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Abstract 

AI is widely regarded by the IMF and the World Bank as a catalyst for growth. AI 
should be understood as a multidimensional socio-technical system embedded across 
institutions, industries, and society.  Its economic contribution depends on which pil-
lars of the national AI system expand (e.g., R&D capacity, infrastructure, governance, 
or social acceptance). For this reason, the seven pillars of AI development are mea-
sured by the AI Vibrancy subindices, which help avoid reliance on a single composite 
indicator that may conceal offsetting effects. This study examines how different pillars 
of the national AI ecosystem shape the architecture of the knowledge economy and its 
economic outcomes by estimating heterogeneous within-country associations between 
GDP per capita and seven AI ecosystem pillars, operationalized through AI Vibrancy 
subindices, using a balanced panel of 36 countries with complete data over the period 
2020–2023. Fixed- and random-effects models are estimated using heteroskedasticity-
robust and Driscoll-Kraay standard errors. The results indicate that, within countries 
over time, the R&D (β = –5.676, p < 0.001) and Infrastructure (β = –16.306, p < 0.001) 
subindices have strong and statistically significant negative associations with GDP per 
capita, while Public Opinion shows an adverse effect that is significant at the 5% level 
under heteroskedasticity-robust inference (β = –9.126, p = 0.040) and marginally sig-
nificant under Driscoll-Kraay inference (p = 0.054). Responsible AI exhibits a mar-
ginally positive association (β = 5.773, p = 0.065) in the Driscoll-Kraay specification, 
whereas Economy, Education, and Policy & Government show no significant within-
country effects. 
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INTRODUCTION

Artificial intelligence (AI) is rapidly emerging as a defining force in the 
global economy, and leading international organizations are increas-
ingly positioning it as a potential accelerator of productivity and long-
term growth. AI is being framed as a new general-purpose technology 
that can stimulate innovation, raise output, and enhance well-being, 
while still leaving uncertainty about how persistent these gains will be 
over time and across contexts (Filippucci et al., 2024). Complementing 
this view, IMF-related projections reported by Reuters suggest that AI 
could add roughly 0.5% per year to global GDP over the period 2025–
2030, with expected net gains exceeding the environmental and ener-
gy costs associated with scaling AI infrastructure, such as data centers 
(Reuters, 2025). This combination of optimism and uncertainty mo-
tivates a knowledge- and performance-oriented assessment of where 
AI creates durable value and through which mechanisms it achieves 
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this. This question aligns particularly with the journal’s focus on knowledge as a foundational 
organizational asset (intellectual capital) and on human capital, knowledge creation, knowledge 
exchange, and the technological aspects of knowledge management as determinants of efficiency, 
productivity, and innovation. Within such a framing, AI should not be treated merely as a stand-
alone technology shock, but as a set of capabilities embedded in a wider ecosystem that shapes how 
knowledge is produced, codified, shared, and converted into performance at the firm, sectoral, and 
territorial levels. The key implication is that the effects of economic growth are likely to be hetero-
geneous because they depend on the maturity and complementarity of distinct “AI-ecosystem pil-
lars” that govern the formation and deployment of knowledge in practice.

The uneven distribution of AI benefits reinforces the need for this pillar-based perspective. Model-
based IMF evidence indicates that AI-related growth gains may be more than twice as large in ad-
vanced economies as in low-income countries, reflecting gaps in preparedness, access, and sectoral 
exposure (Cerutti et al., 2025). Territorial divides are also emphasized through concerns about 

“emerging divides in the AI transition” and the necessity of place-based innovation strategies that 
broaden participation in AI-driven development (Kergroach & Héritier, 2025). The exceptionally 
fast diffusion of generative AI further sharpens this contrast: adoption can spread globally within 
months, while low-income countries continue to lag significantly (Liu & Wang, 2024). These pat-
terns suggest that aggregate projections can obscure significant differences in how AI enhances (or 
fails to enhance) knowledge economies across regions, industries, and organizational types. Recent 
studies further emphasize that AI-driven growth is inseparable from the problem of digital divides 
and uneven ecosystem maturity (Prokopenko et al., 2014). Ganushchak et al. (2025) demonstrate 
that AI-based solutions can support smart circular enterprises only when digital infrastructure, 
institutional capacity, and access to AI technologies are sufficiently aligned. Their findings high-
light that AI may simultaneously act as a growth accelerator and a source of divergence, reinforc-
ing structural inequalities across regions and sectors if ecosystem complementarities remain weak.

AI’s macroeconomic relevance also extends beyond output to labor markets, inequality, and sys-
temic stability, all of which condition whether AI-driven performance gains are sustainable. AI 
can intensify inequality and reinforce bias even when productivity rises, making governance and 
inclusion integral to the performance architecture rather than external constraints (Filippucci et 
al., 2024). At the same time, the expanding use of AI in trading and financial services is linked to 
concerns about herd behavior, correlated models, and concentration in third-party services that 
could amplify systemic risk (FSB, 2024). Taken together, these considerations indicate that evaluat-
ing AI’s growth contribution requires disaggregation across pillars and outcomes, rather than rely-
ing on a single “AI adoption” narrative.

Against this background, a pillar-sensitive approach, operationalized through subindices such as 
R&D capability, infrastructure, and public opinion/trust, becomes essential for identifying which 
components of AI vibrancy translate into productivity and growth and which instead generate re-
distribution, exclusion, or risk. This orientation directly supports the emphasis on understanding 
how knowledge (intellectual capital) is formed and used to enhance organizational efficiency and 
performance, and on producing evidence that is meaningful for both scholarship and managerial 
and policy practice. In this study, AI is conceptualized not as the adoption of isolated algorithms 
or applications, but as a multidimensional socio-technical system embedded across research sys-
tems, digital infrastructure, governance frameworks, labor markets, and societal attitudes. This 
interpretation aligns with frameworks advanced by the OECD, International Monetary Fund, and 
World Bank, which emphasize that AI’s economic impact depends on complementary institutional 
and knowledge-based conditions – pillars of the national AI ecosystem, such as research capacity, 
infrastructure, governance, skills, and social acceptance, rather than on technology deployment 
alone.
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1. LITERATURE REVIEW

AI has become a central element of contempo-
rary economic development debates, particu-
larly in the context of the transition towards a 
knowledge-based economy. While international 
organizations and a growing body of academic 
literature increasingly portray AI as a potential 
driver of productivity growth, competitiveness, 
and structural transformation, there is broad 
agreement that its economic effects are neither 
automatic nor uniform across countries. Rather 
than acting as a single, homogeneous technolo-
gy, AI operates through a constellation of inter-
related technological, institutional, and societal 
components that jointly shape national innova-
tion capacity and economic performance. As a 
result, recent research has shifted from analyz-
ing aggregate measures of AI adoption towards 
examining the architecture of national AI eco-
systems, emphasizing the need to disentangle 
the distinct channels through which AI-related 
capabilities are developed, governed, and dif-
fused within economies. The ideas that eco-
nomic growth effects of AI as ecosystem out-
comes rather than returns to a single technology, 
because AI productivity gains depend on com-
plementary pillars such as digital infrastruc-
ture, organizational capabilities, human capital, 
innovation finance, governance, and trust, as 
well as sectoral diffusion pathways are increas-
ingly rising (Bartosova et al., 2023; Kusairi et al., 
2023; Murko et al., 2024; Sitnicki et al., 2024). 
Within this perspective, “heterogeneity” is not 
an empirical nuisance but a defining property: 
countries, regions, firms, and sectors can face 
very different marginal returns to strengthen-
ing any given pillar, depending on their start-
ing conditions, exposure to shocks, and institu-
tional constraints (Prokopenko & Omelyanenko, 
2020; Jarzębowski et al., 2024; Bouguerroumi & 
Belarbi, 2025; Oe et al., 2025).

A knowledge economy architecture that is fit for 
AI, therefore, requires an explicit mapping be-
tween pillars and growth channels, while recog-
nizing that the same pillar may raise output in 
one context but merely reshuffle value (or ampli-
fy risks) in another (Bugrov et al., 2021; Prieto-
Gutiérrez et al., 2023; Yarovenko et al., 2024a; 
Zolkover & Ovcharenko, 2024). The emerging 

literature supports a move from “AI adoption” as 
a generic proxy towards a differentiated architec-
ture in which each pillar is linked to 

1) productivity and competitiveness;

2) innovation and market valuation;

3) inclusion and public value; and 

4) integrity and resilience of the economic sys-
tem (Jarzębowski et al., 2024; Xue et al., 2025; 
Yefimenko et al., 2025a; Lyeonov et al., 2024).

