. Dev. Correlation p-value
coefficient (r)
1 Individualism (IDV) 61 46.1 23.72 12 91 0.55 <0.001#***
Long-Term
2 61 49.57 23.01 13 100 0.47 <0.001%***
Orientation (LTO)
Power Distance
3 61 58.33 20.49 11 100 -0.38 0.002%*
(PDI)
Uncertainty
4 61 67.26 22.28 8 100 -0.31 0.015*
Avoidance (UAI)
5 Masculinity (MAS) 61 48.82 19.96 5 100 -0.097 0.459
6 Indulgence (IVR) 61 48 222 0 100 —-0.012 0.924
Significance codes: *p < 0.05, **p < 0.01, **¥p < 0.001.
Frontiers in Artificial Intelligence 04 frontiersin.org
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TABLE 2 Multiple regression analysis results.

Variable Coefficient (B) Std. Error Standardized coefficient

®
(Constant) 46.81 9.37 — <0.001**3*
Power Distance (PDI) 0.003 0.077 0.00 0.972
Individualism (IDV) 0.224 0.064 0.44 0.001%*
Masculinity (MAS) —0.078 0.058 -0.13 0.184
Uncertainty Avoidance (UAI) —0.099 0.052 —0.18 0.061
Long-Term Orientation (LTO) 0.271 0.057 0.52 <0.001%#%*:*
Indulgence (IVR) 0.099 0.063 0.18 0.121

Significance codes: *p < 0.05, **p < 0.01, **¥p < 0.001.

the regression results should be interpreted as conditional estimates
within the joint model, rather than as definitive conclusions about “the
most important” dimension. Thus, we describe IDV and LTO as the
dimensions that remained significantly associated with AT readiness
in the joint model for the current sample.

4 Discussion

4.1 Cultural dimensions and their
associations with Al readiness

This study initially hypothesized that all six of Hofstede’s cultural
dimensions would be associated with national AI readiness. However,
the results reveal that only four dimensions—Individualism (IDV),
Power Distance (PDI), Uncertainty Avoidance (UAI), and Long-Term
Orientation (LTO)—demonstrated statistically significant relation-
ships. In contrast, Masculinity (MAS) and Indulgence (IVR) did not
show statistically significant associations, suggesting that not all cul-
tural traits are equally associated with a country’s preparedness for Al

First, individualism (IDV) showed the strongest positive associa-
tion. Prior cross-country work suggests that more individualistic soci-
eties tend to be more receptive to innovations and new ideas, which
can contribute to higher uptake of new ICT (Erumban and de Jong,
2006). This suggests that higher levels of individualism are positively
correlated with greater Al readiness.

Second, Power Distance (PDI) was negatively associated with AI
readiness. In high-PDI cultures, hierarchical decision-making may be
associated with less open information flow, which may correspond to
lower national Al readiness. This aligns with evidence that higher power
distance can restrict information sharing and thereby hinder the intro-
duction of new products and innovations (Espig et al., 2022). Therefore,
higher power distance is negatively correlated with AI readiness.

Third, Uncertainty Avoidance (UAI) also showed a significant
negative correlation with Al readiness. Cultures with low tolerance for
ambiguity may be associated with slower adoption of emerging tech-
nologies when safety, regulation, or precedent is perceived as insuffi-
cient. This aligns with broader research showing that high UAI is
associated with reduced openness to innovation (Espig et al., 2022),
and that in high-UAT societies, even potentially innovative changes—
such as remote work setups—are less likely to foster innovation (Wang
et al., 2025). Therefore, higher uncertainty avoidance is associated
with lower Al readiness.

Frontiers in Artificial Intelligence

Fourth, Long-Term Orientation (LTO) was positively related to
Al readiness. Consistent with this, recent evidence reports that LTO
is associated with citizens’ behavioral intention toward technology
adoption (Guo, 2024), and meta-analytic results suggest that LTO
positively moderates key correlates of behavioral intention in technol-
ogy acceptance (Jan et al., 2024). These societies prioritize future
rewards over short-term gains, aligning with the long-term benefits
associated with AI systems. In other words, stronger Long-Term
Orientation is positively correlated with higher AI readiness.

