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Abstract

Background: The rapid rise of artificial intelligence (Al) is reshaping
economies, driving productivity gains while posing risks of wage inequality and
job displacement. Traditional economic models inadequately capture Al’s
unique impacts, necessitating new frameworks. Objective: This study aims to
develop a comprehensive economic model that integrates Al as a distinct
production factor and evaluates its effects on growth, labor markets, and policy

responses.

Methods: The model extends the neoclassical growth framework, incorporating
skill-biased technological change, sector-specific dynamics, and heterogeneous
labor (high- and low-skilled). Numerical simulations assess Al’s impacts and
the efficacy of policies like universal basic income (UBI) and retraining

programs.

Results: Al enhances productivity, particularly in automation-intensive
sectors, but widens wage gaps and displaces low-skilled workers. Combined
UBI and retraining policies effectively mitigate these effects, though success

depends on implementation.

Conclusions: AI’s dual role as a growth driver and disruptor underscores the
need for integrated strategies, including education reform, expanded safety nets,
and adaptive governance. International collaboration and ongoing research are

vital for equitable, sustainable outcomes.

Keywords: Artificial Intelligence, Economic Growth, Wage Inequality, Skill-

Biased Technological Change, Universal Basic Income
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1. Introduction

Anrtificial Intelligence (Al) is transforming economies by potentially boosting
productivity, reshaping labor markets, and altering income distribution.
Traditional models, like Solow's (1956), need updates to include Al as a new
production factor, as Al can learn, adapt, and perform tasks requiring human
intelligence, unlike previous technologies. According to recent reports, Al
could contribute up to $13 trillion to the global economy by 2030, but it also
poses challenges such as job displacement and income inequality, with
estimates suggesting Al might automate up to 30% of hours worked in the US
by 2030 (McKinsey Global Institute, 2018).

Traditional economic models, such as the Solow growth model, cannot
adequately accommodate Al’s effects because they see technological content
as an exogenous, homogeneous factor. In reality, Al refers to a specific type of
technology, one that can be modelled as a factor of production with its own
unique properties, and with heterogeneous outputs across sectors and types of
labor. Our paper tackles this through the development of a simple and complete
economic model with Al as a fourth production factor in addition to capital and
labor. It disentangles sectoral heterogeneity in Al adoption, sectoral
heterogeneity in labor skill requirements, and also allows for differential
impacts on high-skilled versus low-skilled workers. It also considers
government tools such as Universal Basic Income (UBI) and retraining
programs to see how they can be applied in mitigating the impact of an Al-run
economy.

Through numerical simulations, we will explore various scenarios to
understand how Al adoption affects economic growth, wage inequality, and
unemployment, providing insights for policymakers and stakeholders. This
approach aims to maximize Al's benefits while minimizing its risks, ensuring a
sustainable and equitable economic future.

2. Research Problem

The research problem is to develop a comprehensive economic model that can
analyze the impacts of Al on economic growth, wage inequality, and

#2025 il SG £l - (20) 2l - (11) el 3 _alaal) 4y jladll il ol ddag

(747)


https://www.mckinsey.com/featured-insights/artificial-intelligence/notes-from-the-ai-frontier-modeling-the-impact-of-ai-on-the-world-economy

Dr/ Eyas Osman Avrtificial Intelligence and Economic Transformation: A

unemployment, considering the unique characteristics of Al as a production
factor and the varying effects across different sectors and labor skill levels.

Based on the literature review, we propose the following hypotheses to guide
our analysis:

e Productivity and Inequality: Al adoption will boost economic
productivity and growth but increase wage inequality due to skill-biased
technological change, favoring high-skilled workers over low-skilled
ones.

o Sectoral Disparities: Sectors with rapid Al adoption (e.g.,
manufacturing, retail) will see greater productivity gains and demand
for high-skilled labor, while slower-adopting sectors (e.g., healthcare,
education) will experience less pronounced effects.

o Policy Effectiveness: Government interventions like Universal Basic
Income (UBI) can reduce income inequality and support displaced
workers, though their fiscal sustainability and impact on work
incentives require scrutiny. Retraining programs can effectively equip
workers with skills for an Al-driven economy, but success hinges on
thoughtful design and implementation.

Our model extends the neoclassical growth framework, incorporating Al as a
distinct production factor, multi-sector dynamics, and labor differentiated by
skill level (high- and low-skilled). It includes dynamic policy responses to
evaluate their effectiveness. Numerical simulations will test these hypotheses
across scenarios of Al adoption rates, policy mixes, and labor market shifts,
providing actionable insights for policymakers navigating this economic
transformation.

a) A Comprehensive Analysis of Al's Economic Impacts
Introduction: The Transformational Aspect of Al in Economy Systems

Artificial Intelligence (Al) has arrived, representing an inflection point in
economic history that has the potential to change the way we work, produce,
and even live. Al stands for the computer systems that perform tasks normally
requiring human intelligence, such as visual perception, speech recognition,
reasoning, and language translation. Al goes beyond previous technologies; it
can learn from data, adapt to new data, and perform tasks with minimal human
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involvement. Such is the distinct nature of Al that it is a disruptive force that
can upend economic systems.

