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Abstract- Artificial Intelligence (AI) is recognized as a
primary change agent that influences various aspects of
economies the world over, and thus it profoundly changes
not only the number of jobs but also their quality. This
research summarizes the main points of the 2013-2025
research and draws a line for the transition of the studies’
framework from very first risk of automation evaluation
towards task-based and firm-level econometric models.
We, referring to the data provided by the OECD, ILO, and
the World Bank, try to understand the effects of Al as a
continuous process on job displacement, creation, and
reallocation. The results show that Al intensity and
employment elasticity are linked to a U-shaped
relationship which means that on one hand moderate AI
usage leads to employment growth and on the other hand
extreme automation causes employment decline. The
paper also deals with reskilling, education, and equal
technology governance issues raised as a consequence of
the policy implications. To sum up, the findings highlight
that Al serves as a revolutionary rather than a
replacement tool for the employment problem which
means that it is changing the nature of human work
rather than simply disengaging it.

Index Terms- Artificial Intelligence, Automation, Labor
Market, Employment Elasticity, Task-Based Modeling,
Workforce Transformation.

L INTRODUCTION

Artificial Intelligence (Al) is the main driver of the
Fourth Industrial Revolution, which integrates
computational learning, automation, and decision
intelligence into production, services, and public
administration. Inventions like machine learning
(ML), natural language processing (NLP), and
robotics have dramatically changed the way firms
operate and how employees communicate with
machines.
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As per the World Economic Forum (2023) report,
automation is likely to take away 85 million jobs
worldwide by 2025. However, it is also expected to
create 97 million new jobs hence, the major impact
will be a change in the types of jobs available rather
than a loss of jobs.

In their earlier research, Frey and Osborne (2013)
were the most prominent figures in estimating that up
to 47% of U.S. occupations could be automated.
Later on, the work by Arntz et al. (2016) adjusted this
figure to about 9% after consideration of task
heterogeneity. Subsequent models, like the task-
based economic framework by Acemoglu and
Restrepo (2019), revealed that the adoption of
technology leads to a mixture of displacement,
complementarity, and reallocation effects, which
together determine the final effect on employment.

Our study is a comprehensive review of theoretical
and empirical developments referenced by this work,
a quantitative evaluation, and an in-depth discussion
of the policy responses necessary to alleviate the
problem of inequality and enhance the workforce’s
ability to adapt.

II. LITERATURE OVERVIEW

A. Evolution of Research Focus

Research on Al-employment has gone through three
stages, each with a different focus:

‘Period HResearch Focus HRepresentative Works ‘

2013— ||Occupation-level ||Frey & Osborne (2013),
2016 |lautomation risk [|McKinsey (2017)

‘2016— HTask-based and HAutor (2015), Arntz et al. ‘
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‘Period ”Research Focus HRepresentative Works ‘

2020 |[theoretical (2016), Acemoglu &
modeling Restrepo (2019)

2020- |[|Firm-level & Al ||Felten et al. (2021), ILO
2025 |lexposure analysis |[(2022), OECD (2023)

Evolution of Research Focus on AI and Employment (2013-2025)

2013-2016 2016-2020 2020-2025

Qecupation-level Task-based & Firm-level &
Adtomation Rk Microecanomic Empirical Aalysis
Madels

i i v

(Figure 1: Evolution Of Research Focus on Al And
Employment)

The very first figures exaggerated the number of lost
jobs by the method of treating occupations as
indivisible units. By separating the automatable
subtasks and roles that can be complemented by
humans, task-level and firm-level models have fixed
that. The real-world data from AI industries show
that the elimination of jobs by automation is a rare
case; instead, the need for analytical, managerial, and
creative skills is increased.

B. Key Theoretical Models

e Skill-Biased Technological Change (SBTC):
As Al enhances high-skill cognitive tasks, it
causes wage and occupation polarization.

o Task-Based Economic Model: A job is a set of
tasks where some tasks can be automated,
replaced, or augmented by the technology.

e Creative Destruction: The invention that
abolishes the old roles, at the same time,
creates new sectors.

In essence, these models explain the change of
employment systems by Al technology through
innovative, substitutive, and productivity growth
feedback loops which are intricate.
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1. METHODOLOGY

A. Data Sources
The analytical framework draws in the different data
sources to model AI’s impact on the labor markets:

e O*NET Task Database: occupational task
descriptors and automation probabilities.

e JLO, OECD, World Bank: sectoral
employment, skill levels, and macroeconomic
indicators.

e Al Patent Database (WIPO/USPTO): proxies
for innovation intensity.

e Online Job Postings (LinkedIn, Indeed): real-
time indicators of Al skill demand.

