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FROM AI VIBRANCY TO LABOUR

MARKET OUTCOMES: TESTING
DISPLACEMENT ACROSS
EDUCATION GROUPS

ABSTRACT. Artificial intelligence is expanding rapidly,

intensifying policy concerns that more vibrant Al
ecosystems may displace workers and increase
unemployment. This study aims to test whether national
Al vibrancy is associated with higher unemployment
across education groups (advanced, intermediate and
basic). Using an unbalanced panel of 34-35 countries
from 2017 to 2023, the analysis combines Stanford’s Al
Vibrancy Score with World Bank indicators and estimates
two-way fixed- and random-effects models, employing
Box—Cox/log transformations and dependence-robust
inference (including country/time clustering and
Driscoll-Kraay standard errors). The results provide little
supportt for the displacement hypothesis. For advanced-
education unemployment, Al vibrancy is statistically
insignificant in the two-way FE model. It remains
insignificant under all robust corrections (In(Al vibrancy):
B = —0.099, country-clustered p = 0.494, time-clustered
p = 0.544, Driscoll-Kraay p = 0.468). For basic-
education unemployment, Al vibrancy is likewise
insignificant in the two-way FE model (p = 0.782). It
remains insignificant under country clustering (p = 0.830),
time clustering (p = 0.813) and Driscoll-Kraay inference
(p = 0.819). For intermediate-education unemployment,
the Al coefficient remains insignificant under country
clustering (p = 0.273), time clustering (p = 0.310), and
Driscoll-Kraay corrections (p = 0.220), indicating no
robust unemployment-increasing effect across education
groups during the observed period.

Keywords: artificial intelligence, Al vibrancy, unemployment,
education-level heterogeneity, labour displacement, panel data
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Introduction

Rapid advances in artificial intelligence, particularly in generative Al, have shifted the
debate on technology and jobs from a long-term concern to an immediate policy issue.
International organisations increasingly emphasise that Al can raise productivity and reshape
work, but may also displace tasks and occupations, with effects differing across countries and
sectors (Sarker, 2022). Recent ILO research has developed refined global indices of
occupational exposure to generative Al to quantify where labour-market disruption is most
likely, underscoring that exposure is already measurable and policy-relevant rather than
speculative (Gmyrek et al., 2025). At the same time, the World Bank highlights early evidence
of uneven impacts, including “modest” signs of Al-related displacement in service jobs focused
on simpler tasks, alongside productivity gains and job redesign in higher-value activities (World
Bank, 2025).

A particularly urgent dimension is that Al’s labour-market effects are unlikely to be
uniform across workers, making education and skills central to the discussion on displacement.
The ILO brief notes that jobs with higher exposure to generative Al often correlate with urban
labour markets and higher educational attainment in some regions, signalling that disruption is
not confined to low-skilled work and may affect different educational groups through distinct
channels (Gomez Tamayo & Petrelli, 2025). Complementing this, OECD evidence based on
online vacancies shows that Al-exposed occupations are accompanied by shifting skill
demands, often towards management, business processes, and complementary human skills,
suggesting that the same technology can simultaneously substitute for some tasks while
increasing demand for others (Green, 2024). For Europe, analytical work on exposure to
generative Al similarly highlights heterogeneous risk profiles across workers and occupations,
underscoring the need to examine distributional effects in addition to average outcomes (Nurski
& Ruer, 2024).

Policy institutions in Europe and beyond are increasingly framing Al as both a
competitiveness lever and a potential driver of labour-market adjustment pressures, which
strengthens the practical relevance of empirically testing displacement. European Commission
reporting continues to highlight persistent skills shortages as a barrier to investment and
innovation, an environment in which Al adoption may accelerate the substitution of scarce tasks
while also amplifying mismatches for workers whose skills are less transferable (European
Commission, 2025). Forward-looking European skills analysis also models scenarios in which
the faster deployment of automation and Al is associated with employment reductions relative
to baseline projections, highlighting why governments are under pressure to pair Al diffusion
with reskilling, active labour market policies, and transition support (Cedefop, 2025).

Against this backdrop, examining how Al vibrancy translates into labour-market
outcomes is particularly timely. The central question is whether countries with more dynamic
Al ecosystems experience systematically different unemployment patterns across education
groups, which goes to the heart of current global and European debates on technology-driven
displacement and inclusive growth. By explicitly testing education-specific unemployment
responses to Al vibrancy in a cross-country panel setting, this article addresses a key
distributional concern: whether the diffusion of Al is associated with job loss risks that are
concentrated among particular skill groups or whether labour-market adjustments are more
balanced than often assumed.
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1. Literature review

The acceleration of Al diffusion has renewed long-standing debates about whether
technological progress primarily creates new tasks and productivity gains or whether it
displaces workers and amplifies labour-market insecurity. Contemporary discussions
increasingly frame Al as an enabling general-purpose technology embedded in broader Industry
4.0 trajectories and organisational restructuring, implying that labour-market effects may
materialise through changes in task composition, workflow redesign, and institutional choices
rather than through a single “automation shock”. (Wang et al., 2025; Melnyk et al., 2025;
Golubtsov et al., 2025). At the same time, the societal salience of Al is shaped by public
perceptions, awareness, and ethical concerns, which can influence the speed of adoption and
governance responses, and thereby indirectly affect employment dynamics. (Moravec et al.,
2024; Yarovenko et al., 2024; Mujtaba, 2025).

A key implication of this landscape is that labour-market outcomes should be expected
to differ across worker groups, particularly by education and skills. The readiness of workforces
to integrate Al tools, the adequacy of skills for adoption, and the alignment of competencies
with changing employer demands are repeatedly emphasised as central mechanisms governing
whether Al augments productivity or generates displacement pressures. (Birca, 2025; Istudor
et al., 2024; Butum & Nicolescu, 2024). Evidence on public-sector employment also suggests
that motivation, organisational context, and education-related differences in work practices can
influence how technological tools are integrated into processes, which is relevant when
analysing unemployment by educational attainment. (Davidov, 2024; Androniceanu, 2025;
Bian & Wang, 2024).

A useful way to organise prior achievements is to distinguish between (i)
macroeconomic and structural determinants of unemployment, (ii) firm- and sector-level digital
transformation channels, and (iii) skills, institutional, and behavioural mediators that determine
who benefits and who is exposed. Cross-country unemployment dynamics remain strongly
connected to economic performance, productivity, and structural conditions, as demonstrated
by empirical work linking employment to output and labour productivity within simultaneous
systems, and by studies that relate unemployment to growth proxies, such as R&D spending.
(Butkus et al., 2024; Gonos, 2024). Broader macro relationships, such as inflation—
unemployment patterns, also remain relevant for interpreting education-specific unemployment
in small open economies, particularly when shocks are present. (Senci & Afful, 2025). These
contributions motivate the inclusion of controls that capture development and innovation
capacity, and they highlight that “Al effects” may be confounded by macroeconomic conditions
unless explicitly accounted for. (Butkus et al., 2024; Gonos, 2024; Senci & Afful, 2025).

Digital transformation provides additional channels that can reallocate labour demand
across sectors and occupations. The efficiency gains from Al-enabled supply-chain
management and industrial automation illustrate how adoption can change labour requirements
in logistics, manufacturing, and service operations. (Golubtsov et al., 2025; Kajda & Karwot,
2025). Digital transformation in business process management is also associated with
reconfigured tasks and the growing importance of employee engagement during process
redesign, suggesting that job outcomes may reflect an organisation's capacity for change rather
than Al alone. (Hernik et al., 2025; Vuong, 2025; Bilan et al., 2022; Vovk & Vovk, 2024). In
customer-facing services, Al-driven support systems and automated feedback management
demonstrate how routine interactions can be partially automated, potentially affecting mid-skill
service employment while simultaneously creating new tasks in monitoring, quality assurance,
and data interpretation. (Glos & Karwot, 2025; Kildei et al., 2025).
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The strongest thread in the recent literature is that Al-related labour-market impacts are
mediated by skills formation, competence adequacy, and education-specific employability. A
recurring argument is that Al adoption increases the returns to adaptable competencies (digital,
analytical, and “global” competencies), implying heterogeneous impacts across education
groups depending on the match between worker attributes and evolving task requirements.
(Birca, 2025; Butum & Nicolescu, 2024; Istudor et al., 2024). In practice, education does not
only proxy human capital stock; it also captures exposure to continuous learning, the capacity
to use Al tools, and access to professional networks that facilitate job transitions. (Pisica &
Zaharia, 2025; Mong & Thanh, 2024; Artyukhov et al., 2024; Skrynnyk et al., 2022).

The relevance of education is reinforced by evidence that institutional and policy
contexts shape mobility outcomes, including brain drain dynamics linked to government Al
readiness, which can alter the domestic skill composition and influence unemployment patterns
for specific education tiers. (luga & Socol, 2024). Education and human capital should therefore
be treated not only as controls but also as mechanisms through which Al ecosystems translate
into labour market performance. The quality of higher education and its connection to the
knowledge economy provide a structural channel through which more vibrant Al environments
can be associated with differentiated job prospects across educational groups. (Lyeonov et al.,
2025). Education also interacts with mobility and demographic adjustments, where migration
and brain-drain dynamics reshape the domestic skill composition and can influence
unemployment patterns by attainment level. (luga & Socol, 2024; Mukhtarova et al., 2024).