According to a report by the McKinsey Global Institute (2018), Al could
potentially contribute up to $13 trillion to the global economy by 2030,
highlighting its vast economic potential. However, this potential comes with
challenges, as Al is expected to automate up to 30% of the hours worked across
the United States by 2030, affecting various job categories differently
(McKinsey Global Institute, 2017). This dual nature of Al—offering both
opportunities for growth and risks of disruption—necessitates a deeper
understanding of its economic impacts.

There are some classical economic models such as Solow growth model
(Solow, 1956) which treated technological progress as an exogenous factor that
propels economic growth through the accumulation of capital and the
productivity of labor. Although all these models have explained a lot about
economic development, they do much worse at capturing the fundamental
nature of Al as a special factor of production. The fact that Al learn, adapt and
perform tasks that traditionally only a human intelligence was capable of goes
beyond the conventional production function which is merely represented by
the factor inputs of capital on one hand and labor on the other hand. These
models make the assumption that technological progress is a uniform,
exogenous fact and do not consider that Al will have different effects in
different sectors and on different types of labor.

In response, our paper constructs a unified economic model that treats Al as a
distinct factor of production in addition to capital and labor. It builds on the
neoclassical growth framework but with multiple sectors that differ in their
productivity, Al adoption, and labor skill needs. This would allow us to better
understand the sectoral differences in which jobs are made more productive or
made less productive by Al. Labor is disaggregated into high-skilled and low-
skilled categories, to capture the heterogeneous effects of Al on different
segments of the labor force, acknowledging that Al will substitute for low-
skilled labor in automatable tasks but complement high-skilled labor in
complex problem solving.
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In addition, the model includes policies that respond dynamically to the
challenges posed by Al, including universal basic income (UBI), retraining
programs, and targeted subsidies, and evaluates these interventions for their
potential to facilitate the transition in an Al-positive direction. We can also
examine the potential adverse effects of these changes, such as job
displacement and income inequality, and how they can be moderated through
appropriate policy responses. We will explore various scenarios using
numerical simulations, such as different rates of Al adoption, and the
combination of policy and labor market adjustment. The approach will offer
insights into where economies might be headed as they undergo the tumultuous
transformation driven in large part by Al, leading policymakers, researchers
and industry to plot a path forward through the many benefits Al offers and the
threats it poses.

In summary, this paper contributes to the growing body of literature on the
economic impacts of Al by offering a holistic model that integrates the
technological, economic, and policy dimensions of Al adoption. By doing so, it
seeks to maximize the benefits of Al while minimizing its risks, ensuring a
sustainable and equitable economic future.

b) Addressing the Gaps in Understanding Al's Economic Impacts

This paper addresses the research problem of developing a holistic economic
model that adequately characterizes the various effects of Al on the economy.
Al, as a factor of production, has qualities decidedly uncharacteristic of other
production factors, and traditional economic models, including the Solow
growth model, suffer from a considerable lack of versatility when it comes to
adequately capturing these aspects. Both types of models treat technological
progress as an exogenous variable — they look backward — and fail to
appreciate Al’s capacity to learn, adapt and perform tasks that once required
human intelligence. This is particularly evident in their failure to articulate
differential effects of Al by sector and type of labor, and to treat technological
progress as an exogenously determined, uniform factor rather than a specific
factor that interacts with existing circumstances.

We propose our model to fill this gap, by treating Al as a separate factor of
production with capital and labor. We can disentangle the effect of Al as a

#2025 il SG £l - (20) 2l - (11) el 3 _alaal) 4y jladll il ol ddag

(750)



Dr/ Eyas Osman Avrtificial Intelligence and Economic Transformation: A

substitute or complement to labor by analyzing its interaction with the
traditional factors of production. Al, for example, can replace low-skilled labor
by automating many tasks traditionally carried out by these workers, while
augmenting the productivity of higher-skilled laborers by assisting them in their
work — running complex analyses of data or making decisions based on
potential outcomes. This interaction is dance, not still; it can change as Al tech
improves and workers learn new skills, and so we need a dynamical model that
captures that over time.

Key guestions that our model seeks to answer include:

1.

Interaction with Traditional Factors: How does Al, as a separate
production factor, influence the productivity and demand for capital and
labor? This involves understanding whether Al acts as a complement to
capital, enhancing its productivity, or as a substitute for certain types of
labor, particularly in routine tasks.

Sectoral Variations: How does the uneven adoption of Al across
different economic sectors affect overall economic outcomes, such as
growth and employment? For example, sectors like manufacturing and
retail, which have high rates of Al adoption due to their suitability for
automation, may experience significant productivity gains, while sectors
like healthcare and education, with slower adoption due to regulatory
and ethical constraints, may lag behind, potentially widening sectoral
disparities.