B. Al Exposure Index

Using natural language processing (NLP), we
generate a composite Al Exposure Index (AIEI) that
maps job descriptions to Al capabilities:

AIEL):ZWiX‘Ci

where w; is the weight of the task in the occupation o,
and T1; is the Al-suitability score coming from the
usage of transformer-based embeddings (BERT
cosine similarity).

C. Econometric Estimation
Through a dynamic panel model, the employment
elasticity to Al intensity is derived:

In (EMPy) = ai + & + Piln(Aly) + B2ln(CAPy) +
Bsln(SKLy) + eit

where EMP denotes employment, CAP capital
investment, and SKL skill level. The U-shaped pattern
in B at different Al levels demonstrates that a
moderate use of Al leads to new jobs, whereas an
extreme level of automation results in a net loss of
jobs.

D. Machine Learning Augmentation

The sectoral datasets are used in training Gradient
Boosted Trees (GBT) and Random Forests (RF)
models, which in turn help prediction accuracy to be
enhanced:
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Y»=f (AIEI, Skills , GDP , Investment , Education)

The utilized evaluation criteria (R?, MAE, RMSE)
provide evidence for the hybrid econometric-ML
model's reliability, which combines interpretability
with the ability to make accurate predictions.

Peak Efficiency

Kimployment Elanticity

AT Adoption Intensity

(Figure 2: Conceptual U-shaped Employment
Elasticity vs. Al Intensity)

IV.  RESULTS AND DISCUSSION

A. Empirical Findings

The study unveils that sectors are quite different from
each other in terms of their characteristics and
features:

e Industries like Manufacturing and Finance
which have a high potential for automation
will face a short-term displacement of workers.

e On the other hand, Healthcare and Education
sectors can benefit from Al through the
collaboration of humans and machines.

e The IT sector and Creative Industries can be
seen as high-growth and promising ones with
the Al-driven productivity that they can
leverage.

IT/CREATIVE
EDUCATION
HEALTHCARE
FINANCE

MANUFACTURING

(Figure 3: Sectoral AI Exposure vs. Employment
Elasticity)

IRE 1715356

The changes over time demonstrate a three-stage labor
market transformation (2020-2035):

e Phase 1: Diminution of jobs in peril of being
performed by machines in a rapid and
straightforward way.

e Phase 2: Relocation of workers through
reskilling and labor market gains.

e Phase 3: Rise of novel occupations enabled by
Al

(Figure 4: Temporal Phases of Al-Driven Labor
Market Adjustment)

B. Policy and Educational Dimensions

Policy experimentation components indicate that
reskilling intensity and education system adaptability
largely contribute to employment shock alleviation.
Countries that are leaders in digital skills education
(e.g., Germany, Singapore, South Korea) show higher
recovery rates.

Simulation function:
A EMP =g (Al El, Policy , Skills , GDP)

Monte-Carlo simulations reveal a scenario where
intensive reskilling leads to an overall positive net
employment situation after 2030.

C. Socioeconomic Implications

The introduction of Al deepens the process of wage
polarization. What it does is it raises the wages for
high-skill jobs while the wages for low-skill jobs
remain unchanged. If there are no interventions, this
will increase the gap between rich and poor.
Nevertheless, the implementation of inclusive
governance (e.g. Al ethics frameworks, social safety
nets) can alleviate the distributive impact of such

changes.

V. LIMITATIONS AND FUTURE WORK

Even with thorough modeling, the authors
acknowledge several limitations:
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e Measurement Bias: The Al adoption metrics
used for measuring the indirect impact of Al
(such as patents and exposure indices) may
underestimate the automation that is done in a
less formal way.

e Temporal Scope: Limited longitudinal data
(pre-2030) hampers the possibility of a full
equilibrium assessment.

e Causal Inference: It remains a big challenge to
come up with the establishment of the
directionality (e.g., Al causes job change vs.
job change leads Al).

Next investigations are expected to:

e Have a longer longitudinal dataset (2025—
2045) to capture the delayed adaptation
effects.

e Extend the coverage to the Global South
(India, Nigeria, Indonesia) where the majority
of the labor force is engaged in the informal
sector.

e Use agent-based simulation models to
represent the interactions between firms and
workers.

e Use the integration of psychological and
behavioral research to understand how
workers perceive Al

VL.  CONCLUSION

This research finds that Artificial Intelligence
changes the game in a positive way, rather than
ending jobs, which are held by humans. Real-world-
data is telling that Al is breaking down the part of the
work that is more dependent on the routine tasks but
then it creates new openings through innovation,
productivity, and skill diversification. The U-shaped
employment elasticity pattern is the model which
shows the temporary nature of the displacement
followed by the augmentation.

The journey towards a globally accessible Al-driven
labor market is conditioned by the reskilling of
workers being ahead of the curve, the education
system that is adaptable, and the governance that is
fair. So, the next job challenge will be to figure out
how to use Al in a way that will maximize the output
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of human intelligence combined with machine
capability rather than to just oppose it.
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