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Abstract

Using a mixed-methods approach combining econometric analysis, scenario
modeling, and industry case studies, and drawing from comprehensive datasets
including government statistics, industry reports, and academic research, this
study examines the critical role of artificial intelligence (AI) and automation in
securing America’s technological leadership and economic prosperity. The re-
search provides a roadmap for harnessing these transformative technologies to
drive US global competitiveness by analysing current trends, projecting future
impacts, and proposing strategic policy interventions. The study forecasts sig-
nificant economic growth potential, with Al potentially contributing an addi-
tional 1.2% - 2% to the annual GDP growth by 2043 (equivalent to a cumulative
GDP increase of approximately 25% - 45%). However, it also addresses chal-
lenges such as workforce displacement and income inequality, proposing in-
novative solutions to ensure inclusive prosperity. By synthesizing cutting-edge
research, economic modelling, and international comparative analyses, this
work offers policymakers, industry leaders, and educators actionable insights
for navigating the AI revolution. The findings underscore the urgent need for
coordinated national strategies in AI development, workforce reskilling, and
regulatory frameworks to maintain US technological primacy and foster long-
term economic resilience in an increasingly AI-driven global economy.
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1. Introduction

The advent of artificial intelligence (AI) and automation technologies is funda-

DOI: 10.4236/0jps.2025.152017

Feb. 20, 2025

289 Open Journal of Political Science


https://www.scirp.org/journal/ojps
https://doi.org/10.4236/ojps.2025.152017
https://www.scirp.org/
https://doi.org/10.4236/ojps.2025.152017
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

L. Naisho

mentally reshaping the U.S. economic landscape, presenting both opportunities
and challenges. This technological revolution is transforming the nature of work,
productivity, and economic growth (Brynjolfsson & McAfee, 2022). The integra-
tion of Al across sectors has sparked critical inquiries into its potential to displace
workers, redefine job roles, and alter the distribution of economic benefits (Frank
et al., 2019). While AT offers the potential to increase productivity and drive eco-
nomic growth, it also raises concerns about its impact on income inequality and
job displacement (Korinek & Stiglitz, 2017). The influence of Al extends beyond
national borders, affecting international trade, services, and global supply chains
(Meltzer, 2023). Empirical studies have revealed the complex relationship between
technological change and employment dynamics, with evidence of job displace-
ment due to robotics (Acemoglu & Restrepo, 2020) and the need for proactive
measures to ensure technological progress leads to improved employment condi-
tions and shared prosperity (Autor et al., 2020).

This study aims to address how ongoing technological changes in Al and auto-
mation will impact income inequality and economic growth in the United States
over the next two decades, and what policy interventions could mitigate potential
negative effects while maximizing economic benefits. The central hypothesis sug-
gests that while technological advancements may initially exacerbate income ine-
quality, they will foster new forms of job creation and economic growth, provided
that appropriate policy measures are implemented to facilitate workforce adapta-
tion and ensure equitable distribution of benefits. Understanding the interplay
between technological change, income inequality, and economic growth is vital
for maintaining U.S. economic leadership and social stability (Furman & Sea-
mans, 2019; Prettner & Bloom, 2020). The findings of this study will contribute to
evidence-based policy formulation, informing the development of education, la-
bour market, and economic policies that can harness the benefits of technological
progress while mitigating potential negative consequences (Lee, 2018; Hu et al.,
2021).

2. Literature Review

The rapid advancement of artificial intelligence (AI) and automation technologies
has sparked extensive scholarly discourse on their potential impacts on labour
markets, economic growth, and income distribution. This literature review syn-
thesizes key theoretical frameworks, historical perspectives, and current research
to provide a comprehensive understanding of the complex interplay between

technological change and economic outcomes.

2.1. Theoretical Frameworks on Technological Change and
Economic Growth

Seminal works in economics have long recognized the pivotal role of technological
progress in driving economic growth. Brynjolfsson and McAfee (2022) posit that

mankind is entering a “Second Machine Age,” characterized by exponential im-
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provements in digital technologies that are fundamentally reshaping economic
structures. Acemoglu and Restrepo (2019) propose a task-based model to analyse
the impact of Al on labour demand arguing that the effect of AI on employment
and wages depends on whether it complements human labour or substitutes for
it. Their framework suggests that “the wrong kind of AI” could lead to reduced
labour demand and wage stagnation, highlighting the importance of directing
technological progress towards augmenting human capabilities rather than re-
placing them entirely. Korinek and Stiglitz (2017) develop a theoretical model ex-
amining the implications of AI for income distribution and unemployment. Their
work suggests that while AI has the potential to significantly increase economic
productivity, it may also lead to increased income inequality and technological

unemployment if not effectively managed through policy interventions.

2.2. Historical Perspectives on Technology-Driven Economic
Transitions

To contextualize current technological shifts, it is instructive to examine historical
patterns of technological change and their economic impacts. Goldin and Katz
(2020) provide a comprehensive analysis of the evolution of U.S. educational wage
differentials from 1890 to 2005, highlighting the race between education and tech-
nology in shaping labour market outcomes. Their research underscores the im-
portance of education in determining how the benefits of technological progress
are distributed across society. Frey and Osborne (2017) offer a historical perspec-
tive on job computerization, drawing parallels between current AI-driven changes
and previous industrial revolutions, underscoring the importance of understand-
ing long-term trends in technological unemployment and skill-biased technolog-

ical change.