Skill-Biased Technological Change (SBTC): To what extent will Al
contribute to SBTC, and how will this impact wage inequality and the
labor market, especially for high-skilled versus low-skilled workers?
Beyond its impact on overall wages, research has shown that the use of
Al technology will likely increase the demand for high-skilled workers
who are adept at using it while reducing those for low-skilled workers
whose jobs can most easily be automated. But recent research also
suggests Al could boost the productivity of low-skilled workers in
some contexts, possibly offsetting some inequality impacts.

Policy Interventions: How effective are government policies like
Universal Basic Income (UBI) and retraining programs in mitigating the
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potential negative effects of Al, such as job displacement and income
inequality? UBI can provide a safety net for displaced workers, but its
fiscal sustainability and impact on work incentives are debated, with
some studies suggesting it could reduce poverty while others highlight
potential costs exceeding half of federal budgets. Retraining programs
aim to help workers acquire new skills, but designing effective
programs that meet evolving job market demands remains challenging.

3. Literature Review: Economic Impacts of Al and Automation

The economic literature on Al and automation has expanded rapidly, offering a
rich tapestry of theoretical and empirical insights. Early works, such as Solow
(1956), laid the foundation for understanding technological progress as a driver
of economic growth, while more recent studies have focused on the specific
effects of Al on labor markets and income distribution (Acemoglu & Restrepo,
2018; Brynjolfsson & McAfee, 2014).

a) Skill-Biased Technological Change (SBTC):

A key theme in this literature is skill-biased technological change (SBTC),
which argues that technological progress simultaneously increases the
productivity of skilled workers more than that of unskilled workers, thereby
contributing to rising wage inequality (Autor et al., 2003). SBTC is especially
relevant to discussions about Al, as many of these technologies will enable the
automation of routine tasks often performed by low-skilled workers, and
instead, require the high-skilled workers who often teach and maintain Al.

According to Frey and Osborne (2017), it has been estimated that about 47% of
US jobs are at risk of automation, with routine cognitive tasks being the most
susceptible. This implies that we will see a significant loss of jobs for low-
skilled workers due to Al, which will only increase the wage gap. But recent
research offers a more nuanced view. Agrawal et al. (2019) contend that Al can
liberate low-skilled workers by automating recurring elements within their jobs
so that they can take on more complex roles. For example, generative Al tools
have been found to boost the productivity of lower-skilled workers the most,
possibly offsetting some inequality effects (Barredo et al., 2024).
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Despite these findings, the dominant narrative remains that Al will exacerbate
wage inequality, at least in the short to medium term, as high-skilled workers
are better positioned to harness the benefits of Al (Acemoglu & Restrepo,
2018). This suggests a complex interplay between technology, skills, and labor
market outcomes, with both potential for increased inequality and opportunities
for inclusive growth.

b) Sectoral Impacts of Al:

A second major strand of research explores the sectoral effects of Al,
documenting the uneven pace at which sectors adopt the technology. October,
5, 2023 However, some sectors, such as manufacturing and retail, are more
prone to try to replicate these technologies because they represent good
candidates for automation and data-driven decision-making (Bessen, 2019);
other sectors like healthcare and education may be unable or reluctant to adopt
them in the coming years as a result of regulatory, ethical, and practical
limitations.

For instance, robotics and supply chain optimization have proven to be
important drivers of productivity increases in the manufacturing space via the
adoption of Al, while the healthcare space presents novel barriers that will slow
adoption due to privacy concerns and reliance on humans to make final calls in
patient care. The human factor is essential to teaching and learning and there
are serious ethical questions of the role Al might play in the delivery of
pedagogy and evaluation. Such sectoral disparities can result in jagged
economic results, whereby certain industries fuel growth while others lag in
adaptation, thereby exacerbating social and economic inequities both regionally
and along sectoral lines.

¢) Government Policies to Mitigate Negative Effects:

Due to the possibility of the job market being drastically affected by Al, there is
a developing body of research on how government policies can help ease the
transition. Policies ranging from universal basic income (UBI) to retraining
programs and subsidizing Al adoption have been proposed (Brynjolfsson &
McAfee, 2014; Acemoglu & Restrepo, 2018). Universal Basic Income (UBI),
for example, has been getting some attention lately as a way to offer a safety net
to those workers who lose their jobs, providing them each month automatic
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money that they can spend regardless of whether they have work. In a more
recent work, Standing (2017) strengthens the case for UBI by arguing that it
reduces poverty, increases confidence and stimulates economic activity by
enhancing consumer purchasing.

However, UBI is not without controversy. Critics, including Mankiw (2017),
highlight concerns about its fiscal sustainability, estimating that implementing
UBI could require significant increases in taxation or reallocation of
government budgets, potentially exceeding half of the federal budget in some
proposals. Additionally, there are worries about reduced work incentives, with
studies showing slight reductions in hours worked during UBI experiments,
such as the Mincome experiment in Canada during the 1970s (Standing, 2017).