Beyond general skills, the literature highlights the importance of domain-specific
transformations. In healthcare and life-science sectors, Al adoption is associated with
innovation trajectories that can reshape professional roles, research pipelines, and
complementary skill needs, implying possible employment reallocation within high-skill
segments rather than simple job loss. (Kritikos et al., 2025; Tossekbayev et al., 2025). In
creative industries, expert-based evidence suggests both opportunities and constraints, with Al
affecting creative processes, market entry, and the structure of value creation, again pointing
towards task redefinition rather than uniform displacement. (Schinello, 2025). These sectoral
insights support the expectation that education-specific unemployment effects will depend on
whether Al substitutes routine tasks, complements complex tasks, or expands demand through
new products and services. (Kritikos et al., 2025; Schinello, 2025; Kajda & Karwot, 2025).

A second set of contributions focuses on Al in human resource management and
workplace governance, which is directly relevant to unemployment because HR technologies
influence recruitment, selection, performance monitoring, and retention. Al-driven HR
practices are linked to employee engagement and well-being outcomes, suggesting that their
adoption can improve job quality and reduce turnover, potentially affecting unemployment
rates. (Gayathiri & Prabu, 2025; Vuong, 2025). Concerns are also raised that Al may become
an “invisible dictator” if used for surveillance or opaque decision-making, which may intensify
labour-market frictions for certain worker groups and reduce resilience during transitions.
(Mura & Stehlikova, 2025a). Ethical frameworks emphasise safeguarding human dignity, social
justice, and broader sustainability considerations, implying that labour-market outcomes will
depend on governance choices and accountability structures. (Mura & Stehlikova, 2025b;
Mujtaba, 2025).

Public-sector settings offer a complementary perspective, highlighting how Al affects
formal procedures and service delivery while interacting with motivation and moral identity.
Ethical decision-making and service motivation influence how Al tools are utilised in public
employment contexts, potentially shaping the demand for specific competencies and the
distribution of opportunities across educational levels. (Bian & Wang, 2024; Davidov, 2024,
Androniceanu, 2025). In law enforcement and automated traffic enforcement, the use of Al
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raises concerns about equity and social justice, which can translate into regulatory constraints
or accelerated adoption, affecting labour demand in compliance, oversight, and public
administration roles (Haley & Burrell, 2025; Haley, 2025). Together, these strands reinforce
the view that “Al vibrancy” captures not only technical capacity but also institutional capability
to integrate Al into governance, and therefore may shape labour outcomes indirectly through
the organisation of work (Androniceanu, 2025; Mura & Stehlikova, 2025a; Mujtaba, 2025).

The distributional dimension extends beyond education into gender, disability, and
vulnerable groups, providing further reason to assess heterogeneous effects. Al and digital
ecosystems are frequently analysed as potential enablers of women’s entrepreneurship,
including women-led start-ups, agriculture, and home-based entrepreneurship, suggesting that
Al diffusion can expand labour-market participation and income opportunities in ways not
captured by aggregate unemployment rates (Alateeg & Al-Ayed, 2024; Moutik, 2025; Harb et
al., 2025). Digital entrepreneurial ecosystems in tourism are linked to social sustainability
outcomes, illustrating how local economic structures can mediate the employment
consequences of digital technologies (Khatami et al., 2024). However, digital harms and
platform-driven socio-economic risks can also shape youth trajectories and labour-market
vulnerability, which matters for unemployment dynamics over time (Agyare, 2025).

Disability-focused research highlights that employability is strongly influenced by
education and social innovation, suggesting that technology-driven labour market changes may
widen gaps unless supportive institutions are in place (Jarzabek & Stolarska-Szelag, 2024;
Ejdys et al., 2025). Evidence from informal and rural business contexts suggests that digital
transformation can be constrained by capability gaps and local infrastructure, indicating that Al
diffusion may reinforce dual labour markets, where gains accrue to better-connected segments
(Mtengwane, 2024). These perspectives support a research design that examines unemployment
separately by education group because education is a core axis along which inclusion and
vulnerability often align (Ejdys et al., 2025; Mtengwane, 2024; Butum & Nicolescu, 2024).

A wider body of work positions Al and digitalisation within governance, integrity, and
security domains, which can indirectly affect labour markets by shaping investment climates
and the allocation of resources. Digitalisation is linked to the dynamics of the shadow economy
and financial stability, implying that technology can alter compliance costs and formalisation
incentives, with potential consequences for the composition of the labour market (Bozhenko et
al., 2024). Al and machine learning are increasingly discussed as tools against illegal financial
operations, highlighting that the diffusion of Al may create demand for specialised analytical
roles while also altering employment in monitoring and compliance functions (Lyeonov et al.,
2024). Digitalisation is also modelled as a socio-economic challenge connected to cybercrime,
implying that expanding digital infrastructures can raise security risks that require labour
resources in cybersecurity and governance (Yarovenko et al., 2025). Innovation and technology
are also positioned as determinants of transparency and corruption reduction, highlighting the
institutional channels through which digital ecosystems can shape labour market performance
(Yefimenko et al., 2025; Lama et al., 2025).

Sector-specific applications further illustrate that Al adoption affects job content and
safety requirements. Al-based occupational safety monitoring in construction can change
compliance practices and safety management roles, again implying task reconfiguration rather
than direct job elimination (Zaryczanska & Karwot, 2025). Similarly, Al-driven optimization
of transport infrastructure - such as electric vehicle charging systems on international corridors
- demonstrates how digital innovation reshapes occupational roles in logistics and energy
management while creating new demand for monitoring, quality assurance, and data-driven
decision-making (Vovk et al., 2025). In energy systems, Al is analysed as a lever for equity
outcomes, suggesting that Al diffusion can have social-policy implications that feed back into
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employment and skills demand via the energy transition (Kirichok et al., 2025). In
telecommunications and SME settings, ICT investment and digital transformation are
associated with organisational change and stratification, indicating that technology can reshape
competitive dynamics and employment structures (Sahnouni & Kadri, 2025; Sartamorn et al.,
2025).

Despite the breadth of recent research, a clear gap remains in connecting national Al
ecosystem intensity to education-specific unemployment in a unified empirical framework.
Much of the evidence base focuses either on organisational adoption, ethics, and HR processes,
or on sectoral and governance applications, often without translating these mechanisms into
testable cross-country labour market hypotheses. (Mura & Stehlikova, 2025a; Hernik et al.,
2025; Haley & Burrell, 2025). Macro studies of unemployment and employment dynamics
typically use proxies for growth, productivity, remittances, or R&D, and rarely incorporate a
direct measure of Al ecosystem vibrancy, even though technology diffusion is central to the
underlying theoretical narratives. (Butkus et al., 2024; Gonos, 2024; Pekovi¢, 2025). At the
same time, the skills literature provides strong reasons to expect heterogeneous impacts across
education groups. However, comparative evidence remains limited on whether Al ecosystem
strength is associated with displacement-type unemployment patterns or with neutral/beneficial
outcomes once macro controls are included. (Istudor et al., 2024; Birca, 2025; Tuga & Socol,
2024; Skypalova et al., 2025).

Prior scientific achievements jointly suggest that Al can reshape work through
productivity, organisational change, skills demand, and governance, but they also imply
substantial heterogeneity by education, sector, and institutional context. (Wang et al., 2025;
Melnyk et al., 2025; Mujtaba, 2025). This motivates an empirical test that operationalises Al
diffusion via a national vibrancy indicator and evaluates whether unemployment responses
differ systematically across basic, intermediate, and advanced education groups. (Stanford
University, n.d.; World Bank, n.d.). The present study addresses this gap by aligning cross-
country panel estimation with an education-stratified unemployment lens, thereby directly
engaging the displacement question that remains unresolved in the current landscape.

The study aims to assess whether national Al vibrancy is associated with higher
unemployment rates across educational groups in a multi-country panel covering the period
from 2017 to 2023. The analysis focuses on unemployment among individuals with advanced,
intermediate, and basic education, and controls for economic development (GDP per capita),
innovation and export capacity (high-technology exports), and labour-market conditions
(employment-to-population ratio and sectoral employment shares). The modelling strategy
combines panel estimators that separate within-country dynamics from cross-country
differences and applies dependence-robust inference to ensure that conclusions are not driven
by unobserved heterogeneity or correlated shocks.