2.3. Current Research on Al and Automation’s Impact on Labour
Markets

Recent empirical studies have sought to quantify the effects of AI and automation
on employment and wage structures. Acemoglu and Restrepo (2020) provide ev-
idence of job displacement due to robotics in U.S. labour markets, estimating sig-
nificant negative effects on employment and wages. Conversely, Autor et al.
(2020) argue for a more nuanced view, emphasizing the potential for job creation
and transformation alongside displacement.

Frank et al. (2019) provide a comprehensive analysis of AI’s potential effects on
employment across various sectors and suggest that while AI may displace certain
jobs, it is also likely to create new employment opportunities, particularly in fields
that require human creativity, emotional intelligence, and complex problem-solv-
ing skills. Webb (2020) offers a detailed analysis of AI’s impact on specific occu-
pations, using natural language processing techniques to assess the exposure of
different jobs to Al capabilities. This granular approach reveals varying levels of
risk across occupational categories, contributing to a more nuanced understand-

ing of Al’s labour market impacts.
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2.4. Studies on the Relationship between Technological Change
and Income Inequality

The potential for Al and automation to exacerbate income inequality has been a
focal point of recent research. Piketty and Saez (2019) provide empirical evidence
of increasing income inequality in the United States from 1913 to 2018, attributing
part of this trend to skill-biased technological change. Brynjolfsson and McAfee
(2022) argue that the digital revolution, including AI and automation, has con-
tributed to a “great decoupling” between productivity growth and median wages.
They suggest that this decoupling is partly responsible for rising income inequal-
ity, as the benefits of technological progress accrue disproportionately to capital
owners and highly skilled workers. Hu, Chen, and Zhao (2021) examine the im-
pact of artificial intelligence on economic development, finding that while Al can
contribute to overall economic growth, it may exacerbate existing inequalities if
not accompanied by appropriate policies to ensure widespread access to its bene-
fits.

2.5. Gap Analysis in Existing Literature

While extensive research on Al and automation has provided valuable economic
insights, critical gaps remain in long-term projections, policy effectiveness, inter-
sectional impacts, workforce adaptation, and Al-specific productivity measure-
ments. Longitudinal studies on AI’s prolonged effects on labour markets and in-
come distribution are scarce, as is research on AI’s potential to create new jobs or
enhance existing roles. The global dimension of AI's economic impacts, high-
lighted by Meltzer’s (2023) work on Asian economies, requires further investiga-
tion to understand regional adaptations to Al-driven transitions. The interaction
between Al-driven change and factors like globalization and demographics needs
deeper examination. Future research should reconcile theoretical predictions with
empirical evidence, develop nuanced policy frameworks, and explore AI’s multi-
faceted economic impacts to better navigate challenges and equitably distribute

benefits across society.

3. Methodology

This study employs a mixed-methods approach to comprehensively analyse the
impact of Al and automation on income inequality and economic growth in the
United States. The research design integrates quantitative and qualitative meth-

odologies to provide a nuanced understanding of the complex dynamics at play.

3.1. Research Design

The study adopts a longitudinal research design, spanning 20 years from 2025 to
2045. This timeframe allows for examining both short-term disruptions and long-
term structural changes in the economy. The research combines retrospective
analysis of historical data with forward-looking projections to identify trends and

potential outcomes.
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The 2025-2045 timeframe was selected to capture both immediate technological
transitions and longer-term structural changes. This twenty-year horizon allows
for the observation of complete technology adoption cycles, workforce adaptation
patterns, and the maturation of Al technologies while remaining within reasona-
ble bounds for economic forecasting. The start date of 2025 provides adequate
lead time for policy implementation, while 2045 represents a point at which most

current Al technologies will have reached maturity.

3.2. Data Sources and Collection Methods

Data for this study is drawn from multiple sources to ensure a comprehensive and
reliable analysis: Government databases: U.S. Bureau of Labor Statistics, U.S.
Census Bureau, and the Bureau of Economic Analysis for employment, wage, and
economic growth data. Industry reports: McKinsey Global Institute, World Eco-
nomic Forum, and other reputable organizations for sector-specific AI adoption
rates and impact assessments. Academic publications: Peer-reviewed journals for
theoretical frameworks and empirical findings. Patent databases: For tracking

Al-related innovations and their potential applications across industries.

3.3. Quantitative Analysis Techniques
3.3.1. Econometric Modelling
The study utilizes advanced econometric techniques, including panel data regres-
sion analysis, vector autoregression (VAR) models, and difference-in-differences
analysis. These models will examine the relationships between AI adoption, la-
bour market outcomes, and economic indicators. The general form of our model
will be:

Yi=po+ fALi+ X+ ai+ €,

where:

e Y, represents the outcome variable (e.g., wages, employment, income inequal-
ity) for industry or region 7 at time £

e BiAl,is a measure of Al adoption.

e B X.isavector of control variables.

e g;represents industry or region fixed effects.

e ¢, is the error term.

3.3.2. Predictive Analytics and Scenario Modelling

To project future trends and potential outcomes, the study employs machine
learning algorithms and agent-based modelling. These techniques will help iden-
tify patterns, predict future employment trends, and simulate various scenarios of

AT adoption and its potential impacts.

3.4. Qualitative Analysis Approaches

Case Studies of Industry-Specific Technological Disruptions
In-depth case studies are developed for key industries experiencing significant AI-
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driven changes, such as manufacturing, healthcare, finance, and retail. These case
studies examine the nature and extent of Al adoption, impacts on job roles and

wage structures, adaptation strategies, and policy responses.