Cross-country evidence typically positions digi-
talization as a broad enabling factor for growth, 
with foreign direct investment acting as a comple-
mentary channel through technology transfer and 
diffusion (Kusairi et al., 2023). Competitiveness 
gains are also repeatedly associated with digital 
transformation intensity; however, the effect varies 
depending on institutional readiness and the abil-
ity to convert digital capacity into export perfor-
mance and innovation (Jarzębowski et al., 2024). 
This macro layer is crucial for AI because AI ap-
plications are highly complementary to data avail-
ability, connectivity, and firm-level digital matu-
rity, making AI more of a conditional amplifier 
than an autonomous growth engine (Golubtsov et 
al., 2025; El Massaoudi et al., 2025).

Macroeconomic regimes further shape the real-
ized growth returns to AI investments, because 
adoption decisions and productivity impacts are 
exposed to cyclical dynamics, energy-price vola-
tility, and sectoral reallocation (Bouguerroumi & 
Belarbi, 2025; Abou-Moghli, 2025). This helps ex-
plain why the same “AI pillar” can be growth-en-
hancing in one period or sector yet appear neutral 
(or even disruptive) elsewhere, particularly when 
firms delay capital deepening and skills investment 
under heightened uncertainty (Bouguerroumi & 
Belarbi, 2025; Yarovenko et al., 2024a).

A consistent strand of evidence treats ICT invest-
ment, especially in network industries, as a strate-
gic precondition for broad organizational change 
and competitive adaptation, implying that the in-
frastructure pillar can exhibit high growth elas-
ticity where connectivity constraints are binding 
(Sahnouni & Kadri, 2025). At the organizational 
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level, digital transformation can reshape manage-
ment control, measurement, and decision cycles, 
which becomes particularly relevant once AI is 
integrated into monitoring and forecasting func-
tions (El Massaoudi et al., 2025).

Supply chain studies reinforce this logic by indi-
cating that AI-enabled digital technologies can in-
crease operational efficiency. However, the magni-
tude depends on data integration and process stan-
dardization, suggesting strong heterogeneity by 
firm maturity and sectoral complexity (Golubtsov 
et al., 2025). In Industry 4.0 settings, immersive 
and cyber–physical manufacturing configura-
tions (including digital twins and robotics) point 
to further productivity pathways, yet these remain 
contingent on high-quality infrastructure and 
complementary skills (Tymoshenko et al., 2023; 
Lazaroiu et al., 2024). Consequently, the infra-
structure pillar is likely to deliver the largest mar-
ginal growth gains where digital bottlenecks con-
strain diffusion, while offering diminishing re-
turns in already-connected environments unless 
paired with organizational innovation (Sahnouni 
& Kadri, 2025; El Massaoudi et al., 2025).

Human capital emerges as a central driver of het-
erogeneity because AI value creation depends 
on skills for implementation, interpretation, and 
governance rather than on tool availability alone 
(Zimosz & Ober, 2025; Prieto-Gutierrez et al., 
2023). Evidence from the energy sector highlights 
how AI training can support sustainable digital 
transformation and align technology deployment 
with green growth strategies, illustrating a path-
way from targeted upskilling to sectoral produc-
tivity and sustainability outcomes (Abou-Moghli, 
2025). Workplace-focused studies similarly link 
AI use to employee engagement and productivity, 
implying that human capital interacts with orga-
nizational design and incentives rather than act-
ing as a standalone input (Ayu Gusti et al., 2024).

Heterogeneity is also evident in adoption across 
demographic groups, where the acceptance of 
AI-enabled digital services (e.g., in insurance) 
varies due to age-related barriers and trust con-
straints, suggesting that growth effects may be 
limited by inclusion gaps even when technologies 
are available (Chandran & Tholath, 2025). At the 
macro level, AI-driven job displacement and la-

bor productivity growth are jointly emphasized, 
implying that growth benefits can co-exist with 
transitional labor-market pressures and distribu-
tional consequences that feed back into political 
support for AI strategies (Lazaroiu & Rogalska, 
2023; Yarovenko et al., 2024a). This positions 
education and lifelong learning not only as pro-
ductivity infrastructure but also as a stabilizer 
of adoption legitimacy and social sustainability 
(Zimosz & Ober, 2025; Haley, 2025).

AI-related growth effects often materialize 
through entrepreneurial dynamism, innovation 
systems, and finance channels that convert capa-
bilities into scalable business models (Mursalov et 
al., 2023; Ziane et al., 2025). The synergy between 
entrepreneurial ecosystems and digitalization in-
dicates that ecosystem density and supportive in-
stitutions matter for translating technology into 
new ventures and productivity growth (Mursalov 
et al., 2023). In knowledge economy settings 
under stress and reconstruction, targeted sup-
port for domestic entrepreneurship is viewed as 
a mechanism for sustaining innovation capacity 
and employment, thereby linking ecosystem de-
sign to macroeconomic resilience (Sitnicki et al., 
2024; Yurchyk et al., 2023).

Financial services transformation provides a 
particularly clear lens on heterogeneity. The 
digitalization of finance reshapes market struc-
ture and service delivery, but the efficiency and 
welfare impacts depend on regulatory design 
and consumer adoption patterns (Kozhushko, 
2023; Chandran & Tholath, 2025). Fintech ser-
vices supported by AI and big data are framed as 
value co-creation systems, implying that growth 
contributions depend on platform governance, 
data access, and partner ecosystems rather 
than on firm-level adoption alone (Khaddam & 
Alhanatleh, 2024). InsurTech integration with e-
commerce likewise underlines that complemen-
tary ecosystem alignment (standards, interoper-
ability, customer experience) can be more deci-
sive than any single technology (Khrais, 2025). 
Forward-looking analyses of digital economy 
recovery and fintech trajectories further rein-
force that the finance pillar can accelerate diffu-
sion, but also introduces systemic and integrity 
risks if governance lags behind innovation speed 
(Polishchuk, 2023; Lyeonov et al., 2024).
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Measurement-focused bibliometric work on ef-
ficiency methods in insurance suggests that the 
evaluation toolkit (e.g., DEA-based assessments) 
is itself part of the architecture, as credible mea-
surement influences investment allocation and 
regulatory learning (K. Kumar & J. Kumar, 2024). 
This supports the argument that the finance pillar 
encompasses not only capital availability but also 
the methodological capacity for performance and 
risk assessment (K. Kumar & J. Kumar, 2024; El 
Massaoudi et al., 2025).

Governance frameworks are increasingly present-
ed as economic inputs because they shape trust, 
compliance costs, and the feasibility of scaling AI 
across sectors (Murko et al., 2024; Haley, 2025). 
Public governance models integrating AI can in-
fluence socioeconomic welfare outcomes; how-
ever, the benefits depend on institutional capac-
ity, transparency, and accountability mechanisms, 
thereby reinforcing cross-country heterogeneity 
in public-sector returns to AI readiness (Murko et 
al., 2024; Kuzior et al., 2025). The linkage between 
government AI readiness and energy security fur-
ther demonstrates that public capability can shape 
strategic sectors and thereby influence macro sta-
bility and growth potential (Kuzior et al., 2025).

Ethical dimensions are considered material to eco-
nomic performance when AI is used in enforce-
ment and public health-related contexts, as per-
ceived unfairness or bias can undermine legitima-
cy and exacerbate inequality, thereby reducing the 
sustainable component of growth (Haley, 2025). 
Parallel work connecting digital innovation to en-
ergy justice highlights that the distribution of AI-
enabled benefits (affordability, access, reliability) 
matters for equity and long-run welfare (Kirichok 
et al., 2025).

Integrity and security literatures add another 
layer: AI and machine learning are positioned as 
tools against illegal financial operations, but ef-
fectiveness depends on institutional coordination, 
data quality, and regulatory enforcement capac-
ity (Lyeonov et al., 2024; Yarovenko et al., 2024b). 
Digitalization can also increase cybercrime risks, 
implying that growth gains from digital and AI 
adoption may be partially offset by higher secu-
rity costs and losses if protective institutions lag 
(Yarovenko et al., 2025). Broader system perspec-

tives connect education, digitalization, and nation-
al security, suggesting that knowledge economy 
architecture must treat security and integrity as 
core pillars rather than externalities (Samusevych 
et al., 2021). Structural analyses linking digitaliza-
tion and technological development to corruption 
reduction suggest that governance quality and 
transparency gains can serve as a growth chan-
nel, especially where rent-seeking constraints are 
binding (Yefimenko et al., 2025a; 2025b).