By contrast, masculinity (MAS) and indulgence (IVR) did not
demonstrate statistically significant associations. These findings sug-
gest that competitiveness (as reflected in masculinity) and pursuit of
pleasure or gratification (as reflected in indulgence) are not key cor-
relates of Al readiness at the national level. Thus, neither greater mas-
culinity nor indulgence appears to promote or hinder Al readiness in
a meaningful way.

Taken together, the pattern across the four significant dimensions
suggests a coherent direction. This concerns national cultural charac-
teristics—particularly those that value individual autonomy (higher
IDV) and future-oriented planning (stronger LTO). These cultural
dimensions may function as important enablers of the adoption of
advanced technologies such as AL in contrast, higher hierarchy (PDI)
and higher uncertainty avoidance (UAI) may act as cultural frictions
that are associated with slower diffusion. These findings directly
answer the central research question by showing that Hofstede’s cul-
tural dimensions are statistically associated with national Al readi-
ness—positively for IDV and LTO, and negatively for PDI and
UAL Understanding how these values are statistically associated with
higher or lower Al readiness provides important insights for designing
national Al strategies that are socially and culturally aligned.

4.2 Cross-national comparison: Japan, the
United States, and Singapore

This subsection examines three countries—the United States,
Japan, and Singapore—as illustrative cases to contextualize the
cross-national results. These cases were selected because (i) all three
score highly on the Government AI Readiness Index, providing a
common baseline of high national Al readiness, and (ii) they exhibit
contrasting cultural profiles on key Hofstede dimensions examined
in this study (e.g., IDV, PDI, UAI, and LTO). Specifically, this com-
parison illustrates how the key dimensions that were statistically
associated with AI readiness in the main analysis—positive associa-
tions for IDV and LTO and negative associations for PDI and
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UAI—co-occur with high Al readiness in three high-scoring coun-
tries. The purpose is not to claim causality but to highlight patterns
that are broadly consistent with the statistical associations between
Hofstede’s dimensions and Al readiness. Accordingly, this compari-
son should be read as an interpretive complement to the quantita-
tive analysis rather than evidence of causal mechanisms (see Table 3
for details).

The US’s exceptionally high individualism is associated with a
more decentralized, entrepreneurial ecosystem. In individualistic
societies, personal freedom and achievement are highly valued,
which translates into strong incentives—both social and eco-
nomic—for innovation (Gorodnichenko and Roland, 2011).
Empirical evidence shows that countries with high individualism
have higher rates of innovation and opportunity-driven entrepre-
neurship (Assmann and Ehrl, 2021). This relationship is further
supported by cross-national evidence that individualism is associ-
ated with higher national rates of innovation (Shane, 1993). In prac-
tice, this pattern is consistent with an AI ecosystem in the United
States that features agile startups and autonomous R&D, where
entrepreneurs freely experiment with new AI tools and business
models and innovation is propelled by entrepreneurial experimen-
tation and opportunity-driven entry. For example, awarding social
status to innovators has been linked to faster growth
(Gorodnichenko and Roland, 2011) and opportunity entrepreneur-
ship (Assmann and Ehrl, 2021), reflecting the US’s vibrant startup
culture.

This alignment is consistent with our finding that higher IDV and
lower PDI are associated with higher AI readiness, suggesting that in
such contexts, policies fostering bottom-up innovation may be par-
ticularly implementable.

In contrast, Singapore presents a markedly different model. Its
cultural profile—low individualism, very high power distance, and
high long-term orientation—aligns with a top-down, coordinated
approach. In Hofstede’s framework, high-PDI societies accept strong
hierarchical authority, while low-IDV cultures emphasize collective
goals (Hofstede, 2025a,b). These cultural traits are consistent with
strong public-sector leadership in national initiatives.