From a displacement-oriented perspective, the article tests hypotheses that emphasise
the labour-substituting potential of Al. First, higher Al vibrancy is hypothesised to be associated
with higher unemployment among individuals with advanced education, reflecting the diffusion
of Al into analytical and professional tasks and the potential restructuring of high-skilled
occupations. Second, higher Al vibrancy is expected to be associated with higher
unemployment among individuals with intermediate education, consistent with the automation
of routine cognitive tasks and organisational reallocation. Third, higher Al vibrancy is also
hypothesised to be associated with higher unemployment among individuals with basic
education, as low-skilled workers may face heightened exposure to substitution and weaker
access to reskilling pathways.
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2. Methodological approach

Data sources, sample and panel structure

The empirical analysis relies on a multi-country panel dataset covering 2017—-2023. The
core explanatory variable, Al vibrancy (x1), is derived from the Global Al Vibrancy Tool,
maintained by Stanford University’s Human-Centred Aurtificial Intelligence programme
(Stanford University, n.d.). Macroeconomic conditions, innovation and trade proxies, labour-
market structure indicators, and education-specific unemployment measures are drawn from
World Bank Open Data (World Bank, n.d.). The resulting dataset forms an unbalanced country—
year panel, reflecting that some indicators are not available for all countries in all years. The
unbalanced structure is retained to avoid unnecessary loss of information and to preserve cross-
country coverage.
Variables and measurement

Table 1 summarises all variables, their descriptions, and sources. The analysis examines
whether national Al vibrancy is associated with unemployment rates differentiated by
educational attainment. Three dependent variables are analysed separately: unemployment
among individuals with advanced education (yl), basic education (y2), and intermediate
education (y3), each measured as a percentage of the respective labour force category. The main
regressor of interest is the Al Vibrancy Score (x1), which captures the overall intensity of
national Al ecosystems. To mitigate omitted-variable bias, the model includes standard macro
and labour-market controls: GDP per capita (X2) to proxy economic development, high-
technology exports (x3) to reflect innovation/trade capacity, the employment-to-population
ratio (x4) as a broad indicator of labour-market absorption, and the sectoral employment shares
in industry (x5) and services (x6) to capture structural differences in the composition of
employment.

Table 1. Definitions and sources of variables used in the empirical analysis

Variable Definition Source
x1 Vibrancy Score Stanford University, n.d.
X2 GDP per capita (constant 2015 US$) World Bank, n.d.
x3 High-technology exports (current US$) World Bank, n.d.
. - 5
) Employment to population ratio, 15+, total (%) World Bank, n.d.

(modeled ILO estimate)
Employment in industry (% of total employment)

x5 (modeled ILO estimate) World Bank, n.d.
Employment in services (% of total employment)
x6 (modeled ILO estimate) World Bank, n.d.
- ——
y1 Unemploymen_t with advanced edu_catlon (% of total World Bank. n.d.
labour force with advanced education)
i i i 0,
y2 Unemploymen_t with _ba5|c edu_catlon (% of total World Bank. n.d.
labour force with basic education)
—— - ——
V3 Unemployment with intermediate education (% of World Bank, n.d.

total labour force with intermediate education)

The final sample of country—year observations is determined by data availability,
primarily for the Global Al Vibrancy Tool maintained by Stanford University’s Human-
Centred Artificial Intelligence programme (Stanford University, n.d.), and the set of countries
included in each empirical specification is reported in Appendix A.
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Transformation and preprocessing

Several variables exhibit substantial right-skewness and scale heterogeneity,
particularly the Al vibrancy score and monetary indicators. To improve distributional
properties, reduce the influence of extreme observations, and stabilise variance, Box—Cox
diagnostics were used for strictly positive variables. The estimated parameters implied log-type
transformations for Al vibrancy (x1), GDP per capita (x2), and high-technology exports (x3)
(A close to zero), and these variables were therefore modelled using natural logarithms. For the
basic-education unemployment specification, Box—Cox diagnostics likewise supported a
logarithmic transformation of y2, leading to models with In(y2) as the dependent variable where
appropriate. For intermediate-education unemployment, the dependent variable displayed
heavier tails, and the Box—Cox estimate for y3 suggested a stronger power transformation (A
noticeably below zero); accordingly, y3 was transformed using the Box—Cox function to
enhance model adequacy. In contrast, the labour-structure indicators (x4—x6) were retained in
their original percentage units to preserve interpretability, as bounded shares/ratios are less
suitable for generic power transformations.

Econometric specification
The relationship between Al vibrancy and unemployment is estimated using standard

panel-data models. For each education group, the baseline specification can be expressed as:

Yie = B In(x1) + B2 In(x2;) + B3 In(x3;) + Bax4ic + Bsx5ir + Pex6ir + pi + T; + &t
where i indexes countries and t indexes years, u; denotes country effects capturing time-
invariant heterogeneity (e.g., institutions, geography, persistent labour-market features), and t;
denotes time effects capturing common shocks (e.g., global economic conditions). The model
is estimated using both two-way fixed effects (FE) and two-way random effects (RE) to
distinguish within-country relationships from results that also reflect between-country
differences. The choice between FE and RE is guided by the Hausman test, which evaluates
whether the RE assumption of no correlation between country effects and regressors is tenable
for each dependent variable.

Robust inference and sensitivity checks

Because macro panels often exhibit heteroskedasticity, serial correlation, and cross-
sectional dependence, statistical inference is strengthened by using alternative variance—
covariance estimators. Results are assessed using (i) cluster-robust standard errors by country,
(ii) cluster-robust standard errors by time, and (iii) Driscoll-Kraay standard errors, which are
robust to general forms of cross-sectional dependence and serial correlation. Comparing
coefficient stability, especially for B, regarding Al vibrancy across these approaches, the study
enables an evaluation of whether conclusions are sensitive to the assumed error structure.

3. Conducting research and results

Al Vibracy vs Unemployment with advanced education

The descriptive statistics (Table B1, Appendix B) reflect a country—year panel with 229
usable observations (after cleaning/listwise deletion). The panel covers 35 countries (coded 1—
35) from 2017 to 2023 (range = 6 years; mean year ~ 2020), but it is not fully balanced, as 35
x 7 would imply 245 observations.

Al Vibrancy (x1) remains the most distributionally challenging variable, although the
extremity is much lower in the dataset. The mean is 13.44, while the median is 11.78, and the
trimmed mean is 12.35, indicating that higher values still pull the arithmetic average upward.
This pattern is consistent with the relatively large maximum (48.19) and the positive skewness
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(1.20), while kurtosis (1.72) suggests heavier tails than a normal distribution, but not extreme
behaviour. In practical terms, x1 is still right-skewed, so modelling it in levels may inflate the
influence of high-vibrancy observations; a logarithmic (Box—Cox—guided) transformation is
therefore advisable to stabilise the relationship and reduce sensitivity to upper-tail values.

The remaining covariates look more typical for cross-country macro-labour data. GDP
per capita (x2) varies widely (=~ US$1,800 to US$110,400) with moderate right skewness, while
high-technology exports (x3) are strongly right-tailed (median far below the mean), which is
expected for trade variables. Labour-structure indicators are comparatively stable: the
employment-to-population ratio (x4) is close to symmetric, while services employment (x6) is
left-skewed (many highly service-based economies and a smaller group with much lower
service shares). The outcome, unemployment among those with advanced education (y1), is
right-skewed (max 17.91%), implying that most observations have relatively low values, but a
subset experiences pronounced high-skilled unemployment.

Given the pronounced right skewness in the Al vibrancy score and the monetary
variables, Box—Cox diagnostics were employed. The estimated transformation parameters were
close to zero (A_x1 = 0.098, A_x2 = 0.085, A x3 = —0.074), indicating that a logarithmic
specification is appropriate. Therefore, the analysis employs In(x1), In(x2), and In(x3) to reduce
skewness and stabilise variance.

The two-way FE model (Table 2) exploits within-country variation over time while
controlling for unobserved, time-invariant country characteristics and common year shocks. In
this updated specification, the log-transformed innovation-income block, Al vibrancy (Ix1),
GDP per capita (Ix2) and high-technology exports (Ix3), shows no statistically significant
association with unemployment among the highly educated (y1). The estimated coefficients are
statistically indistinguishable from zero: Ix1 (f =—0.099, p=10.539), 1x2 (B =—1.692, p = 0.238)
and 1x3 (B =-0.001, p = 0.998).

Table 2. Panel regression results: determinants of unemployment with advanced education (y1),
35 countries, 2017-2023 (unbalanced)

Model information Two-way FE (Within) Two-way RE (Walhus)
Countries (n) 35 35
Time periods (T) 4-7 4-7
Observations (N) 229 229
R? 0.3981 0.6982
Adjusted R? 0.246 0.6801
Joint significance F(6,182)=20.0651, p<0.001 1*(6)=81.153, p<0.001
Residual SS 60.221 755.180

Variables Coef. Std. t-stat p-value Coef. Std. Error  z-stat p-value
Error

In(Al Vibrancy) (Ix1) -0.0991 0.16095 -0.616  0.539 0.1200 0.244704 0.4905 0.6238
In(GDP per capita) (I1x2) -1.6918 1.4282 -1.185 0.238 0.4286 0.845505 0.5069 0.6122
In(High-tech  exports) -0.0006 0.2275 -0.003  0.998 -0.3763. 0.203385 -1.8499 0.0643
(Ix3)
Employment-to- -0.3542***  (0.0472 -7.511 <0.001 -0.2762*** (.050273 -5.4933 <0.001

population ratio (x4)

Employment in industry -0.2041* 0.0779 -2.618 0.01 -0.2133* 0.092962 -2.2948 0.0218
(%)(x5)

Employment in services -0.2872*** 0.069 -4.165 <0.001 -0.2488** 0.078147 -3.1834 0.0015
(%)(x6)

Constant — — - —  47.9027*** 7.2384 6.6178 <0.001
Notes: Two-way FE includes both country and year effects; coefficients reported are unstandardised.
“—*“—not calculated. Significance levels: *** p<0.001, ** p<0.01, * p<0.05, . p<0.10. Hausman test
(FE vs RE): y%(6) = 21.505, p = 0.0015 — prefer FE (RE inconsistent).

