University of
< Reading

The impact of the development of artificial
intelligence on unemployment rates

Article
Published Version
Creative Commons: Attribution 4.0 (CC-BY)

Open Access

Liu, J. (2024) The impact of the development of artificial
intelligence on unemployment rates. Advances in Economics,
Management and Political Sciences, 121 (1). pp. 154-163.
ISSN 2754-1177 doi: 10.54254/2754-1169/121/20242410
Available at https://centaur.reading.ac.uk/119326/

It is advisable to refer to the publisher’s version if you intend to cite from the
work. See Guidance on citing.

Identification Number/DOI: 10.54254/2754-1169/121/20242410
<https://doi.org/10.54254/2754-1169%2F121%2F20242410>

Publisher: EWA Publishing

All outputs in CentAUR are protected by Intellectual Property Rights law,
including copyright law. Copyright and IPR is retained by the creators or other
copyright holders. Terms and conditions for use of this material are defined in
the End User Agreement.

www.reading.ac.uk/centaur

CentAUR


http://centaur.reading.ac.uk/71187/10/CentAUR%20citing%20guide.pdf
http://www.reading.ac.uk/centaur
http://centaur.reading.ac.uk/licence

University of
< Reading
Central Archive at the University of Reading

Reading’s research outputs online



Proceedings of the 8th International Conference on Economic Management and Green Development
DOI: 10.54254/2754-1169/121/20242410

The Impact of the Development of Artificial Intelligence on
Unemployment Rates

Jiaxin Liu*"

ISchool of Politics, Economics and International Relations, The University of Reading, Reading,
United Kingdom
a. ti804646@student.reading.ac.uk
*corresponding author

Abstract: The proliferation of artificial intelligence (Al) is a transformative force in global
labor markets, presenting dual possibilities: the displacement of traditional jobs and the
creation of new employment opportunities. This paper explores the dynamic relationship
between Al development and unemployment rates, using empirical data and regression
analysis from 2012 to 2022. It examines the impact of Al across various sectors, highlighting
how technological advancements and public engagement with Al via platforms like Google
Trends influence employment patterns. In addition, it also reveals that Al development has a
generally negative correlation with unemployment rates, suggesting that increased Al
adoption may be linked to lower unemployment levels. The findings also underscore the
importance of adaptive policies and education systems to harness AI’s potential for job
creation, which contributes to the discourse on AI’s economic implications by providing a
nuanced analysis of its influence on employment, essential for policymakers and stakeholders
in navigating the challenges and opportunities presented by Al technologies.

Keywords: Atrtificial Intelligence, Unemployment Rates, Economic Impact, Technological
Advancement.

1. Introduction

The likely entry of artificial intelligence (Al) is yet the most significant game-changer when it comes
to the scene of labor markets across the world and hence arouses broad debate on the possible effects
that these might present on such fronts as employment and even the economic systems. The present
paper takes up the highly intricate nexus between Al development and unemployment rates, bringing
empirical data together with established scholarly opinions to bear on the multifaceted impact of Al
technologies.

It is this concern that lies at the heart of the paradox: that Al has the dual ability to both disrupt
work in traditional employment sectors and, at the same time, provide new jobs. This duality is
brought into a broader context by the Fourth Industrial Revolution, which postulates that Al, among
other technologies, is changing all economic divisions and is reforming the ground of work all over
the world. It undertakes sector-specific impacts of Al and highlights differential effects across
industries and regions. Ford critically reviews the way Al and robotics could bring humanity to a
jobless future, analyzing the necessity for full-fledged policy responses for the mitigation of adverse
effects caused by increased automation [1,2].

