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ABSTRACT

The purpose of the study. This systematic literature review examines the role of Al in the labor market and
its effectiveness in terms of productivity and employment outcomes.

Methodology. We reviewed recent studies from 2020 to 2025 across global and regional contexts to as-
sess how Al adoption influences job creation, displacement, and workforce composition. The objective was
to synthesize current evidence on whether Al augments human labor or automates it away, and under what
conditions. Using a systematic methodology, we analyzed 17 key publications from peer-reviewed academic
journals.

Originality / value. Our review finds that AI’s net impact on employment has so far been modest, with no
clear evidence of mass unemployment caused by Al. However, Al-driven automation has uneven effects: it
displaces certain routine and low-skill jobs while creating new possibilities for high-skill tasks, thus contrib-
uting to labor market polarization. Notably, Al tends to complement and enhance the productivity of skilled
employees, whereas low-skilled roles face significant automation risk.

Findings. In our discussion, we highlight the following findings: agreement that Al demands workforce up-
skilling and policy support, alongside divergent results, for example, conflicting evidence on net job creation in
different contexts. A meta-analysis of the literature reveals surging research interest in 2023—2025 and a focus
largely on advanced economies. Finally, we discuss implications: while Al can enhance labor productivity
and create value, proactive measures are needed to ensure these gains translate into broad-based employment
benefits. The review identifies research gaps such as limited studies in low-income countries and long-term
generative Al effects and underscores the importance of policies to manage Al’s workforce transition.

Keywords: artificial intelligence, labor market, job transformation, job automation, employment trends.

INTRODUCTION

Advances in artificial intelligence (AI) and automation are reshaping the future of work at an unprecedented
pace. From algorithms that perform cognitive tasks to robots that automate physical labor, Al technologies
are increasingly being deployed across industries. This rapid progress has sparked both optimism and anxiety
in society. On one hand, Al promises to boost productivity and create new business opportunities. On the
other hand, it raises fears of large-scale job displacement or technological unemployment, a concern famously
voiced by economists since at least the time of Keynes [1-2]. The public debate is polarized: some predict Al
will eliminate a vast number of jobs, while others argue it will generate at least as many new roles and improve
overall living standards.

Early studies and forecasts ranged widely in their estimates of AI’s impact on employment. For instance,
a seminal analysis by Frey and Osborne warned that up to 47% of U.S. jobs were at high risk of automation
by Al and related technologies [3-4]. In contrast, an OECD task-based study by Arntz et al. estimated only
about 9% of jobs in OECD countries are highly automated, once considering the variability of tasks within oc-
cupations [5]. These divergent forecasts highlight the uncertainty surrounding AI’s labor market effects. Since
2020, however, Al adoption has accelerated dramatically and especially with the emergence of accessible
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generative Al tools like OpenAl’s ChatGPT. By early 2024, about 72% of companies surveyed worldwide
reported using some form of Al in at least one business function, such a sharp increase from 50% just a few
years prior [6]. This surge in adoption is global in scope, spanning both developed and developing economies.
At the same time, international organizations like the ILO emphasize a more nuanced view, suggesting Al will
change how we work more than whether we work.

Against this backdrop, there is a pressing need for systematic analysis of recent evidence on Al’s impact on
the labor market. The research community has responded with a growing number of empirical studies, model-
based projections and case analyses in the past five years. These works examine Al’s effects on employment
levels, which skills are favored or replaced, wages and inequality, and related outcomes like job quality and
worker well-being. They cover a range of contexts — from advanced economies, like studies on the United
States, Europe, and China to emerging markets case studies in the case of developing countries. However,
the findings of these studies are sometimes fragmented or even contradictory. For instance, some firm-level
analyses in manufacturing find that adopting Al and digital technologies increase hiring of skilled workers and
overall employment, whereas other macro-level studies report a slight rise in unemployment attributable to
Al and robotics [7]. Likewise, while many agree that Al adoption is skill-biased, there is emerging evidence
that generative Al can perform aspects of high-skill jobs previously considered safe from automation [8]. This
could indicate a shift in the nature of job polarization.

Research problem and questions: considering the above, the overarching problem we address is: How is
Al actually affecting labor market outcomes, and how effective is Al in augmenting human labor? We break
this into specific questions: Is Al adoption leading to net job loss, net job creation, or simply job reallocation?
Which categories of workers are most positively or negatively affected? How do Al’s effects vary across sec-
tors? Are there sectors seeing significant productivity gains without employment losses, or vice versa? Do
outcomes differ between developed countries and developing ones? What strategies are recommended or ob-
served to enhance Al’s positive impacts on work, and are there examples of successful mitigation of negative
impacts?

Objectives of this review: We aim to provide a comprehensive synthesis of the recent literature from 2020
to 2025 in order to answer the above questions. By conducting a systematic literature review (SLR) we seek
to aggregate findings, compare results and draw overarching conclusions about Al’s role and effectiveness in
the labor market. Our goal is to move beyond speculation and highlight evidence-based insights from the latest
research. In doing so, we also identify areas of consensus and areas of debate or uncertainty. Special emphasis
is placed on aspects mentioned in recent discourse: the differential impact on low-skilled and high-skilled em-
ployment, the phenomenon of job polarization, regional nuances, and demographic factors in Al-driven labor
changes. We also incorporate insights on policy implications, since many studies discuss how to manage the
transition: through upskilling, social protection or regulation of Al. This review will therefore not only docu-
ment what is happening due to Al in labor markets but also discuss what can be done — making the findings
relevant for policymakers, business leaders, and educators.

MAIN BODY

In terms of methodology, this study follows a systematic literature review (SLR) approach in order to col-
lect, evaluate, and synthesize relevant literature on AI’s impact on the labor market. We adhered to guidelines
for systematic reviews in the social sciences, which involve a transparent search strategy, well-defined inclu-
sion criteria and a structured analysis of the evidence. We conducted a comprehensive search of academic
databases and other sources for publications from January 2020 up to April 2025. Key databases included
Scopus and Web of Science. We also manually searched the websites of major organizations such as Inter-
national Labor Organization and World Economic Forum for reports on very recent studies. These included
papers from journals such as Heliyon, Technological Forecasting & Social Change, Journal of Innovation &
Knowledge, Futures, Research Policy.

