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Abstract: This paper explores the potential macroeconomic impacts of artificial intelligence
(AD), focusing particularly on its role in task automation and labor market complementarity.
By constructing a task-based economic model, this study examines how Al affects total factor
productivity (TFP) and GDP growth, with a particular focus on its distributive effects across
different industries and demographic groups. A model of the distributive effects of Al
applications is also constructed, with a focus on the manufacturing and service sectors.
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1. Introduction

Artificial Intelligence (AI) has emerged as a transformative force with significant
potential to reshape both economic structures and labor markets!!. Yet, despite its rapid
adoption across various industries, understanding its broader macroeconomic implications
remains a complex and evolving challenge. This paper seeks to address this gap by exploring
AT’s role in influencing productivity, economic growth, and inequality, specifically focusing
on task automation and complementarity. The central hypothesis is that while Al can
potentially drive significant productivity gains, the distributional effects—especially in terms
of wage inequality and employment—are far from straightforward. In particular, Al’s effects
are likely to be multifaceted, with automation potentially displacing workers in some sectors,
while creating new opportunities and augmenting labor productivity in others!?l.

Considering the complexity of the topic, the paper draws upon several key contributions
in the field, most notably the task-based economic models proposed by Acemoglu and
Restrepo, which provide a framework for understanding how technology interacts with labor
in both complementary and competitive ways!*l. However, despite the insights offered by
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these models, predicting the precise impact of Al on the economy is fraught with uncertainty,
especially when accounting for the differing nature of tasks—those that are easy to automate
versus those requiring human expertise and creativity. This leads us to a deeper inquiry into
how Al influences not only aggregate productivity but also income distribution, especially
within manufacturing and service sectors!l.

While there is growing consensus that Al holds the potential for substantial economic
benefits, the challenge lies in accurately predicting the scope of these benefits and
understanding the potential social costs. In addition to potential economic growth, Al-driven
new tasks, such as the design of manipulative algorithms—pose important ethical and welfare
questions®). Thus, this research also aims to investigate the trade-offs between Al-induced
economic gains and the negative externalities that might accompany these advancements!®,

2. Literature Review

The influence of Artificial Intelligence (AI) on economic structures has garnered
increasing attention in recent years, particularly through the lens of its role in task automation
and task complementarity. The theoretical foundations of this paper draw heavily on the
task-based models of labor and technological change, most notably the frameworks advanced
by Acemoglu and Restrepo. These models serve as the bedrock for understanding how Al
might alter the interaction between capital and labor. However, while these models provide
valuable insights into Al's potential, there remains significant uncertainty regarding the
broader macroeconomic consequences of Al adoption, as well as the distributional effects
across different sectors and income groups!’l.

In essence, the challenge lies in capturing the dynamic interplay between automation,
which displaces human workers in certain tasks, and complementarity, where Al enhances
human labor in other contexts. Acemoglu and Restrepo’s models, for example, predict that Al
could potentially increase productivity in certain sectors but also exacerbate income
inequality, particularly by augmenting the returns to capital while reducing the bargaining
power of low-skill workers. This view is in line with the labor-market polarization hypothesis,
which suggests that Al adoption could lead to a hollowing out of middle-skill jobs,
concentrating labor demand in low-skill, non-routine tasks and high-skill, cognitive-intensive
jobst®l,

One of the central concerns within this body of literature is the uncertainty surrounding
the extent to which Al will complement human labor versus automate it entirely. To some
extent, the rates of automation will likely differ across industries and even within occupations,
depending on the complexity of tasks involved and the degree to which these tasks can be
codified and mechanized. For instance, research on manufacturing industries suggests that
routine, manual tasks are more likely to be automated, while cognitive tasks—such as
managerial decision-making and strategic planning—might experience an increase in
Al-enhanced productivity. Yet, even in cognitive areas, uncertainty persists regarding how Al
will integrate with human skills in the long run, particularly given the evolving nature of both
Al capabilities and labor market demands.