© 2024 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).
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Besides, the race for Al supremacy is a global one, as significant advances are taking place both
in the U.S. and in China, further complicating the jobs narrative. Lee examines the trajectories of
these two superpowers in Al-defined new world order and observes diverging impacts on respective
labor markets in these countries based on their techno- and ecopolitical strategies [3]. This research
will use the regression analyses of data between 2012 and 2022 to quantify the relationships
established through indices like the AI Index, based on which it is postulated that there would be
positive trends between Al development and public interest in Al gauged against Google Trends and
changes in unemployment rates. These empirical efforts aim at providing a nuanced understanding of
how artificial intelligence integrated into economies is redesigning job markets and, at the same time,
attempting to inform the policy fraternity and stakeholders about the potential paths labor markets are
likely to take as artificial intelligence keeps changing.

2. Literature Review

The issue of unemployment in light of the growing role of artificial intelligence (Al) raises a lot of
echo in modern scientific discourse. Guliyev contributes uniquely through suggestions for plausible
insights from a dynamic panel data model that captures the complex relationships between Al
intensity and employment indicators in the most advanced highly-developed economies of high
technologies [4]. This is very pivotal, as it seeks to illustrate the potential for displacement created
by Al and the avenues for new job creation, underlining the dual-edged influence on the labor market.

Going further into the nuances of this relationship, Bordot believes that while Al may destroy
some jobs, it generates opportunities for new jobs in alternative sectors [5], where the skill
composition calls for more dexterous labor. This view is supported by Nguyen and Vo, who
elaborates on an international context in which different economic structures and inflation levels
modulate Al's effects on unemployment across a broad database of countries [6].

Kuzior details specific effects for sectors; he observes high technological unemployment linked
with rapid advances in robotization and Al applications within Industry 4.0 [7]. This would be very
relevant to industrial sectors where the prevalence of manual and repetitive work tasks is high, thus
indicating a focus area for intervention in policies and reskilling of workforce.

The academic narrative is enriched by Virgilio et al., who provide a comprehensive review of
empirical studies, reinforcing the notion that AI’s impact on unemployment is multifaceted and highly
contingent on societal adaptation and technological acceptance [8]. Similarly, Iscan describes the
influence of Al under the Industry 5.0 frame, emphasizing that market labor is given a chance to face
profound disruptions but is also allowed to form new roles for themselves in emerging industries,
most of which would be in the high-tech sector [9].

Thus, according to these findings, societal reception and perception of Al by the public can easily
prove to be crucial for economic outcomes. Mutasc identifies a non-linear relationship between Al
development and unemployment, which points to how different societies adapt to the integration of
Al technologies in shaping future workforces [10]. It is pointing out the absolute importance that
public education and policy play in any kind of workforce going forward.

These complex interplays of development and trends in AI employment are testimony to the deep
necessity, therefore, of continued research and dialogue among policymakers, educators, and industry
to ensure adequate response and guidance concerning the opportunities and challenges presented.
With the evolution of technology, the way of integrating in societal life must change accordingly and
in such a manner that it helps improve economic opportunities and reduces the risk of unemployment.
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3. Data Analysis
3.1. Data description and Methods

Data for this study were collected spanning the years 2012 to 2022, covering a range of countries
with varying degrees of technological advancement and economic conditions. The primary dependent
variable analyzed was the unemployment rate, which serves as a direct indicator of employment
health within a country, as shown in table 1. The independent variables included the Al index, which
reflects the intensity of Al development activities, and the popularity of the term "Artificial
Intelligence" as measured by Google Trends [11,12]

Table 1: Interpretation of Data

Variable name Variable descriptions Data source
Unemployment rate as a proportion of World Bank Open Data
Unemployment Rate - UN " the total workforce -% SL.UEM.TOTL.ZS
Artificial Intelligence Index -  The calculated number of published AlRankings
Al papers in a country https://airankings.org/
Google Trends of Artificially Index of the search keywords in Google Trend
Intelligence- GT Google https://trends.google.com

The dataset underwent rigorous preprocessing to ensure the compatibility and reliability of the
results. This included normalization of data scales to prevent bias due to differing units of
measurement and handling of outliers through robust statistical methods to ensure that the analysis
remained focused on typical cases rather than exceptions.