Sectoral studies demonstrate that AI’s growth 
contribution is not uniform, as each sector has 
distinct production functions, regulations, and 
data environments. In traditional sectors such 
as agriculture, AI is presented as enabling better 
modelling and forecasting, implying productivity 
gains through improved decision quality and risk 
management (Hadouga, 2023). In municipal waste 
management and Industry 4.0 settings, AI-driven 
automation is linked to operational efficiency and 
sustainability. However, the investment and gov-
ernance requirements imply uneven adoption 
across municipalities and industrial structures 
(Kajda & Karwot, 2025).

In marketing and commerce, AI appears as both 
a diffusion accelerant and a value reallocation 
mechanism (Ustik et al., 2023; Potwora et al., 
2024). The normalization of AI in marketing prac-
tice is associated with changing competitive dy-
namics. In contrast, influencer marketing research 
mapping indicates rapid expansion and shifting 
tools, implying that gains may concentrate among 
data-rich platforms and early adopters (Dabija 
& Frau, 2025; Pilelienė & Bogoyavlenska, 2025). 
Consumer-side digital behavior research in the 
fourth industrial revolution suggests that online 
shopping dynamics evolve with technology inten-
sity, shaping demand patterns and business model 
innovation (Xuan et al., 2025). These patterns sug-
gest heterogeneous growth effects, depending on 
whether AI primarily expands total factor produc-
tivity or redistributes market share (Dabija & Frau, 
2025; Xuan et al., 2025).

The creative and cultural industries provide a 
further contrast, where expert-based evidence 
highlights both opportunities and constraints, 
implying that intangible value creation and IP re-
gimes may dominate over scale efficiencies, there-
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by producing heterogeneous growth responses 
(Schinello, 2025). Strategic management of cre-
ative industries in university information institu-
tions also suggests that knowledge intermediar-
ies and cultural infrastructure are integral to the 
broader architecture that influences the diffusion 
of innovation (Bugrov et al., 2021).

High-regulation and science-intensive sectors 
show distinct heterogeneity. In pharmaceutical 
R&D, the potential of AI is mediated by invest-
ment horizons, researcher incentives, and regula-
tory validation, implying that the growth chan-
nel is long-cycle innovation rather than immedi-
ate productivity (Kritikos et al., 2025). Evidence 
from the enterprise market in China suggests 
that AI applications can be capitalized into firm 
valuations, but with likely heterogeneity by sector, 
governance, and investor expectations (Xue et al., 
2025). Construction safety applications utilizing 
AI-based image analytics highlight that produc-
tivity-adjacent benefits may materialize through 
reduced accidents and improved compliance, rath-
er than output expansion per se (Zaryczańska & 
Karwot, 2025). The linkage between public health 
and the digital economy similarly highlights wel-
fare and system performance channels that may 
not be fully captured by GDP measures, compli-
cating cross-study comparisons of “growth effects” 
(Kuzior et al., 2024; Haley, 2025).

Bibliometric analyses indicate that AI-related re-
search is expanding across various domains, al-
beit with uneven maturity, which reflects the 
heterogeneity of ecosystem pillars. Mapping in 
project management suggests rising attention 
to AI-enabled planning and control, indicating 
that managerial capability is becoming a critical 
complement to technical deployment (Ibadildin et 
al., 2025). Bibliometric work in the social sciences 
indicates a growing methodological engagement 
with AI, which can strengthen policy design but 
also highlights fragmentation and varying stan-
dards across fields (Prieto-Gutierrez et al., 2023). 
Bibliometric evidence in illegal financial opera-
tions suggests the rapid institutionalization of AI 
tools in integrity and compliance domains, rein-
forcing the importance of governance pillars for 

“safe diffusion” (Lyeonov et al., 2024). These map-
ping exercises suggest that knowledge economy ar-
chitecture must consider the research-production 

interface, where scientific attention, standards, 
and training pipelines are thin; pillar strengthen-
ing may not translate into scalable economic out-
comes (Prieto-Gutierrez et al., 2023; Ibadildin et 
al., 2025).

The literature supports an architecture in which 

1) infrastructure and organizational transfor-
mation enable baseline diffusion;

2) human capital governs absorption and pro-
ductivity realization;

3) innovation–entrepreneurship-finance channels 
convert capabilities into scalable growth; and 

4) governance, ethics, and integrity determine 
legitimacy and resilience, while sectoral path-
ways define where and how gains appear in 
the national accounts (Kusairi et al., 2023; 
Sahnouni & Kadri, 2025; Zimosz & Ober, 
2025; Murko et al., 2024; Golubtsov et al., 
2025; Koldovskyi et al., 2025). 

Heterogeneity across these pillars implies that 
“one-size-fits-all” AI strategies are likely to under-
perform: marginal returns to skills investments are 
higher where infrastructure is adequate but adop-
tion capability is weak. In comparison, returns to 
infrastructure are higher where connectivity re-
mains the binding constraint (El Massaoudi et al., 
2025; Jarzębowski et al., 2024). Similarly, growth 
strategies that overlook integrity and security may 
incur hidden costs through cybercrime, persistent 
corruption, and trust deficits that hinder sustain-
able diffusion (Yarovenko et al., 2025; Yefimenko 
et al., 2025a; 2025b; Lyeonov et al., 2024).

A further implication is that public-private coordi-
nation matters for pillar alignment, particularly in 
regional revitalization and traditional industries 
where market incentives alone may not generate 
interoperable ecosystems or inclusive outcomes 
(Oe et al., 2025; Kirichok et al., 2025). Finally, 
policy relevance is heightened in fragile contexts, 
where entrepreneurship support and social pro-
grams can stabilize labor markets and sustain 
knowledge economy functions, shaping the fea-
sibility of AI-driven growth (Sitnicki et al., 2024; 
Yurchyk et al., 2023).
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The accumulated evidence suggests that AI con-
tributes to economic growth primarily through 
complementarities among ecosystem pillars, 
and the observed cross-country and cross-sec-
tor variation is best explained by differences in 
pillar balance rather than by AI adoption alone. 
Knowledge economy architecture should there-
fore be designed as a pillar-sensitive system that 
jointly develops infrastructure, skills, innova-
tion, finance, and trustworthy governance, be-
cause weaknesses in any single pillar can cap the 
growth returns to advances in the others. A key 
limitation of the existing empirical literature is 
the frequent reliance on aggregate AI indicators, 
which implicitly assume homogeneous economic 
effects. Such aggregation risks masking opposing 
mechanisms: investments in AI-related R&D and 
infrastructure may initially impose adjustment 
costs, whereas governance, trust, or responsible 
AI frameworks may yield benefits only over lon-
ger horizons. This study, therefore, adopts a pil-
lar-based approach, disaggregating AI develop-
ment into seven ecosystem dimensions to iden-
tify which components contribute to short-term 
economic performance and which reflect transi-
tional or redistributive dynamics.

This study aims to examine how different pillars 
of the national AI ecosystem shape the architec-
ture of the knowledge economy and its economic 
outcomes by estimating heterogeneous within-
country associations between GDP per capita 
and seven AI ecosystem pillars, operationalized 
through AI Vibrancy subindexes, using a bal-
anced panel of 36 countries with complete data 
over the period 2020–2023. 

2. METHODOLOGY

This study examines the relationship between AI 
development, as measured by the AI Vibrancy 
Score and its subindexes, and economic perfor-
mance, represented by GDP per capita (in con-
stant 2015 US dollars), using a balanced panel of 
36 countries from 2020 to 2023. The empirical 
sample comprises all countries for which complete 
and consistent data on GDP per capita and the AI 
Vibrancy Index, including all seven subindexes, 
were available for the period 2020–2023. The full 
list of the 36 countries included in the balanced 

panel is provided in Appendix A. These countries 
represent a diverse set of advanced and emerging 
economies, enabling comparative analysis across 
different stages of AI ecosystem development 
while maintaining a balanced panel structure. The 
dependent variable (y) is GDP per capita, sourced 
from the World Bank (n.d.). The main explanato-
ry variables are the overall AI Vibrancy Score (x) 
and its seven subindexes obtained from Stanford 
University (n.d.): Research & Development (R&D, 
x1), Responsible AI (x2), Economy (x3), Education 
(x4), Policy and Government (x5), Public Opinion 
(x6), and Infrastructure (x7). Table 1 summarizes 
the variables and their sources.