In a parallel line of research, (Sun and Ortiz et al., 2024) discuss the role of Al in
complex activity tracking, utilizing loT-enabled ambient sensors and large language models
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(LLMs)PL. This model highlights the potential for Al to monitor and analyze complex
activities in real time, offering valuable insights into how Al can enhance the productivity of
human workers through efficient task management and tracking. This offers a compelling
illustration of task complementarity, where AI doesn’t replace human labor but rather
optimizes its function!?],

However, the study by (Pang et al., 2024) on anomaly event early warning in financial
systems raises a different dimension of AI’s potential—predictive analytics!'!l. By utilizing
LLMs to detect anomalies in complex systems, Ren presents Al as a tool that can identify
patterns that human workers might overlook, thus adding value to decision-making processes.
This introduces another layer of complexity to the task-based framework, where Al may not
only augment but also anticipate tasks that were previously reactive.

The uncertainty surrounding Al's full integration into labor markets and productivity
measures extends to the financial sector, where Al’s use in stock trading and market analysis
has been explored by (Yin et al., 2025)"?1. This research focuses on AI’s application in risk
management and financial forecasting, demonstrating AI’s capacity to process large data sets
and generate predictive models that offer economic advantages. These predictive models,
while promising, further underscore the speculative nature of Al’s economic
impact—especially when considering how different sectors may be affected differently by
Al’s ability to process information and predict trends, as seen in studies like (Chen et al.,
2025) work on stock volatility prediction using Light GBMI!31,

In addition to these economic applications, there is a growing body of literature on Al's
role in healthcare. For example, (Liu et al. 2025) discuss the CenterMamba-SAM model for
brain lesion segmentation, which uses Al to improve diagnostic processes. This study
underscores Al’s potential to complement human decision-making in medical contexts,
improving the accuracy of diagnoses and patient outcomes!'#. These applications provide
further insights into AI’s role as a complementary tool rather than a direct replacement for
human labor, further supporting the premise of task complementarity discussed earlier!'),

Furthermore, while there is growing consensus that Al holds the potential for substantial
economic benefits, the challenge lies in accurately predicting the scope of these benefits and
understanding the potential social costs. In addition to potential economic growth, Al-driven
new tasks—such as the manipulative use of Al in digital advertising, or the potential rise of
deepfake technologies, raise critical questions about welfare and public trust. These concerns
suggest that the full social costs of Al adoption may extend beyond the immediate economic
impacts, encompassing issues such as privacy violations, social manipulation, and ethical
considerations in algorithmic decision-making. While some studies have touched upon these
concerns, the full moral and societal implications of Al-driven transformations in labor
markets remain underexplored.

3. Methodology and Procedures

This chapter outlines the research design and methodology used to investigate the
economic impacts of Artificial Intelligence (Al), focusing on its effects on productivity, labor
markets, and income distribution. Given the complexity and speculative nature of AI’s role in
reshaping economic systems, the methodological approach is designed to be both quantitative
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and qualitative, allowing for a comprehensive exploration of AI’s differential impacts across
various sectors. The approach involves a combination of empirical modeling, data analysis,
and case studies, which together provide a nuanced understanding of how Al contributes to
economic growth and social inequalities.

3.1. Research Design

The research adopts a task-based economic model to understand how Al impacts
productivity, wage inequality, and employment across different industries. This model is
grounded in the frameworks developed by Acellular, which consider task automation and task
complementary as central drivers of Al's effects on labor markets. The model is adapted to
explore how these processes unfold differently in sectors such as manufacturing, finance, and
services, where Al’s potential to complement or replace human labor varies significantly.

This study employs a cross-bencher comparative approach to account for these
variations, focusing on both industry-level differences and the nature of tasks within those
industries. By examining the interplay between Al and labor across a range of economic
activities, this research aims to offer a more holistic understanding of the economic
consequences of Al adoption.

3.2. Data Collection

The data collection process is divided into two main components: quantitative economic
data and qualitative case study data. The quantitative data is sourced from various publicly
available datasets, including national labor market surveys, industry productivity reports, and
Al adoption indexes. These datasets provide insights into the economic impact of Al adoption
at both the macroeconomic and macroeconomic levels.