Exploratory data analysis began with Pearson’s correlation coefficients to establish initial
relationships. The core of the quantitative analysis was based on a multiple linear regression model,
constructed to quantify how variations in Al development and public interest in Al (Google Trends)
are associated with changes in unemployment rates. The dataset was divided into an 80-20 split for
training and testing the model, respectively. Model accuracy was assessed using mean squared error
and R? statistics.

3.2. Regression Analysis

A multiple linear regression model was constructed using the Al index and Google Trends data as
predictors and the unemployment rate as the dependent variable, as shown in table 2. This model is
articulated in the following mathematical formula:

Unem = ¢, + a; x Al + 1)

Unem = f, + B, xGT + 2)
ao and Po are the intercept of the model.

a1 and B are the coefficients for the Al Index and Google Trends

€ is the error term, representing unexplained variability.

Model (1) Isolating the effect of Al Index on unemployment, the regression yields a coefficient of
-0.0073, with a t-statistic of -2.12. This indicates that for each unit increase in the Al Index, the
unemployment rate decreases by 0.73%, holding all else constant. The t-statistic suggests that the
relationship is statistically significant at the 5% level. This finding is supported by research from
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Sahib and Ibrahim (2022), who utilized Al indices to predict employment trends, highlighting the
predictive value of Al development on economic indicators like unemployment [13].

Model (2) Focusing on the effect of Google Trends for Al on unemployment, the regression
coefficient is -0.0561, with a robust t-statistic of -5.11. The negative coefficient signifies that a unit
increase in Google Trends for Al is associated with a 5.61% reduction in the unemployment rate,
suggesting a stronger influence than the Al Index and this relationship is echoed in the work of Khan
and Thaljaoui, who found similar trends in Al interest and its impact on employment across various
countries, emphasizing the importance of public engagement with Al technologies in influencing
economic conditions [14]. The statistical significance of this relationship is at the 1% level, indicating
a high level of confidence in this finding.

Table 2: Benchmark regression results

(1) )
Unem Unem
Al -0.0073**
(-2.12)
GT -0.0561***
(-5.11)
Intercept 6.2046%** 7.1654%**
(30.25) (25.04)
N 220 220
F 4.503 26.081
p 0.035 0.000
2 0.020 0.107
2 a 0.016 0.103

The intercepts for both models are significant, implying that when the Al Index and Google Trends
are at zero, the unemployment rate would be 6.2046% and 7.1654%, respectively. The F-statistics for
both models are 4.503 and 26.081, respectively, indicating the models' overall significance. The p-
values are 0.035 and 0.000 for the respective models, corroborating the F-statistics and reinforcing
the reliability of the models. R-squared values are 0.020 and 0.107 for models (1) and (2), respectively.
While the R-squared for the first model indicates that the Al Index alone explains only 2% of the
variance in unemployment, the second model's R-squared suggests that Google Trends for Al
explains approximately 10.7% of the variance in unemployment rates.

The analysis suggests that public interest in Al as gauged by Google Trends, has a more significant
and statistically robust impact on the unemployment rate than the Al Index. This might reflect that
the societal engagement with Al through information searches may translate more directly into
economic outcomes, possibly due to increased awareness leading to education and job creation within
the Al sector, the finding which is consistent with Tuhkuri's study, which explored the predictive
power of Google searches on economic indicators, including unemployment rates, highlighting the
potential of search data to mirror economic trends [15].