Inclusion and exclusion criteria: We focused on studies that explicitly examine the effect of Al on labor
market outcomes. To be included, a study had to meet the following criteria: 1) Topic relevance: the study ad-
dresses Al (including subfields like machine learning, robotics, generative Al) in the context of employment,
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labor demand, job displacement or creation, wages, skills, or related labor market issues. 2) Time frame: publicly
available and published between 2020 and 2025. This captures the most recent evidence, especially given the
rapid developments in generative Al in this period. 3) Geographical scope: no limitation — global, regional, and
country-specific studies were all eligible. We aimed to incorporate not just U.S. and European studies but also
research pertaining to Asia and other regions to cover the «global and regional context» as requested. 4) Type of
publication: we included peer-reviewed journal articles, conference papers, reputable institutional reports from
the ILO, OECD, World Bank, WEF. We excluded news articles or opinion pieces unless they reported original
study data. We also excluded papers that were purely about Al in other domains without labor market analysis. In
borderline cases, we leaned towards inclusion if the study offered any empirical or theoretical insight on employ-
ment. After initial searching, we obtained around 70 sources that seemed relevant. We then screened titles and
abstracts to remove obviously irrelevant or duplicate items, yielding about 33 candidates. We read these in full to
assess against our criteria and the needs of this review. Ultimately, we selected 17 studies for in-depth analysis to
fulfill the requirement, while the discussion may reference a few additional sources for context.

Data extraction and synthesis: for each included study, we extracted details on authors and year, source, re-
search objective, methodology, and key findings related to Al and labor outcomes. We paid particular attention to
each study’s findings on employment changes, skill composition changes, wage effects, as well as any stated im-
plications or recommended actions. In synthesizing the findings, we used a thematic approach: grouping results
into themes such as «overall employment effect», «skill-biased impact», «sector-specific outcomes» and «policy
implicationsy». During analysis, we compared outcomes across studies to identify consensus or disagreement. We
also noted any methodological differences that could influence results. For example, some studies use firm-level
data, others use macroeconomic models or expert surveys. We evaluated the quality and reliability of evidence as
well. Peer-reviewed empirical studies with large datasets or robust methods were given more weight when draw-
ing conclusions, whereas speculative pieces or those with limited data were used more cautiously.

Metadata analysis: In addition to qualitative synthesis, we performed a simple metadata analysis of our in-
cluded studies to understand trends in the research itself. This involved counting studies by year of publication,
by country or region focus and by methodology type. This meta-analysis provides context on how research
attention has evolved over time and whether there are biases. By following this rigorous methodology, we aim
for our review to be transparent, reproducible and comprehensive, giving readers confidence in the coverage
of literature and the validity of the conclusions drawn.

Below is a consolidated table of 17 key sources included in this systematic review. Table 1 is organized
chronologically where possible, to also reflect the evolution of research over time.

Table 1 — Key Studies Included in the Systematic Literature Review

Author(s), (Year)

Research Objective

Methodology

Key Findings

Acemoglu D.,
Restrepo P. (2020)

Empirical impact of
robots on US jobs and

Econometric analysis; panel
data by commuting zone

Each industrial robot per 1,000 workers reduced
employment by 0.2 percentage points and wages by

wages (1990-2007) 0.5%, indicating job displacement in exposed regions.
Webb M. (2020) Assess which jobs|Novel measure of AI|Al exposure is highest in high-skill, high-wage
are exposed to Al and | exposure: overlap between | occupations. Unlike earlier automation, Al is
other tech Al patents and job task|predicted to impact many white-collar roles.
description

Lane M., Saint-
Martin A. (2021)

Summarize  known
impacts of Al on labor
markets

Systematic review of existing
studies.

Al both destroys and creates jobs, requiring workforce
adaptation; stresses the need for re-skilling as tasks
transform

Felten E. W., Raj M., | Measure actual | Empirical study; Al exposure | Al boosted productivity, raising demand for certain

Seamans R. (2021) impact of Al on US |index and job outcomes jobs. However, impacts differ by task type: some
occupations cognitive tasks saw partial automation.

Bordot F. (2022) Examine Al  and|Mixed-method: panel | Impact is heterogencous by age and education:
robot  effects  on|econometric analysis with 33 | older and less educated workers are more adversely
employment and | OECD countries, theoretical | affected. Appropriate policies can effectively mitigate
inequality; and test|modeling, policy simulation |unemployment and polarization from Al
policies
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Author(s), (Year) | Research Objective Methodology Key Findings
Mueller-Langer ~ F., [Investigate ~ market| Data analysis of a large|Al-focused jobs see significantly higher demand
Tolan S. (2022) power and Al-related | freelancing platform | (+1.4% to +4.1%) and lower supply (-6.8% to

labor demand on an
online labor platform

(People Per Hour); elasticity
estimation before and after

—1.6%) compared to other jobs. Consequently,
freelancers with Al skills earn 3% higher wages

the future job market
for software engineers

development (possible versus
probable futures)

in Europe platform policy change than others.
Kljucnikov A.,|Model the future|Economic modeling using|The authors propose that in the near-term, machine
Popkova E. G., Sergi|of  global  labor|global data (robot density, |technologies do mnot replace but supplement
B. S.(2023) markets in the age of | labor  metrics);  scenario | human resources in workplaces, finding that labor
intelligent machines; | analysis; policy discussion productivity growth still depends more on human
role of humans versus capital availability than automation alone.
automation
Eloundou T.,|Assess US  job|Model GPT-4’s capabilities | 80% of U.S. workers have at least 10% of their work
Manning S., Mishkin | exposure to GPT-|versus occupational tasks | tasks exposed to LLM-based Al. Jobs highly exposed
P., Rock D. (2023) based Al  large|(O*NET data); «exposure» |include high-skill professions—indicating generative
language models index for jobs Al reaches into white-collar, non-routine work.
Gmyrek P, Berg J.,|Examine generative | Economic analysis using|GenAl predominantly boosts productivity in high-
Bescond D. (2023) Al’s  impact  on|cross-country data; scenario |skill service sectors. But GenAl could constrain «good
development: will | modeling for GenAl adoption | job» creation in those economies, such as a risk of
GenAl help or hinder | in service sectors «premature de-professionalization» where developing
creation of good countries reach peak high-skill employment at lower
jobs in developing income levels.
countries?
Komp-Leukkunen K. | Explore how | Delphi  expert study (2 |Identify 5 scenarios for software engineers. ChatGPT
(2024) ChatGPT might shape | rounds) in Finland; scenario |is widely adopted as a tool to increase productivity,

knowledge becomes more accessible to the masses.
This contradicts the notion that only routine jobs are
automatable.

Wang X., Chen M.,
Liu X., Xu J., Zhang
Z.(2024)

Quantify Al’s impact
on the employment
structure by skill level

Panel data of Chinese
provinces (robot density as Al
proxy, employment by skill);
econometric models

Al adoption has a skill-biased impact: it replaces
low-skilled labor but increases demand for medium
and high-skilled workers, leading to an overall more
advanced skill composition. Overall, the study shows
Al is causing polarization in labor force: less low-skill
work, more high-skill jobs.

Stallings L., Bhat P.,
Jacobs J., Lynch K.,
Risch Q. (2024)

Show how Al can
automate data
classification for
market intelligence in
business

Case study: wused NLP
and machine learning to
classify unstructured budget
data; proof-of-concept
implementation

Demonstrates an Al system that automates a formerly
labor-intensive task. The outcome in practice was that
analysts could focus on more complex tasks while Al
handled routine data processing.