Source: authors’ calculations in R Studio.
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This implies that short-run within-country changes in Al vibrancy and broader macro-
innovation capacity do not systematically translate into changes in advanced-education
unemployment once two-way unobservables are accounted for. By contrast, labour-market
structure variables are consistently negative and statistically significant: a higher employment-
to-population ratio is strongly associated with lower high-skilled unemployment (x4: B =
—0.354, p < 0.001), as are higher employment shares in industry (x5: p = —0.204, p = 0.010)
and services (x6: f=—0.287, p<0.001). The FE model is jointly significant (F(6,182)=20.065,
p <0.001) with R2 =0.398 (adjusted R2 = 0.246), indicating that a meaningful portion of within-
panel variation is explained, primarily through labour-market absorption and sectoral structure.

The two-way RE model (Table 2), estimated via the Wallace—Hussain transformation,
yields a broadly similar conclusion regarding Al vibrancy: Ix1 remains statistically insignificant
(B =0.120, p = 0.624), and GDP per capita is also insignificant ( = 0.429, p = 0.612). High-
technology exports (Ix3) become marginally significant and negative (f = —0.376, p = 0.064),
suggesting that economies with stronger high-tech export capacity tend to have lower
unemployment among the advanced educated when both cross-country and time variation are
utilised. Labour-market structure variables remain negative and significant in the RE model as
well (x4: p < 0.001; x5: p = 0.0218; x6: p = 0.0015), reinforcing their central role. Crucially,
the Hausman test rejects the RE orthogonality assumption (y*(6) = 21.505, p = 0.0015),
indicating that the RE estimator is inconsistent in this setting; therefore, the FE results should
be treated as the baseline for inference. Taken together, the updated estimates confirm that Al
vibrancy does not exhibit a robust relationship with high-skilled unemployment once
unobserved heterogeneity is controlled. In contrast, labour-market participation and sectoral
employment structure display stable and economically meaningful associations with lower
unemployment among the highly educated.

The robustness checks (Table 3) confirm that the substantive conclusion from the two-
way FE model is stable once inference is corrected for different forms of dependence, and,
crucially, they reinforce that Al vibrancy does not exhibit a statistically detectable effect on
unemployment among people with advanced education in the within-country (FE) framework.

Across all three variance—covariance estimators—clustered by country (“group”),
clustered by time, and Driscoll-Kraay (maxlag = 2)-the coefficient on In(Al Vibrancy) remains
essentially zero and highly insignificant. The point estimate is identical in all cases ( =
—0.0991), and the associated p-values are very large (p = 0.49 with country-clustered SE; p =
0.54 with time-clustered SE; p = 0.47 with Driscoll-Kraay). Interpreting the magnitude,
because the regressor is in logs and the dependent variable is measured in percentage points, a
1% increase in Al vibrancy is associated with only —0.099 percentage points change in
advanced-education unemployment, which is economically negligible. Therefore, within a
country over 2017-2023, improvements in Al vibrancy-after controlling for GDP per capita,
high-tech exports, and labour-structure indicators and absorbing both country and year effects—
do not appear to reduce (or increase) high-skilled unemployment systematically.

In contrast, the labour-market structure variables remain the most consistent and
statistically robust correlates of advanced-education unemployment in the estimates, indicating
that within-country variation in this outcome is explained primarily by conventional labour-
market conditions rather than by Al vibrancy or the macro-innovation proxies. The
employment-to-population ratio (x4) is strongly negative and highly significant across all
robust inference approaches (country-clustered: p = 0.00028; time-clustered: p < 0.001;
Driscoll-Kraay: p < 0.001), implying that stronger labour-market absorption is systematically
associated with lower unemployment among the highly educated. Sectoral composition also
matters: employment in services (x6) remains negative and significant under time clustering
and Driscoll-Kraay corrections (both p < 0.001), while employment in industry (x5) is negative
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and significant across all three approaches (country-clustered: p = 0.0377; time-clustered: p =
0.0311; Driscoll-Kraay: p = 0.00152). By contrast, the Al vibrancy coefficient (Ix1) remains
statistically insignificant under country clustering (p = 0.494), time clustering (p = 0.544) and
Driscoll-Kraay inference (p = 0.468). The persistence of this insignificance under Driscoll—-
Kraay standard errors—which explicitly address heteroskedasticity, serial correlation and
cross-sectional dependence—suggests that the null finding is unlikely to be an artefact of
misspecified standard errors and instead reflects a weak within-country linkage between
changes in Al vibrancy and advanced-education unemployment over the sample period.

Table 3. Two-way fixed-effects estimates with alternative robust standard errors (dependent
variable: unemployment with advanced education, y1)

: SE .
Variable Coef. (FE) SE (Cluster: p-value (Cluster: p-value SE (D“SCO_”_ p-value
country) time) Kraay, lag=2)

In(Al  Vibrancy)
(Ix1)

In(GDP per capita)
(Ix2)

In(High-tech
exports) (Ix3)
Employment-to-
population  ratio-0.35415***  0.09551 0.00028 0.03275 <0.001 0.03261 <0.001
(x4)

Employment in
industry (%) (x5)
Employment = in_ 5g7o34% 008690 0.00114 004387 <0.001 002371  <0.001
services (%) (x6)

Notes: Model — Two-way FE (country and year effects), N = 229, n = 35, T = 4-7; Regressors are In(Al
Vibrancy), In(GDP per capita), In(High-tech exports), employment ratio, industry share, services share
The coefficient estimates are identical across columns because only the variance—covariance estimator
changes. Significance levels refer to the reported p-values in each column: *** p < 0.001, ** p < 0.01,
*p < 0.05. p <0.10. The dependent variable y1 is measured in percentage points; Ix1-Ix3 are natural
logarithms.

Source: authors’ calculations in R Studio.

-0.09910  0.14465 0.49415 0.16294 0.54382 0.13626  0.46800

-1.69179 2.36268 0.47488  1.49766 0.26012 1.18796  0.15613

0.00057  0.26028 0.99826  0.16329 0.99723 0.14858  0.99696

-0.20407*  0.09748 0.03769  0.09394 0.03112 0.06338 0.00152**

Regardless of whether errors are clustered by country, by year, or corrected using
Driscoll-Kraay, Al vibrancy remains statistically insignificant and economically negligible in
explaining within-country changes in unemployment among those with advanced education
from 2017 to 2023.

Al Vibracy vs Unemployment with basic education

The descriptive statistics (Table B2, Appendix B) indicate an unbalanced country—year
panel with 225 observations. The sample spans roughly 2017-2023 (a 6-year range), with the
mean year close to 2020, indicating that most observations fall within the most recent pre- and
post-pandemic period. The country identifier suggests around 34-35 countries are included
(min = 1, max = 34), although the unbalanced structure implies that not every country is
observed in every year.

Regarding the main variables, GDP per capita (x2) averages approximately US$40,686
(in constant 2015 prices), but with a wide dispersion (SD ~ US$25,206) and a large range
(US$1,806 to US$110,426). The positive skewness (0.64) indicates that a small group of high-

Economics & Sociology, Vol. 18, No. 4, 2025



142
Kuzior, A. et al. ISSN 2071-789X

RECENT ISSUES IN ECONOMIC DEVELOPMENT

income economies pulls the mean upward. At the same time, the median (= US$42,216)
suggests that many observations are concentrated in the upper-middle and high-income range.
High-technology exports (x3) show even stronger right-skewness (skewness = 1.60): the
median (US$19.28 bn) is far below the mean (US$46.74 bn), reflecting the fact that only a
limited number of economies dominate high-tech exports. In contrast, many others export
relatively modest volumes. Labour-market structure variables appear comparatively stable: the
employment-to-population ratio (x4) averages 58.31% (range 36.8—77.6), while employment
shares in industry (x5) and services (x6) average 21.7% and 72.8%, respectively. The service
share is strongly left-skewed (—1.76), which is typical in cross-country samples because many
advanced economies tend to cluster at high levels of service employment. In contrast, a smaller
group retains much lower service-sector shares.

The outcome variable, unemployment among people with basic education (y2),
averages 10.28%, but the median is lower (8.73%), and the distribution is clearly right-skewed
(1.92) with high kurtosis (5.09). This implies that, in most country—years, basic-education
unemployment is moderate, but there are episodes of very high unemployment (reaching a
maximum of 40.74%) that generate a heavy upper tail. The gap between the mean (10.28) and
trimmed mean (9.31) further confirms that extreme observations increase the average.
Substantively, this pattern is consistent with the expectation that low-skilled labour markets are
more vulnerable to shocks and structural rigidities, producing occasional but pronounced
unemployment spikes in some economies.

To address non-normality, scale heterogeneity, and the presence of extreme values in
the key explanatory variables, Box—Cox diagnostics were applied to the strictly positive series.
The estimated transformation parameters were close to zero for Al vibrancy (x1; A = 0.097),
GDP per capita (x2; A = 0.081), high-technology exports (x3; A = —0.075), and unemployment
with basic education (y2; A = 0.032), indicating that a logarithmic functional form provides an
appropriate approximation. Accordingly, the empirical models use natural logarithms of these
variables (Inx1, Inx2, Inx3, and, where relevant, Iny2) to reduce right-skewness, stabilise
variance, and mitigate undue leverage from outliers. By contrast, the labour-market structure
indicators, employment-to-population ratio (x4) and sectoral employment shares in industry
(x5) and services (x6), were retained in their original percentage units to preserve
interpretability and because their bounded nature makes power transformations less suitable.