Table 1. Variables and their sources

Variable Definition Source

y
GDP per capita  

(constant 2015 US$)
World Bank, n.d.

x Vibrancy Score Stanford University, n.d.

x1 R&D Stanford University, n.d.

x2 Responsible AI Stanford University, n.d.

x3 Economy Stanford University, n.d.

x4 Education Stanford University, n.d.

x5 Policy and Government Stanford University, n.d.

x6 Public Opinion Stanford University, n.d.

x7 Infrastructure Stanford University, n.d.

Given the skewness and outliers in several vari-
ables, transformation procedures were applied to 
improve normality and variance stability before 
econometric modelling. The Box–Cox test for GDP 
per capita suggested an optimal transformation pa-
rameter. All seven AI Vibrancy subindexes were 
transformed using the Yeo-Johnson method, an 
extension of the Box-Cox procedure that accom-
modates zero and negative values without arbitrary 
shifts. This approach effectively reduced skewness 
and kurtosis, aligning the data more closely with 
the assumptions of linear panel models.

From an economic perspective, the applied trans-
formations allow the analysis to focus on marginal 
changes in AI ecosystem intensity rather than ab-
solute scale differences between countries. This is 
particularly important given the presence of ex-
treme outliers in AI indicators, which reflect glob-
al frontier economies and would otherwise domi-
nate the estimation results.

Panel regression analysis was conducted using 
fixed effects (FE) and random effects (RE) speci-
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fications, with model choice evaluated via the 
Hausman test. Diagnostic tests for heteroskedas-
ticity, autocorrelation, and cross-sectional depen-
dence were performed. Where violations were de-
tected, robust inference procedures were applied. 
From an economic perspective, the applied trans-
formations allow the analysis to focus on margin-
al changes in AI ecosystem intensity rather than 
absolute scale differences between countries. This 
is particularly important given the presence of ex-
treme outliers in AI indicators, which reflect glob-
al frontier economies and would otherwise domi-
nate the estimation results. The analysis focuses 
on within-country variation over time to identify 
the temporal association between changes in AI 
development dimensions and changes in GDP per 
capita, while controlling for unobserved country-
specific effects.

The empirical strategy prioritizes fixed effects esti-
mation to isolate within-country temporal variation 
in AI ecosystem development, thereby controlling 
for time-invariant structural characteristics such as 
geography, historical development paths, and insti-
tutional quality. This approach enables the analy-
sis to distinguish short-run adjustments associated 
with changes in AI pillars from long-standing cross-
country income differences. By focusing on within-
country variation and disaggregated AI ecosystem 
pillars, this study contributes to the literature by ex-
plaining why AI may appear growth-enhancing in 
cross-sectional comparisons yet neutral or negative 
in short-run panel settings. 

The estimated coefficients should be interpreted as 
short-run within-country associations, not as long-
term growth elasticities. Negative coefficients do not 
imply that AI development is economically harm-
ful per se; rather, they may capture transition costs, 
reallocation effects, or delayed productivity payoffs 
that arise during periods of rapid technological re-
structuring. Given the macro-panel setting and the 
presence of common global shocks, robust inference 
using Driscoll-Kraay standard errors is essential to 
ensure that statistical significance is not driven by 
cross-sectional dependence or serial correlation.

To account for unobserved heterogeneity across 
countries, the analysis employs country fixed ef-
fects, which control for time-invariant struc-
tural characteristics such as historical develop-

ment paths, institutional quality, and long-run 
productivity differences. In addition, explicit year 
dummies are included to capture common global 
shocks affecting all countries simultaneously dur-
ing the 2020–2023 period, including post-pan-
demic recovery dynamics and macroeconomic 
policy responses.

Statistical inference is based on Driscoll-Kraay 
standard errors, ensuring robustness to hetero-
skedasticity, serial correlation, and cross-sectional 
dependence in the presence of both country-spe-
cific and time-specific effects.

All calculations and econometric estimations were 
performed in RStudio using R version 4.4.0, with 
the plm, lmtest, and sandwich packages employed.

3. RESULTS

The descriptive statistics (Table 2) from R Studio 
provide an overview of the variables used in the 
analysis, with particular focus on the AI Vibrancy 
Score (x) and GDP per capita in constant 2015 US 
dollars (y). The dataset covers 252 observations 
across 36 countries from 2017 to 2023. The vari-
able ‘country’ has a mean of 18.5, reflecting the 
coding of 36 countries, while ‘year’ has a mean of 
2020, corresponding to the midpoint of the time 
span, with an equal distribution across the period.

Table 2. Descriptive statistics (from R Studio)

Statistic 
indicator

AI Vibrancy 
Score (x)

GDP per capita 

(constant 2015 USD y)
Obs (n) 252 252

Mean 18.46 39,151.71

Std. Dev. 85.63 24,860.40

Median 11.18 40,501.44

Trimmed Mean 11.86 36,826.43

MAD 9.02 27,050.43

Min 0.34 1,788.70

Max 1363 110,425.9

Range 1,362.66 108,637.19

Skewness 15.36 0.68

Kurtosis 238.22 0.18

Std. Error 5.39 1,566.00

The AI Vibrancy Score (x) exhibits a mean of 18.46, 
but its standard deviation (85.63) is substantially 
higher than the mean, indicating extreme variabil-
ity between countries and years. The median val-
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ue (11.18) is far lower than the maximum (1,363.0), 
and the high positive skewness (15.36) combined 
with extremely high kurtosis (238.22) confirms a 
heavy-tailed distribution with a few extreme out-
liers. This suggests that while most countries have 
relatively low AI Vibrancy Scores, a small number 
demonstrate exceptionally high values, which can 
significantly influence the averages. Such distribu-
tional properties imply that transformations (e.g., 
logarithmic) or robust statistical techniques may 
be needed before applying parametric models.

GDP per capita (y) has a mean of USD 39,151.71, 
with a standard deviation of USD 24,860.40, in-
dicating significant differences in economic pros-
perity among the countries. The median (USD 
40,501.44) is close to the mean, and skewness 
(0.68) is moderate, suggesting a slightly right-
skewed distribution. The kurtosis value (0.18) in-
dicates a near-normal shape, though the range 
is wide (from USD 1,788.70 to USD 110,425.90), 
reflecting the presence of both high-income and 
low-income economies in the sample. Compared 
to x, the distribution of y is more balanced, which 
may lead to more stable regression estimates with-
out requiring strong transformations.

The diagnostic analysis of variable distributions 
indicated the necessity of data transformation 
to improve normality and stabilize variance be-
fore econometric modelling. For the dependent 
variable, GDP per capita (y), the Box-Cox trans-
formation was applied to a pooled OLS specifica-
tion with country and year effects. The estimated 
transformation parameter was λ ≈ 0.10, close to 
zero and within the confidence bounds for a log 
transformation. This suggests that GDP per capita 
exhibits moderate right skewness and that apply-
ing a logarithmic transformation is appropriate. 
Log transformation not only improves the distri-
butional properties of the residuals but also en-
ables the interpretation of elasticity for regression 
coefficients, allowing for the assessment of per-
centage changes in GDP per capita in response to 
changes in explanatory variables.

For the primary explanatory variable, the AI 
Vibrancy Score (x), the Yeo–Johnson transforma-
tion was employed due to the presence of values 
close to zero, which precluded the use of a simple 
Box-Cox transformation. The estimated transfor-

mation parameter was λ ≈ –0.08, rounded to zero, 
with the confidence interval fully encompassing 
zero. This result indicates that a log-type transfor-
mation is suitable for x. Given the distribution’s 
extreme right skewness, a log1p(x) transformation 
(i.e., log(x + 1)) was chosen, as it accommodates 
zero or near-zero values while compressing the 
influence of extreme outliers. This approach sub-
stantially reduces skewness and kurtosis, contrib-
uting to more robust and reliable coefficient esti-
mates in the panel regression framework.