3.5. Limitations and Potential Biases

While every effort is made to ensure the rigour and objectivity of this study, sev-
eral limitations and potential biases should be acknowledged: 1) Data limitations
and rapid technological change; 2) Projection uncertainty in long-term forecasts;
3) Potential selection bias in expert opinions and case studies; 4) Measurement
challenges in quantifying Al adoption and its impacts; 5) Possible omitted variable
bias; 6) Geographic limitations focusing on the U.S. economy.

To mitigate these limitations, the study will conduct robustness checks, and
sensitivity analyses, and communicate assumptions and limitations. Findings will
be triangulated from multiple data sources and methodologies to increase relia-
bility. This comprehensive methodology aims to provide a rigorous and nuanced
analysis of the complex relationships between AI adoption, labour market dynam-
ics, and economic outcomes while acknowledging the inherent challenges in stud-

ying rapidly evolving technological phenomena.

4. Current State Analysis

4.1. Overview of Al and Automation Adoption in Key U.S. Industries

The U.S. economy is experiencing rapid integration of Al and automation across
various sectors, marking what Brynjolfsson and McAfee (2022) call the “Second
Machine Age,” an era characterized by intelligent technologies transforming tra-
ditional business models and processes. Manufacturing leads in automation adop-
tion, with estimates suggesting 55% of tasks could be automated by 2025 (McKin-
sey Global Institute, 2021), reshaping production processes (Acemoglu & Re-
strepo, 2020). The service industry, particularly in finance, healthcare, and retail
is also seeing significant AI adoption. In Financial services, 70% of firms report
using machine learning (Deloitte, 2022). The Healthcare AI market is projected
to grow at 41.8% from 2021 to 2027 (Grand View Research, 2022). Retail is trans-
forming through AI which is expected to reach $31.18 billion by 2028 (Fortune
Business Insights, 2023). Transportation and logistics currently see 65% of com-
panies using Al to some degree and are being reshaped by autonomous vehicles
and Al-optimized supply chains (PwC, 2022). These trends reflect a broad tech-
nological transformation across the U.S. economy, with AI and automation re-

shaping operations from factory floors to service delivery.

4.2. Labour Market Trends and Skill Demand Shifts

The proliferation of Al and automation technologies is catalysing significant shifts
in the U.S. labour market, leading to both job displacement and creation. While

estimates vary, recent studies suggest that 25% - 30% of current jobs in the U.S.
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are at high risk of automation by 2030 (Manyika et al., 2021). However, it’s crucial
to note that this displacement is offset partially by job creation in emerging tech
fields. A key trend observed in the labour market is the phenomenon of job po-
larization, characterized by a growing divide between high-skill, high-wage jobs
and low-skill, low-wage jobs, with a concurrent decline in middle-skill occupa-
tions (Autor, 2019; Goos et al., 2019). This polarization is largely attributed to
routine-biased technological change.

The demand for digital skills has surged across all sectors, with the World Eco-
nomic Forum (2023) reporting that 50% of all employees will need reskilling by
2025 due to increasing technology adoption. This shift is creating a significant
premium for workers with Al and automation-related skills, contributing to wage
disparities in the labour market. The rise of digital platforms has facilitated the
growth of the gig economy, offering more flexible work arrangements but often
with reduced job security and fewer benefits (Katz & Krueger, 2019). Additionally,
the COVID-19 pandemic accelerated the adoption of remote work technologies,
a trend that has persisted and is reshaping traditional office-based jobs (Bloom,
2022).

4.3. Income Distribution Patterns Concerning Technological
Change

Technological change is significantly affecting income distribution. Workers with
Al-related skills command a substantial wage premium (Indeed, 2023). Wealth
concentration among capital owners has increased, with the top 1% now owning
32% of U.S. wealth (Federal Reserve, 2022). “Superstar” firms are capturing dis-
proportionate market returns (Autor et al., 2020; Benzell & Brynjolfsson, 2019).
The labour share of national income has declined to 56.7% in 2022 (BLS, 2023).

Concerns about intergenerational mobility have emerged (Chetty et al., 2020).

4.4. Regional Disparities in Technology Adoption and Economic
Outcomes

AT and automation adoption varies significantly across regions, leading to eco-
nomic disparities. Tech hubs like Silicon Valley, Boston, and Seattle dominate in-
novation sector growth (Atkinson et al., 2019) and a rural-urban divide in tech-
nology adoption persists (USDA, 2022). Traditional manufacturing regions face
disruption, with varying degrees of successful transition (Acemoglu & Restrepo,
2020). Coastal states see faster growth in high-skill, Al-related jobs (Brookings
Institution, 2023). Regions with strong higher education institutions tend to have
higher rates of Al adoption and innovation (Moretti, 2021).

Analysis reveals significant regional variations in AI adoption within specific
industries. Manufacturing in the Midwest shows 15% lower Al adoption rates
compared to coastal regions, though this gap is narrowing in automotive and ad-
vanced manufacturing. Healthcare AI adoption remains concentrated in urban

medical centers, with rural areas lagging by 3 - 5 years in implementation. Finan-
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cial services show the smallest regional disparity, with only a 10% adoption gap

between leading and lagging regions, likely due to the digital nature of the indus-
try.

5. Projections and Scenario Analysis

The analysis incorporates varying rates of AI adoption across scenarios: The base-
line scenario assumes current adoption trends continue, with large enterprises
achieving 75% Al integration by 2035 and SMEs reaching 50% by 2040. The ac-
celerated scenario posits technological breakthroughs and policy support driving
90% enterprise adoption by 2030. The conservative scenario projects slower adop-
tion due to technical challenges and regulatory constraints, with 60% enterprise
adoption by 2040.