The results for the basic-education unemployment model (Table 4), where the
dependent variable is In(y2), provide a consistent message across both estimators: Al vibrancy
does not have a statistically detectable effect on unemployment among people with basic
education. In the two-way random-effects (RE) specification, the coefficient on In(Al vibrancy)
is essentially zero (B = 0.00449, p = 0.986), indicating no systematic association once GDP per
capita, high-tech exports and labour-market controls are included. The variance decomposition
further reveals that outcome differences are primarily driven by persistent country-specific
heterogeneity (individual share = 0.913), while time effects are relatively small (= 0.007). This
means that cross-country structural differences explain most of the variation in low-skilled
unemployment; yet, even when those differences are incorporated via RE, Al vibrancy remains
non-influential. Importantly, the overall RE model is not jointly significant (3> p = 0.967),
reinforcing that the regressors as a set do not explain In(y2) well under the RE assumptions.

In the two-way FE model, which relies solely on within-country changes over time
while controlling for both country and year effects, the conclusion regarding Al vibrancy
remains unchanged. The coefficient on In(Al vibrancy) remains small and statistically
insignificant (f = 0.0136, p = 0.782). Interpreting magnitude in log—log terms, a 1% increase in
Al vibrancy is associated with only about a 0.014% change in basic-education unemployment,
and the estimate is far from significant. By contrast, within-country improvements in high-
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technology exports and overall employment conditions show meaningful associations: In(high-
tech exports) is negative and highly significant (f = —0.330, p < 0.001), and the employment-
to-population ratio (x4) is also negative and significant (f =—0.0430, p=0.003). These findings
suggest that the factors most closely linked to reductions in low-skilled unemployment over
time are stronger labour market absorption and export upgrading, rather than changes in the Al
vibrancy score itself. The Hausman test (p = 0.995) indicates no evidence of systematic
differences between FE and RE coefficients, implying that RE is not inconsistent in this
specification; however, since the RE model lacks joint significance while FE is jointly
significant (F-test p < 0.001), the FE results provide a clearer inferential benchmark.

Table 4. Panel regression results for unemployment with basic education (dependent variable:
In(y2))

Model information Two-way FE (Within) Two-way RE (Walhus)
Countries (n) 34 34
Time periods (T) 4-7 4-7
Observations (N) 225 225
R2 0.1470 0.2616
Adjusted R? -0.0674 0.2412
Joint significance F(6,179)=5.143, p<0.001 ¥*(6)=1.377, p=0.967
RSS 5.4039 89.334

Variables Coef. Std. t-stat p-value Coef. Std. z-stat p-
Error Error value
In(Al Vibrancy) (Ix1) 0.0136 0.0490 0.277 0.782 0.0045 0.2523 0.018 0.986

In(GDP _per capita)  0.0325 04335 0075 00940 00505 00917 0.051 0.959
(Ix2)
In(High-tech _exports) -0.3295%**  0.0688 -4.788 <0.001 -0.1545 0.2432 -0.635 0.525
(Ix3)

Employment-to- -0.0430**  0.0144 -2.984 0.003 -0.0547 0.0577 -0.949 0.343
population ratio (x4)
Employment in 0.0125 0.0236 0.531 0.596 -0.0000 0.1050 -0.000 1.000

industry (%) (x5)

Employment in services 0.0210 0.0209 1.004 0.317 0.0199 0.0893 0.223 0.824
(%) (x6)

Constant - - - — 6.9302 8.7730 0.790 0.430
Notes: Dependent variable — In(Unemployment with basic education, % of labour force with basic
education); Panel — 34 countries, 2017-2023 (unbalanced), N = 225, T = 4-7; Two-way FE includes
both country and year effects. Significance levels: *** p<0.001, ** p<0.01, * p<0.05. Coefficients for
Ix1-Ix3 are interpreted as elasticities because both the dependent variable and these regressors are in
natural logarithms. Hausman test (FE vs RE): y*(6) = 0.6639, p = 0.995 — no evidence against RE
consistency.

Source: authors’ calculations in R Studio.

The robustness checks (Tables 5 and 6) for the basic-education unemployment model
(dependent variable: In(y2)) confirm that the central finding is stable: Al vibrancy does not
exhibit a statistically significant relationship with unemployment among people with basic
education, regardless of how standard errors are corrected for panel dependence. In the two-
way fixed-effects specification, the coefficient on In(Al vibrancy) is positive but very small (8
= 0.0136). It remains clearly insignificant under country-clustered SE (p = 0.830), time-
clustered SE (p = 0.813), and Driscoll-Kraay SE (p = 0.819). In elasticity terms, this coefficient
implies that a 1% increase in Al vibrancy would be associated with only about a 0.014% change
in basic-education unemployment, and the consistently large p-values indicate that even this
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small effect cannot be distinguished from zero. GDP per capita (Ix2) is similarly insignificant
across all robust inference strategies, suggesting that short-run within-country income changes
do not systematically translate into changes in basic education unemployment once two-way
fixed effects are controlled for.

By contrast, other covariates demonstrate robust and economically meaningful
associations with In(y2). High-technology exports (Ix3) are negative and statistically significant
in the FE model across all robust SE choices, with significance strengthening under Driscoll—
Kraay (p < 0.001). This points to a consistent within-country pattern: when a country’s high-
tech export performance rises, unemployment among the basic-educated tends to fall,
potentially reflecting stronger labour demand generated by export upgrading and related
spillovers.

The employment-to-population ratio (x4) is also negative and strongly significant in all
FE robust specifications, indicating that broader improvements in labour-market absorption
coincide with lower unemployment among the low-skilled. The services employment share (x6)
IS sensitive to the choice of standard errors: it is insignificant under country clustering, marginal
under time clustering (p = 0.062), and becomes significant under the Driscoll-Kraay method (p
= 0.0098), implying that its effect is less stable than that of x4 and Ix3. The RE model delivers
the same message for Al vibrancy, Ix1 remains insignificant under both clustering schemes (p
~ 0.97 with country clustering; p = 0.91 with time clustering), while the significance of Ix3 and
x6 depends more strongly on the clustering dimension (becoming significant under time
clustering). The evidence consistently suggests that Al vibrancy is not a significant driver of
unemployment in basic education within this sample. In contrast, labour-market absorption (x4)
and export upgrading (Ix3) play a more prominent role.

Table 5. Robust inference for the basic-education unemployment model (dependent variable:
In(y2))

SE SE SE

Variable Coef. (Cluster: p-value (Cluster: p-value (Driscoll-  p-value
country) time) Kraay)

In(Al Vibrancy) 0.0136  0.0629 0.8296  0.0572 0.8126 0.0590 0.8185

(Ix1)
In(GDP per capita)  0.0325 04879  0.9469 04797 09461 04097  0.9368
(Ix2)

In(High-tech -0.3295  0.1551 0.0350* 0.1367  0.0169* 0.0938 0.0006***
exports) (Ix3)

Employment-to- -0.0430  0.0163 0.0089**  0.0102 <0.001*** 0.0080 <0.001***
population ratio (x4)

Employment in 0.0125 0.0218 0.5669  0.0160 0.4359 0.0111 0.2617
industry (%) (x5)

Employment in 0.0210  0.0207 0.3122  0.0111 0.0616. 0.0080 0.0098**

services (%) (x6)

Notes: FE estimates include country and year effects (two-way fixed effects). DK standard
errors account for heteroskedasticity, serial correlation, and cross-sectional dependence.
Significance levels: *** p<0.001, ** p<0.01, * p<0.05, . p<0.10.

Source: authors’ calculations in R Studio.
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Table 6. Two-way RE (Walhus) with clustered standard errors

SE SE
Variable Coef. (Cluster: p-value  (Cluster: p-value
country) time)
Constant 6.9302 2.2763 0.0026** 1.1448  <0.001***
In(Al Vibrancy) (Ix1) 0.0045 0.1369 0.9739 0.0419 0.9148
In(GDP per capita) (1x2) 0.0505 0.2036 0.8042 0.1078 0.6399
In(High-tech exports) (Ix3) -0.1545 0.1006 0.1262 0.0587 0.0091**

Employment-to-population  ratio -0.0547 0.0188 0.0039** 0.0057 <0.001***
(x4)

Employment in industry (%) (x5) -0.0000 _ 0.0290 _ 0.9989 _ 0.0087 0.9962

Employment in services (%) (x6) 0.0199 0.0188 0.2893 0.0044  <0.001***

Notes: RE estimates include country and year effects (two-way fixed effects). Standard errors
account for heteroskedasticity, serial correlation, and cross-sectional dependence.
Significance levels: *** p<0.001, ** p<0.01, * p<0.05, . p<0.10.

Source: authors’ calculations in R Studio.

The coefficient on Ix1 is consistently insignificant across all specifications, supporting
the conclusion that Al vibrancy has no robust association with basic-education unemployment
in the sample.

Al Vibracy vs Unemployment with intermediate education

The descriptive statistics for data6 indicate an unbalanced country—year panel with 229
observations covering 35 countries from 2017 to 2023 (T = 4-7; mean year ~ 2020). This period
encompasses both pre-pandemic and post-pandemic labour market adjustments, which are
relevant for interpreting unemployment dynamics by education level.