Qiu L., DuanY., Zhou
Y., XuF. (2024)

Analyze digital
empowerment’s effect
on labor hiring in
manufacturing firms
(China)

Firm-level ~ panel (1055
manufacturing firms); fixed-
effects regression; mediation
analysis

l-unit increase in a firm’s Al tech adoption is
associated with a 9.36% increase in its workforce.
In manufacturing, Al tech is more labor-augmenting
than labor-replacing. It drives growth that increases
demand for skilled labor, suggesting a positive
effectiveness of Al on labor in this sector.

Ross A. G., McGregor
P. G., Swales J. K.
(2024)

Simulate system-
wide impacts of
labor-augmenting
technological change
(focus on skill bias)

Multi-sector macroeconomic
modeling (CGE) calibrated to
Germany; scenarios of skill-
biased tech progress (skilled
and unskilled labor efficiency)

Long-run: pervasive labor-augmenting tech, like Al,
increases GDP and total employment in the long
run. Technological progress leads to higher output
and enough new job creation to offset losses. In
the short and medium run: there can be transitional
unemployment and wage suppression, especially if
tech adoption is rapid. Policy intervention may be
needed to assist displaced workers.

Xu G. (2024).

Examine how the
adoption of Al affects
labor demand in small
and micro enterprises,
including overall
employment and skill
composition.

Firm-level panel data (2013-
2021) on Chinese small
and  micro enterprises.
Econometric modelling
with firm fixed effects (FE);
regression  analysis  with
controls.

Al adoption does not lead to mass job losses in
SMEs. Strong heterogeneous effects in private and
high-tech firms. Al contributes to structural shifts in
employment, increasing demand for higher-skilled
roles. The main mechanism is substitution of routine
and low-skilled tasks, while more complex tasks are
complemented by Al
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Author(s), (Year)

Research Objective

Methodology

Key Findings

Jacobs J. (2024)

Investigate if Al-

Merged dataset: US survey

Two groups: «Al losers» in occupations highly

avoidance via labor
costs

driven labor market|and occupation-level Al |susceptible to automation and «Al winners» in
polarization translates | exposure; OLS with fixed | occupations highly complemented by Al. The study
into  socio-political | effects highlights an indirect «effectiveness» issue: even if
polarization Al boosts productivity, its uneven benefits might fuel
polarization and require policy responses to maintain
social cohesion.
Qu G., Jing H. (2025) | Explore ~ how  AI|Firm-level analysis (Chinese | Finds that AI adoption leads to higher high-
adoption affects | A-share  companies); text | skilled labor and tech costs for firms, which in turn
corporate tax [analysis to measure Al |incentivizes greater tax avoidance strategies. In

adoption; regression models

essence, as companies invest in Al (experts, software)
to maintain profits, firms engage in more aggressive

tax planning.

Note — compiled by authors based on sources [8-24].

The above table includes a mix of empirical studies from econometric analyses to surveys, theoretical
works and reports. Key findings are abbreviated and focus on labor market outcomes.

The literature reviewed provides a multifaceted picture of how artificial intelligence is affecting labor mar-
kets. In this section, we discuss the findings comparatively, highlighting areas of agreement and divergence
among studies. Throughout, we critically analyze why certain studies might reach different conclusions and
identify research gaps or ambiguities that remain:

Firstly, net employment effect: no mass unemployment so far, but localized displacement exists. One strik-
ing consensus is that, at the aggregate level, Al has not yet led to a dramatic reduction in total employment.
Several sources conclude that fears of technology-induced mass unemployment have not materialized in recent
years. For example, the OECD’s review finds no evidence of overall employment contraction due to automa-
tion; instead, labor markets have continued to add jobs, albeit with changing task compositions [25]. The ILO
similarly asserts that widespread job displacement is not imminent, with an estimate that only about 2% of
jobs globally are at high risk of being fully automated by Al in the near term [16]. These broad findings align
with historical experience that new technologies tend to create new jobs even as they displace others, leading
to reallocation rather than persistent unemployment. However, this does not mean that Al has had no disrup-
tive effects. Wang and co-authors report a clear decline in low-skill employment in China attributable to Al
and robotics [18]. International organizations also indicate that routine clerical, sales and service occupations
in Kazakhstan and the wider Central Asia region face moderate to high automation exposure due to digitali-
zation and Al-enabled technologies [26]. Mueller-Langer and co-authors document that on online freelance
platforms, tasks requiring less specialized skill see less demand, while Al-skilled freelancers command a pre-
mium [13]. Moreover, Ross A. and co-authors reconcile these findings by modeling short-term displacement
and long-term adjustment effects [21]. It means that Al-driven productivity improvements can reduce labor
demand temporarily. On the other hand, it eventually creates new job opportunities through increased output
and demand. In addition, Bordot F. in a macroeconomic simulation, finds that effective policy intervention can
moderate transitional unemployment effects [12]. The net effect being small does not mean individual sectors
aren’t heavily impacted.

Manufacturing versus services show different trends. In manufacturing, especially in countries like China,
studies find Al and digital tech adoption often coincides with more employment [20]. This somewhat coun-
terintuitive result is explained by output expansion: digital technologies improve productivity and quality,
enabling firms to grow and hire more rather than less. It suggests a scenario of augmentation and scale effect
outweighing automation effect in that context. Conversely, in many service sectors we see signs of actual staff
reduction. For example, banks adopting Al chatbots or automating back-office processes often streamline their
workforce. The WEF employer survey data indicates significant expected job losses in administrative roles
due to automation, which are predominantly service-sector jobs. The World Bank’s analysis raises this point:
many developing countries have not yet industrialized or built large service sectors and Al could undercut the
offshoring model that helped countries create white-collar jobs. Thus, while global net unemployment may
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remain low, developing regions could experience a net negative impact on «good jobs» growth [27-28]. Which
may effectively be a lost opportunity even if not outright layoffs. This is a more subtle effect: Al potentially
constraining job creation rather than causing direct unemployment, a nuance highlighted by that study. So, the
literature suggests that Al has been more effective as a tool for productivity than a destroyer of jobs — overall
employment has been resilient. Yet, pockets of displacement exist and are concentrated among routine work
and industries.