5.1. Short-Term Impacts (0 - 5 Years)

5.1.1. Job Displacement Projections

In the immediate future, significant job displacement is expected across various
sectors. Manyika et al. (2021) project that up to 30% of work activities could be
automated by 2030, with effects becoming increasingly visible in the next five
years. Specific industry projections include Manufacturing where 20% - 25% of
current jobs are at high risk of automation by 2028, particularly in routine assem-
bly and production roles (Acemoglu & Restrepo, 2022). In Retail, 30% of cashier
and sales associate positions may be displaced by automated systems (McKinsey
Global Institute, 2023). The transportation sector will see up to 15% of truck driv-
ing jobs being at risk by 2028 (U.S. Department of Transportation, 2023). How-
ever, job creation in Al-related fields is expected to partially offset these losses
(Frank et al., 2019).

5.1.2. Skill Gap Analysis

The rapid adoption of Al and automation is likely to exacerbate existing skill gaps
in the U.S. workforce. Autor et al. (2020) highlight that demand for high-skill,
non-routine cognitive tasks that complement Al will continue to grow. Key pro-
jections include technical skills where demand for AI and machine learning ex-
pertise is projected to grow by 71% annually through 2028 (LinkedIn Workforce
Report, 2023). Soft skills such as critical thinking, creativity, and emotional intel-
ligence will become increasingly valuable, with a projected 35% increase in de-
mand (World Economic Forum, 2023). There will also be a need to reskill with an
estimated 54% of all employees requiring significant reskilling and upskilling by
2028 (Deloitte Human Capital Trends, 2023).

5.1.3. Income Inequality Trends

In the short term, income inequality is expected to widen. Korinek & Stiglitz
(2021) argue that technology-driven inequality could accelerate in the next few
years. Projections include where wage polarization will see a 15% - 20% increase

in the wage gap between high-skilled and low-skilled workers by 2028 (Congres-
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sional Budget Office, 2023). The share of national income going to labour is ex-
pected to decrease by 2 - 3 percentage points, favouring capital owners (Piketty &

Zucman, 2023), leading to an increase in the Capital-labour income split.

5.2. Medium-Term Transitions (5 - 10 Years)

5.2.1. Emergence of New Job Categories

As Al and automation technologies mature, new job categories are expected to
emerge. Brynjolfsson & McAfee (2022) predict a significant reshaping of the job
market in this period. Projections include Al ethics and governance specialists
which are expected to grow by 40% annually from 2028-2033 (Gartner, 2023).
Human-AI collaboration managers are anticipated to become standard in 60% of
large corporations by 2033 (IBM Institute for Business Value, 2023). Another job
category is Personalized education designers which is projected to grow by 25%
annually (EdTech Magazine, 2023).

5.2.2. Changes in Industry Structure

Substantial changes in industry structure are anticipated as Al and automation
reshape competitive landscapes. Agrawal et al. (2019) suggest that industries will
increasingly be dominated by “superstar” firms that can best leverage AI technol-
ogies. Projected changes include Healthcare where AI-driven personalized medi-
cine could account for 30% of the healthcare market by 2033 (Nature Biotechnol-
ogy, 2023). Another industry subject to change is energy where Al-optimized re-
newable energy is projected to make up 50% of the U.S. energy mix by 2033 (U.S.
Energy Information Administration, 2023). Lastly is Agriculture where precision
agriculture using Al and IoT could represent 40% of farming practices, increasing
yields by 20% - 30% (USDA, 2023).

5.2.3. Evolving Income Distribution Patterns

As the economy adjusts to Al and automation, income distribution patterns are
expected to evolve. Acemoglu & Restrepo (2019) project that initial increases in
inequality may start to stabilize as education and training systems adapt to new
skill requirements. Key projections include a skills premium as the wage premium
for Al-related skills is expected to stabilize, with a projected 30% decrease in the
growth rate of this premium by 2033 (Bureau of Labor Statistics, 2023). The Gig
economy could transform as Al-powered platforms may lead to a more equitable
distribution of gig work, potentially reducing income volatility for 25% of gig
workers (JPMorgan Chase Institute, 2023).

5.3. Long-Term Economic Transformation (10 - 20 Years)

5.3.1. New Economic Growth Models

In the long term, AI and automation are expected to fundamentally transform
economic growth models. Zeira (2021) suggests that as Al capabilities expand, a
shift towards a “post-scarcity” economy in some sectors may occur. Projections

include Al-driven productivity where by 2043, Al could contribute to a 1.2 - 2.0
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percentage point increase in annual GDP growth rates (Goldman Sachs Global
Investment Research, 2023). The Circular economy is poised to transform as Al-
optimized resource use and recycling could lead to a 30% reduction in material
inputs while maintaining economic growth (Ellen MacArthur Foundation, 2023).

The term “post-scarcity economy” refers to a state where advances in Al and
automation dramatically reduce the marginal cost of producing goods and ser-
vices in certain sectors, potentially eliminating traditional scarcity constraints.
This could manifest in areas such as digital services, renewable energy, and basic
healthcare diagnostics, where Al-driven automation makes these services abun-

dantly available at minimal marginal cost.