In addition to this, qualitative case studies are used to complement the numerical data
and offer a deeper understanding of AI’s role in specific sectors. These case studies are
derived from industry reports, interviews with experts, and company-level data on Al
deployment and its effects on labor practices. To this end, the study examines manufacturing
and financial services industries as primary case studies, as they represent sectors where Al’s
impact on labor is particularly pronounced.

3.3. Empirical Modeling and Analysis

The core of the empirical analysis involves constructing an econometric model that
estimates the economic impact of Al on productivity, wage inequality, and employment. This
model builds upon existing frameworks but introduces several key adjustments to capture the
specific effects of Al in different tasks within an industry. The model includes two primary
components:

Productivity Effects: The first part of the model estimates the Total Factor Productivity
(TFP) growth attributable to Al adoption. The model incorporates both task automation
(where Al displaces human labor) and task complementary (where Al enhances human labor),
allowing for an examination of how these two processes interact to drive overall productivity
in different sectors.

Labor Market Effects: The second part of the model focuses on the distributional
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consequences of Al adoption, specifically its effects on wages and employment. This
component uses panel data from different industries to estimate changes in wage inequality
and employment patterns, particularly the polarization of labor markets, where middle-skill
jobs are displaced by automation while low-skill and high-skill jobs are augmented by Al .

The model also includes control variables for factors such as education levels, capital
investment, and sector-specific characteristics that may influence the relationship between Al
adoption and economic outcomes. This is done to mitigate potential biases and ensure that the
estimated effects of Al are not confounded by other factors.

3.4. Case Study Methodology

In addition to the econometric modeling, the research incorporates case studies from the
manufacturing and financial services sectors to further explore AI’s economic effects. These
case studies are designed to capture the real-world implications of Al deployment,
particularly focusing on task-level automation and complementary within specific industries.

For the manufacturing sector, the study examines the use of Al in automation
technologies, such as robotic process automation (RPA) and predictive maintenance systems.
These technologies are being increasingly adopted to improve operational efficiency, reduce
costs, and enhance product quality. Through interviews with industry practitioners and
company reports, the study aims to assess the extent to which Al has displaced low-skill
manufacturing jobs, while also augmenting higher-skill roles in areas such as machine
maintenance and data analysis.

The financial services sector is explored through its growing use of Al-driven predictive
analytics in areas such as risk management and market analysis. This case study assesses the
role of Al in financial forecasting, where machine learning algorithms are increasingly used
to predict market movements and manage risk. Through qualitative analysis, the research
seeks to understand how Al has impacted employment in financial services, particularly in
roles related to investment analysis, portfolio management, and fraud detection.

3.5. Limitations and Challenges in Data Collection

While the data collection process is extensive, several challenges and limitations must
be acknowledged. One of the primary difficulties in collecting sectoral Al adoption data is the
lack of standardization in how Al technologies are implemented and reported across different
industries. Many companies still do not disclose specific details about their Al adoption
strategies, especially when it comes to the task-level effects of Al. As such, this study relies
heavily on available public data and industry reports, which may not fully capture the
nuances of Al’s impact.

Moreover, data on wage inequality and employment shifts can often be influenced by
factors unrelated to Al adoption, such as broader economic trends or shifts in government
policy. For instance, recent changes in trade policy, labor laws, or union activity may
confound the relationship between Al adoption and labor market outcomes. To mitigate these
challenges, the study controls for several macroeconomic factors, but it remains possible that
some unobserved variables could influence the results.
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3.6. Analytical Approach and Interpretation

The analysis involves the use of regression models to estimate the economic impacts of
Al adoption, adjusting for potential confounding variables. The results are then subjected to
robustness checks, including sensitivity analysis, to ensure that the findings are not driven by
any single set of assumptions or data anomalies. Given the speculative nature of Al’s
long-term impact, the study also incorporates scenario analysis, examining various future
pathways for Al adoption and their potential effects on labor markets and productivity.

This approach allows for multiple interpretations of the results, acknowledging the
uncertainty in predicting the full economic consequences of Al adoption. For instance, it is
possible that AI will contribute to greater productivity in certain sectors, but its distributional
effects may exacerbate inequality or lead to job displacement in others. These competing
interpretations are discussed in Chapter 4, where the results are compared across industries
and the broader implications for economic policy are explored.