Retraining programs are another key policy tool, aimed at helping workers
acquire new skills to remain employable in an Al-driven economy. Acemoglu
and Restrepo (2018) emphasize the importance of investing in education and
training to facilitate a smooth transition, but designing effective programs that
meet the evolving demands of the job market remains a challenge. Targeted
subsidies for Al adoption, particularly for small and medium-sized enterprises
(SMEs), could help spread the benefits more evenly, preventing the
concentration of gains in large corporations, though this risks market
distortions.

Table (1): Summary of Key Studies on Al's Economic Impacts

Study Focus Area | Key Finding

Brynjolfsson & | Economic Al can boost productivity but

McAfee (2014) | impacts of | may increase income
Al inequality.

Autor et al. | Skill-biased | Technologies favor high-
(2003) technological | skilled workers, widening
change wage gaps.

Frey & Osborne | Job 47% of US jobs at risk of
(2017) automation | automation, particularly

risk routine tasks.
Bessen (2019) Sectoral Manufacturing and retail lead
impacts in Al adoption, while
healthcare lags.
Barredo et al. | Al and | Generative Al boosts
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Study Focus Area | Key Finding

(2024) productivity | productivity, especially for
low-skilled workers.

Acemoglu & | Policy Retraining programs crucial

Restrepo (2018) | responses for smooth transition, but

design is challenging.
Standing (2017) | Universal UBI can reduce poverty, but
Basic fiscal costs and work
Income incentives are debated.
Table(1) summarizes key findings from the literature, providing a concise

overview of the diverse impacts of Al and the policy responses proposed. Al.

The economic implications of Al extend beyond the studies already cited, with
a growing body of research illuminating its multifaceted effects on growth,
labor, and policy. Goldin and Katz (2008) provide historical context on
technology’s impact on labor markets, arguing that skill-biased technological
change has consistently favored educated workers—a trend Al intensifies. Their
work suggests that without significant investment in education, wage inequality
will deepen, aligning with our model’s emphasis on distinguishing between
high- and low-skilled labor. Similarly, Arntz et al. (2016) offer a counterpoint
to broad automation fears, estimating that only 9% of jobs across OECD
countries are fully automatable when accounting for task heterogeneity. This
finding underscores the importance of the sectoral nuance embedded in our
framework.

On the policy front, Mankiw (2017) critiques universal basic income (UBI),
warning that its fiscal demands could strain government budgets and destabilize
economies—a concern our simulations test by evaluating UBI’s sustainability
alongside growth outcomes. In contrast, Standing (2017) champions UBI,
drawing on evidence from Canada’s Mincome experiment, which demonstrated
reduced poverty and limited work disincentives. This supports its inclusion in
our policy mix as a potential mitigator of Al-driven displacement. Further
enriching this discourse, Tynaev and Brynjolfsson (2023) explore Al’s
productivity paradox, noting that while Al enhances firm-level efficiency,
broader economic gains are delayed by slow adoption among small enterprises.
This observation reinforces our model’s focus on sectoral disparities and the
need for targeted interventions.
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Additionally, Nedelkoska and Quintini (2018) examine automation’s global
implications, highlighting that developing economies face heightened
displacement risks due to inadequate retraining infrastructure. Their analysis
validates our model’s aim to address such gaps through adaptive governance
and retraining programs. Together, these studies deepen the theoretical and
empirical foundation of our research, affirming the necessity of a
comprehensive framework that integrates Al’s effects on economic growth,
labor market dynamics, and policy responses. By drawing on this diverse
scholarship, our model gains robustness, offering a lens to navigate Al’s
transformative potential across varied economic contexts.

4. Model Framework

The model presented in this paper builds on a neoclassical growth framework,
extending it to include Al as a distinct factor of production, skill-biased
technological change, sector-specific impacts, and government policies. The
model is designed to capture the macroeconomic implications of Al adoption,
including its effects on economic growth, wage inequality, and unemployment.

4.1. Variables and Parameters
The model uses the following variables and parameters:
Variables:

e Y: Aggregate Output (Real GDP)

e K: Physical Capital

e L: Labor Input (Total Employment)
e Al: Al Capital

w: Wage Rate

r: Rental Rate of Capital

U: Unemployment Rate

I_Al: Investment in Al Capital
Exogenous Parameters:

e A: Total Factor Productivity (non-Al related technology)
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N: Total Labor Force (assumed constant)

a: Output Elasticity of Physical Capital
B: Output Elasticity of Labor
v: Output Elasticity of Al Capital

A: Responsiveness of Al Investment to Rental Rate

a: Constant in Al Investment Function (autonomous Al Investment
component)

4.2. Model Equations

The model is defined by the following set of equations:
(1) Aggregate Production Function:
Y=A-K* LF-AI"

(2) Labor Demand (Derived from Firm Profit Maximization):