The key explanatory variable, Al vibrancy (x1), remains clearly right-skewed, although
extreme outliers no longer characterise it. The mean is 13.44, while the median is 11.78 and the
trimmed mean is 12.35, indicating that higher values still pull the arithmetic mean upwards.
This is confirmed by a positive skewness of 1.20 and kurtosis of 1.72, alongside a maximum of
48.19 (minimum 0.34), implying moderate tail heaviness and meaningful scale heterogeneity
rather than severe anomalies. These distributional features still justify a log/Box—Cox-type
transformation to stabilise variance and reduce sensitivity to upper-tail observations. GDP per
capita (x2) averages approximately US$40,598, with substantial dispersion (SD ~ US$24,993)
and moderate right skewness (0.65), reflecting a sample that includes both middle-income and
advanced economies. High-technology exports (x3) are strongly concentrated: the mean is
US$47.77 bn, but the median is only US$19.97 bn, with pronounced right skewness (1.54) and
a large upper bound (US$260.0 bn), consistent with high-tech export capacity being dominated
by a smaller subset of countries.

Labour-market structure indicators are comparatively stable. The employment-to-
population ratio (x4) averages 58.33% (range 36.80—77.61) and is close to symmetric (skewness
—0.13). The employment shares in industry (x5) and services (x6) average 21.74% and 72.76%,
respectively. Services employment exhibits strong left skewness (—1.77) and elevated kurtosis
(4.98), indicating that many observations cluster at high service-sector shares while a smaller
subset of countries maintains much lower service employment. The dependent variable,
intermediate-education unemployment (y3), averages 7.06%, but the median is lower (5.26%),
and the distribution is highly right-skewed (skewness 3.01) with very heavy tails (kurtosis
10.85). The wide range (1.02—-35.34%) and the gap between the mean (7.06) and trimmed mean
(6.01) indicate that unemployment among the intermediate educated is usually moderate but
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occasionally spikes sharply in particular country-years, reinforcing the need for transformation
and robust inference in the econometric analysis.

To mitigate non-normality, scale heterogeneity, and the influence of extreme
observations, Box—Cox diagnostics were applied to the strictly positive variables used in the
intermediate-education unemployment specification. The estimated parameters indicated log-
type transformations for the main macro and technology proxies, Al vibrancy (x1; A = 0.099),
GDP per capita (x2; A = 0.085), and high-technology exports (x3; A = —0.074), as these values
are close to zero; therefore, the analysis employs natural logarithms for x1-—x3. In contrast, the
dependent variable unemployment with intermediate education (y3) exhibited a stronger
departure from lognormality, with a Box—Cox estimate of A = —0.411, implying that a more
pronounced power transformation is preferable. Accordingly, y3 was transformed using the
Box—Cox function with the estimated A to stabilise variance and improve distributional
properties. The labour-market structure controls, employment-to-population ratio (x4) and
sectoral employment shares in industry (x5) and services (x6), were retained in percentage units
to preserve interpretability, as their bounded nature makes power transformations less suitable.

The two-way FE (Table 7) model examines whether within-country changes in Al
vibrancy are linked to changes in unemployment among individuals with intermediate
education, while controlling for unobserved country characteristics and common year shocks.
The estimated coefficient on In(Al vibrancy) (Ix1) is negative but statistically insignificant (3
=-0.0102, p = 0.502). This suggests that, after accounting for country and time effects, shifts
in Al vibrancy do not systematically translate into lower unemployment rates among
individuals with intermediate education during the sample period. Substantively, the magnitude
is small: a 1% increase in Al vibrancy is associated with only a —0.00010 change in the Box-
Cox-transformed unemployment outcome (= —0.0102/100), which is negligible and not
distinguishable from zero. The same applies to GDP per capita (Ix2), which is also insignificant,
suggesting that short-run within-country income improvements are not directly linked to
intermediate-education unemployment after controlling for fixed effects and other labour-
market factors.

By contrast, the FE model identifies other drivers that are more relevant than Al
vibrancy for intermediate-education unemployment. High-technology exports (Ix3) show a
negative and significant association (B = —0.0810, p = 0.014), implying that within-country
improvements in high-tech export capacity coincide with reductions in intermediate-education
unemployment (in the transformed scale). Similarly, the employment-to-population ratio (x4)
is negative and significant (p =—0.0148, p = 0.030), consistent with the expectation that broader
labour-market absorption reduces unemployment pressures across education groups. The
industry employment share (x5) is weakly significant at the 10% level (B = 0.0200, p = 0.070),
while the services share (x6) is not significant. Although the FE model is jointly significant (F-
test p =0.027), its explanatory power is modest (R = 0.075), indicating that much of the within-
country variation in intermediate-education unemployment remains driven by factors not
captured by the included regressors.

The two-way RE (Table 7) model yields an even clearer message regarding Al vibrancy:
Ix1 remains insignificant (B = —0.0105, p = 0.951), and none of the regressors are individually
significant. In addition, the joint test is not significant (y> p = 0.998), implying limited
explanatory content under the RE structure. The variance decomposition reveals that most
variance is attributable to country-specific effects (share ~ 0.727), indicating that persistent
cross-country differences have a significant influence on the outcome. Importantly, the
Hausman test strongly fails to reject the RE specification (p = 0.9999), implying no detectable
systematic difference between FE and RE coefficients in this model. Nevertheless, because FE
directly targets within-country identification and provides statistically meaningful associations
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for Ix3 and x4, it remains the more informative specification for inference. The evidence
suggests that Al vibrancy is not a robust determinant of unemployment among individuals with
intermediate education. In contrast, export upgrading and general labour market absorption
appear more closely linked to changes in unemployment for this education group.

Table 7. Panel regression results for intermediate-education unemployment (dependent
variable: Box—Cox transformed y3)

Model information Two-way FE (Within) Two-way RE (Walhus)
Countries (n) 35 35
Time periods (T) 4-7 4-7
Observations (N) 229 229
R2 0.0761 0.5391
Adjusted R? -0.1575 0.5266
Joint significance F(6,182)=2.497, p=0.024 ¥*(6)=0.449, p=0.998
Total SS 1.3351 14.1830
Residual SS 1.2353 6.5415

Variables Coef. Std. t-stat p- Coef. Std. z-stat p-
Error value Error value

In(Al Vibrancy) (Ix1) _ -0.0196 0.0231 -0.8484 0.3973 -0.0168 0.2400 -0.0701 0.9441
IN(GDP per capita) -0.1244 0.2046 -0.6081 0.5439 -0.0317 0.6733 -0.0471 0.9625
(Ix2)
In(High-tech exports) -0.0811* 0.0326 -2.4875 0.0137 -0.0441 0.1576 -0.2798 0.7796
(Ix3)

Employment-to- -0.0153* 0.0068 -2.2624 0.0249 -0.0207 0.0407 -0.5069 0.6122
population ratio (x4)

Employment in  0.0189 0.0112 1.6940 0.092. -0.0020 0.0760 -0.0261 0.9792
industry (%) (x5)

Employment in  0.0113 0.0099 1.1433 0.2544 0.0024 0.0622 0.0388 0.9690
services (%) (x6)

Constant - - - — 3.7073 5.6029 0.6617 0.5082

Notes: Dependent variable — Box—Cox(y3), unemployment with intermediate education (% of labour
force with intermediate education), 2 = —0.411; Panel — 35 countries, 2017-2023 (unbalanced), N =
229, T = 4-7; Key regressor are In(Al Vibrancy) (Ix1); controls include In(GDP per capita), In(high-
tech exports), and labour structure indicators. Two-way FE includes country and year fixed effects;
coefficients reported are unstandardised. Significance levels: *** p<0.001, ** p<0.01, * p<0.05, .
p<0.10. Because the dependent variable is Box—Cox transformed, coefficients represent effects on the
transformed unemployment measure rather than direct percentage-point changes in the original y3
scale.

Source: authors’ calculations in R Studio.

Using the two-way fixed-effects model for the intermediate-education unemployment
specification (dependent variable: Box—Cox(y3), A = —0.411), the central question is whether
within-country changes in Al vibrancy are associated with changes in unemployment among
individuals with intermediate education once unobserved country factors and common year
shocks are controlled for. Under Driscoll-Kraay (DK) standard errors (Table 8), which are
robust to heteroskedasticity, serial correlation and cross-sectional dependence, the coefficient
on In(Al vibrancy) (Ix1) is negative but statistically insignificant (8 =—0.0196, SE = 0.0161, p
= 0.226). The same null conclusion holds when standard errors are clustered by country (p =
0.273) and by time (p = 0.310), indicating that in estimation, Al vibrancy does not exhibit a
statistically detectable within-country relationship with intermediate-education unemployment.
In elasticity-style terms, a 1% increase in Al vibrancy would correspond to approximately a
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0.00020 change in the Box-Cox-transformed outcome (—0.0196/100), but the lack of statistical
significance implies that this magnitude should be treated as indistinguishable from zero given

sampling uncertainty.