3.3. Correlation Analysis

The correlation analysis was conducted to assess the relationships between the unemployment rate
(dependent variable) and the two independent variables: Al index and Google Trends data for Al as
shown in figure 1.
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Figure 1: Correlation between Unemployment rate and Al Index

The correlation analysis showed varying degrees of relationships between the unemployment rate
and the Al-related metrics. Specifically, the Pearson correlation coefficient between the
unemployment rate and the Al index was -0.14, indicating a weak negative correlation. This suggests
a slight tendency for the unemployment rate to decrease as Al development, measured by the Al
index, increases, though the relationship is not strong. This finding aligns with research by Petropoulo,
who explored how policies could leverage Al to promote efficient labor markets, despite the complex
effects of Al on employment displacement and productivity [16]. Empirical Results and the Analysis
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Figure 2: Correlation between Unemployment rate and Google Trends
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Conversely, the correlation coefficient between the unemployment rate and Google Trends data
for Al was -0.33, as shown in figure 2. This moderate negative correlation suggests a more substantial
inverse relationship, where increased public interest in Al, as captured by Google Trends, correlates
more significantly with reductions in unemployment rates.

These findings highlight different impacts of Al-related metrics on the labor market. The weak
correlation with the Al index suggests that while technological advancements in Al are associated
with slight decreases in unemployment, this relationship is not pronounced. On the other hand, the
stronger correlation with Google Trends data indicates that public engagement with Al might play a
more influential role in employment trends. This could imply that not only the advancements in Al
technology but also the societal reception and interest in Al are crucial in shaping labor market
dynamics. Damioli, Van Roy, and Vertes further substantiate this by demonstrating how Al
technologies have begun to affect labor productivity positively, emphasizing the role of Al in
transforming economic sectors [17].

3.4. Trend Analysis

Figure 3 presents the average trends for the unemployment rate, Al index, and Google Trends score
across all countries over the years:
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Figure 4: Yearly Trend of Al Index and Google Trends Al Score
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From the period 2012 to 2021, the AI Index shows significant growth, indicating rapid
advancements in Al technology and its increasing presence in various sectors, as shown in figure 4.
Simultaneously, the Google Trends Al Score reveals surges in public interest and awareness about
Al, with peaks suggesting moments when Al may have been particularly prominent in the media or
had notable breakthroughs. A study by Lai et al. supports this observation, highlighting the correlation
between Al index advancements and reduced unemployment rates across various Asian countries
[18].

The dataset exhibits a compelling correlation between the advancement of Al and unemployment
rates, which, under scrutiny, could be interpreted as supportive of the proposition that Al development
contributes to a decrease in unemployment. Zeren discusses the impact of technological advancement
on employment, emphasizing that sectors heavily invested in AI show more dynamic job creation
[19]. The AI Index's upward trajectory signifies not just a technological evolution but an economic
stimulus catalyzing job creation. As Al permeates various sectors, it ostensibly initiates a proliferation
of new job roles—such as Al specialists and data analysts—thereby expanding the employment
market.

The ebbs and flows in public interest in Al, as evidenced by Google Trends data, might be
indicative of periods of heightened economic activity, where spikes in interest precipitate increased
investments in Al-driven enterprises. These injections of capital and attention potentially foster job
growth both directly within the burgeoning Al industry and indirectly through the broader economic
impetus provided by technological innovation.

The downward trend in unemployment from 2012 to 2016 aligns with this narrative, suggesting
that the nascent stages of Al growth coincided with or contributed to an economic climate conducive
to job creation. KESKIN and KASR offer insights into the effect of Al on the workforce, illustrating
how Al-induced innovations are reshaping labor markets and fostering economic growth, particularly
in dynamic sectors [20]. The sharp reduction in unemployment observed in 2021 further intimates an
economy that is adjusting to Al, potentially through the establishment of novel job categories and the
retooling of the workforce. This inflection point may be the result of an equilibrium being reached
where Al-driven efficiencies culminate in business expansion and human labor is reallocated to roles
that leverage human-specific skills such as creativity and empathy.