=(s7)
w= B I
(3) Physical Capital Demand (Derived from Firm Profit Maximization):
=r(eg)
r = (04 K
(4) Al Capital Demand (Derived from Firm Profit Maximization):
=»(rz)
TR\
(5) Labor Supply (Fixed):
L°=N

(6) Labor Market Equilibrium (or Unemployment):

max(0,N — L
y _ max(ON — 1)
N

(7) Investment in Al Capital:

IAI=CL+/1'T‘
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(8) Capital Stock Evolution (Simplified - Focusing on Al):
Alpyq = Al + Iyt

5. Expanded Model: Incorporating Skill-Biased Technological Change, Sector-
Specific Impacts, and Government Policies
This section builds upon the foundational framework established in Section 4
by extending the basic model to capture the nuanced economic impacts of Al
across multiple dimensions. While Section 4 introduced a simplified
neoclassical growth model with Al as a distinct production factor interacting
with aggregate capital (K) and labor (L), this expanded model disaggregates the
economy into multiple sectors and differentiates labor into high-skilled (LH)
and low-skilled (LL) categories. It also integrates government policies such as
Universal Basic Income (UBI) and retraining programs to assess their role in
mitigating Al-driven disruptions. The transition from the basic to the expanded
model is not a mere repetition but a deliberate progression, where core
equations evolve to reflect sectoral heterogeneity, skill-biased technological
change, and policy dynamics. To clarify this development and minimize
overlap, Table 3 below summarizes how key equations transition from their
aggregate form in Section 4 to their detailed, sector-specific counterparts in
Section 5, illustrating the cumulative refinement of the framework.

Table 3: Evolution of Key Equations from Basic to Expanded Model

Expanded
Equation Basic Model (Section | Model Purpose of
Type 4) (Section 5) | Evolution
Production Y=A-K* LF.-AI" | Y, Disaggregates
Function = A; - K" | output by

_ LHf”i sector and skill

i level
~LL;™
ALl
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Expanded
Equation Basic Model (Section | Model Purpose of
Type 4) (Section 5) | Evolution
Labor w=pB-A-K¥ LF 1 | wy Differentiates
Demand CAIY = By - 4; | demand for
K[ high- and low-
Bui-1 | Skilled labor
. L[-Ié H
. LLifl
LAl
wy,
= BLi - A
. Ki“l
Bhi
. L]-[é H )
(LL"
ALl
Capital r=a-A-K%1.[F r Adapts to
Demand -AIY =q; - A; | sector-specific
. Kiai—l capital
Bui elasticity
. L]-[é H
. LLl..“
ALl
Al Capital | r=y-A-K*-LF r Reflects sector-
Demand CAIYTY | =y - A; | specific Al
. Ki“i impact
BHi
LHﬁi H
LLL- Li )
Yi—
Al
Labor L=N LH Splits labor
Supply = Ny, LL |supply by skill
=N, type
Investment Iy=a+Ar INE Allows sector-
in Al = a; + A;r | specific Al
investment
responses
Policy Not included UBI = Introduces UBI
Interventions and retraining
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Expanded
Equation Basic Model (Section | Model Purpose of
Type 4) (Section 5) | Evolution
LA effects
Npy+Nyp,
Retraining
via @

This table highlights the systematic expansion of the model, where each
equation builds on its basic counterpart to incorporate additional complexity—
such as sectoral variation (denoted by subscript i), skill differentiation (H for
high-skilled, L for low-skilled), and policy mechanisms (UBI and 6)—while
retaining the theoretical consistency of the neoclassical framework. The
subsequent subsections detail the variables, parameters, and equations of this
expanded model, providing a comprehensive tool to analyze AI’s multifaceted
economic implications.

5.1 Variables and Parameters (Expanded)
Variables:

e Y;: Output of sector i (wherei = 1,2,...,n)

e Y: Aggregate Output (Real GDP), Y = }.;Y;

e K;: Physical Capital Stock in sector i

e K: Aggregate Physical Capital Stock, K = Y; K;
e LH;: High-Skill Labor in sector i

e LL;: Low-Skill Labor in sector i

e LH: Aggregate High-Skill Labor, LH = )}; L H;
e LL: Aggregate Low-Skill Labor, LL = ;L L;
e L: Aggregate Total Labor, L = LH + LL

e Al;: Al Capital Stock in sector i

e Al: Aggregate Al Capital Stock, Al = Y;AI;

e wy: Wage Rate for High-Skill Labor

e w;: Wage Rate for Low-Skill Labor

r: Rental Rate of Capital (assumed same across sectors for simplicity)
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Uy: Unemployment Rate for High-Skill Labor

U,: Unemployment Rate for Low-Skill Labor

U: Aggregate Unemployment Rate (weighted average of Uy and U,)
IAl;: Investment in Al Capital in sector i

UBI: Universal Basic Income payment per person

T: Total Government Tax Revenue

Exogenous Parameters:

A;: Total Factor Productivity in sector i (non-Al related technology)
NH: Total Supply of High-Skill Labor (assumed constant)

NL: Total Supply of Low-Skill Labor (assumed constant)

a;: Output Elasticity of Physical Capital in sector i

Bui: Output Elasticity of High-Skill Labor in sector i

Bi: Output Elasticity of Low-Skill Labor in sector i

y;: Output Elasticity of Al Capital in sector i (sector-specific Al impact)
A;: Responsiveness of Al Investment to Rental Rate in sector i

a;: Constant in Al Investment Function for sector i

7. Tax rate (for funding UBI and retraining, assumed to be a
proportional tax on aggregate output Y for simplicity)

0: Retraining program effectiveness parameter (impact on labor
mobility)

5.2. Model Equations (Expanded)

(1) Sectoral Production Functions (for each sectori =1, 2, ..., n):

Vo= A K (Lf - L) - Al

(2) High-Skill Labor Demand in Sector i (Firm Profit Maximization):

Yi

wy =P; - (.BHi L_)
Hi

(3) Low-Skill Labor Demand in Sector i (Firm Profit Maximization):
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WL=Pi'<ﬁLi'_)

Y;
Ly

(4) Physical Capital Demand in Sector i (Firm Profit Maximization):

Yi
r=r(a )
L

(5) High-Skill Labor Supply (Fixed):

(6) Low-Skill Labor Supply (Fixed):
Lj =N,
(7) Labor Market Equilibrium (Skill-Specific Unemployment):

max(O,NL—LL)
N

max(O,NH—LH)
UH = UL =
Ny

(8) Investment in Al Capital in Sector i:
Lai =ai +24;-r
(9) Al Capital Accumulation in Sector i (Simplified):
Aljpyq = Al + Lpp e
(10) Government Policy - Universal Basic Income (UBI):

vpr =¥
- N

(11) Government Policy - Retraining Program (Simplified Labor Mobility):

Retraining is modeled as affecting the effective labor supply. We introduce a
parameter 0 representing the fraction of low-skill unemployed workers who
become effectively high-skill labor due to retraining programs.

6. Simulation and Results

Using numerical simulations, we explore the macroeconomic implications of
Al adoption under different scenarios. The results highlight the dual role of Al
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as both a driver of productivity and a potential source of labor market
disruption. Key findings include:

1. Economic Growth: Al adoption leads to higher aggregate output ()
and productivity gains, particularly in sectors with high Al capital
elasticity (yi).

2. Wage Inequality: Skill-biased technological change exacerbates
wage inequality, with high-skill workers benefiting more from Al
adoption than low-skill workers.

3. Unemployment: Rapid Al adoption may lead to technological
unemployment, particularly among low-skill workers. However,
targeted retraining programs can mitigate these effects.

4. Policy Impacts: UBI and retraining programs are effective in
reducing unemployment and income inequality, but their
effectiveness depends on the design and implementation of these
policies.

See GitHub Linke: https://github.com/eyas70/Artificial-Intelligence-

and-Economic-Transformation-A-Comprehensive-Model-.git

6.1 Simulation Input Details

To ensure the reproducibility and transparency of the numerical simulations
presented in Table 2 and Figure 1, this subsection outlines the baseline
parameter values and their adjustments across the five scenarios: Baseline,
Accelerated Al Adoption, UBI Policy, Retraining Program, and Combined
Policies. The simulations are based on the expanded model equations in Section
5.2, with key exogenous parameters calibrated to reflect plausible economic
conditions and Al adoption dynamics. Detailed code and full parameter sets are
available in the GitHub repository (https://github.com/eyas70/Artificial-
Intelligence-and-Economic-Transformation-A-Comprehensive-Model-.git).

Baseline Parameter VValues The Baseline scenario represents a moderate pace of
Al integration without specific policy interventions. Key parameters are set as
follows:

e Total Factor Productivity (Ai): 1.0 across all sectors (normalized for
simplicity).
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Output Elasticity of Physical Capital («;): 0.35, consistent with
neoclassical growth models.

Output Elasticity of High-Skill Labor (By;): 0.30, reflecting the
importance of skilled labor.

Output Elasticity of Low-Skill Labor (f;;): 0.20, indicating lower
productivity contribution.

Output Elasticity of Al Capital (y;): 0.15, assuming a modest but
growing role of Al.

Responsiveness of Al Investment (4;): 0.5, moderate sensitivity to rental
rates.

Tax Rate (7): 0.0, no UBI or retraining funding.
Retraining Effectiveness (8): 0.0, no retraining program in place.

Aggregate variables such as total labor supply (Ny = 50, N, = 50) and initial
capital stocks (K = 100,AI = 50) are initialized to simulate a balanced
economy.

Scenario Adjustments

5. Accelerated Al Adoption:

6.