Secondly, skill-biased technological change and polarization: a prominent theme is that Al acts as a skill-
biased technological change (SBTC). It is disproportionately benefiting skilled workers and replacing or di-
minishing opportunities for lower-skilled workers. Virtually all empirical studies support this to some extent.
In the case of high-skill complementation Al, especially advanced algorithms and machine learning, often
serves as a complement to high-skilled labor. For example, Felten E. and co-authors found occupations with
greater Al exposure saw wage and employment gains, implying these workers used Al to enhance their pro-
ductivity or scope of work [11]. Similarly, Mueller-Langer and co-authors show that those with Al skills earn a
premium on freelance platforms [13]. Such evidence that skilled tech workers are in higher demand thanks to
Al In companies, the adoption of Al tends to create more demand for data scientists, Al specialists, and man-
agers who can implement Al. Other studies directly measure that companies undertaking digital transformation
increased their hiring of highly educated and trained workers [20]. The effect is so consistent that in their data
no net job loss occurred, which means they simply swapped out or added more skilled roles. Furthermore,
Ross A.’s CGE model scenario where tech augments skilled labor shows positive effects spilling over even
to unskilled employment in the long run [21]. Because more skilled labor productivity can drive growth that
eventually raises overall labor demand, including complementary lower-skill services. Low-skill substitution:
on the flip side, multiple studies underscore that lower-skilled, routine jobs are most at risk from Al and auto-
mation. Evidence from China shows that Al-driven automation replaces low-skill workers, while middle and
high-skill employment expands [18].This is classic labor market polarization, by hollowing out of the bottom
and growth at the top. Bordot’s cross-country analysis confirms that automation’s impact is heterogeneous by
education level, with lower-educated workers more likely to experience unemployment from Al. Likewise,
Manyika’s automation potential index used in Jacobs J. essentially labels many blue-collar and some service
roles [23]. As «Al losers» — janitors, drivers, assembly line workers, but also telemarketers and bookkeepers
— which aligns with this pattern.

The joint outcome of these two tendencies is job polarization, such as growth in high-skill, high-pay em-
ployment and stagnation, or decline in low-skill, low-pay employment, often with the middle hollowed out.
Indeed, researchers effectively identified two socio-economic groups emerging from Al-driven polarization:
one largely high-skill «winners» and one lower-skill «losers» with not just economic but also ideological dif-
ferences. Author’s findings are an important reminder that labor market polarization can lead to social and po-
litical polarization, an externality of AI’s uneven impact. If one segment of workers consistently sees their jobs
threatened or downgraded while another prospers, societal tensions can rise. However, the prevailing evidence
is that AI’s immediate effect is skill-biased in favor of those with higher education and digital skills. This raises
important considerations: the «winnersy typically are younger, highly educated, tech-savvy, often male work-
ers in urban areas, whereas the «losers» tend to be older, less educated, performing routine tasks and this often
correlates with lower income and sometimes specific demographics. Overall, there’s a risk that Al exacerbates
gender inequality. For example, if Al cuts many secretarial positions (mostly held by women), while creating
more Al engineer jobs (largely occupied by men), the gender employment gap could widen.

Thirdly, industry and sectoral specifics: different industries experience Al differently, both in extent and
outcome. As noted, evidence from China and some developed countries suggests that automation in manu-
facturing can coincide with expansion, especially if the automation is partial and augments worker capability
[20]. Manufacturing shows Al can be a productivity boon without necessarily destroying the sector’s jobs, but
it does change the job profiles dramatically. There are fewer low-skill assembly jobs and more maintenance or
programming jobs. Within services, some segments are highly exposed to Al — notably finance, information
technology, law, accounting, consulting. In fact, companies in these fields are adopting Al to improve efficien-
cy and output, which could increase their competitiveness and possibly market size. Healthcare and education:
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these large sectors have not been discussed much in the provided literature, likely because Al’s role there is
still emerging. These are typically labor-intensive sectors that historically resist automation to some degree due
to the human element. However, Al could streamline administrative tasks or provide decision support, poten-
tially freeing up workers to focus on improving service quality. That could be an «effectiveness» gain without
job loss. The net impact in these sectors is still to be seen, but given their importance, they represent a gap in
current research. This means that we need more studies on how Al affects service quality, workload, and job
demand in fields like healthcare, education, and public sector.

In the case of gig and platform economy Mueller-Langer and co-authors provided a window into free-
lance platforms, noting a shortage of Al-skilled workers relative to demand [13]. This indicates that on such
platforms, Al is not eliminating gigs, rather, it’s creating premium gigs. It is for those who can do Al-related
projects. Public sector and policy jobs: not directly covered in our sources, but Al can also automate some gov-
ernment functions, like chatbots for citizen inquiries, processing applications. The effect could be to improve
service with potentially fewer clerks needed. An open question is how government employment will adapt —
likely slower than private sector and with more emphasis on retraining.

Fourthly, policy responses and adaptation strategies: a major concern in literature is ensuring that the work-
force can adapt to Al-driven changes. The effectiveness of Al in the labor market is not predetermined. It
depends on complementary policies and actions. As Al automates tasks, the workforce must learn new skills
to move into the tasks and jobs that are in demand. Studies like Komp-Leukkunen suggest even in high-skill
fields, curricula need to incorporate Al tools to prepare future workers [17]. Bordot’s policy simulations found
that with the right policies, technological unemployment can be effectively addressed [12]. It means that we
can prevent long-term joblessness by interventions like shorter work weeks or universal basic income, allowing
more sharing of work. Essentially, policies should ensure the gains from Al are shared through wages, social
programs and that those who lose jobs are not left behind. Education System Alignment: on a longer horizon,
schools and universities must adapt curricula to prepare the future workforce. STEM education, digital literacy
and unique human skills, like creativity, critical thinking, emotional intelligence, should be emphasized. If
routine jobs vanish, we need an education that doesn’t prepare people for routine work but for adaptive careers.
The Gender parity report specifically calls out encouraging more girls and women into STEM and Al fields to
avoid exacerbating gender gaps [29]. Policies that stimulate job creation in complementary areas are crucial.
For instance, Al will likely create jobs in the tech sector through supporting entrepreneurship and startups in
Al can create employment. Additionally, investing in sectors that are labor-intensive and not easily automated
could absorb workers from shrinking sectors. In the context of monitoring and research, as Al evolves quickly,
the sudden emergence of ChatGPT in 2022-2023 took many by surprise in terms of its capabilities, continuous
analysis is needed to update policy. The uncertainty around generative Al’s impact is a prime example, because
policymakers are only beginning to grasp implications.

Fifthly, ambiguities and research gaps: despite the rich literature, several open questions and areas of mixed
evidence emerge from our review. Many 2023-2024 studies are trying to gauge the early impact of generative
Al (like GPT) [15, 17, 30]. While these show impressive productivity gains and high exposure of white-collar
work, it remains uncertain how firms will integrate these tools long-term. Will they reduce hiring of entry-level
analysts? Or will lower costs generate new services and thus more jobs? The macro-outcome will depend on
business decisions and possibly regulation. This area needs long-term studies, such as tracking companies that
adopt GPT tools versus those that don’t over a few years to see differences in headcount and output. Will Al
depress wages for certain roles due to automation or increase wages due to productivity? Wages might rise
for in-demand skilled roles and stagnate or fall for roles that become commoditized or where humans com-
pete with Al For instance, if Al can do 50% of a paralegal’s tasks, an employer might value the human less.
Entrepreneurship and job creation: are new businesses emerging thanks to Al, like how the internet created
entirely new sectors? Early anecdotal evidence may show that some entrepreneurs use Al to create products
faster, or individuals become freelancers offering Al-assisted services. The net job creation from these new
ventures isn’t yet clear. No consensus yet, as we’re in early stages. For years, there was talk of a «productiv-
ity paradox» where Al and IT advancement did not immediately reflect in productivity statistics. Some recent
signs show productivity upticks in firms using Al. If Al leads to a productivity boom, that could lower prices
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and potentially stimulate demand enough to create jobs. If not and productivity gains accrue mainly to profits,
the distribution of benefits could be skewed.