Reflecting this, Singapore’s government leads AI development
with strategic incentives, institutional support, and regulation (Frana,
2024; Khanal et al., 2024). The official National AI Strategy emphasizes
a key government role in curating incentives (e.g., targeted grants),
resources (e.g., compute and talent), and regulatory frameworks
across sectors (Singapore Government, 2023). This reflects a central-
ized, technocratic approach designed to mobilize stakeholders
through coordinated planning rather than market spontaneity.
Consistent with this, Singapore’s model also harnesses the productive
energy of free-market capitalism contained within clear guardrails
through stakeholder consensus-building and quasi-regulation (Allen
etal., 2025).

TABLE 3 Comparison of Al readiness and cultural dimensions among high-scoring countries.

10.3389/frai.2026.1727606

Singapore’s high Al readiness coexists with systematic, state-led
execution that is consistent with its high-PDI, high-LTO profile; such
coordination may be particularly compatible with achieving and sus-
taining readiness in this cultural context.

Japan is often characterized as taking a relatively cautious stance
toward Al consistent with heightened concern about Al-related risks
and a preference for careful evaluation of its impacts. In the Japan
country results of a global AI trust survey, Japanese respondents
report being more worried than optimistic about AI, and 70% report
concern about negative outcomes from AI (Gillespie, 2025).
Consistent with a broader risk-averse climate, individual-level evi-
dence from Japan also shows that higher risk aversion is associated
with a lower likelihood of engaging in angel investing, and prior
research links risk aversion to reduced entrepreneurial interest and
action (Honjo et al., 2024). Taken together, these patterns suggest a
lower appetite for high-uncertainty, disruptive innovations and greater
receptiveness to incremental technological advancement.

Nevertheless, such caution can coexist with meticulous and pre-
cise implementation; comparative innovation-management research
reports that Japanese projects tend to rely on thorough planning and
strict control mechanisms to minimize deviations during execution
(Herstatt et al., 2006). In policy terms, Japan’s Al governance has
emphasized voluntary, nonbinding guidance (“soft law”) and has pri-
oritized international interoperability and alignment through frame-
works such as the G7 and OECD (Ichikawa, 2025). More broadly,
policy discussions often portray Japan’s approach as relatively incre-
mental and coordination-oriented.

These cases collectively illustrate that high AI readiness is not con-
tingent upon a single cultural configuration. Rather, distinct cultural
profiles can support different, potentially equally effective models of
Al adoption. Our findings indicate statistically significant associations
between Hofstede’s cultural dimensions and national Al readiness. In
this light, cultural traits are best treated as contextual parameters for
policy design; aligning Al policy tools with prevailing cultural profiles
may enhance implementability.

4.3 Limitations and future research

Several limitations should be acknowledged. First, this study relies on
cross-sectional, correlational country-level data; accordingly, the observed
relationships should be interpreted as associations rather than causal
effects. Second, the analytic sample was restricted to 61 countries because
only those countries were covered by both the Government AI Readiness
Index and Hofstede’s cultural dimension dataset; this overlap may limit
statistical power and may introduce selection bias if data availability is
systematic across regions or income levels. Third, both the AI Readiness
Index and Hofstede scores are secondary indicators with their own mea-
surement assumptions, and Hofstede’s framework remains debated.
Finally, because Hofstedes dimensions can be intercorrelated,

Country Al readiness, rank IDV: Individualism LTO: Long-Term PDI: Power
Orientation Distance
United States 87.03, 1st 91 (very high) 26 (low) 40 (low)
Singapore 84.25, 2nd 20 (low) 72 (high) 74 (high)
Japan 75.75, 12th 46 (medium) 88 (very high) 54 (medium)
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multicollinearity is a potential concern in cross-national models; however,
in our sample, VIF/tolerance diagnostics did not suggest severe multicol-
linearity. Coefficients should nonetheless be interpreted cautiously given
the small sample size and the use of secondary indicators.