The one-way (individual) FE model (Table 3), us-
ing the log-transformed GDP per capita (y_trans) 
as the dependent variable and the log-transformed 
AI Vibrancy Score (x_log1p) as the main regressor, 
covers 36 countries over seven years (252 balanced 
panel observations). The estimated coefficient for 
x_log1p is –0.0346 (p < 0.001), indicating that, 
within a country over time, a 1% increase in the AI 
Vibrancy Score (approximately) is associated with 
a 0.0346% decrease in GDP per capita, holding 
unobserved country-specific effects constant. The 
within R² is relatively low (0.077), which is com-
mon in macro-panel settings with a small num-
ber of regressors. The F-statistic confirms the joint 
significance of the included variables (p < 0.001).

The one-way RE model (Table 3) produces a slight-
ly smaller (in absolute value) coefficient of –0.0276 
(p < 0.01). Here, the interpretation reflects both 
within- and between-country variation. The R² 
value is lower (0.031), but the model retains statis-
tical significance at the 1%.

The Hausman test statistic (χ² = 1.755, p = 0.185) fails 
to reject the null hypothesis that the RE estimator is 
consistent, implying that the RE model is preferable 
under the maintained assumptions. However, given 
the similarity in coefficients and significance levels 
across both estimators, the substantive conclusion of 
a small but statistically significant negative associa-
tion between AI Vibrancy Score and GDP per capita 
remains robust to the model choice.

The diagnostic tests for the RE model indicate sev-
eral violations of the classical panel data assump-
tions, suggesting the need for robust inference. The 
studentized Breusch–Pagan test for heteroskedas-
ticity returns a statistically significant result (BP 
= 8.94, p = 0.0028), indicating that the variance 
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of the idiosyncratic errors is not constant across 
observations. This heteroskedasticity can lead to 
biased standard errors if uncorrected, potentially 
affecting statistical inference.

The Breusch-Godfrey/Wooldridge test strongly 
rejects the null hypothesis of no serial correlation 
in the idiosyncratic errors (χ² = 91.77, df = 7, p < 
0.0001). This implies the presence of autocorrela-
tion within the panel units over time, which can 
further distort standard errors and test statistics 
if left unaccounted for. In addition, the Pesaran 
CD test reveals highly significant cross-sectional 
dependence (z = 38.65, p < 0.0001), meaning that 
residuals are correlated across countries. Such de-
pendence may be driven by standard shocks, spill-
over effects, or unobserved global factors influenc-
ing all panel units simultaneously.

Finally, the Breusch-Pagan Lagrange Multiplier 
test for significant effects is highly significant (χ² 
= 301.27, p < 0.0001), confirming the appropriate-
ness of a panel model structure over a pooled OLS 
model. Taken together, these results suggest that 
while the RE specification is justified, the pres-
ence of heteroskedasticity, serial correlation, and 
cross-sectional dependence necessitates the use 
of robust variance-covariance estimators, such as 
Driscoll-Kraay or cluster-robust standard errors, 
to obtain reliable statistical inference.

In the baseline RE estimation without robust cor-
rections, the coefficient for the log-transformed 
AI Vibrancy Score (x_log1p) is –0.0276 and is 
marginally insignificant at the 10% level (p = 
0.067). This suggests a weak negative association 
between AI Vibrancy Score and GDP per capita 
when standard errors are computed under classi-
cal assumptions.

However, after applying Driscoll-Kraay standard 
errors (robust to heteroskedasticity, serial correla-
tion, and cross-sectional dependence, Table 4), the 
standard error for x_log1p decreases substantially 
(from 0.0150 to 0.00884), and the coefficient be-
comes statistically significant at the 1% level (p = 
0.002). This indicates that, once model violations 
are corrected, there is strong evidence of a nega-
tive relationship between AI Vibrancy Score and 
GDP per capita in the panel.

The magnitude of the coefficient implies that, 
holding other factors constant, a 1% increase in 
the AI Vibrancy Score is associated with approx-
imately a 0.0276% decrease in GDP per capita, 
when both variables are log-transformed (elastic-
ity interpretation).

The two-step System GMM estimation (Table 5) 
was employed to investigate the dynamic relation-
ship between GDP per capita (y_trans) and the AI 

Table 3. Summary table of results of FE and RE models

Model Type FE (1-way) RE (1-way)
Coefficient (x_log1p) –0.0346465 –0.027611

Std. Error 0.0081941 0.009765

t/z-value –4.2282 –2.8275

p-value 0.0000348 *** 0.004691 **

R² (within) / Overall 0.0768 (within) 0.0310 (overall)

N (Obs) 252 252

Countries 36 36

Years 7 7

Hausman p-value  0.1853

Note: ‘***’ – 0.001; ‘**’ – 0.01; ‘*’ – 0.05; ‘.’ – 0.1; ‘no symbol’ – insignificant.

Table 4. Outputs of the Driscoll-Kraay and cluster-robust standard errors

Model / SE Type Variable Estimate Std. Error t-value p-value Significance

RE (classical SE)
Intercept 10.364464 0.149979 69.1063 < 2e-16 ***

x_log1p –0.027611 0.015010 –1.8394 0.06704 .

RE (Driscoll-Kraay 

robust SE)

Intercept 10.364464 0.334077 31.024 < 2e-16 ***

x_log1p –0.027611 0.008841 –3.123 0.00200 **

Note: ‘***’ – 0.001; ‘**’ – 0.01; ‘*’ – 0.05; ‘.’ – 0.1; ‘no symbol’ – insignificant.
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Vibrancy Score (x_log1p) in a balanced panel of 36 
countries spanning seven years. The coefficient on 
the first lag of GDP per capita is extremely close to 
unity (1.002, p < 0.001), indicating a very high de-
gree of persistence in economic performance over 
time. In contrast, the coefficient on the first lag of 
the AI Vibrancy Score is small (–0.0018) and sta-
tistically insignificant (p = 0.661), suggesting no 
evidence that past AI vibrancy levels exert a mea-
surable short-term impact on GDP per capita once 
persistence and other factors are accounted for in 
the dynamic panel framework.

The diagnostic tests provide mixed signals regard-
ing model validity. The Sargan overidentification 
test does not reject the null hypothesis of instru-
ment validity (p = 0.099), implying that the cho-
sen lag structure for instruments is acceptable. 
However, the Arellano-Bond serial correlation tests 
reveal significant first-order autocorrelation in the 
differenced residuals (AR(1) p < 0.001), which is ex-
pected, but also significant second-order autocor-
relation (AR(2) p = 0.0066), which violates a core 
assumption of the Arellano-Bond estimator. AR(2) 
suggests that the chosen set of instruments and lag 
depth may not fully address dynamic misspecifica-
tion, potentially biasing coefficient estimates. This 
limitation should be considered when interpreting 
the insignificant relationship between AI vibrancy 
and GDP per capita. Alternative specifications with 
longer lags or different instrument sets may be re-
quired to confirm the robustness of the result.

In reconciling these findings, the Random Effects 
model suggests a positive association between AI 
vibrancy and GDP per capita, considering both 
cross-sectional and temporal variations. However, 
the System GMM estimation does not provide evi-
dence of a statistically significant short-run causal 
effect once GDP persistence and potential endo-
geneity are controlled. This divergence suggests 
that the observed relationship reflects structural, 
long-term differences across countries rather than 
short-term within-country dynamics.

3.1. Subindices of the AI Vibrancy 
score 

The dataset consists of 144 observations for 36 
cross-sectional units over the period 2020–2023, 
covering GDP per capita (constant 2015 US$) as 
the dependent variable (y) and seven explanatory 
variables (x1–x7), which are subindexes of the AI 
Vibrancy Score: x1 – Research and Development 
(R&D), x2 – Responsible AI, x3 – Economy, x4  – 
Education, x5 – Policy and Government, x6 – 
Public Opinion, and x7 – Infrastructure.

The AI Vibrancy subindexes display notable vari-
ation in their central tendency and dispersion. 
Mean values range from 0.65 for Responsible AI 
(x2) to 5.84 for R&D (x1), with substantial differ-
ences between minimum and maximum observa-
tions across countries and years. Most subindex-
es exhibit pronounced right-skewness and high 
kurtosis, indicating distributions dominated by a 
small number of significant values. This is espe-
cially pronounced for x4 (Education), x6 (Public 
Opinion), and x7 (Infrastructure), with skewness 
values exceeding 2.9, 11.4, and 3.4, respectively, 
and extremely high kurtosis, pointing to the influ-
ence of extreme outliers. The Infrastructure subin-
dex (x7) and Public Opinion subindex (x6) exhibit 
highly non-normal distributions.