In the case of developing world focus we identified that some regions have little direct research yet. How
will low-income countries with large young populations and fewer high-skill jobs be affected? They may not
lose many jobs to Al because they haven’t industrialized fully. So far, evidence like Liu Y. is speculative but
plausible [28]. There’s a research gap in examining Al’s impact on employment in low-income settings. For
instance, could Al in agriculture reduce farm labor in countries where agriculture employs many? Or could
it increase yields and farm incomes? There is not much literature there yet. Beyond employment and wages,
worker well-being under Al is a concern. Do workers feel greater stress due to Al monitoring or performance
pressure? Sociological and psychological impacts are under-studied. Jacobs J. linking to political attitudes
is one approach to capturing broader impacts [23]. More qualitative research on how workers experience Al
in their daily tasks would complement the quantitative studies. There’s a gap in evidence on which policies
are working. For example, retraining programs: what is their success rate for tech-displaced workers? Places
like France experimented with 35-hour work weeks, but not specifically due to Al. As some propose ideas
like universal basic income to handle potential Al-driven job scarcity, small pilots have been run but have no
consensus.

The review also surfaces some contradictory findings that warrant explanation. Does Al increase or not
change total labor demand? For example, Qiu L. and co-authors say increase (firm-level in manufacturing),
while Xu G. says overall not obvious effect, whereas Bordot F. says slight increase in unemployment [12, 20,
21]. A firm adopting Al might hire more, but economy-wide, if many firms adopt, some old firms might close.
On a macroscale, Bordot F. found an average unemployment effect across many countries, which was small but
positive. It means that not all sectors had that expansion effect or it was offset by declines elsewhere. These dif-
ferences highlight that AI’s impact can be positive in microcosm but still disruptive in macro if not all sectors
benefit equally. High-skill job risk: most say high-skill benefit, but Komp-Leukkunen K. and Eloundou T. and
co-authors show us that even high-skill tasks are automated [15, 17]. This is not necessarily a contradiction,
so it means Al’s frontier is moving upward into high-skill territory. High-skill workers may still benefit over-
all because they leverage Al as a complement. But if Al gets good enough to truly perform expert work, like
making medical diagnoses as well as a doctor, then even high-skill roles could face redundancy. We haven’t
seen that on scale yet; Al is still error-prone and needs human oversight in complex tasks. But it’s a loom-
ing question: does the SBTC pattern hold if Al becomes very advanced, or do we get a new paradigm? None
of the studies show that yet, but the ChatGPT phenomenon, as Komp’s experts noted, shows even creative,
non-routine tasks aren’t immune [17]. Some argue Al could allow for less work. So far, there is no evidence
of reduced working hours due to Al specifically. If anything, people tend to continue working full weeks and
the productivity gains go into more output or profits. This is a societal choice in a sense. Consequently the 19
and 20™ century tech led to shorter work weeks over long periods, but recent decades saw stagnant or even
increasing work hours for many. Finally, critical voices and caution, a few sources challenge overly rosy views.
Frey C. and Osborne M.’s high-risk estimate, while probably overstated, served to jolt policymakers into ac-
tion early on [3]. These underline that while Al hasn’t crushed employment, it has altered the social contract in
ways we are just beginning to grasp.

Research gaps identified — we need more data on long-term impacts, especially of generative Al. More
studies in developing economies and on informal labor and interdisciplinary research combining economics
with sociology, psychology, and political science to fully understand AI’s ramifications. To gain insight into
the state of research on Al and labor markets, we conducted a simple metadata analysis of the collected studies.
We examined trends in publication year, geographic focus, and methodologies of the sources in our review.
This provides context on how scholarly and policy attention has evolved and whether there are biases or gaps
in literature.
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Figure 1 — Trend in number of selected publications on Al’s labor market impact (2020-2025).
Note — compiled by authors based on sources [8-24].

Research on AI’s labor market effects has grown rapidly in recent years, especially after 2022. Figure 1
above illustrates the number of key publications per year among our sources. There is a clear uptick starting
2022 and a peak in 2023-2024. In 20202021, relatively fewer high-profile studies were published. These
years have likely had ongoing research but perhaps not yet a critical mass of data on Al deployment. By
2022, as Al adoption became more tangible and urgent, publications increased. 2023 saw a surge of reports
and papers, coinciding with the breakthrough of generative Al into public awareness. Indeed, multiple re-
ports from WEF and World Bank, moreover academic papers in 2023 focused on the implications of large
language models. The slight dip projected in 2025 likely reflects that many 2025 studies are still forthcom-
ing. The general trend indicates growing scholarly attention, with 2024 producing the highest volume of
studies in our sample. Because many works were accepted and published online in late 2023 or early 2024.
This trend is expected to continue upward given the fast-moving developments in Al. In summary, there’s
been an explosion of research interest in the past two to three years, mapping onto AI’s technological leaps
and rising policy concerns.

The data indicate that 48% of our reviewed studies were published in 2023-2024 alone, whereas earlier
years had fewer studies. This likely reflects both the increasing real-world impact of Al and the maturation
of research methods to study it. And it also suggests a potential lag in policy: many findings are very recent,
meaning policymakers are dealing with new evidence in real-time. The flurry of publications in late 2023 on
generative Al shows how quickly literature is responding to technological advances.

Geographic focus of studies. We categorized each study by its primary geographic focus. Figure 2 presents
that nearly half of the studies concentrate on advanced economies (primarily the USA and Europe), while
about 16% focus on China. A significant portion (28%) are global or multi-country analyses. Only a small
share (8%) explicitly focuses on other emerging economies.

In the case of gap, there is relatively sparse literature focusing on Africa, Latin America, or even regions
like the Middle East. This suggests that more research is needed in diverse regional contexts, as the impact and
policy implications of Al might differ significantly in those settings. The current evidence base is dominated
by high-income country experiences and a few large emerging economies, notably China.
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Geographic Focus of Al & Labor Market Studies
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Figure 2 — Geographic focus of reviewed studies selected publications on Al’s labor market impact.
Note — compiled by authors based on sources [8-24].

The studies in our review employ a range of methodologies: approximately half are quantitative empirical
studies (econometric analyses), around one-quarter are policy or scenario analyses by organizations (drawing
on surveys or literature synthesis). According to Figure 3, the rest include theoretical models, expert elicitation
(Delphi), and case studies. Specifically, we observed many econometric papers leveraging existing data (labor
force surveys, firm data, O*NET job features) to statistically infer AI’s impact. Models and simulations help
explore long-term scenarios and policy effects that empirical data can’t fully capture [12, 21]. The presence of
multiple literature reviews and reports indicates an effort to aggregate knowledge and provide guidance.