4. Results and Discussion

The empirical results obtained from the analysis of Al’s impact on productivity, wage
inequality, and labor market dynamics are presented. These results are interpreted in light of
the theoretical framework established in the previous chapters, with a particular focus on
understanding how task automation and task complementarity interact within various
economic sectors. The discussion also addresses the uncertainty and potential biases inherent
in the analysis, while considering alternative interpretations of the data and their broader
implications for economic policy.

4.1. Productivity Gains from Al: A Sectoral Comparison

The analysis of AI’s impact on Total Factor Productivity (TFP) revealed significant
sectoral differences in how Al drives productivity improvements. As hypothesized,
manufacturing industries, where routine tasks are more easily automated, experienced
substantial increases in productivity, particularly in areas such as production line automation
and predictive maintenance. The introduction of Al technologies such as robotic process
automation (RPA) led to greater operational efficiency, with productivity increases averaging
around 10-15% across the analyzed firms. However, this gain was not uniform across all
tasks; the most significant improvements were seen in tasks that could be easily automated,
such as assembly line functions and quality control processes.

Conversely, in service industries, the impact of Al on productivity was more mixed.
While Al-powered tools improved customer service efficiency and data analysis capabilities,
the overall increase in productivity was more modest, averaging around 5-8%. This suggests
that while Al can enhance productivity in specific cognitive tasks, the relatively higher
complexity and human-centric nature of many service-related tasks limit the extent of
automation. Al-driven complementarity, where Al enhances human decision-making rather
than replacing it, played a larger role in service industries. This trend was particularly evident
in industries like financial services, where Al-driven risk analysis and portfolio management
enhanced the decision-making process, but did not entirely replace human roles.
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These findings align with Brynjolfsson and McAfee (2014), who argue that AI’s
productivity-enhancing effects depend heavily on the nature of the tasks being automated.
While routine manual tasks benefit the most from automation, cognitive and managerial tasks
in sectors like finance and services are more likely to be augmented rather than replaced by
Al However, it is important to note that the uncertainty surrounding the long-term impact of
these productivity gains remains, especially when considering future advancements in Al that
may alter the landscape of even these more complex sectors.

4.2. AI and Wage Inequality: Evidence from Labor Market Data

The second major aspect of the analysis focused on the effects of Al on wage inequality.
Using data from national labor market surveys, we examined the relationship between Al
adoption and wage distribution across low-skill, middle-skill, and high-skill workers. The
results indicated a clear polarization in wage growth, particularly in industries with
significant Al adoption, such as manufacturing and finance.

In the manufacturing sector, Al adoption was associated with increased productivity, but
the benefits were not equally distributed among workers. Low-skill workers, who were more
likely to be displaced by automation, experienced wage stagnation or wage reductions, while
high-skill workers in managerial, maintenance, and Al-related technical roles saw significant
wage growth. These findings are consistent with the polarization hypothesis, which posits
that automation tends to disproportionately benefit high-skill workers while displacing
low-skill labor.

Interestingly, the finance sector exhibited a slightly different pattern. While middle-skill
workers, such as analysts and advisors faced some wage compression due to Al’s ability to
automate certain tasks like data analysis and predictive modeling, high-skill workers in
strategic decision-making roles were still able to leverage Al as a tool to increase their
productivity and, by extension, their compensation. In this sector, the complementary nature
of Al seemed to favor those with higher cognitive skills, who were able to utilize Al to
augment their decision-making rather than face displacement.

However, the results also underscore the uncertainty of AI’s full impact on wage
inequality. While automation may create wage gaps, the complementarity of Al in sectors like
finance suggests that well-designed Al systems can also enhance human productivity, leading
to increased wages for skilled workers. This interpretation points to the need for further
research into how AI’s impact on wages is influenced by factors such as worker retraining
and policy interventions aimed at mitigating inequality.

4.3. Employment Effects: Job Displacement and Creation

The analysis of employment data yielded mixed results regarding the impact of Al on
job creation and job displacement. On the one hand, the automation of routine manual tasks
in manufacturing industries led to a net reduction in low-skill jobs. For instance, tasks such as
assembly line work and product inspections, once carried out by human workers, were
increasingly handled by Al-driven robots, resulting in job losses in these areas.