The dependent variable, GDP per capita (y), has 
a mean of $39,711.26 (constant 2015 US dollars), 
ranging from $1,806.50 to $110,425.89. Its skew-
ness (0.70) and kurtosis (0.11) indicate a near-
symmetric distribution without substantial heavy-
tailedness, which is favorable for econometric 
modelling.

The descriptive statistics (Table 6) reveal that while 
GDP per capita is relatively well-behaved in terms 
of distributional shape, the AI Vibrancy subin-
dexes are heavily skewed and leptokurtic in most 
cases. These characteristics suggest the presence of 
outliers and potential heteroscedasticity, implying 

Table 5. System GMM estimation results

Variable Coefficient Std. Error z-value p-value Significance
lag(y_trans, 1) 1.0019 0.0010 978.73 <0.001 ***

lag(x_log1p, 1) –0.0018 0.0042 –0.4391 0.6606

Note: ‘***’ – 0.001; ‘**’ – 0.01; ‘*’ – 0.05; ‘.’ – 0.1; ‘no symbol’ – insignificant.
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that log or other variance-stabilizing transforma-
tions may be necessary for some subindexes to im-
prove the robustness of regression analysis.

The Box-Cox test for the dependent variable, GDP 
per capita, produced an optimal transformation 
parameter of λ ≈ 0.505. This value is close to 0.5, 
indicating that a square root transformation is 
most suitable for stabilizing variance and improv-
ing the normality of residuals. Applying this trans-
formation is expected to enhance the robustness 
and reliability of subsequent regression estimates.

All seven AI Vibrancy subindexes (x1 – R&D, x2  – 
Responsible AI, x3 – Economy, x4 – Education, 
x5 – Policy and Government, x6 – Public Opinion, 
and x7 – Infrastructure) were transformed using 
the Yeo–Johnson transformation. This method, an 
extension of the Box–Cox procedure, was selected 
because it accommodates zero and negative values 
without an arbitrary constant shift while address-
ing skewness and stabilizing variance. Applying 
the Yeo–Johnson transformation ensures that the 
distributional properties of the variables are better 
aligned with the assumptions of the econometric 
models, thereby improving the robustness and in-
terpretability of the results.

The panel regression results for the transformed 
dependent variable (y_sqrt) and Yeo-Johnson-
transformed AI Vibrancy subindexes (x1_yj–x7_
yj) reveal notable differences between the fixed ef-
fects (FE) and random effects (RE) specifications.

The FE model (Table 7) explains approximately 
46.3% of the total variation in y_sqrt (R² = 0.463), 
with the within variation accounting for a substan-
tial share of the explanatory power. Statistically 
significant adverse effects are found for the R&D 

subindex (x1_yj, β = –5.676, p < 0.001) and the 
Infrastructure subindex (x7_yj, β = –16.306, p < 
0.001), indicating that, within countries over time, 
higher scores in these dimensions are associat-
ed with lower GDP per capita (after square root 
transformation). The remaining subindexes do 
not exhibit statistically significant within-country 
effects at the 5% level.

In the RE model (Table 7), the intercept is large 
and highly significant, capturing between-coun-
try differences in GDP per capita. Here, R&D (x1_
yj, β = –4.467, p = 0.041), Responsible AI (x2_yj,  
β = 12.976, p = 0.028), and Infrastructure (x7_yj,  
β = –12.784, p = 0.006) emerge as significant 
predictors, suggesting that both cross-sectional 
and temporal variation drive these associations. 
However, the RE model’s R² is substantially lower 
(0.173), reflecting its broader scope but weaker ex-
planatory power within units.

The Hausman test (χ² = 16.986, p = 0.017) indicates 
that the FE estimator is preferred, as the null hy-
pothesis of no systematic difference between FE 
and RE is rejected. This implies that the RE model’s 
estimates are likely inconsistent due to the correla-
tion between the regressors and unobserved indi-
vidual effects. Consequently, the FE model provides 
a more reliable basis for inference in this context.

Diagnostic testing of the fixed effects model indi-
cates several violations of classical panel regres-
sion assumptions. The Breusch-Pagan tests con-
firm the presence of heteroskedasticity across en-
tities, with the standard specification (BP = 23.43, 
df = 7, p = 0.0014) and the panel-specific form ac-
counting for individual effects (BP = 70.69, df = 35, 
p = 0.00033) both rejecting the null hypothesis of 
homoskedasticity.

Table 6. Descriptive statistics

Variable x1 x2 x3 x4 x5 x6 x7 y
Obs 144 144 144 144 144 144 144 144

Mean 5.84 0.65 2.25 0.92 0.97 1.35 1.49 39,711.26

Std. Dev. 4.09 1.01 2.87 1.18 1.44 6.5 2.12 25,440.42

Median 5.06 0.24 1.1 0.47 0.38 0.52 0.84 40,844.03

Min 0.34 0 0.02 0 0 0 0 1,806.5

Max 23.09 5.04 12.08 9 9.05 78 12.9 110,425.9

Range 22.75 5.04 12.06 9 9.05 78 12.9 108,619.4

Skewness 1.58 2.46 1.79 2.92 2.45 11.41 3.41 0.7

Kurtosis 3.77 6.43 2.46 13.98 7.12 131.65 12.88 0.11

Std. Error 0.34 0.08 0.24 0.1 0.12 0.54 0.18 2,120.03
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Tests for autocorrelation in the idiosyncratic er-
rors also yield significant results. The Breusch-
Godfrey/Wooldridge test (χ² = 44.35, df = 4,  
p < 0.0001) and the Wooldridge test for seri-
al correlation in fixed effects panels (F = 16.94,  
p < 0.0001) both indicate strong evidence of first-
order autocorrelation.

Furthermore, Pesaran’s CD test for cross-section-
al dependence rejects the null hypothesis of inde-
pendence (z = 5.54, p < 0.0001), suggesting that 
unobserved shocks are likely correlated across 
countries in the sample.

These results collectively indicate that the model 
suffers from heteroskedasticity, serial correla-
tion, and cross-sectional dependence, necessitat-
ing the use of robust inference procedures, such 
as Driscoll-Kraay or panel-corrected standard er-
rors, to obtain consistent and reliable statistical 
inferences.

Given the evidence of heteroskedasticity, auto-
correlation, and cross-sectional dependence, the 
fixed effects model was re-estimated using hetero-
skedasticity-robust standard errors and Driscoll-
Kraay standard errors, which are robust to all 
three issues. The results remain broadly consistent 

with the initial estimates, confirming the stability 
of the coefficient signs and magnitudes.

The fixed effects estimation with heteroskedastic-
ity-robust standard errors (Table 8) reveals that 
only three AI Vibrancy subindexes exhibit statis-
tically significant within-country effects on GDP 
per capita (after taking the square root transfor-
mation). The R&D subindex (x1_yj) exhibits a 
strong and significant negative association (β = 

–5.676, p < 0.001), indicating that, holding other 
factors constant, an increase in R&D scores is as-
sociated with a decrease in GDP per capita within 
a country over time. The Infrastructure subindex 
(x7_yj) also demonstrates a large and highly signif-
icant negative relationship (β = –16.306, p < 0.001), 
indicating that higher infrastructure scores are 
associated with lower GDP per capita within the 
dimension. Public Opinion (x6_yj) presents a sta-
tistically significant adverse effect (β = –9.126, p = 
0.040), implying that public opinion scores are as-
sociated with reduced GDP per capita.

The remaining subindexes (Responsible AI (x2_yj), 
Economy (x3_yj), Education (x4_yj), and Policy & 
Government (x5_yj)) do not display statistical-
ly significant within-country effects, suggesting 
their influence on GDP per capita is either mini-

Table 7. Panel regression results for GDP per capita (square root transformation) and Yeo-Johnson-
transformed AI Vibrancy subindexes

Variable FE Coefficient FE Std. Error FE p-value RE Coefficient RE Std. Error RE p-value
R&D (x1_yj) –5.6756 1.4772 0.0002 *** –4.4672 2.1838 0.0408 *

Responsible AI (x2_yj) 5.7735 4.0205 0.1541 12.9763 5.9202 0.0284 *

Economy (x3_yj) –0.5177 2.0318 0.7994 3.0033 3.0009 0.3169

Education (x4_yj) –2.0999 3.0570 0.4937 0.8960 4.5263 0.8431

Policy & Government (x5_yj) –4.8410 4.5095 0.2856 1.1322 6.6378 0.8646

Public Opinion (x6_yj) –9.1257 5.7067 0.1129 2.0549 8.3478 0.8056

Infrastructure (x7_yj) –16.3065 3.1661 0.0000 *** –12.7839 4.6874 0.0064 **

Note: ‘***’ – 0.001; ‘**’ – 0.01; ‘*’ – 0.05; ‘.’ – 0.1; ‘no symbol’ – insignificant.