The economic milieu in which Al evolves is multifaceted, with factors such as globalization,
policy interventions, and educational reforms all exerting influence. The observed data trends are
hence consistent with a hypothesis that AI development can act as a catalyst for economic growth
and employment, provided the socio-economic context is conducive to the assimilation of new
technologies and the workforce is supported through transitions. This nuanced view acknowledges
the transformative impact of Al on employment while recognizing the critical role of supportive
infrastructures in realizing its potential benefits. Saba and Ngepa highlight the moderating role of
governance in maximizing the benefits of Al for economic growth and employment in BRICS nations,
underscoring the importance of robust policy frameworks in leveraging Al's potential [21].

4. Discussion

The analytical findings previously elucidated in this paper are further crystallized by the graphical
evidence from the Al Index Report 2023 [22]. The empirical data corroborates the regression analysis
and trend observations discussed in sections 3.2 and 3.4, offering a compelling visualization of AI’s
influence on job creation across various regions and industries.
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Figure 5: Al's impact on job creation in different regions
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Figure 6: Al's impact on job creation in different industries

The graphical depiction of Al's regional impact on job creation showcases distinct patterns that
may be attributed to differing levels of Al integration across regions, as shown in figure 5. This
variation resonates with observed trends in specific countries, like China, where Al has been reported
to bolster employment in service industries [23]. Similarly, in Japan, regional employment dynamics
have shifted with the advent of Al, further substantiating the global trend towards heterogeneity in
AIl’s employment impact [24].

Figure 6 delves into the industry-specific ramifications of Al deployment. Here, the upsurge in job
creation within the Information Technology and Consumer Goods sectors is evident, illustrating a
pronounced trend of employment growth in industries with rapid Al adoption. This echoes findings
from micro-level studies that analyze Al technologies’ employment effects, suggesting that Al can
indeed act as a catalyst for job creation in certain domain [25].

The disparities in Al's employment impact underscore a dual reality—AI as a harbinger of job
displacement in some sectors, while simultaneously spawning new opportunities in others. For
developing regions, Al's potential to affect labor markets is profound, with new methodologies
indicating both challenges and opportunities for employment [26,27].
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These insights from various global contexts enrich the narrative discussed in earlier sections of
this paper. They align with the previously mentioned model that suggests higher Al index values
correspond with lower unemployment rates, and the assertion that public engagement with Al plays
a significant role in employment trends. The bar graphs from the Al Index Report extend these
findings, offering a visual affirmation of the complex and multifaceted effects of Al on the labor
market.

5. Conclusion

The examination of the dynamics between artificial intelligence (Al) and unemployment has yielded
significant insights, suggesting a nuanced relationship that is neither uniformly positive nor negative.
The multiple linear regression analysis indicates an inverse association between Al development and
unemployment rates, with public interest in Al, as measured by Google Trends, emerging as a
stronger correlate to employment trends than scholarly output alone, a finding supports the hypothesis
that public engagement with Al can have a tangible effect on job creation, possibly by increasing
awareness and driving educational and vocational shifts towards Al-related fields.

The regional analysis of AI’s impact reflects a world where technological benefits are not evenly
distributed. In advanced economies, where Al adoption is higher, a decrease in unemployment rates
suggests that Al may be generating new roles as fast as it makes old ones obsolete. Conversely, the
less pronounced effects observed in other regions indicate disparities in the capacity to fully exploit
the potential economic benefits of Al. In addition, industry-specific results align with the notion that
Al acts as a catalyst for job creation in sectors that rapidly integrate new technologies. The robust job
growth in the Information Technology and Consumer Goods sectors implies that these areas are
leveraging Al for innovation and expansion.

In summary, the findings articulate the complexity of Al's role in shaping the labor market and the
transition to an Al-augmented economy comes with challenges that necessitate thoughtful policy as
well as educational reforms. As Al technology develops, it necessitates a parallel evolution in our
socio-economic structures and this prompts ongoing research and dialogue to identify the most
effective ways of maximising the benefits of Al while preparing the workforce for an Al-centric
future. It is imperative that a multifaceted strategy is implemented, encompassing governance,
education, industry and the global community, to ensure that the advancements in Al lead to inclusive
economic growth and enhanced job opportunities.
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