Future research could further elucidate the mechanisms underly-
ing these associations by combining cross-national models with struc-
tural covariates (e.g., GDP, digital infrastructure, education) and by
applying approaches that address collinearity (e.g., PCA-derived fac-
tors or regularized regression). In addition, cross-cultural policy
analyses comparing regulatory frameworks and public-sector capaci-
ties would be a valuable direction.

Data availability statement

Publicly available datasets were analyzed in this study. Is data can
be found here: https://geerthofstede.com/research-and-vsm/

dimension-data-matrix/.

Author contributions

KK: Conceptualization, Data curation, Formal analysis,
Methodology, Project administration, Validation, Visualization,
Writing - original draft, Writing - review & editing. NZ:
Conceptualization, Formal analysis, Methodology, Supervision,
Validation, Visualization, Writing - review & editing. MY:
Conceptualization, Formal analysis, Methodology, Supervision,
Validation, Visualization, Writing - review & editing. HI:
Conceptualization, Formal analysis, Methodology, Supervision,
Validation, Visualization, Writing - review & editing. MI:
Conceptualization, Formal analysis, Methodology, Supervision,
Validation, Visualization, Writing - review & editing. ST:
Conceptualization, Formal analysis, Methodology, Supervision,
Validation, Visualization, Writing — review & editing.

References

Allen, J. G, Loo, J., and Campoverde, J. L. L. (2025). “Governing intelligence: Singapore’s
evolving AI governance framework” in Cambridge forum on Al law and governance,
1:e12. doi: 10.1017/cf1.2024.12

Assmann, D., and Ehrl, P. (2021). Individualistic culture and entrepreneurial opportuni-
ties. J. Econ. Behav. Organ. 188, 1248-1268. doi: 10.1016/j.jebo.2021.06.035

Capraro, V., Lentsch, A., Acemoglu, D., Akgun, S., Akhmedova, A., Bilancini, E., et al.
(2024). The impact of generative artificial intelligence on socioeconomic inequalities and
policymaking. PNAS Nexus 3:191. doi: 10.1093/pnasnexus/pgae191

Chui, M. (2023). The economic potential of generative Al: the next productivity frontier.
San Francisco, CA, USA: McKinsey Global Institute. Available online at: https://www.
mckinsey.com/capabilities/tech-and-ai/our-insights/the-economic-potential-of-genera-
tive-ai-the-next-productivity-frontier (accessed August 12, 2025).

Davis, E D. (1989). Perceived usefulness, perceived ease of use, and user acceptance of
information technology. MIS Q. 13, 319-339. doi: 10.2307/249008

Erumban, A. A, and de Jong, S. B. (2006). Cross-country differences in ICT
adoption: a consequence of culture? J. World Bus. 41, 302-314. doi: 10.1016/j.
jwb.2006.08.005

Espig, A., Mazzini, I. T,, Zimmermann, C., and de Carvalho, L. C. (2022). National culture
and innovation: a multidimensional analysis. Innov. Manag. Rev. 19, 322-338. doi:
10.1108/INMR-09-2020-0121

Frana, P. L. (2024). Assessing smart nation Singapore as an international model for AI
responsibility. Int. J. Responsib. 7:2. doi: 10.62365/2576-0955.1109

Frontiers in Artificial Intelligence

10.3389/frai.2026.1727606

Funding

The author(s) declared that financial support was not received for
this work and/or its publication.

Conflict of interest

The author(s) declared that this work was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Generative Al statement

The author(s) declared that Generative Al was used in the creation
of this manuscript. Al-assisted language tools (e.g., ChatGPT) were
utilized for translation support and language refinement during the
preparation of this manuscript. All content was reviewed and finalized
by the authors.