Table 8. Robust inference for the intermediate-education unemployment - two-way FE (Within)
with alternative robust standard errors model (dependent variable: Box—Cox transformed y3)

SE
SE SE (Drisc
Variable Coef.  (Cluster: p-value (Cluster: p-value oll- p-value
country) time) Kraay,
lag=2)
I(?>ES| vibrancy) 61956 0.01778 027270 0.01920 0.30960 0.01610 0.22579
In(GDP per -0.12441 0.13507 0.35823 0.16230 0.44433 0.09742 0.20320
capita) (Ix2)
In(High-tech i *
exports) (1x3) 0.08109 0.04139 0.05161 0.06959 0.24548 0.04042  0.04632
Employment-to-
population ratio  -0.01528 0.00781 0.05196 0.00470 0.00135** 0.00363  <0.001***
(x4)
Employment in 0.01892 0.00766 0.01448* 0.00666 0.00504** 0.00492  <0.001***
industry (%) (x5)
Employment in 001130 0.00786 0.15229 0.00545 0.03979* 0.00330 0.00077***

services (%) (x6)

Note: Dependent variable — Box—Cox(y3), unemployment with intermediate education, 2 = —0.411;
Panel — 35 countries, 2017-2023 (unbalanced), N = 229, T = 4-7; Key regressors are In(Al Vibrancy)
(Ix1). DK standard errors are robust to heteroskedasticity, serial correlation and cross-sectional
dependence. Significance levels: *** p<0.001, ** p<0.01, * p<0.05, . p<0.10.
Source: authors’ calculations in R Studio.

Table 9. Robust inference for the intermediate-education unemployment - two-way RE

(Walhus) with clustered standard errors

Variable Coef. Siégr:grsj;} - p-value SE E%giter: p-value

Constant -0.01681 0.03831  0.66119 0.01075  0.39540
In(Al Vibrancy) (Ix1) -0.03169 0.07102  0.65585 0.02761  0.25230
In(GDP per capita) (1x2) -0.04409 0.01426 0.00225** 0.00620 <0.001***
In(High-tech exports) (Ix3) -0.02065 0.00454 <0.001*** 0.00167 <0.001***
Employment-to-population _, ,1q 0.00712  0.78068 0.00441  0.65330
ratio (x4)

__ -
(Exrg)p'oyme”t n industry (%) 4 5941 0.00525  0.64628 0.00137  0.07930.

: S—
Employment in services (%) ) 1681 003831  0.66119 001975  0.39540

(x6)

Note: Dependent variable — Box—Cox(y3), unemployment with intermediate education, 1 = —0.411;
Panel — 35 countries, 2017-2023 (unbalanced), N = 229, T = 4-7; Key regressors are In(Al Vibrancy)
(Ix1). Standard errors are robust to heteroskedasticity, serial correlation and cross-sectional
dependence. Significance levels: *** p<0.001, ** p<0.01, * p<0.05, . p<0.10.
Source: authors’ calculations in R Studio.
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Other covariates show clearer robustness patterns. High-technology exports (Ix3) are
negative and statistically significant under DK (B =—0.0811, p = 0.046), while becoming only
marginal under country clustering (p = 0.052) and insignificant under time clustering (p =
0.245), suggesting that export upgrading is more plausibly associated with lower intermediate-
education unemployment once cross-sectional dependence is addressed. Labour-market
absorption remains the most consistent correlate: the employment-to-population ratio (x4) is
strongly negative and highly significant under time clustering (p = 0.00135) and DK (p <
0.001), and is marginal under country clustering (p = 0.052). Moreover, under DK inference
the sectoral structure variables are statistically strong, with both the industry employment share
(x5) and services employment share (x6) positive and highly significant (both p < 0.001),
indicating that shifts in sectoral composition are systematically related to intermediate-
education unemployment once common dependence is accounted for, although the sign pattern
should be interpreted cautiously given the mechanical interdependence of sectoral shares and
labour-market conditions.

Across the education-specific specifications, Al vibrancy does not exhibit a stable or
statistically detectable link to unemployment once country and year effects are controlled for
and inference is made robust to different dependence structures. For unemployment with
advanced education (y1), the two-way FE coefficient on In(Al vibrancy) is negative but clearly
insignificant (B = —0.099, p = 0.539). It remains insignificant under country clustering (p =
0.494), time clustering (p = 0.544) and Driscoll-Kraay corrections (p = 0.468). In the two-way
RE model, the sign switches (B = 0.120) but remains insignificant (p = 0.624), reinforcing that
the data do not support a consistent Al-unemployment relationship for the highly educated over
the period 2017-2023. This “no displacement signal” pattern also holds for basic education
unemployment (y2). In the two-way FE model with In(y2) as the dependent variable, In(Al
vibrancy) is positive but very small and insignificant (f = 0.0136, p = 0.782), and it remains
insignificant under country- and time-clustered standard errors and Driscoll-Kraay inference
(all p > 0.81). For intermediate education unemployment (y3) (Box—Cox transformed), In(Al
vibrancy) is again negative but insignificant under country clustering (p = 0.273), time
clustering (p = 0.310), and Driscoll-Kraay corrections (p = 0.226), meaning there is no reliable
evidence—robust or otherwise—of either an unemployment-increasing or unemployment-
reducing Al vibrancy effect for this group. Instead, the results indicate that unemployment
movements are explained more consistently by labour-market absorption and structural
conditions, and, depending on the education group, by export upgrading. In the y1 models, the
employment-to-population ratio and sectoral employment shares are persistently negative and
significant, dominating the within-country explanation of high-skilled unemployment. At the
same time, the innovation—-income block (Al vibrancy, GDP per capita, high-tech exports)
remains negligible in the FE framework. For y2, In(high-tech exports) and the employment-to-
population ratio show the most stable negative associations with low-skilled unemployment in
the FE model, while Al vibrancy remains non-influential. For y3, robust inference points most
strongly to labour absorption (x4) and structural shares (x5, x6), with high-tech exports
occasionally significant depending on the variance, covariance estimator, again suggesting that
conventional macro-labour mechanisms, not Al vibrancy per se, are the more dependable
correlates of unemployment changes across education levels in this sample.

4. Discussion

The results provide no empirical support for the displacement-oriented expectation that
greater national Al vibrancy systematically increases unemployment across education groups.
In all three education-specific models, the coefficient on In(Al vibrancy) remains statistically
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insignificant once unobserved country heterogeneity and common year shocks are controlled
for, including under dependence-robust inference. This pattern is consistent with the broader
view that Al diffusion is frequently associated with task reconfiguration, process redesign, and
productivity-enhancing complementarities, rather than immediate, aggregate job destruction,
which would be visible in national unemployment rates by education group. Such an
interpretation aligns with evidence that Al is increasingly embedded in organisational
transformation and governance choices, which can redistribute tasks and raise efficiency
without necessarily leading to short-run unemployment increases. (Melnyk et al., 2025; Hernik
et al., 2025; Bilan et al., 2022). It also aligns with findings that labour-market effects depend
on competence adequacy and readiness for adoption, implying that countries with sufficient
adaptive capacity may absorb Al-related changes without measurable unemployment rises.
(Istudor et al., 2024; Birca, 2025; Butum & Nicolescu, 2024).

For intermediate-education unemployment, the earlier “negative and significant under
Driscoll-Kraay” signal does not persist in the revised calculations. Instead, In(Al vibrancy)
remains negative but insignificant under country clustering (p = 0.273), time clustering (p =
0.310) and Driscoll-Kraay corrections (p = 0.226), indicating that the association is not robust
even under variance—covariance estimators designed to address cross-sectional dependence and
serial correlation. Consequently, the most defensible conclusion is that Al vibrancy does not
display a stable within-country link to unemployment for the intermediate-educated over the
period 2017-2023. In contrast, the models consistently highlight the importance of
conventional labour-market and structural correlates, particularly labour absorption
(employment-to-population ratio) and, in some specifications, export upgrading, echoing
macroeconomic evidence that employment outcomes are closely tied to productivity—output
interactions and structural conditions. (Butkus et al., 2024; Gonos, 2024; Golubtsov et al.,
2025).

The findings also reinforce that institutional and human-capital foundations likely
mediate how Al ecosystems translate into labour-market outcomes, potentially explaining why
a displacement pattern is not observed in the aggregate education-specific unemployment
indicators. The quality of education and knowledge-economy capacity determine whether Al-
related innovation expands opportunity sets and supports employment resilience. (Lyeonov et
al., 2025; Artyukhov et al., 2024; Skrynnyk et al., 2022). Migration and skill-composition
dynamics further complicate national unemployment profiles, suggesting that education-
stratified unemployment may reflect mobility, structural adjustment, and the impact of
technology. (Mukhtarova et al., 2024; luga & Socol, 2024). Moreover, governance and HRM
architectures may influence how Al adoption affects recruitment, allocation, and job quality,
shaping distributional outcomes even when unemployment rates do not change measurably.
(Mura & Stehlikova, 2025b; Skypalova et al., 2025; Mujtaba, 2025).

Several limitations should be considered when interpreting these findings. First, the
analysis relies on an unbalanced panel for 2017-2023, and missing observations may reduce
comparability across countries and limit power, particularly for education-specific
unemployment indicators. Second, the Al Vibrancy Score is a composite measure and may not
capture the specific channels through which Al adoption affects labour demand (e.g., firm-level
automation intensity, task content changes, or sector-specific diffusion). At the same time,
cross-country reporting differences can add measurement noise. Third, despite two-way FE/RE
specifications and dependence-robust standard errors, the study remains observational and
cannot fully rule out endogeneity (reverse causality and omitted time-varying factors such as
labour-market institutions, migration shocks, or policy interventions). Fourth, the relatively
short time dimension constrains modelling of dynamic adjustment and lagged effects, meaning
that longer-run displacement or reallocation processes may not be fully captured. Finally, the
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use of transformations (including Box—Cox for y3) improves statistical properties. However, it
complicates interpretation on the original scale, so the substantive emphasis should remain on
the direction and robustness of associations rather than precise marginal magnitudes.