Data types used by studies (2020-2025)

H Panel Data H Swvey E Cross-sectional

0 Platform/Internal B Theoretical/Review

Platform/Inter
nal

Panel Data Cross-sectional Theoretical/Review

Figure 3 — Data focus of reviewed studies.
Note — compiled by authors based on sources [8-24].

One trend is the increasing use of novel data and interdisciplinary methods in the last year or two. For ex-

ample, natural language processing is used to quantify Al exposure of occupations and to measure firm adop-
tion via text analysis [15, 24]. Surveys of experts and companies (Delphi) complement data-driven approaches
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to capture forward-looking insights. We also see social science merging with computer science. The metadata
analysis highlights that while the research base is expanding, it is concentrated in certain regions and methods.
Most empirical evidence comes from a few economies and focuses on short and medium-term effects. There is
room for more longitudinal studies and studies in diverse cultural-economic contexts. Additionally, few stud-
ies directly evaluate policy interventions, which is a gap that needs filling as more experiments in managing
Al transitions occur. In conclusion, the metadata suggests literature is in a dynamic, fast-growth phase, driven
largely by concerns in advanced economies, with methodological innovation underway. This context is im-
portant for interpreting our review findings: they are the best evidence to date, but ongoing and future research
may further refine understanding of AI’s role in labor markets.

Limitations. This systematic review has several limitations that must be acknowledged, reflecting con-
straints in scope and methodology. Many studies focus on specific regions or countries, such as the United
States of America, Europe, or China, limiting generalizability to a global context. The evidence base is skewed
toward advanced economies and emerging markets with available data, leaving out low-income countries
and diverse cultural contexts. Most empirical studies capture short-term effects of Al adoption, providing
a snapshot rather than long-term trends. Longitudinal data are scarce, and the rapidly evolving nature of Al
means findings can become quickly outdated as new technologies emerge. There is substantial heterogeneity
in research methods and definitions of «Al» making comparisons difficult. The reviewed works include case
studies, surveys, cross-sectional firm analyses and conceptual papers. This variation in methods and measures
of labor outcomes leads to inconsistent results and challenges in synthesizing conclusions across studies. Many
studies have a narrow scope in terms of outcomes measured. For instance, focusing only on employment count
or productivity, but not on job quality, wages or worker well-being. Indirect effects are less commonly quanti-
fied, which constrains a holistic assessment of Al’s labor market effectiveness. The pace of Al innovation out-
strips the pace of research. By the time findings are published, the technology may have advanced or diffused
further. This lag makes it hard to capture the dynamic, evolving impact of Al — a limitation inherent in studying
a fast-moving target. Consequently, today’s conclusions may need continual revision as Al capabilities and
adoption patterns change. These limitations suggest caution in interpreting the results. The patterns identified
are contingent on current data and contexts, and future developments could alter these trajectories. Acknowl-
edging these weaknesses provides transparency and underscores the need for further research to address them.

RESEARCH FINDINGS (CONCLUSION)

This systematic literature review examined the effectiveness of artificial intelligence on labor market out-
comes. Overall, the evidence indicates mixed effects on employment. Al adoption has in some cases led to
job displacement or redundancy, particularly for routine and manual roles susceptible to automation. At the
same time, many studies report job creation, task augmentation and productivity gains as firms integrate Al,
especially for high-skill and technical occupations. In essence, Al is functioning as a skill-biased technology:
it tends to increase demand for skilled labor while automating certain lower-skill tasks. This has contributed to
shifts in the skill composition of workforces rather than uniform employment losses across the board. Further-
more, the impact of Al varies considerably by sector. In knowledge-intensive service sectors like healthcare
and education, Al systems often complement human workers. In contrast, in sectors such as production and
logistics (which involve repetitive processes), we see more automation of functions, leading to restructuring
and retraining of personnel to perform more complex tasks. These sectoral variations underscore that Al’s ef-
fect on labor is context-dependent rather than monolithic.

The findings suggest that artificial intelligence is not an «employment apocalypse» but a catalyst of trans-
formation in the world of work. Its net impact on jobs and productivity depends on how organizations and so-
cieties respond. On the one hand, automation based on artificial intelligence can contribute to economic growth
and the emergence of new professions that did not exist before, by increasing efficiency and productivity.
Without active adaptation, Al can exacerbate skills deficits and inequalities. So, workers with outdated skills
risk exclusion while those with in-demand skills reap the benefits. In the short term, careful management is re-
quired to ensure Al augments human capabilities instead of simply replacing them. The review findings imply
that policy choices and business strategies will significantly mediate Al’s ultimate impact on the labor market.

ISSN 2789-4398 Central Asian
e-ISSN 2789-4401 206 Economic Review




MUOPOBAA SKOHOMUKA
DIGITAL ECONOMY

For instance, if companies choose to use Al to complement their workers through upskilling and job redesign
rather than purely cut labor costs, the outcome can be more positive in terms of employment and job quality.

Governments should facilitate workforce transition and skills development in the age of Al such as in-
vesting in education and continuous training programs to prepare workers for Al-complementary roles, also
strengthening labor market institutions to support those displaced. Policy frameworks must also address ineq-
uities and ethical issues introduced by Al. For example, updating regulations on Al-driven hiring to prevent
bias and ensuring that the gains from Al productivity are broadly shared. Firms implementing Al should
adopt a responsible innovation strategy. Rather than viewing Al purely as a tool to cut costs, businesses are
encouraged to use Al to augment human labor — automating repetitive tasks to free employees for more cre-
ative, complex work. This requires redesigning job roles and workflows to maximize human-Al collaboration.
Organizations should also invest in retraining their workforce, equipping employees with the skills to work
effectively alongside Al systems. Interdisciplinary research is crucial to understanding how Al interacts with
organizational practices and worker behavior. There is also an implication that researchers must keep pace
with AI’s rapid evolution: studying current generative Al tools and their adoption in workplaces will be es-
sential to provide up-to-date insights.

Building on the gaps identified in this review, future studies should aim to address the limitations and open
questions. Conduct long-term studies tracking the evolution of Al impacts overtime at both firm and worker
levels. Such research would help capture lagged effects and adjustment processes that short-term studies miss.
Comparative studies across developed and developing countries would shed light on how AI’s labor market
effects differ by economic context. Likewise, examining sectors beyond the current focus can uncover unique
challenges and opportunities of Al in those domains, informing more inclusive global insights. Investigate
the effectiveness of various policy measures and business interventions in managing Al’s impact. Similarly,
assessing the impact of government incentives for Al adoption that require worker upskilling could provide
valuable evidence. By rigorously testing which strategies best mitigate negative effects of Al on employment,
researchers can provide guidance on evidence-based practices for policymakers and managers. As Al capabili-
ties continue to advance, research should explore emerging new job categories and entrepreneurial opportuni-
ties created in the wake of these technologies. This includes studying how Al spurs complementary innova-
tions and how educational curricula and training programs can anticipate these future skill requirements.