Any alternative text (alt text) provided alongside figures in this
article has been generated by Frontiers with the support of artificial
intelligence and reasonable efforts have been made to ensure accuracy,
including review by the authors wherever possible. If you identify any
issues, please contact us.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Gillespie, N. (2025). Trust, attitudes and use of artificial intelligence: a global study 2025.
The University of Melbourne and KPMG (Melbourne, VIC, Australia). doi:
10.26188/28822919

Gorodnichenko, Y., and Roland, G. (2011). Individualism, innovation, and long-run growth.
Proc. Natl. Acad. Sci. USA 108, 21316-21319. doi: 10.1073/pnas.1101933108

Guo, Y. (2024). Investigating the impact of culture dimensions on Chinese citizens’ con-
tinuous use of e-government websites: a cultural model-based study. Acta Psychol.
244:104196. doi: 10.1016/j.actpsy.2024.104196

Herstatt, C., Verworn, B., and Nagahira, A. (2006). “Reducing project related uncertainty
in the ‘fuzzy front end’ of innovation—a comparison of German and Japanese product
innovation projects” in Management of technology and innovation in Japan (Berlin/
Heidelberg: Springer-Verlag), 329-352.

Hofstede, G. (1983). The cultural relativity of organizational practices and theories. J. Int.
Bus. Stud. 14, 75-89. doi: 10.1057/palgrave.jibs.8490867

Hofstede. (2025a). The 6-D model of national culture. Available online at: https://geer-
thofstede.com/culture-geert-hofstede-gert-jan-hofstede/6d-model-of-national-culture/
(accessed December 25, 2025).

Hofstede. (2025b). Geert Hofstede. Available online at: https://geerthofstede.com/
research-and-vsm/dimension-data-matrix/ (accessed from December 19, 2025).

Honjo, Y., Ikeuchi, K., and Nakamura, H. (2024). Does risk aversion affect individuals’
interests and actions in angel investing? Empirical evidence from Japan. Jpn. World Econ.
70:101253. doi: 10.1016/j.japwor.2024.101253

frontiersin.org


https://doi.org/10.3389/frai.2026.1727606
https://www.frontiersin.org/journals/Artificial-intelligence
https://www.frontiersin.org
https://geerthofstede.com/research-and-vsm/dimension-data-matrix/
https://geerthofstede.com/research-and-vsm/dimension-data-matrix/
https://doi.org/10.1017/cfl.2024.12
https://doi.org/10.1016/j.jebo.2021.06.035
https://doi.org/10.1093/pnasnexus/pgae191
https://www.mckinsey.com/capabilities/tech-and-ai/our-insights/the-economic-potential-of-generative-ai-the-next-productivity-frontier
https://www.mckinsey.com/capabilities/tech-and-ai/our-insights/the-economic-potential-of-generative-ai-the-next-productivity-frontier
https://www.mckinsey.com/capabilities/tech-and-ai/our-insights/the-economic-potential-of-generative-ai-the-next-productivity-frontier
https://doi.org/10.2307/249008
https://doi.org/10.1016/j.jwb.2006.08.005
https://doi.org/10.1016/j.jwb.2006.08.005
https://doi.org/10.1108/INMR-09-2020-0121
https://doi.org/10.62365/2576-0955.1109
https://doi.org/10.26188/28822919
https://doi.org/10.1073/pnas.1101933108
https://doi.org/10.1016/j.actpsy.2024.104196
https://doi.org/10.1057/palgrave.jibs.8490867
https://geerthofstede.com/culture-geert-hofstede-gert-jan-hofstede/6d-model-of-national-culture/
https://geerthofstede.com/culture-geert-hofstede-gert-jan-hofstede/6d-model-of-national-culture/
https://geerthofstede.com/research-and-vsm/dimension-data-matrix/
https://geerthofstede.com/research-and-vsm/dimension-data-matrix/
https://doi.org/10.1016/j.japwor.2024.101253

Komatsu et al.

