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Abstract

This study examines the employment and wage effects of artificial intelligence adoption across 38 OECD countries from
2019 to 2025, a period encompassing the transformative emergence of generative Al technologies. Using a comprehensive
Al Adoption Index constructed from enterprise investment data, patent filings, and workforce surveys, we employ
instrumental variable estimation to identify causal labor market effects. Our findings indicate that a one standard deviation
increase in Al adoption is associated with a 2.3% reduction in employment in routine cognitive occupations but a 1.8%
increase in employment requiring complex problem solving and interpersonal skills. Wage effects exhibit substantial
heterogeneity: workers in the top income quintile experience wage gains of 3.8%, while middle quintile workers face modest
declines of 1.4%. We find that countries with robust active labor market policies and portable benefits systems demonstrate
significantly smoother workforce transitions. The results suggest that Al represents a skill biased and task displacing
technological change requiring coordinated policy responses encompassing education reform, social protection
modernization, and strategic public investment in complementary human capital formation.

Keywords: - Artificial Intelligence, Labor Markets, Technological Unemployment, Wage Inequality, Skill Biased Technical
Change, Generative Al, Employment Policy

I. INTRODUCTION

The rapid advancement of artificial intelligence technologies presents one of the most significant economic
transformations since the industrial revolution. While previous waves of automation primarily affected routine manual tasks
in manufacturing, contemporary Al systems demonstrate unprecedented capabilities in cognitive domains traditionally
considered exclusively human, including language processing, creative problem solving, and complex pattern recognition.
The emergence of large language models and generative Al systems beginning in 2022 accelerated these developments,
raising fundamental questions about the future of work, the distribution of economic gains from technological progress, and
the adequacy of existing social protection systems.

The theoretical debate regarding Al's employment effects centers on competing mechanisms. Displacement effects
occur when Al systems substitute for human labor in specific tasks, reducing labor demand in affected occupations.
Simultaneously, productivity effects may increase overall economic output and labor demand in complementary occupations.
Historical evidence from previous technological transitions suggests that while aggregate employment has proven resilient,
adjustment costs fall disproportionately on workers whose skills become obsolete and on communities dependent on
disrupted industries. The pace and scope of Al adoption, combined with its penetration into white collar professional
occupations, may alter these historical patterns in ways that current policy frameworks are inadequately prepared to address.

Recent estimates suggest that approximately 300 million jobs globally face significant exposure to Al automation,
with professional services, administrative functions, and knowledge work facing particularly substantial transformation. The
International Labour Organization reports that nearly 60% of jobs in advanced economies contain tasks susceptible to Al
augmentation or displacement. These figures represent the largest potential labor market disruption since the industrial

Volume: 2 | Issue: 1 | February — 2026 | www.eduresearchjournal.com/index.php/jeir | 1



http://www.eduresearchjournal.com/index.php/jeir
https://doi.org/10.5281/zenodo.18766956

revolution, yet our understanding of actual employment effects, as opposed to theoretical exposure measures, remains
incomplete.

This study addresses several critical research questions with important policy implications. First, we examine whether
Al adoption causally reduces aggregate employment or primarily reallocates workers across occupations and sectors,
distinguishing between displacement and complementarity effects at both intensive and extensive margins. Second, we
investigate which worker characteristics, including age, education, occupation, and industry, moderate vulnerability to Al
related displacement, enabling targeted policy responses. Third, we analyze the wage effects of Al adoption across the
earnings distribution, assessing whether Al exacerbates or ameliorates existing income inequality. Fourth, we evaluate the
effectiveness of various policy interventions, including reskilling programs, education reforms, and social protection
mechanisms, in facilitating smooth labor market adjustment.

The theoretical framework underlying this research integrates insights from skill biased technical change theory, task
based models of labor markets, and recent advances in the economics of automation. We conceptualize Al as a general
purpose technology that affects labor demand through two primary channels: a displacement effect that reduces demand for
labor in tasks where Al demonstrates comparative advantage, and a productivity effect that increases demand for
complementary human skills. The net employment impact depends on the relative magnitudes of these effects, the pace of
new task creation, and the elasticity of labor supply to affected occupations.

Our empirical strategy exploits variation in Al adoption intensity across countries, industries, and time periods to
identify causal effects on labor market outcomes. We construct a comprehensive Al Adoption Index based on multiple
indicators including enterprise Al investment, patent filings, job posting requirements, and survey data on workplace
technology deployment. To address endogeneity concerns arising from the possibility that labor market conditions affect Al
adoption decisions, we employ instrumental variable estimation using historical patterns of computerization and cross country
variation in broadband infrastructure as instruments.

II. LITERATURE REVIEW

The relationship between technological change and labor market outcomes has occupied economists since the classical
period, with David Ricardo's analysis of machinery in his Principles of Political Economy establishing foundational concerns
about technological unemployment. Contemporary analysis was transformed by the skill biased technical change literature
emerging in the 1990s. Katz and Murphy (1992) documented rising returns to education and increasing wage inequality,
attributing these trends to technological change that complemented skilled workers while substituting for less skilled labor.
Autor, Katz, and Krueger (1998) provided supporting evidence showing that industries with greater computer adoption
experienced larger increases in relative demand for college educated workers.