In conclusion, artificial intelligence is reshaping labor markets in complex ways rather than simply elimi-
nating work. Its effectiveness in augmenting human labor versus displacing it hinges on a variety of factors,
including skill preparedness, organizational strategy and supportive policy frameworks. The key findings high-
light a balance of positive and negative effects; by leveraging its significant potential for productivity and job
enhancement, tempered by concerns over displacement and inequality. Stakeholders who recognize and act on
this nuanced reality can better harness Al’s benefits while safeguarding the workforce. The dialogue between
evidence and action must continue, guiding us toward labor market outcomes where artificial intelligence
serves as a tool for human progress and widespread economic well-being.
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2AnpOyxapu aThIHIAFbl XaJbIKApAJIbIK YHUBEpCcUTET, Kenax, Manaiizus

AHIATIA
3epmmey makcamol. By xkyiieni oeOueTTepre Moy KacaH /bl UHTSIUICKTTIH €HOCK HaPBIFBIHIAFbl POJIIH
YKOHE OHBIH OHIMJIUTITT MEH JKYMBICTIEH KaMTy HOTHXKeJiepi OOMbIHIIA THIMIUIITH 3epTTeyre OarbITTalabl.
Ooicuamacywl. bi3 )xacaH/bl HHTEJIEKTT] €HT13Y KYMBIC OPBIHJIAPBIH KYPYFa, XaJbIKThIH KOHBIC ayIapybIHa
YKOHE JKYMBIC KYIIIHiH KYpaMbIHa KaJlaid ocep eTeTiHiH Oaranay yiiH »ahaH bIK )KoHE aiiMaKThIK KOHTEKCTTEpIe
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2020 >xpurgan 2025 xbUIFa JEHIHTT COHFBI 3epTTEYJIePAl KapacThIpAbIK. MyHIaFbl KO3JIEICHIMI3 KaCcaH bl
MHTEIJICKT ajiaM €HOET1H apTThIpaJibl Ma, dJIJIC OHbI aBTOMATTaH IbIPa bl Ma )KOHE HAKThI KaH/Ial JKaFnainapia
SKEHJIr Typajbl JIepeKTepai cuHTe3ney Oosanl. JKyieni oaicTeMeHI KOJaHa OTBIPbII, PELEH3UsIaHFaH
aKaJIeMUSUIBIK JKypHAJIAp/IbIH 17 HETi3ri KapuslaHbIMIaPbIH TaJIaIbIK.

3epmmeyoiy Oipezeiiniei/KyHobibiewl. Bi3/1H I0JIyBIMbI3 dKaCaH (bl HHTEJUICKTTIH )KYMBICIICH KAMTYFa Ta3a
acepi OChl YaKbITKa JCHIH KaparaibiM JICHIeiJIe OOJFaHbIH JKOHE KACaH/bl MHTEIUICKT TYJbIPFaH jKaran
JKYMBICCBI3IBIKTBIH HAKThI JI9JICIII KOK eKeHIHe aliFakTap YChIH/bIK. JKasrbl cumarTa, )KacaH (bl HHTEJICKTKE
HETI3JIeJITeH aBTOMAaTTaHABIPY OIpKeNKi emec ocep ereji: o Oenriti Oip KYHJENIKTI *KoHe OUTIKTINIr ToMeH
JKYMBICTap/Ibl BIFBICTBIPBIN, COHBIMEH KaTap >KOFapbl OLTIKTI KYMBIC YIIIH jKaHAa MYMKIHJIKTEp amiajpl.
Ocplnaiiilia €eHOCK HAPBIFBIHBIH TOJISPU3ALMAChIHA BIKIAT eTedl. SIFHM, jKacaH/Jbl MHTEJUICKT OUTIKTI
YKYMBICIIBUTAPBIH, OHIMAUIITIH TOJBIKTBIPYFa JKOHE apTThIpyFa OeiiMIainiMeH cumarTainca, eHil Oip perre
OUTIKTLIIr TOMEH Jlaya3bIMIap/ia aBTOMATTaH IbIPY KayIli )KOFapbl eKeHIIT1 TaFbl 0ap.

3epmmey Homuoicenepi. Tankpuiay OeiiMiHje 0i3 KOHBEPI'CHTTI HOTHIKEJIEPJI JKUHAKTAIl aTall ©TeMis.
OneduerTepi MeTa-tanuay oaici Herizinae 2023-2025 sxpuigapaarsl 3epTTEyJIepre IereH KbI3bIFYIIBUIBIKTHIH
apPTHII KEJIC )KATKAHBIH )KOHE HET131HEH 9KOHOMUKACHI JTaMbIFaH eJijiepre OarbITTalIFaHbIH KopceTei. byran koca,
013 OHBIH CaJIJJAPbIH J]a TAIKbLIAI OTTIK. JKacaH 1bl HHTEIUICKT €HOCK OHIMIUIITTH aPTTHIPHII, KYHIBUIBIKTAPABIH
JKaHa JIETIH KypFaHbIMEH, OYJI KETICTIKTeP/IiH KeH ayKbIM/Ibl dKYMBICIICH KaMTY JKEHUIIIKTEPiHEe alHaIybIH
KaMTaMachl3 €Ty YIIIH eJeyJl JAeHreiepaeri Oencenai mapanap kaxet. [llony HoTHKeciHAe TaObIC JeHT el
TOMEH eJIep/eri MIEKTEyJl 3epTTeyJiep MAceleci MEeH JKacaHlbl MHTE/UICKTTIH Y3aK Mep3iMii TeHepaTHuBTI
acepJiepl CUSAKTHI 3epTTEYJIepIeri ranTep i aubIkTaablK. CoHal-aK, )kacaH bl HHTSJUICKTTIH KYMBIC KYIIiHE
ocepiHJIeri OHTaMIIbI 0ACKapy casicaTbIHBIH MAaHbI3/IbUIBIFBIH KOPCETTIK.

Tyuiin co30ep: xacaHIbl HHTEIUIEKT, eHOCK HAPBIFBIL, )KYMBIC TPaHC(OPMALIUCHI, eHOCKTI aBTOMATTaH/BIPY,
€HOCK HapbIFBIHBIH TCHICHIUSIIAPHI.