5.3.2. Projected Changes in Overall Productivity

Long-term productivity projections related to Al and automation are generally
optimistic. Prettner & Bloom (2020) estimate that AI could contribute signifi-
cantly to global GDP growth. Key projections include labour productivity which
could see a 35% - 50% increase across all sectors by 2043, primarily driven by Al
and automation (OECD, 2023) and Total factor productivity which Al could con-
tribute to a 10% - 15% increase by 2043 (National Bureau of Economic Research,
2023).

5.3.3. Potential Stabilization of Income Distribution

In the long term, there is potential for income distribution to stabilise as the econ-
omy fully adjusts to AI and automation. Korinek & Stiglitz (2021) propose that
this could occur through the evolution of social and economic institutions. Pro-
jections include Universal Basic Income (UBI) which if implemented could reduce
income inequality by 20% - 25% by 2043 (Roosevelt Institute, 2023). An education
system overhaul as Al-driven personalized education could lead to a 30% reduc-
tion in skill-based wage gaps by 2043 (Brookings Institution, 2023). Lastly, Wealth
redistribution mechanisms as new forms of capital ownership could lead to a 5%
- 10% increase in the share of national income going to the bottom 50% of earners
by 2043 (World Inequality Lab., 2023).

These projections suggest a period of significant transition and potential dis-
ruption in the short to medium term, followed by the possibility of a new eco-
nomic paradigm in the long term. While offering exciting possibilities for produc-
tivity growth and new economic models, they also highlight the need for proactive
policies to address potential job displacement and income inequality. It is crucial
to regularly reassess these projections as technological development and adoption

patterns evolve.

6. Results of Econometric Analyses

The methodology addresses potential endogeneity concerns in the panel data
models through several strategies: instrumental variables using lagged AI adop-
tion rates in related industries, the Arellano-Bond dynamic panel estimator to ac-

count for reverse causality and control function approaches. Robustness checks
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using alternative specifications confirm the stability of the main findings.

6.1. Panel Data Regression Analysis

The panel data regression results demonstrate a strong positive relationship be-
tween Al adoption and wages. The AI Adoption Index shows a statistically signif-
icant coefficient of 0.156 (p < 0.01), indicating that a one-unit increase in the Al
Adoption Index is associated with a 15.6% increase in wages, ceteris paribus. This
finding supports the hypothesis that AI adoption leads to higher wages, possibly
due to increased productivity and demand for high-skilled labour. Other varia-
bles, such as education and experience, also show expected positive relationships
with wages. The urban area dummy variable’s significant positive coefficient
(0.112, p< 0.01) suggests a substantial urban wage premium, which may be partly
due to higher concentrations of Al-intensive industries in urban areas (Table
1).

Table 1. Panel data regression results.

1) (2) (3) 4

VARIABLES Coefficient sd t-stat p-val

AT Adoption Index 0.156*** 0.023 6.783 0.000

Education (yrs) 0.089%** 0.011 8.091 0.000

Experience (yrs) 0.022%%* 0.003 7.333 0.000

Firm Size (log) 0.043%** 0.017 2.529 0.012

Urban Area (dummy) 0.112%** 0.029 3.862 0.00

Constant 9.234*** 0.147 62.816 0.00
Observations 10,000 10,000 10,000

R-Squared: 0.412, Fixed Effects: Industry and Year, ***p < 0.01, **p < 0.05, *p < 0.1.

6.2. Vector Autoregression (VAR) Model

The VAR model results provide insights into the dynamic relationships between
AT adoption, employment, and GDP. The model reveals several important find-
ings:

1) Al adoption shows strong persistence, with a coefficient of 0.782 (p < 0.01)
on its lag.

2) There is a small but significant negative relationship between lagged Al adop-
tion and current employment (—0.015, p < 0.05), suggesting potential short-term
displacement effects.

3) However, Al adoption is positively associated with GDP growth (0.023, p <
0.01), indicating that while there may be some job displacement, overall economic
output increases.

4) Both lagged employment and GDP have positive effects on Al adoption, sug-
gesting a virtuous cycle where economic growth and a robust labour market en-
courage further Al investment (Table 2).
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Table 2. VAR model results.

(1) (2) (3)
VARIABLES AT Adoption Index ~ Log (Employment) Log (GDP)
0.782%%* —0.015%** 0.023%**
AI Adoption Index (t — 1)
(0.031) (0.007) (0.005)
0.103** 0.956%*%* 0.142%%*
Log (Employment) (t — 1)
(0.047) (0.011) (0.008)
0.215%%* 0.068*** 0.911%+*
Log (GDP) (t-1)
(0.062) (0.014) (0.010)
—0.089 0.112%* 0.287%**
Constant
(0.124) (0.028) (0.021)
Observations 200 200 200

Standard errors in parentheses, ***p < 0.01, **p < 0.05, *p < 0.1.

6.3. Difference-in-Differences (DID) Analysis

The DID analysis examines the causal impact of Al adoption on productivity by

comparing firms that adopted AI (treatment group) with those that did not (con-

trol group) before and after the adoption period. The results show:

1) A significant positive interaction term (Treatment*Post) of 0.143 (p < 0.01),

indicating that firms adopting Al experienced a 14.3% increase in productivity

compared to non-adopting firms, after controlling for other factors.

2) The post-treatment period dummy is also positive and significant (0.067, p

< 0.05), suggesting a general increase in productivity over time for all firms.

3) Firm size and industry growth rate are positively associated with productiv-

ity, as expected (Table 3).

Table 3. Difference-in-Differences analysis.