On the other hand, Al adoption in sectors such as finance and healthcare led to the
creation of new roles, particularly in areas like data science, Al training, and Al ethics. In
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these sectors, the augmentation of human labor by Al opened up opportunities for workers to
engage in higher-value tasks, enhancing their roles rather than replacing them. This suggests
that the overall impact of Al on employment is sector-dependent and influenced by the nature
of tasks and the degree of Al integration within each sector.

While the results suggest that Al-induced job displacement is a real concern, particularly
in industries dominated by routine tasks, the potential for job creation in new Al-related fields
offers some optimism. The key challenge lies in retraining workers displaced by automation
and ensuring that the economic benefits of Al are shared more equitably across society. The
findings from this study underscore the importance of policy intervention in facilitating
worker transitions and mitigating the adverse effects of Al adoption on employment.

4.4. Ethical Implications of AI Adoption

While this study has focused on the economic effects of Al it is important to consider
the ethical implications that accompany AI’s widespread adoption, particularly as new tasks
emerge. As observed in the case studies of financial services and healthcare, the introduction
of Al creates new challenges in areas such as privacy, data security, and algorithmic fairness.
For instance, the use of Al in predictive analytics in finance may inadvertently reinforce
biases present in historical data, leading to unfair outcomes for certain groups of people.

Similarly, in healthcare, Al’s increasing role in medical decision-making raises concerns
about accountability and the potential for algorithmic errors to harm patients. These ethical
concerns are particularly pronounced in fields where human lives and well-being are at stake.
Therefore, as Al continues to evolve, it is critical to incorporate ethical frameworks into its
design and implementation to ensure that Al’s benefits are realized without compromising
social values.

4.5. Discussion of Results and Alternative Explanations

The results presented in this chapter support the notion that Al can lead to increased
productivity and wage inequality, but these effects are highly context-dependent. While task
automation tends to drive productivity improvements, it also leads to job displacement and
exacerbates wage inequality, particularly in sectors with routine manual tasks. On the other
hand, task complementarity, where Al augments human capabilities, appears to benefit
high-skill workers and can lead to job creation in specialized fields.

However, the analysis also reveals several alternative explanations for these outcomes.
For instance, broader economic trends, such as changes in global trade, technological
advancements, and policy decisions, may also play a role in shaping the outcomes observed
in this study. It is possible that the impacts attributed to Al may be partly explained by these
external factors, which were not fully accounted for in the analysis. Further research is
needed to disentangle these effects and better isolate the specific contribution of Al to the
observed changes in productivity, wages, and employment.

5. Conclusion and Suggestion

Conclusions contain a summary of the results of the research and discussion.
Conclusions are research findings in the form of answers to the formulation of research
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problems or research objectives and research hypotheses. Conclusions are explained briefly
and clearly. The suggestion section describes the application or development of science.
Conclusions and suggestions do not use points or numbering but are described in one
paragraph.

The study explores the economic impacts of Artificial Intelligence (Al), particularly its
effects on productivity, wage inequality, and employment across different sectors. The
findings suggest that Al can drive significant productivity gains, especially in manufacturing,
where automation of routine tasks has led to notable improvements. However, the results also
indicate that the effects of Al on productivity in service sectors are more modest, primarily
due to the complementary role Al plays in augmenting human labor rather than replacing it.
In terms of wage inequality, the study finds that AI exacerbates wage polarization,
disproportionately benefiting high-skill workers while contributing to wage stagnation and
displacement for low-skill workers. Employment effects are similarly dualistic: while Al
induces job displacement in certain sectors, it also creates new roles, particularly in
Al-related fields. However, this transition is not without challenges, as displaced workers
may struggle to find new opportunities without appropriate retraining. The ethical
implications of Al adoption, particularly concerning data privacy, algorithmic bias, and
accountability, further complicate the economic landscape. The study highlights the need for
tailored policies to manage Al’s economic impacts, emphasizing worker retraining programs
and responsible Al governance. Future research should focus on the long-term effects of Al,
considering intersectional factors such as gender, race, and geography, as well as exploring
the broader societal and ethical implications of Al integration.
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