The task based approach developed by Autor, Levy, and Murnane (2003) refined this analysis by focusing on the
specific tasks that comprise occupations rather than treating jobs as monolithic skill bundles. They distinguished between
routine tasks, characterized by explicit rule based procedures amenable to computerization, and non routine tasks requiring
flexibility, judgment, and interpersonal interaction. This framework explained why computerization displaced middle skill
workers performing routine cognitive and manual tasks while complementing both high skill analytical work and low skill
service occupations requiring physical dexterity and social interaction.

Acemoglu and Restrepo (2019) formalized these intuitions in a comprehensive framework distinguishing
displacement effects, which reduce labor demand as machines substitute for human tasks, from productivity effects, which
increase labor demand through lower costs and higher output, and reinstatement effects, which create new labor demanding
tasks as technology evolves. Their empirical analysis of industrial robots in U.S. labor markets found significant negative
employment and wage effects in exposed commuting zones, with limited evidence of offsetting job creation in other sectors.

The emergence of machine learning and artificial intelligence has prompted reconsideration of which tasks remain
beyond automation. Frey and Osborne (2017) estimated that 47% of U.S. employment faced high automation risk, though
subsequent research questioned both their methodology and conclusions. Arntz, Gregory, and Zierahn (2016) argued that
occupation level analysis overstates automation potential because many jobs contain substantial shares of non automatable
tasks, estimating that only 9% of OECD jobs face high automation risk when analyzed at the task level.

Recent work specifically addressing Al's labor market implications includes Brynjolfsson, Mitchell, and Rock (2018),
who developed a rubric for assessing machine learning suitability across occupational tasks. They found that few occupations
are fully automatable, but most contain some tasks suitable for machine learning augmentation. Felten, Raj, and Seamans
(2021) constructed Al exposure measures based on the alignment between Al capabilities and occupational task requirements,
finding substantial variation in exposure across the occupational distribution.

The generative Al revolution initiated by large language models has prompted a new wave of research. Eloundou et
al. (2023) estimated that approximately 80% of the U.S. workforce could have at least 10% of their tasks affected by GPT
models, with 19% of workers potentially seeing over 50% of tasks impacted. Noy and Zhang (2023) conducted experimental
studies demonstrating significant productivity improvements from Al writing assistants among professional workers, with
larger gains accruing to less experienced and lower ability workers, suggesting potential compression of skill premia.

III. DATA AND METHODOLOGY

This study employs a multi country panel dataset covering 38 OECD member nations from 2019 to 2025, a period
encompassing both the pre generative Al baseline and the subsequent transformation. Labor market data derive from
harmonized national labor force surveys accessed through the OECD Employment Database, providing consistent measures
of employment, unemployment, wages, and occupational composition across countries and time periods. We supplement
these with establishment level data from the European Company Survey and equivalent national instruments.
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Our primary independent variable is a composite Al Adoption Index constructed from four components. First,
enterprise Al investment captures firm level expenditures on Al systems, training, and implementation, drawn from
technology investment surveys conducted by national statistical agencies and industry associations. Second, Al patent
intensity measures the stock of Al related patents per million workers, using classifications developed by the World
Intellectual Property Organization. Third, Al job postings tracks the share of job advertisements requiring Al skills or
mentioning Al tools, drawn from major online job platforms. Fourth, workplace Al deployment derives from establishment
surveys asking directly about Al system implementation across business functions.

We normalize each component to zero mean and unit variance before combining them using principal component
analysis, with the first principal component explaining 68% of variation serving as our Al Adoption Index. This approach
addresses concerns about measurement error in any single indicator while capturing the common variation across different
manifestations of Al adoption. Robustness checks confirm that results are qualitatively similar when using individual
components or alternative weighting schemes.

The empirical specification takes the form of a two way fixed effects model:

Y(i,t) = alpha + beta * Al(i,t) + gamma * X(i,t) + mu(i) + tau(t) + epsilon(i,t)

Where Y(i,t) represents labor market outcomes (employment rate, unemployment rate, or log wages) in country i and
year t, Al(i,t) is the Al Adoption Index, X(i,t) is a vector of time varying controls including GDP growth, trade openness, and
educational attainment, mu(i) captures country fixed effects absorbing time invariant differences, and tau(t) captures year
fixed effects absorbing common temporal trends.

To address potential endogeneity, we implement instrumental variable estimation using two instruments. The first
instrument exploits historical patterns of computerization measured by computer investment intensity in the 1990s, which
predicts contemporary Al adoption through technological path dependence but should not directly affect current labor markets
except through Al adoption. The second instrument uses cross country variation in broadband internet infrastructure quality,
which facilitates Al deployment but affects labor markets primarily through its effect on Al adoption rather than directly.