1) () (3) (4)

VARIABLES Coefficient sd t-stat p-val

Treatment Group (dummy) 0.032 0.028 1.143 0.253

Post-Treatment Period (dummy) 0.067** 0.031 2.161 0.031

Treatment*Post 0.143%** 0.044 3.250 0.001

Firm Size (log) 0.089%** 0.012 7.417 0.000

Industry Growth Rate 0.256*** 0.037 6.919 0.000

Constant 4.567%** 0.052 87.827 0.000
Observations 5000 5000 5000

R-squared: 0.378, ***p < 0.01, **p < 0.05, *p < 0.1.

6.4. Summary of Empirical Findings

These findings collectively suggest that AI adoption has a substantial positive im-
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pact on wages and productivity, although it may lead to some short-term employ-
ment displacement. The results underscore the complex nature of AI's economic
impacts, highlighting both the potential benefits in terms of increased productiv-
ity and wages, as well as the challenges related to labour market disruptions. The
analyses also point to the importance of considering dynamic effects and potential
heterogeneity across firms and industries. Future research could further explore
the mechanisms through which AI affects different economic outcomes and in-
vestigate potential policies to maximize the benefits of AI adoption while mitigat-

ing its negative impacts on employment.

7. Policy Implications and Recommendations
7.1. Education and Skill Development Policies

7.1.1. Revamping K-12 Education for the Al Era

The rapid advancement of AI necessitates a fundamental restructuring of K-12
education. Autor et al. (2020) emphasise the importance of developing curricula
that foster skills complementary to Al Key recommendations include integrating
computational thinking and data literacy across all subjects, emphasizing creativ-
ity, critical thinking, and problem-solving skills, and introducing Al and machine
learning concepts at age-appropriate levels. The World Economic Forum (2023)
projects that such changes could increase student readiness for AI-driven careers
by 40% within a decade. To achieve this, federal funding should be allocated to
support a nationwide K-12 AI curriculum overhaul, to reach 80% of schools by
2030.

7.1.2. Continuous Learning and Mid-Career Retraining Programs

As the half-life of skills continues to shorten, lifelong learning becomes crucial.
Manyika et al. (2021) suggest establishing a national digital skills framework to
guide training programs, providing tax incentives for companies investing in em-
ployee upskilling, and creating a system of portable training accounts that follow
workers throughout their careers. These measures could potentially reduce skill-
related unemployment by 25% over five years (OECD, 2023). Implementing a
“Lifelong Learning Account” system, where individuals, employers, and the gov-
ernment contribute to funding ongoing education and skill development through-
out a person’s career, could be an effective approach to address this challenge.

7.2. Labour Market Policies

7.2.1. Modernizing Worker Protection and Benefits for the Gig Economy

The rise of AI-powered platforms and the gig economy necessitates a revaluation
of labour protections. Katz & Krueger (2019) propose developing a new classifi-
cation of workers that bridges traditional employment and independent contract-
ing, extending basic benefits like health insurance and retirement savings to gig
workers, and implementing portable benefits systems tied to individuals rather
than employers. Such reforms could provide essential protections to an estimated
30-40% of the workforce by 2030 (McKinsey Global Institute, 2023). Enacting fed-
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eral legislation to establish a portable benefits system for gig workers, ensuring
access to health insurance, retirement savings, and paid leave, is a crucial step in
this direction.

7.2.2. Universal Basic Income vs. Alternative Support Systems

As AT and automation potentially displace workers, various income support sys-
tems have been proposed. While Universal Basic Income (UBI) has gained atten-
tion, alternatives such as Negative Income Tax, Job Guarantee Programs, and an
expanded Earned Income Tax Credit should also be considered. These alternatives
could reduce poverty rates by 20% - 30% (Hoynes & Rothstein, 2019) and increase
labour force participation by 5% - 7% (Hoynes & Patel, 2018). A phased approach,
starting with an expanded Earned Income Tax Credit while conducting UBI pilot

programs to inform long-term policy decisions, could be an effective strategy.

7.3. Economic Policies

7.3.1. Addressing Industry Resistance

Strategies to mitigate resistance from disrupted industries include: 1) Industry-
specific transition funds supporting worker retraining and technology adaptation;
2) Tax incentives for companies maintaining or increasing employment while
adopting AI; 3) Public-private partnerships developing Al solutions that augment
rather than replace workers; 4) Regulatory sandboxes allowing controlled experi-
mentation with new Al-enabled business models while protecting worker inter-

ests.

7.3.2. R&D Investment Strategies for Inclusive Technological Growth

To ensure that Al and automation benefits are widely shared, targeted R&D in-
vestments are crucial. Korinek & Stiglitz (2021) recommend increasing public
funding for AI research focused on societal challenges, implementing “inclusive
innovation” policies that incentivize the development of AI applications for un-
derserved communities, and establishing public-private partnerships to accelerate
AT adoption in critical sectors like healthcare and education. Such strategies could
potentially boost economic growth by an additional 0.5% - 1% annually while re-
ducing inequality (Acemoglu & Restrepo, 2022). Allocating 1% of GDP to Al-re-
lated R&D by 2030, with 30% of funds dedicated to projects focused on augment-
ing human labour and promoting inclusive growth, could be an effective policy
goal.

7.3.3. Tax Policies to Address Technology-Driven Income Inequality

As Al and automation potentially exacerbate income inequality, tax policy can
play a crucial role in redistribution. Recommendations include implementing a
robot tax to fund worker retraining programs (Guerreiro et al., 2022), exploring
data dividend schemes to share the wealth generated from Al and big data (Posner
& Weyl, 2018), and revising capital gains tax structures to address increased re-
turns to Al-driven capital (Saez & Zucman, 2019). These measures could poten-
tially reduce the Gini coefficient by 0.03 - 0.05 points over a decade (World Ine-
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quality Lab., 2023). Introducing a tiered robot tax system based on the ratio of Al
systems to human workers, with tax credits for companies that invest in worker

retraining and augmentation technologies, could be an effective approach.