Conclusion

This study aimed to assess whether national Al vibrancy is associated with higher
unemployment across educational groups (advanced, intermediate and basic), thereby testing a
displacement-oriented hypothesis that Al increasingly replaces human labour.

Methodologically, the analysis employed an unbalanced country-year panel for 2017—
2023, combining the Stanford Global Al Vibrancy Tool with labour-market and
macroeconomic indicators from the World Bank Open Data. Two-way fixed-effects and
random-effects models were estimated, incorporating country and year effects. Box—Cox
diagnostics guided the transformations, which included log-type transformations for Al
vibrancy, GDP per capita, and high-technology exports (logarithmic y2) and a Box—Cox
transformation for y3. Inference was strengthened through country- and time-clustered standard
errors and Driscoll-Kraay corrections to account for heteroskedasticity, serial correlation and
cross-sectional dependence.

The results do not provide robust evidence in support of the displacement hypothesis.
For advanced-education unemployment (y1), the effect of Al vibrancy remains statistically
insignificant across all inference procedures: the two-way FE estimate for In(Al vibrancy) is B
= —0.099 (country-clustered p = 0.494; time-clustered p = 0.544; Driscoll-Kraay p = 0.468).
For basic-education unemployment (y2), Al vibrancy is likewise insignificant in the two-way
FE model (p = 0.782). It remains insignificant under country clustering (p = 0.830), time
clustering (p = 0.813) and Driscoll-Kraay inference (p = 0.819). For intermediate-education
unemployment (y3), the Al vibrancy coefficient is negative but statistically insignificant under
country- and time-clustered standard errors (p = 0.273 and p = 0.310, respectively), as well as
under the Driscoll-Kraay correction (p = 0.226). The hypothesis that higher Al vibrancy
increases unemployment is not supported: the estimated associations are consistently
indistinguishable from zero, and where the sign is negative, it does not reach conventional
significance thresholds in the calculations.

Policy implications follow directly from these findings. Since Al vibrancy does not
appear to raise unemployment by education group over 2017-2023 systematically, policy
should prioritise the responsible diffusion of Al that complements labour demand, rather than
constraining Al development on the presumption of inevitable job loss. The persistent
importance of labour-market absorption and structural variables, particularly the employment-
to-population ratio and sectoral employment shares in multiple specifications, suggests that
governments should embed Al strategies within broader measures that strengthen employment
creation and job matching, including active labour-market programmes, mobility support, and
targeted reskilling. In parallel, the negative and sometimes significant association between
high-technology exports and unemployment in some models suggests that export upgrading
and support for innovation-oriented industries can help mitigate unemployment pressures,
especially where technological competitiveness expands demand for complementary tasks.
Finally, given that Al impacts likely depend on institutional capacity and adjustment speed,
national Al policies should be coupled with continuous learning systems and transition support,
so that productivity gains translate into inclusive labour market outcomes rather than uneven
adjustments.
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Appendix A. List of countries in the analytical sample

List of countries in the analytical sample for the dependent variable — unemployment with
advanced education.
The empirical analysis is based on an unbalanced panel comprising the following 35 countries:
Australia; Austria; Belgium; Brazil; Canada; Denmark; Estonia; Finland; France; Germany;
India; Ireland; Israel; Italy; Japan; Luxemburg; Malaysia; Mexico; Netherlands; New Zealand;
Norway; Poland; Portugal; Russia; Saudi Arabia; Singapore; South Africa; South Korea; Spain;
Sweden; Switzerland; Turkey; United Arab Emirates; United Kingdom; United States.

List of countries in the analytical sample for the dependent variable — unemployment with
basic education.
The empirical analysis is based on an unbalanced panel comprising the following 34 countries:
Australia; Austria; Belgium; Brazil; Canada; Denmark; Estonia; Finland; France; Germany;
India; Ireland; Israel; Italy; Luxemburg; 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.

List of countries in the analytical sample for the dependent variable — unemployment with
intermediate education.
The empirical analysis is based on an unbalanced panel comprising the following 35 countries:
Australia; Austria; Belgium; Brazil; Canada; Denmark; Estonia; Finland; France; Germany;
India; Ireland; Israel; Italy; Japan; Luxemburg; Malaysia; Mexico; Netherlands; New Zealand;
Norway; Poland; Portugal; Russia; Saudi Arabia; Singapore; South Africa; South Korea; Spain;
Sweden; Switzerland; Turkey; United Arab Emirates; United Kingdom; United States.
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Appendix B. Descriptive statistics of variables.

Table B1. Descriptive statistics of variables (2017-2023; N = 229 country—year observations)

Code x1 X2 X3 x4 X5 X6 yl
— —_ I . T m. — » )

2> 898 G2&ns3i2 382 8% §s8s¢S
S = =] @Q?)+EE)-§ C'E'g =1 85853
Variable © S Edo a3 1g222315334238 3338 S =283
: =g ~5 8% C~8 1233 )1<s8<s5S<g6s 5392925
(unit) S C=g5 B3 t253 322 3253 33258
@ 3 UBL 252 :55=2:2 &3 2 F3 22%33
RIS L= Fog sz 4 im ol A ol D
N 229 229 229 229 229 229 229
Mean 1344 4059821 4777 5833 21.74 72.76 487
SD 978 2499317 59.98 7.34 4.75 10 3.19
Median 1178 41,77858 19.97  59.06 20.41 74.81 3.93
Min 034  1.80650  0.16 368 9.19 31.02 1.28
Max 4819 11042590 26004  77.61 346 89.73 17.01
Lre'};”nmed 1235 3848375 3605  58.46 21.71 73.84 4.24
Skewness 12 065 154  -013 0.08 177 1.93
Kurtosis 172 014 147 1.04 20.13 4.98 3.29

Note: Panel structure — Unbalanced country—year panel, 2017-2023, N = 229 observations.
x3 is reported in US$ billions for readability; all other variables retain their original units.
Country and year are panel identifiers and are not reported as substantive variables.

Source: authors’ calculations in R Studio.

Table B2. Descriptive statistics of variables used for the “basic education unemployment”

model (y2)
Code x1 X2 X3 x4 X5 X6 y2
> = o 5 o B —
= —~ 0 - ] ; e m 3am 3= m O 9 O cC
< g8y gsgirfes 3873 8853 255+=3
Variable g;}', 2o 38 882 25=9 329 o 253
it €3 ©T=22 553.5%3 23383 3383 558358
(unit) X < %No £C:‘:,Q3m =S D = > 2 S2~ABL
T B398 232353732 o252 5252 22853
8 <25z 3283F2s EFgt &Fgt S5 2
N 225 225 225 225 225 225 225
Mean 135 4068575 4674 5831 21.7 72.77 10.28
SD 986 2520647 60.00 74 4.78 10.09 7
Median 11.83 4221588 1928  59.03 20.4 75.46 8.73
Min 034 180650 016 36.8 9.19 31.02 0.25
Max 4819 11042590 260.04 7761 34.6 89.73 40.74
mg:}med 1240 3854584 3450 5843 21.65 73.87 9.31
Skewness 1.18 0.64 16 012 011 176 1.92
Kurtosis 1.63 0.08 1.64 0.97 -0.14 4.84 5.09

Notes: Panel structure — Unbalanced country—year panel, 2017-2023, N = 225 observations. High-
technology exports (x3) are reported in US dollars for readability (original data in current US dollars).
The trimmed mean is calculated after excluding extreme values from both tails (as in the
psych::describe() output). The panel is unbalanced, so not all countries are observed in every year.

Source: authors’ calculations in R Studio.
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Table B3. Descriptive statistics of variables used for the “intermediate education
unemployment” model (y3)

Code x1 X2 X3 x4 X5 X6 y3
S m = 5 2 =
> v 5L 33 S s Z£58c
< B 5% _§% 52 52 2233
= o s 3.< 33 Sog3 2822
= g8 =28 82w3 2385 23% 5853
Variable < S $32 222 23 25 T533
(unit) 8 cg 23 &8F &353 85g 2833
o N o — Q ] a @D - c @
@ @ > cxs =338 <S8 e CE S 885 S
—_ -9 n e S>> S =g S =5 = L =
a2 = o o -3 — < - 39 =
@ N i1 o= 03 os =535
X S = o S > s T3
& N 2 a & ¥
N 229 229 229 229 229 229 229
Mean 1344 4059821 47.77 5833 21.74 72.76 7.06
SD 978 24,993.17 59.98 7.34 4.75 10 535
Median 11.78 4177858 1997  59.06 20.41 74.81 5.26
Min 034 180650 0.16 36.8 9.19 31.02 1.02
Max 48.19 11042590 260.04  77.61 34.6 89.73 35.34
Lre'};”nmed 1235 3848375 3605  58.46 21.71 73.84 6.01
Skewness 1.20 065 154 -0.13 0.08 177 3.01
Kurtosis 1.72 014 147 1.04 -0.13 4.98 10.85

Notes: Panel structure — Unbalanced country—year panel, 2017-2023, N = 225 observations. High-
technology exports (x3) are reported in US dollars for readability (original data in current US dollars).
The trimmed mean is calculated after excluding extreme values from both tails (as in the
psych::describe() output). The panel is unbalanced, so not all countries are observed in every year.

Source: authors’ calculations in R Studio.
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