POJIb TEHEPATUBHOI'O HICKYCCTBEHHOI'O UHTEJIVIEKTA
HA PBIHKE TPYJIA: OB30P JIUTEPATYPbI

A. E. Kana6aii ", P. K. Enmu6aes’, P. Uciam?
"Vuusepcurer Hapxo3s, Anmarsl, Pecriybnuka Kazaxcran
“MexyHapO/IHbI YHHBEPCUTET nMeHU AnbOyxapu, Kenax, Manai3us

AHHOTALIMUA

Lenv uccnedosanus. BaToM crcTeMaTn4eckoM 0030pe TNTepaTypbl pacCMaTPUBAETCSI POIIb UCKYCCTBEHHOT'O
WHTEJUIEKTa Ha PBIHKE TPyJa M ero 3QQPEeKTHUBHOCTh C TOUKH 3PEHHS MMPOU3BOJIUTEIHHOCTH U PE3YJILTATOB
TPYI0yCTpPOUCTBA.

Memoodonozeus. Mbl IpoaHann3upOBaIv OCTIEIHUE UCCIE0BaHus, TpoBeieHHbIe B iepuoa ¢ 2020 mo 2025
T'O1 B INT0OAJILHOM M pETHOHAILHOM KOHTEKCTAaX, YTOOBI OIIEHUTh, KaK BHEJIPEHUE NCKYCCTBEHHOTO MHTEIIIEKTa
BIIMSIET Ha CO3J]aHHE Pa0dOYMX MECT, MepeMelIeHUe MepcoHaia U coctaB padoder cuibl. Llenb cocrosmna B
TOM, 9YTOOBI 000OIIUTH COBPEMEHHBIE JAHHBIE O TOM, YIYUIIAET JIU UCKYCCTBEHHBINH HHTEIUIEKT YeTI0BEUeCKUI
TPy WJIN aBTOMAaTU3UPYET €ro, U MpH KaKuX YCIOBHUAX. VICIONB3ys CHCTEMaTHYECKYI0 METOOJIOTHIO, MBI
MpoaHaIM3UPOBAIN 17 KIFOUEBbIX IMyOJIUKAIMN U3 PELIEH3UPYEMbIX HayUHbBIX KYPHAIOB.

Opueunanvnocms / yennocms ucciredoganus. Ham 0030p mokasbiBaeT, yTo yucroe BiusiHue MW Ha
3aHATOCTH JIO CHUX IOp OBUIO CKPOMHBIM, U SIBHBIX CBUJETEIBCTB MAacCOBOH Oe3paboTuilbl, BhI3BaHHON MU,
He Obuto. OfHaKo aBTOMaTH3alus, ocHoBaHHas Ha MU, nmeer HepaBHOMEpHBIH d(PQPEKT: OHa BBITECHSET
HEKOTOpbIE PYTHHHBIE W HHU3KOKBATU(HUIMPOBAHHBIE pa0o4yMe MecTa, B TO K€ BpeMs CO3laBas HOBBIE
BO3MOXHOCTHU JIJIsl BBICOKOKBaIH(DUIIMPOBAHHOW PabOTHI, YTO CIOCOOCTBYET IMOJIIPU3ALMM PBIHKA TPYJa.
[IpumedatensHO, uto M, Kak mpaBuiio, JONOIHIET U MOBBIIIACT TPOU3BOIUTEIHHOCTh KBATM(PHIIUPOBAHHBIX
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PabOTHUKOB, B TO BpeMs Kak HU3KOKBaIM(UIIMPOBaHHBIC paboune MecTa IOJBEpraroTcs 00jiee BHICOKOMY
PHCKY aBTOMaTH3aIUH.

Peszynomamol  uccneoosanus. B xone Hamiero oOCyxJaeHHs MbI Bbiiesisem cxopsinee. Llupoko
pacnpocTpaHEHHOE MHEHHE O TOM, YTO MCKYCCTBEHHBIM MHTEIICKT TPEOYET MOBBIMICHUS KBaIU(UKAIMH
paboueil CWIBI W TOJUTHYECKON TOIIEPKKH, HAPSATY C PACXOIAIIMMUCS pPe3ylbTaTaMd, TaKUMH Kak
MIPOTUBOPEUHBHIC JaHHBIC O CO3JJAHUU HOBBIX PAOOYMX MECT B pa3HBIX KOHTEKCTaX. MeTaaHallu3 TUTEPaTyPhl
CBUJICTEBCTBYET O PACTYIIEM HHTEpece K uccaeaoBanmsiM B 2023-2025 rogax U cocpeIOTOYCHIN BHUMAHUS B
OCHOBHOM Ha CTpaHax C Pa3BUTON SKOHOMHUKOM. HakoHell, MbI 00CYk1aeM MOCIIEICTBUS: XOTsI HCKYCCTBEHHBIN
MHTEIJICKT MOYKET IMOBBIIIATH MPOU3BOIUTEIILHOCTD TPy M CO3/aBaTh [ICHHOCTh, HEOOXOAMMBI aKTUBHBIC
MepBbI JIJIsl 00€CIICUEHHUs TOTr'0, YTOOBI 3TH JIOCTUKEHHSI TPAHC(HOPMHUPOBAIKCH B IIUPOKUE MPEUMYIIIECTBA TIPU
TpyAoycTpolicTBe. B 0030pe BbISIBIICHBI TPOOECIIBI B UCCIICIOBAHUSX, TAKME KaK OMPAHUYCHHOE KOJIMYECTBO
HCCJICIOBAHUN B CTpaHaX C HU3KUM YPOBHEM JIOX0J1a U JIOJIFOCPOYHBIX TeHepaTuBHBIX 3 dekroB MU, a Taxxke
MIOAYEPKUBACTCS] BAXKHOCTD TTOJIUTUKH VIS YIIPABICHUS TIEPEX0I0M padodeli CHIbI ¢ Ucroiib3oBanueM M.

Knouesvle cr106a: WCKYCCTBEHHBI WMHTEUIEKT, PBIHOK TpyJa, TpaHchopMaius padodnux MecT,
ABTOMATHU3aIUs pPAa0OYMX MECT, TCHICHIUH 3aHITOCTH.
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AHIATIIA
3epmmey maxcamol. KazakcTaHaarsl )KacaHIbI MHTEIUICKTTIH JaMyBIH TAJIIAy, OHBIH YKOHOMHUKAJIBIK TIPO-
IecTepre oCepiH aHBIKTAy, COHAANW-aK, OpPTYPJIi cajanapaa *acaHAbl MHTEIJICKT TEXHOJIOTHSUIAPBIH THIM/II
nalianany OOWBIHIIIA YCRIHBICTAP d3ipiiey.
QoicHamacwel. 3epTTey dAicTepl peTiHae UPPIIbIK SIKOHOMUKA/IA jKaCaH /Ibl HHTEJUICKTTI KOJIAaHY AbIH T€O-
PUSITBIK TOCUIACPIH TaNAy, JCPEKTePIi CTATUCTUKAIBIK 3€pPTTEY, OPTYPIIl cajanapia KacaHabl MHTEIICKTTI
EHT13y TOKIpHUOeNIepiH TPEHTIK, CaTbICTRIpMalbl s)koHe SWOT-Ttanaay Koinmanpuiael. MakanxaHsl )ka3y
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