7.

o y;: Increased to 0.25 across all sectors to reflect rapid Al
integration.

o A;: Raised to 0.8, indicating higher investment responsiveness.
Other parameters remain at baseline levels, simulating
unchecked Al growth.

UBI Policy:

o 7. Set to 0.1, funding a UBI payment proportional to output:
UBI = ——

Ny+Np,
o V. Adjusted to 0.18, slightly above baseline to account for
moderate Al adoption.
o Other parameters align with Baseline, focusing policy impact on
income support.
Retraining Program:
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o 0: Setto 0.3, allowing 30% of unemployed low-skilled workers
to transition to high-skilled roles.
o y;: Increased to 0.18, reflecting moderate Al-driven productivity
gains.
o 7: Remains 0.0, as no UBI is implemented.
8. Combined Policies:

o t: Set to 0.05, funding a reduced UBI compared to the UBI
Policy scenario.

o 0: Setto 0.3, maintaining retraining effectiveness.

o y;: Setto 0.18, consistent with moderate Al adoption.

Simulation Process The model equations (1-11) from Section 5.2 are solved
iteratively over a simulated 10-year period, with Al capital accumulation
(Equation 9) and labor market adjustments (Equation 7) driving dynamic
outcomes. Sector-specific parameters (e.g., y;, 4;) are uniform across sectors for
simplicity, though future iterations could introduce heterogeneity. Results in
Table 2 represent steady-state values averaged across sectors, with the heatmap
in Figure 1 visualizing these outcomes for comparative clarity.

This approach balances theoretical rigor with practical simulation, providing a
foundation for the reported macroeconomic implications. Adjustments to these
parameters allow the model to test the hypotheses outlined in Section 2,
offering insights into AI’s economic impacts and policy effectiveness.

Table (2) shows break down the results from each scenario and interpret the
implications:
o Baseline:
o This scenario provides a reference point. Output growth is
moderate, but wage inequality and unemployment exist.
o It represents the natural progression of the economy without
intervention.
o Accelerated Al Adoption:
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(o]

(¢]

This scenario leads to the highest output growth, indicating that
rapid Al adoption can boost economic production significantly.
However, it also results in the highest wage inequality and a
substantial increase in low-skill unemployment. This suggests
that without mitigating policies, rapid Al adoption can
exacerbate existing inequalities.

High skill unemployment is driven to 0.

« UBI Policy:

(o]

(o]

O

The UBI policy helps to moderate the negative impacts of Al
adoption by reducing low-skill unemployment and maintaining a
high level of output growth.

It does reduce high skill unemployment down to 0.
However, it does not fully solve wage inequality.

e Retraining Program:

O

Retraining programs are effective in reducing both low-skill and
high-skill unemployment and also reduces wage inequality.

Output growth is also very high.

This shows that investment in human capital is very important in
the age of Al.

e Combined Policies:

O

Combining UBI and retraining programs yields strong results. It
achieves high output growth, reduces unemployment, and
moderates wage inequality.

This scenario represents the most balanced outcome, indicating
that a multi-faceted approach is needed to address the challenges
of Al adoption.

High skill unemployment is driven to 0.

The UBI payment is lower than the UBI policy alone, showing
that the retraining program is taking some of the burden away
from just the UBI.

Overall Implications:

« Al adoption has the potential to drive significant economic growth, but
it also poses risks to employment and income distribution.
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« Policy interventions, such as UBI and retraining programs, are crucial
for mitigating these risks and ensuring that the benefits of Al are shared
more equitably.

e A combined policy approach is the most effective.

e Investing in retraining programs can be very effective in reducing the
negative impacts of Al adoption.

o Without intervention, Al adoption will drastically increase inequality.

Table (2): The macroeconomic implications of Al adoption under different

scenarios

Output [Wage Low-Skill High-Skill Total

Growth | Inequality [ Unemployment | Unemployment | Al uUBI
Scenario  |(%) Ratio (%) (%) Capital |Payment
Baseline 77.08 [2.11 5.99 4.30 62.79 (0.00
Accelerated
Al
Adoption |114.31 [2.20 16.62 0.00 66.48 |0.00
UBI Policy [97.35 |2.15 14.12 0.00 63.27 [0.11
Retraining
Program  [100.13 |02.07 12.23 0.67 63.29 |0.00
Combined
Policies 99.90 |02.08 12.70 0.00 63.29 (0.06

Figure (1): The heatmap scenario comparison:
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Scenario Comparison - Final Period Metrics
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Figure (1) provides a visual representation of the numerical data from the
scenario comparison. It allows for quick identification of trends and significant
differences between the scenarios. The color gradient helps to highlight the
magnitude of the values, making it easy to see which scenarios perform best or
worst in each category.