Table 8. Fixed effects model with heteroskedasticity-robust standard errors

Variable Estimate Std. Error t-value p-value Significance
R&D (x1_yj) –5.6756 1.6228 –3.497 0.0007 ***

Responsible AI (x2_yj) 5.7735 3.7484 1.540 0.1266

Economy (x3_yj) –0.5177 1.3034 –0.397 0.6921

Education (x4_yj) –2.0999 4.2623 –0.493 0.6233

Policy & Government (x5_yj) –4.8410 4.2734 –1.133 0.2600

Public Opinion (x6_yj) –9.1257 4.3906 –2.078 0.0402 *

Infrastructure (x7_yj) –16.3065 2.8623 –5.697 <0.0001 ***

Note: ‘***’ – 0.001; ‘**’ – 0.01; ‘*’ – 0.05; ‘.’ – 0.1; ‘no symbol’ – insignificant.
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mal or operates primarily through between-coun-
try variation not captured by the FE estimator.

For Driscoll-Kraay standard errors, the R&D sub-
index (x1_yj) retains a significant negative associa-
tion with GDP per capita (β = –5.676, p = 0.001), 
indicating that within-country increases in R&D 
scores are linked to lower GDP per capita after ac-
counting for the square root transformation of the 
dependent variable. The Infrastructure subindex 
(x7_yj) also remains highly significant and nega-
tive (β = –16.306, p < 0.001), indicating that high-
er infrastructure scores are associated with lower 
GDP per capita within the country.

Responsible AI (x2_yj) becomes marginally signif-
icant (β = 5.773, p = 0.065), pointing to a possible 
positive relationship that warrants further inves-
tigation. Public Opinion (x6_yj) also approaches 
marginal significance (β = –9.126, p = 0.054), in-
dicating a potential negative association. The re-
maining subindexes (x3_yj, x4_yj, x5_yj) show no 
statistically significant within-country effects.

The within-country analysis (Table 10) reveals 
that three AI Vibrancy subindexes have a statisti-
cally significant impact on GDP per capita. R&D 
and Infrastructure consistently display strong 
negative associations, suggesting that increases 
in these scores are linked to lower GDP per cap-
ita over time within countries. Public Opinion 
also exhibits an adverse effect, although its sig-
nificance is less robust across specifications. The 
remaining subindexes (Responsible AI, Economy, 
Education, and Policy & Government) do not 
demonstrate significant within-country effects, 
implying their relationship with GDP per capi-
ta is either weak or driven mainly by between-
country differences rather than temporal varia-
tion within countries.

The estimated country-specific effects from the 
fixed effects model reveal substantial heterogene-
ity in baseline economic performance after con-
trolling for within-country changes in AI ecosys-
tem pillars. These effects capture time-invariant 
structural characteristics, such as historical de-
velopment paths, institutional quality, industrial 
structure, and long-term productivity levels, that 
systematically differentiate countries in terms of 
GDP per capita. The highest positive effects are 
observed for Luxembourg (369.6), Ireland (337.2), 
Switzerland (328.8), Norway (311.2), Singapore 
(296.8), and the United States (283.9), reflecting 
their advanced knowledge-economy structures, 
strong institutional frameworks, and sustained 
high-income levels. These values indicate that, ce-
teris paribus, these economies operate at signifi-
cantly higher baseline levels of economic perfor-
mance than the average of the panel.

A second group of countries, including Denmark, 
Australia, Sweden, the Netherlands, Finland, the 
United Kingdom, Canada, Germany, Austria, 
Belgium, and France, also exhibits strong posi-
tive country effects, suggesting well-established 
but more diversified economic structures. These 
economies combine advanced AI ecosystems with 
mature industrial and service sectors, where pro-
ductivity gains are more incremental. Their inter-
mediate-to-high fixed effects are consistent with 
the literature, which emphasizes that advanced 
economies may experience diminishing short-run 
returns to technological expansion once a high de-
velopment threshold has been reached.

In contrast, emerging and middle-income econ-
omies such as India (52.5), South Africa (90.0), 
Brazil (100.9), Mexico (110.2), Russia (110.3), 
China (118.1), Malaysia (126.9), and Turkey (131.4) 
display markedly lower country effects. These val-

Table 9. Fixed effects model with Driscoll-Kraay robust standard errors

Variable Estimate Std. Error t-value p-value Significance
R&D (x1_yj) –5.6756 1.6867 –3.365 0.0011 **

Responsible AI (x2_yj) 5.7735 3.0896 1.869 0.0646

Economy (x3_yj) –0.5177 1.2713 –0.407 0.6847

Education (x4_yj) –2.0999 4.1935 –0.501 0.6176

Policy & Government (x5_yj) –4.8410 4.6776 –1.035 0.3032

Public Opinion (x6_yj) –9.1257 4.6865 –1.947 0.0543 ·

Infrastructure (x7_yj) –16.3065 3.0262 –5.389 <0.0001 ***

Note: ‘***’ – 0.001; ‘**’ – 0.01; ‘*’ – 0.05; ‘.’ – 0.1; ‘no symbol’ – insignificant.
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ues do not imply weaker AI potential but rather 
reflect structural constraints and developmental 
gaps, including lower capital intensity, institution-
al frictions, and incomplete knowledge-economy 
architectures, that shape long-term income levels. 
Overall, the dispersion of country effects under-
scores the importance of distinguishing between 
structural (between-country) differences and dy-
namic (within-country) AI-related adjustments, 
reinforcing the methodological choice to focus 
on within-country variation when estimating the 
economic impact of AI ecosystem pillars.

The estimated model (Table 11) is a one-way (indi-
vidual) fixed effects specification augmented with 
explicit year dummies to control for common 
temporal shocks. This approach isolates within-
country variation while flexibly capturing time-
specific effects without imposing a full two-way 
fixed effects structure.

Once year dummies are introduced, none of the 
AI ecosystem pillars exhibit statistically signifi-
cant within-country effects on GDP per capi-
ta. This finding is robust to inference based on 
Driscoll-Kraay standard errors, indicating that 
the lack of significance is not driven by hetero-
skedasticity, serial correlation, or cross-sectional 
dependence. Compared with earlier specifications 
without time controls, the attenuation of AI coef-
ficients suggests that part of the previously ob-
served variation reflects common macroeconomic 
dynamics rather than country-specific changes in 
AI ecosystem development.

By contrast, the estimated time dummies are large 
and highly significant across all specifications. 
Relative to the base year (2020), GDP per capita 
increased substantially in 2021 (β ≈ 5.84), 2022 (β 
≈ 8.05), and 2023 (β ≈ 8.33), with all coefficients 
remaining significant under Driscoll-Kraay in-
ference (p < 0.001). These results capture global 
shocks that affect all countries simultaneously, 
such as the post-pandemic recovery, coordinated 
fiscal and monetary responses, and broad invest-
ment cycles. The high explanatory power of the 
model (within R² = 0.70) confirms that short-term 
economic dynamics during 2020–2023 were dom-
inated by time-specific global factors rather than 
by contemporaneous adjustments in national AI 
ecosystem pillars.

Table 11. One-way fixed effects model with time 
dummies and Driscoll-Kraay standard errors

Observations: 144       Countries: 36       Within R²: 0.702

Variable Estimate FE Std. 
Error

DK Std. 
Error

DK 

p-value
Year 2021 5.843*** 0.935 1.219 <0.001

Year 2022 8.050*** 0.932 1.240 <0.001

Year 2023 8.330*** 1.081 1.202 <0.001

Notes: The model includes country fixed effects and explicit 
year dummies. Driscoll-Kraay standard errors are robust to 
heteroskedasticity, serial correlation, and cross-sectional de-
pendence. *** denotes significance at the 1% level.