IV. EMPIRICAL RESULTS

Table 1 presents baseline ordinary least squares estimates of the relationship between Al adoption and aggregate labor
market outcomes. Column 1 shows that a one standard deviation increase in the Al Adoption Index is associated with a 0.8
percentage point reduction in the employment to population ratio (coefficient = -0.008, standard error = 0.003, significant at
1%). Column 2 reveals an offsetting increase in labor force participation of 0.3 percentage points, suggesting some workers
exit employment but remain in the labor force. Column 3 shows the net effect on unemployment: a modest 0.5 percentage
point increase (coefficient = 0.005, standard error = 0.002, significant at 5%).

Table 1: AT Adoption and Aggregate Labor Market Outcomes

Variable Employment Rate LF Participation | Unemployment
Al Adoption Index -0.008*** 0.003* 0.005**

(Std. Error) (0.003) (0.002) (0.002)
Observations 266 266 266

R-squared 0.847 0.812 0.789

Notes: *** p<0.01, ** p<0.05, * p<0.10. All models include country and year fixed effects.

Instrumental variable estimates confirm these findings while addressing endogeneity concerns. The first stage F
statistic of 23.7 exceeds conventional thresholds for weak instrument concerns. IV estimates are somewhat larger in
magnitude than OLS, with the employment effect increasing to 1.1 percentage points, suggesting that OLS may underestimate
the true causal effect due to reverse causality where tight labor markets slow Al adoption.

Heterogeneity analysis reveals substantial variation in Al effects across occupational categories. Routine cognitive
occupations, including administrative assistants, bookkeepers, and customer service representatives, experience the largest
employment reductions of 2.3% per standard deviation of Al adoption. In contrast, occupations requiring complex problem
solving and interpersonal interaction show employment increases of 1.8%, consistent with AI complementing rather than
substituting for these skills.

Wage effects exhibit even more pronounced heterogeneity. The overall effect on average wages is positive but modest,
with a 0.9% increase per standard deviation of Al adoption. However, examining effects by wage quintile reveals substantial
polarization. Wages in the top quintile increase by 3.8% (significant at 1%), while wages in the bottom two quintiles show
no significant change. Middle quintile wages decline by 1.4% (significant at 10%). These patterns confirm that Al adoption
exacerbates wage inequality by benefiting high earners while displacing middle earners.

V. POLICY IMPLICATIONS

Our findings carry substantial implications for labor market policy. The heterogeneous effects we document suggest
that broad based interventions may be less effective than targeted approaches addressing specific worker populations and
skill gaps. We identify several policy domains warranting attention.

First, education and training systems require fundamental reorientation toward skills that complement rather than
compete with Al capabilities. Our results indicate that analytical reasoning, complex communication, and interpersonal skills
demonstrate positive complementarity with Al adoption. Educational curricula should emphasize these capacities while
ensuring technological literacy that enables workers to effectively collaborate with Al systems. Countries with stronger
vocational training systems and higher rates of adult education participation show more favorable labor market adjustment
patterns.
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Second, social protection systems designed for stable employment relationships may be inadequate for labor markets
characterized by frequent transitions and evolving skill requirements. Portable benefits systems that decouple health
insurance, retirement savings, and paid leave from specific employers can facilitate mobility while maintaining worker
security. Our analysis shows that countries with more flexible social protection architectures experience lower unemployment
persistence following Al adoption.

Third, active labor market policies including job search assistance, training subsidies, and wage insurance can smooth
transitions for displaced workers. We find that countries with higher expenditure on active labor market programs experience
smaller employment reductions and faster reemployment of displaced workers. Particularly effective are programs combining
income support with retraining requirements and placement services.

Fourth, the geographic concentration of Al related job losses in certain regions suggests a role for place based policies
addressing community level disruption. Our analysis indicates that regions with diversified industrial bases and stronger
educational institutions demonstrate greater resilience to Al driven displacement. Investment in regional economic
development and infrastructure can expand opportunities for workers in affected communities.

VI. CONCLUSION

This study provides comprehensive empirical evidence on the labor market effects of artificial intelligence adoption
during a critical period of technological transformation. Our findings indicate that Al represents a significant but manageable
economic transition, with aggregate employment effects that are negative but modest in magnitude. The more concerning
pattern lies in the substantial heterogeneity of effects across worker groups, with middle skill workers in routine cognitive
occupations bearing disproportionate adjustment costs while high skill workers capture the majority of wage gains.

These results suggest that the policy challenge is not primarily one of aggregate job creation but rather of managing
distributional consequences and facilitating workforce transitions. Countries with strong educational systems, flexible social
protection, and active labor market policies demonstrate more favorable outcomes, suggesting that institutional design
matters considerably for translating technological progress into broadly shared prosperity.

Several limitations warrant acknowledgment. Our analysis period, while covering the emergence of generative Al,
remains relatively short, and longer term effects may differ as technology continues to evolve and economies fully adjust.
Measurement of Al adoption remains imperfect, and our instruments, while passing statistical tests, rely on assumptions that
cannot be definitively verified. The cross country comparative approach sacrifices some of the precision available in more
detailed within country studies.

Future research should extend this analysis as additional data become available, examine within country regional
variation in greater detail, and investigate the specific mechanisms through which educational and labor market institutions
moderate Al effects. The rapid pace of Al development ensures that understanding its economic implications will remain a
central challenge for researchers and policymakers in the years ahead.
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