Detailed Breakdown:

o Output Growth (%):

o Accelerated Al Adoption stands out with the highest output
growth (114.3%), indicated by the darkest blue shade. This
confirms the strong positive impact of rapid Al adoption on
economic output.

o Baseline has the lowest growth (77.1%), represented by the
lightest shade, showing the natural growth without intervention.

o UBI Policy, Retraining Program, and Combined Policies all
show significant growth, with the combined policies slightly
lower than retraining alone.

e Wage Inequality Ratio:
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o Accelerated Al Adoption and UBI Policy show the highest wage
inequality (2.2), indicated by a darker shade than the other
scenarios.

o Baseline, Retraining Program, and Combined Policies have
lower wage inequality (2.1), suggesting that retraining and
combined strategies help mitigate income disparities.

e Low-Skill Unemployment (%):

o Accelerated Al Adoption has the highest low-skill
unemployment (16.6%), highlighted by the darkest shade in this
row.

o Baseline has the lowest low-skill unemployment (6.0%).

o The other scenarios (UBI, Retraining, Combined) show
moderate levels of low-skill unemployment, indicating that
while they help, they don't eliminate the issue entirely.

o High-Skill Unemployment (%):

o Retraining Program has a small level of high-skill
unemployment (0.7%).

o All other scenarios, except baseline, have no high-skill
unemployment (0.0%), represented by the lightest color.

o Total Al Capital:

o Accelerated Al Adoption shows the highest Al capital (66.5),
indicated by the darkest shade.

o Baseline has the lowest Al capital (62.4).

o UBI, Retraining, and Combined have a similar level of Al
capital.

o UBI Payment:

o UBI Policy and Combined Policies show UBI payments (0.1),
represented by a darker shade.

o Baseline, Accelerated Al Adoption, and Retraining have no UBI
payments (0.0), indicated by the lightest shade.

#2025 il SG £l - (20) 2l - (11) el 3 _alaal) 4y jladll il ol ddag

(769)



Dr/ Eyas Osman Avrtificial Intelligence and Economic Transformation: A

7. Conclusion and Policy Recommendations

This study introduces a robust economic framework that redefines the role of
artificial intelligence (Al) within modern production systems, treating it as a
distinct factor alongside traditional inputs like labor and capital. By integrating
skill-biased technological change, sector-specific dynamics, and the influence
of government policies, the model provides a nuanced understanding of Al’s
transformative potential across economies. The findings underscore Al’s dual
nature: it serves as a powerful catalyst for productivity growth while
simultaneously posing challenges to labor market stability. This duality
necessitates a proactive and strategic approach to policy formulation to harness
AT’s benefits and address its disruptions effectively.

The analysis uncovers the fact that productivity gains driven by Al are not
spread evenly. High-automation sectors, including manufacturing and logistics,
achieve remarkable efficiency gains, while knowledge-driven industries benefit
from Al-powered decision-making that enhances productivity. These advances,
however, have not come without a cost. As Al capabilities are integrated into
different sectors, high-skilled workers are likely to benefit more than low-
skilled workers, which leads to more income inequality, a phenomenon referred
to as skill-biased technological change. With lower-skilled workers being more
prone to displacement, this technological change can have asymmetric effects
on income distribution. Moreover, the model emphasizes that without proactive
efforts, the regional divides could broadens, with areas deficient in
technological infrastructure or educational resources lagging behind.

Government policies emerge as critical levers in shaping AI’s economic impact.
The study suggests that laissez-faire approaches risk amplifying labor market
frictions, whereas targeted interventions can mitigate adverse effects. For
instance, subsidies for Al adoption in small and medium enterprises could
democratize access to technology, while tax incentives for firms investing in
worker reskilling could soften the transition for displaced labor. Additionally,
sector-specific policies—such as regulatory sandboxes for Al innovation in
healthcare or education—could balance innovation with societal needs.

Looking ahead, empirical validation of this theoretical model is essential.
Future research should leverage real-world data to test its predictions,
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particularly regarding the magnitude of AI’s productivity effects and the
efficacy of proposed interventions. Longitudinal studies tracking workforce
adaptation to Al across industries could further refine the model’s assumptions.
Moreover, exploring the interplay between Al and emerging trends—such as
green technology or remote work—could broaden its applicability.

Policy recommendations based on this analysis suggest a multi-faceted
approach. In time, governments should reform education, emphasizing STEM
skills and lifelong learning programs to prepare workers for an economy
reshaped by Al. Second, social safety nets, including universal basic income
pilots or wage insurance, might support vulnerable populations through
technological transitions. Third, collaboration across nations is essential to
tackle the global implications of Al, ensuring that developing economies are
not left behind in the race to adopt the transformative technology. Finally,
policy makers need also to stay flexible themselves, updating regulations to
match the pace of Al evolution while creating an ecosystem that values ethical
innovation.

In conclusion, this paper positions Al as a pivotal force in reshaping economic
landscapes, offering both unprecedented opportunities and complex challenges.
By integrating Al into economic theory and advocating for evidence-based
policies, it lays the groundwork for a future where technological progress aligns
with inclusive growth. Continued research and adaptive governance will be key
to realizing this vision.
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