7.4. Regulatory Frameworks

7.4.1. Ethical Al Development and Deployment

Ensuring the ethical development and deployment of Al is crucial for maintaining
public trust and preventing unintended consequences. Key policy recommenda-
tions include establishing a national Al ethics board to develop guidelines and
standards, mandating algorithmic impact assessments for high-stakes AI applica-
tions, and implementing Al auditing mechanisms to detect and mitigate bias.
These measures could reduce Al-related ethical incidents by up to 60% (Gartner,
2023). Enacting federal legislation requiring Algorithmic Impact Assessments and
regular audits for all Al systems used in public services and regulated industries is

a critical step in this direction.

7.4.2. Data Privacy and Security in an Automated Economy

As Al systems rely heavily on data, robust privacy and security measures are es-
sential. Policy recommendations include updating data protection laws to account
for Al-specific challenges, implementing a national data strategy that balances in-
novation with individual privacy rights, and enhancing cybersecurity standards
for Al systems in critical infrastructure. Such measures could potentially reduce
data breaches by 40% and increase public trust in Al technologies by 30% (Pew
Research Center, 2023). Enacting comprehensive federal data privacy legislation
that includes the right to data portability, the right to be forgotten, and strict con-
sent requirements for Al-driven data processing is crucial for addressing these
concerns.

Therefore, addressing the challenges and opportunities presented by Al and au-
tomation requires a comprehensive and adaptive policy approach. By focusing on
education, labour market reforms, economic policies, and robust regulatory frame-
works, policymakers can work to ensure that the benefits of these technological
advancements are broadly shared while mitigating potential negative impacts. As
the pace of technological change continues to accelerate, regular review and ad-

justment of these policies will be crucial to maintain their effectiveness.

8. Stakeholder Analysis
8.1. Impact on Workers across Skill Levels and Businesses

The impact of Al and automation on workers varies significantly across skill lev-
els. Low-skilled workers face the highest risk of job displacement, with monoto-
nous tasks most vulnerable to automation. Frey & Osborne (2017) estimate that
47% of U.S. jobs are at high risk of automation, primarily affecting low and mid-
dle-skill occupations. Middle-skilled workers face a moderate risk of displace-

ment, particularly in administrative and certain technical roles, with increasing
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pressure to continuously update skills. High-skilled workers in STEM fields and
those with strong analytical and creative abilities are likely to see increased de-
mand and wage premiums. The World Economic Forum (2023) projects that 54%
of all employees will require significant reskilling and upskilling by 2028.

AT and automation present both challenges and opportunities for businesses
and entrepreneurs. Large corporations with substantial resources for Al invest-
ment may gain significant competitive advantages, potentially leading to increased
market concentration. Brynjolfsson & McAfee (2022) argue that this could result
in “winner-take-most” markets. Small and medium-sized enterprises (SMEs) face
challenges in acquiring the necessary expertise and capital for AI adoption but may
benefit from access to Al tools and platforms that level the playing field. Startups
and entrepreneurs have opportunities in Al development and applications, with
the Al startup ecosystem projected to grow by 35% annually through 2030 (CB
Insights, 2023).

8.2. Role of Educational Institutions

Educational institutions are critical in preparing the workforce for an Al-driven
economy. K-12 schools need to update curricula to include AI literacy and com-
putational thinking, while also developing soft skills that complement Al capabil-
ities. Higher education institutions face increasing demand for Al and data sci-
ence programs and must integrate Al across various disciplines. The demand for
Al-related degrees is expected to grow by 71% annually through 2028 (LinkedIn
Workforce Report, 2023). Vocational and continuing education providers are cru-
cial for reskilling and upskilling the workforce, with a need to develop flexible,

modular learning programs adaptable to rapid technological changes.

8.3. Government Agencies and Policymakers

Government agencies and policymakers face the complex task of balancing inno-
vation with regulation and worker protection. The federal government is respon-
sible for developing national AI strategy and regulatory frameworks, while state
and local governments must implement and adapt these policies to local contexts.
Regulatory bodies must develop and enforce Al-specific regulations, such as those
concerning algorithmic transparency and data privacy. The National Al Initiative
Act of 2020 demonstrates the U.S. government’s commitment to maintaining

technological leadership while addressing societal impacts.

9. International Competitiveness

The global Al race is intensifying, with the U.S., China, and the EU as key players.
The U.S. currently leads in Al research and development, accounting for 32% of
global AI patent applications from 2015-2020 (WIPO, 2023). China is rapidly
closing the gap, with strong government support and funding, large data pools,
and rapid AI adoption in public sectors. The EU focuses on ethical AI develop-

ment, with a robust regulatory framework and a strong industrial base. Each re-
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gion has distinct advantages: the U.S. in innovation and private sector investment,
China in data availability and government support, and the EU in regulatory
frameworks and cross-border collaboration.

In order to maintain its technological leadership, the U.S. must focus on several
key strategies. Increasing federal funding for Al research and development is cru-
cial, with recommendations to double federal AI R&D funding to $5 billion an-
nually by 2025 (National Security Commission on AI, 2023). Enhancing public-
private partnerships, developing and attracting Al talent, strengthening Al infra-
structure, and promoting responsible AI development are essential components
of maintaining leadership. These efforts should focus on fundamental Al research,
AT chip development, quantum computing, and establishing AI innovation hubs
connecting universities, national labs, and private companies.