Ichikawa, T. (2025). Norms in new technological domains: Japan’s AI governance strategy.
Asia Pac. Policy Stud. 8, 274-286. Available online at: https://www.csis.org/analysis/
norms-new-technological-domains-japans-ai-governance-strategy

Jaiswal, M., and Zane, L. (2022). National culture and attitudes’ impact on diffusion of
sustainable new technology-based products. N. Engl. J. Entrep. 25, 5-25. doi: 10.1108/
NEJE-09-2021-0059

Jan, J., Alshare, K. A., and Lane, P. L. (2024). Hofstede’s cultural dimensions in technology
acceptance models: a meta-analysis. Univers. Access Inf. Soc. 23, 717-741. doi: 10.1007/
510209-022-00930-7

Khanal, S., Zhang, H., and Taeihagh, A. (2024). Building an AI ecosystem in a small
nation: lessons from Singapores journey to the forefront of Al. Humanit. Soc. Sci.
Commun. 11, 1-12. doi: 10.1057/s41599-024-03289-7

Lee, J., Kim, O., and Park, C. (2025). A cross-cultural study on the effects of government
control policies on mobility in COVID-19. Cross Cult. Res. 59, 350-377. doi:
10.1177/10693971241245878

Leidner, D. E., and Kayworth, T. (2006) Review: a review of culture in information sys-
tems research: toward a theory of information technology culture conflict. Management

Frontiers in Artificial Intelligence

08

10.3389/frai.2026.1727606

Information Systems Research Center (MISRC), University of Minnesota,

Minneapolis, MN, USA. doi: 10.2307/25148735

Oxford Insights. (2024). Government AI readiness index 2024. Available online
at: https://oxfordinsights.com/ai-readiness/ai-readiness-index/ (accessed August 12, 2025).

Shane, S. (1993). Cultural influences on national rates of innovation. J. Bus. Ventur. 8,
59-73. doi: 10.1016/0883-9026(93)90011-s

Singapore Government (2023). Singapore national AI strategy 2.0. Singapore:
Government of Singapore (Smart Nation and Digital Government Office).

Wang, B, Saeed, S., Zhang, Y, Fang, X, and Yu, X. (2025). Does remote
work adoption boost firm innovation? A cross-cultural study. Int. J. Hum.
Resour. Manag. 36, 895-924. doi: 10.1080/09585192.2025.2484382

Wu, Y., and Lin, C. (2024). The hidden multiplier: unraveling the true cost of the global AL skills
gap. IEEE Technol. Soc. Mag. 43, 15-23. doi: 10.1109/MTS.2024.3505618

Xu, Y., Dong, C., and Shao, W. (2024). Culture and effectiveness of distance restriction
policies: evidence from the COVID-19 pandemic. J. R. Soc. Interface 21:20240159. doi:
10.1098/rsif.2024.0159

frontiersin.org


https://doi.org/10.3389/frai.2026.1727606
https://www.frontiersin.org/journals/Artificial-intelligence
https://www.frontiersin.org
https://www.csis.org/analysis/norms-new-technological-domains-japans-ai-governance-strategy
https://www.csis.org/analysis/norms-new-technological-domains-japans-ai-governance-strategy
https://doi.org/10.1108/NEJE-09-2021-0059
https://doi.org/10.1108/NEJE-09-2021-0059
https://doi.org/10.1007/s10209-022-00930-7
https://doi.org/10.1007/s10209-022-00930-7
https://doi.org/10.1057/s41599-024-03289-7
https://doi.org/10.1177/10693971241245878
https://doi.org/10.2307/25148735
https://oxfordinsights.com/ai-readiness/ai-readiness-index/
https://doi.org/10.1016/0883-9026(93)90011-s
https://doi.org/10.1080/09585192.2025.2484382
https://doi.org/10.1109/MTS.2024.3505618
https://doi.org/10.1098/rsif.2024.0159

	The association between national culture and AI readiness: a cross-national study
	1 Introduction
	2 Methods
	2.1 Data collection and sample
	2.1.1 Dependent variable
	2.1.2 Independent variables
	2.2 Data analysis
	2.3 Screening and assumption checks

	3 Results
	3.1 Descriptive statistics
	3.2 Correlation analysis
	3.3 Multiple regression analysis

	4 Discussion
	4.1 Cultural dimensions and their associations with AI readiness
	4.2 Cross-national comparison: Japan, the United States, and Singapore
	4.3 Limitations and future research


	References