The estimated country fixed effects reveal pro-
nounced structural differences in baseline eco-
nomic performance across countries, reflecting 
long-standing disparities in institutional quality, 
productive capacity, and the maturity of nation-

Table 10. Country-specific fixed effects from the fixed effects model

Country Fixed Effect Country Fixed Effect Country Fixed Effect
Luxembourg 369.608 Canada 236.610 Saudi Arabia 170.406

Ireland 337.238 Austria 235.798 Portugal 169.865

Switzerland 328.779 United Arab Emirates 234.613 Estonia 173.973

Norway 311.200 Belgium 229.913 Poland 140.026

Singapore 296.848 Israel 227.814 Turkey 131.396

United States 283.906 New Zealand 228.254 Malaysia 126.857

Denmark 271.796 Germany 231.088 China 118.129

Australia 269.067 France 216.550 Russia 110.276

Sweden 259.200 Japan 209.944 Mexico 110.216

Netherlands 251.098 South Korea 204.454 Brazil 100.876

Finland 247.542 Italy 199.130 South Africa 89.965

United Kingdom 241.120 Spain 180.264 India 52.477

Note: Fixed effects are estimated from the within (fixed effects) panel model with GDP per capita (square root transformed) as 
the dependent variable. Higher values indicate stronger time-invariant baseline economic performance relative to the panel 
mean.
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al knowledge economies. In contrast, the strong 
and statistically significant time effects suggest 
that short-term fluctuations in GDP per capita 
from 2020 to 2023 were primarily driven by com-
mon global shocks rather than contemporaneous 
changes in national AI ecosystem pillars.

4. DISCUSSION

The results of this study offer nuanced insights in-
to the economic implications of AI development, 
aligning with, yet also diverging from, the expecta-
tions established by prior research. At the macroeco-
nomic level, earlier studies by the OECD (Filippucci 
et al., 2024) and IMF (Cerutti et al., 2025) empha-
sized AI’s potential to boost productivity and con-
tribute positively to GDP growth, albeit with un-
even distribution across countries. However, the 
fixed effects results here suggest that, within coun-
tries over time, specific AI dimensions (specifically, 
R&D and Infrastructure) are associated with statis-
tically significant adverse effects on GDP per capita. 
This finding contrasts with the general macro-level 
optimism, suggesting that the short-term within-
country dynamics of AI investment may involve 
transitional costs, resource reallocation, or lags be-
tween capability building and economic payoff, as 
also hinted by Yarovenko et al. (2025) in their work 
on digitalization’s transitional impacts.

At the sectoral and organizational level, prior lit-
erature has documented efficiency gains from AI 
adoption in manufacturing, logistics, marketing, 
and public administration (Golubtsov et al., 2025; 
Dabija & Frau, 2025). The lack of significant within-
country effects for Economy, Education, and Policy 
& Government subindexes in this study suggests 
that these benefits, while potentially significant in 
cross-sectional comparisons, may not translate in-
to measurable short-term GDP per capita gains in 
panel settings. This echoes findings from Kusairi 
et al. (2023) and Jarzębowski et al. (2024), who em-
phasize that sectoral AI benefits can be offset by 
adjustment costs, uneven adoption, or insufficient 
absorptive capacity at the national level.

The negative within-country association between 
Public Opinion and GDP per capita also warrants 
attention. While Yarovenko et al. (2024a) and 
Kuzior et al. (2024) emphasize the importance of 

public trust and acceptance for the successful inte-
gration of AI, the results presented here may sug-
gest that heightened public engagement or concern 
could reflect societal resistance, ethical debates, 
or regulatory interventions that slow the pace of 
economic gains. This interpretation aligns with 
OECD warnings (Kergroach & Héritier, 2025) 
about the potential drag on AI-driven growth 
from unresolved governance and ethical issues. 
Ethical considerations are increasingly emerging 
as economically relevant dimensions of AI deploy-
ment, rather than purely normative constraints. 
Bashynska (2025) argues that ethical AI practices 
in the circular economy influence not only social 
acceptance but also long-term efficiency and value 
creation by reducing reputational risks, regulatory 
friction, and misallocation of resources. This sup-
ports the interpretation that Responsible AI may 
generate positive economic effects primarily over 
longer horizons, while short-term growth indica-
tors may fail to capture these benefits.

Finally, the marginally positive but statistically 
weak relationship between Responsible AI and 
GDP per capita in robust specifications supports 
the argument advanced by Kuzior et al. (2024) and 
Haley (2025) that embedding ethical and inclusive 
AI practices may enhance economic outcomes 
over time. The divergence between short-term 
panel estimates and the cross-sectional or simu-
lation-based optimism in IMF and OECD projec-
tions underscores the analytical value of disaggre-
gating AI into its subcomponents. By distinguish-
ing between AI dimensions that may temporarily 
depress GDP during adaptation phases and those 
that could yield net gains, this study provides em-
pirical evidence in support of the call by Golubtsov 
et al. (2025) and Yarovenko et al. (2025) to tailor 
AI strategies according to specific development 
stages and institutional contexts.

This study is subject to several limitations that 
should be acknowledged. First, the analysis is 
based on a balanced panel covering only 36 
countries over the 2020–2023 period, which con-
strains the temporal scope and may limit the gen-
eralizability of findings to longer-term dynamics. 
Second, while using Yeo-Johnson and Box-Cox 
transformations improves normality and vari-
ance stability, interpreting transformed coeffi-
cients may be less intuitive for policymakers and 
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practitioners. Third, the fixed effects approach 
captures only within-country variation and does 
not account for potential long-run relationships 
that alternative modelling strategies, such as dy-
namic panel methods or cointegration techniques, 
might better capture. Fourth, despite the applica-
tion of Driscoll-Kraay robust standard errors to 
address heteroskedasticity, autocorrelation, and 
cross-sectional dependence, other sources of en-

dogeneity, such as reverse causality between GDP 
per capita and AI Vibrancy subindexes, cannot 
be entirely ruled out. Finally, the study relies on 
composite indices from publicly available sourc-
es, such as those from Stanford University (n.d.) 
and the World Bank (n.d.), which, although au-
thoritative, may contain measurement biases 
or methodological limitations inherent in their 
construction.

CONCLUSION 

This study aims to examine how different pillars of the national AI ecosystem shape the architecture of 
the knowledge economy and its economic outcomes by estimating heterogeneous within-country asso-
ciations between GDP per capita and seven AI ecosystem pillars, operationalized through AI Vibrancy 
subindexes, using a balanced panel of 36 countries with complete data over the period 2020–2023. 

The study uses a balanced panel dataset from the World Bank with AI Vibrancy indicators from Stanford 
University. Fixed- and random-effects models were estimated, with the Hausman test supporting the 
fixed-effects specification. Robust and Driscoll–Kraay standard errors were applied to address hetero-
skedasticity, serial correlation, and cross-sectional dependence.

The results show that short-run economic effects of AI development are highly heterogeneous across 
ecosystem pillars. Within countries, increases in AI-related R&D and Infrastructure are associated with 
statistically significant declines in GDP per capita (β = –5.676 and β = –16.306, both p < 0.001), indi-
cating the presence of transitional adjustment costs rather than immediate growth gains. Responsible 
AI displays a marginally positive association (β = 5.773, p ≈ 0.065), suggesting that governance- and 
ethics-oriented AI development may yield more favorable economic effects even in the short term. At 
the same time, strong country fixed effects (e.g., Luxembourg 369.6 vs. India 52.5) and sizable common 
time shocks (+5.84 in 2021, +8.05 in 2022, +8.33 in 2023) confirm that structural differences and global 
macroeconomic dynamics dominate short-term GDP movements relative to contemporaneous changes 
in AI ecosystem pillars.

From a policy perspective, the results highlight the importance of aligning AI-related investments and 
strategies with broader economic and social priorities. Policymakers should ensure that R&D activities 
are effectively translated into productivity gains, infrastructure investments are balanced with eco-
nomic absorptive capacity, and public opinion is managed through transparent and inclusive AI gov-
ernance. Furthermore, policies promoting responsible AI practices may yield positive economic out-
comes, underscoring the value of ethical frameworks and trust-building in maximizing the benefits of 
AI adoption.
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APPENDIX A. List of countries included in the sample

The study covers the following 36 countries, for which the AI Vibrancy Index and all corresponding 
subindexes are available:

Australia, Austria, Belgium, Brazil, Canada, China, Denmark, Estonia, Finland, France, Germany, 
India, Ireland, Israel, Italy, Japan, Luxembourg, Malaysia, Mexico, Netherlands, New Zealand, 
Norway, Poland, Portugal, Russia, Saudi Arabia, Singapore, Spain, South Africa, South Korea, Sweden, 
Switzerland, Turkey, United Arab Emirates, United Kingdom, United States. 
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