As Al becomes increasingly global, international cooperation and governance
frameworks are essential. The U.S. should actively participate in and shape inter-
national AI governance initiatives, such as the OECD AI Principles and UNESCO
Al Ethics. Proposing a “G20 AI Summit” to coordinate Al policies among major
economies could facilitate global cooperation. Expanding international AI re-
search programs, establishing a global Al research fund, and leading efforts to de-
velop international AI safety standards are crucial steps. The U.S. should also
champion the integration of human rights considerations in AI development and
deployment and leverage its Al capabilities to support global sustainable develop-

ment goals.

10. Challenges and Opportunities

10.1. Potential Barriers to Policy Implementation

Implementing comprehensive Al policies faces several challenges. Political grid-
lock and partisan divides may hinder policy adoption, necessitating a focus on
bipartisan issues such as workforce development and international competitive-
ness. Rapid technological change often outpaces policy development, requiring
adaptive regulatory frameworks. Resistance from incumbent industries facing dis-
ruption may impede progress, highlighting the need for stakeholder dialogues and
transition support. Funding constraints and public skepticism about AI present
additional hurdles, requiring prioritization of high-impact initiatives and invest-

ment in public education campaigns to improve Al literacy.

10.2. Opportunities for Innovation and New Market Creation

AT and automation present significant opportunities for innovation and new mar-
ket creation. Al-driven personalized healthcare could create $100 billion in value
annually across the U.S. healthcare system by 2030 (McKinsey Global Institute,
2023). Smart city solutions powered by Al could generate $1.7 trillion in economic
value globally by 2025 (PwC, 2023). Climate tech and sustainable solutions en-
hanced by AI could help reduce global greenhouse gas emissions by 1.5% - 4% by
2030 (World Economic Forum, 2023). The Al-enhanced AR/VR market is pro-

DOI: 10.4236/0jps.2025.152017

305 Open Journal of Political Science


https://doi.org/10.4236/ojps.2025.152017

L. Naisho

jected to reach $300 billion by 2028 (Grand View Research, 2023), while AI-pow-
ered productivity tools could add $2.9 trillion in business value globally by 2030
(Gartner, 2023).

10.3. Ethical Considerations and Societal Impacts

The widespread adoption of Al raises significant ethical considerations and soci-
etal impacts. Addressing algorithmic bias and ensuring fairness in Al systems is
crucial to prevent the perpetuation or exacerbation of existing inequalities. Pri-
vacy and data protection concerns require innovative solutions such as privacy-
preserving Al techniques. Transparency and explainability of Al systems are es-
sential for building public trust. The potential for job displacement and increased
economic inequality necessitates the development of innovative social safety net
programs and new job categories leveraging human-AI collaboration. AI safety
and existential risk must be addressed through robust governance frameworks
and continued research. Ensuring equitable access to Al technologies and address-
ing the digital divide is critical for realizing the full potential of AI while minimiz-

ing societal disruptions.

11. Conclusion

The comprehensive examination of AI and automation’s impact on the U.S. econ-
omy reveals a complex landscape of challenges and opportunities. The study’s
findings support the initial hypothesis that accelerated technological change
would exacerbate income inequality while positively impacting overall economic
growth. Key findings indicate rapid AI adoption across industries, significant la-
bour market shifts, widening income gaps between high-skilled and low-skilled
workers, and pronounced regional disparities in economic outcomes. These trends
align with projections from Frey & Osborne (2017) and Autor et al. (2020), who
highlighted the disproportionate impact on low and middle-skilled occupations.

The research contributes to existing literature by providing a nuanced analysis
of AT’s differential impacts across skill levels, industries, and regions. It synthe-
sizes recent data and expert projections, offering insights into global AI dynamics
and strategies for maintaining U.S. technological leadership. The study addresses
the research question by exploring AI’s impact on income distribution, labour mar-
ket structure, and economic growth while proposing policy interventions to mit-
igate potential negative effects. Policy recommendations emphasize the critical role
of education and adaptive regulatory frameworks in shaping outcomes. As high-
lighted by Manyika et al. (2021) and the World Economic Forum (2023), signifi-
cant reskilling and upskilling efforts are necessary to prepare the workforce for an
Al-driven economy. The international comparative analysis, drawing on data
from WIPO (2023) and other sources, underscores the intense global competition
in AI development, with the U.S. maintaining a lead in innovation but facing
strong competition, particularly from China.

The study’s findings contribute to policy discourse by offering evidence-based
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recommendations that consider the complex interplay of economic, social, and
ethical factors. These insights aim to inform policymakers, business leaders, and
educators about the multifaceted challenges and opportunities presented by Al
and automation. Future research directions include exploring the long-term ef-
fects of Al on labour productivity and economic growth beyond the 20-year hori-
zon examined in this study, investigating the emergence of new economic models
driven by widespread AI adoption, and assessing the effectiveness of various pol-
icy interventions in mitigating income inequality and job displacement. Addition-
ally, examining AI’s impact on intergenerational economic mobility and its role
in addressing global challenges such as climate change and public health crises
would provide valuable insights.

In conclusion, this research underscores the transformative potential of Al and
automation in the U.S. economy, while highlighting the need for proactive and
adaptive policies to ensure inclusive growth and maintain international competi-

tiveness in the rapidly evolving global Al landscape.
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