
A Review of the Impact of Artificial 
Intelligence on the Labour Market

Hongjie Chen¹,* , Zhenwei Tang²

¹Jinan University - University of Birmingham Joint Institute, Jinan University, Guangzhou, China

²Faculty of Social Sciences, The University of Hong Kong, Hong Kong SAR, China

*Corresponding author: hxc412@student.bham.ac.uk

Abstract
This research paper reviews the three mechanisms through which artificial intelligence affects the 
labour market: substitution, creation, and augmentation. Unlike the previous wave of automation, 
artificial intelligence can perform both manual routine operations and cognitive tasks that require 
knowledge, thereby expanding its effects on employment. The paper provides evidence that AI can 
substitute codifiable tasks, create jobs in AI and the digital economy, and increase employee produc-
tivity through human-machine cooperation. Nevertheless, these AI effects are not equally distribut-
ed. Changes in skills demand due to the introduction of artificial intelligence manifest as increased 
value placed on skills such as digital literacy, data processing and analysis, problem-solving across 
disciplines, and lifelong learning, while routine jobs and entry-level positions become more vulner-
able. Moreover, changes in employment expectations due to AI affect students and young workers, 
generating both anxiety and increased motivation for skill development. Previous studies show that 
AI changes tasks rather than occupations, but differ in their assessments of its employment effects.
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1. Introduction
Recently, the use of AI has been affecting various 

aspects of organizational work within the labor market. 
In addition to influencing the production process, AI 
technologies have become capable of transforming job 
duties and even career paths of workers. Compared with 

earlier automation, which had impacted mostly routine 
manual labor and standardized production tasks, current 
AI technologies are capable of performing cognitive and 
knowledge-based operations, such as text generation, 
image creation, coding, data analysis, customer service, 
and decision making. For this reason, the consequences 
of AI on employment are no longer limited to manufac-
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turing or low-skilled work. Now, this impact is observed 
in many sectors, including finance, education, health-
care, legal industry, consulting, professional services, 
and platform-based work.

Consequently, the relation between AI and employ-
ment is quite complicated. On the one hand, AI technol-
ogies might eliminate jobs that are routine, predictable, 
and easily codifiable. It means that AI might reduce the 
demand for labor in some middle-skilled, low-skilled, 
and entry-level white-collar occupations. On the other 
hand, AI might create new employment opportunities by 
enhancing productivity, lowering operational expenses, 
facilitating innovation and creating new products and 
services, which can cause the emergence of new forms 
of labor demand associated with algorithm development, 
data governance, AI system management, and human-AI 
collaboration. AI might affect the existing jobs by 
changing the ways in which people perform the work, 
for instance, by providing help in processing informa-
tion, content creation, problem solving, and decision 
making.

To provide a systematic theoretical foundation, this 
review draws on Acemoglu and Restrepo’s task-based 
framework [1], which conceptualises production as an 
allocation of tasks between labour and capital. In this 
framework, automation enables capital to take over tasks 
previously performed by labour, generating a displace-
ment effect—corresponding to substitution in this re-
view—that can reduce labour demand and labour’s share 
of value added. This effect may be counterbalanced by 
the creation of new tasks in which labour retains a com-
parative advantage, producing what the original model 
terms the reinstatement effect and what this review 
classifies as creation. Applying this task-based logic to 
artificial intelligence, the present review organises the 
evidence around three analytically distinct but inter-
acting mechanisms: substitution, whereby AI replaces 
human labour in codifiable tasks; creation, whereby 
AI-driven innovation generates new tasks, occupations, 
and industries; and augmentation, whereby AI comple-
ments workers and increases their productivity within 
existing tasks. The net effects of AI on employment 
and wages therefore depend on the relative strength of 
these mechanisms, the task composition of industries, 
the complementarity between AI and workers’ skills, 
firms’ adoption strategies, and institutional support for 

training and labour reallocation. This framework guides 
the empirical review below and connects technological 
adoption with subsequent changes in skill demand, wage 
polarisation, and workers’ employment expectations.

This paper is going to consider two mediating 
mechanisms in the relation between AI and employment: 
the changes in the skill structure and changes in the 
employment expectations of workers. On the one hand, 
the use of AI increases the demand for digital literacy, 
data analysis skills, interdisciplinary problem solving 
skills, and continuous learning. On the other hand, it can 
deepen the wage and employment inequalities among 
employees with different skill level and adaptability. 
Additionally, AI affects the employment expectations of 
workers. Especially those students and young workers 
who are worried about the future job outlook due to the 
widespread implementation of AI. Nevertheless, it can 
motivate them to enhance their skills and change career 
plans.

In conclusion, the labor market implications of AI 
should be considered as a dynamic process rather than 
an outcome of employment destruction or creation. AI 
affects employment through job reallocation, skill up-
grading, task restructuring, and changes in employment 
expectations. This perspective allows analyzing AI both 
as a factor that causes employment displacement and as 
a factor that transforms employment structures and di-
rections.

2. The Three Effects of Artifi-
cial Intelligence on the Labour 
Market

AI does not simply eliminate or create jobs; it re-
shapes the labour market through three mechanisms: 
substitution, creation, and augmentation. Taken together, 
these three effects determine total employment, wage 
levels, and the employment structure across industries 
and skill groups.

2.1 Substitution Effect: Technological 
Unemployment

Based on a task-biased technological progress 
theoretical perspective, AI is replacing workers with 
intelligent capital to complete standardised, codified, 
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and routine tasks, creating job displacement and techno-
logical unemployment risk [1]. Traditional automation 
only replaces manual labour on the assembly line, but 
generative AI extends to routine cognitive work such as 
copywriting, basic financial accounting, data entry, and 
primary customer consulting. Middle-skilled positions 
are also facing a displacement shock. As the marginal 
cost of using AI is lower than the labour cost for the en-
terprise, according to the principle of cost minimisation, 
the enterprise will decrease the employment scale of 
routine positions, and the labour demand curve will shift 
to the left. In addition, downward wage rigidity and la-
bour-market frictions in skill transitions make it hard for 
displaced workers to be re-employed across industries, 
further resulting in structural technological unemploy-
ment. At the same time, the contraction in demand for 
low-skilled positions lowers their wages, high-skilled 
labour receives a higher wage premium due to its factor 
complementarity with AI, and income inequality con-
tinues to grow in the labour market. Academic debate 
over AI-induced unemployment centres on the scale of 
task substitution: the substitution effect is significant for 
routine positions in the short run, but as new jobs are 
created and workers upgrade their skills, the likelihood 
of large-scale permanent unemployment declines.

2.2 Creation Effect: New Positions and 
Employment Growth

The creation effect is an employment-compensa-
tion mechanism: the development and industrialisation 
of AI generate new jobs that offset losses in traditional 
industries [2]. The research selects panel data from 2000 
to 2016 from 3500 multinational enterprises with AI pat-
ents and conducts empirical analysis. The results show 
that as the number of AI patents increased by 1%, the 
firm's average employment scale increased by 2%, and 
the average AI-related positions recruitment growth rate 
was over 18.7% in the high-tech industry. On the one 
hand, the upstream AI industrial chain creates technical 
positions such as algorithm engineers, data annotators, 
large-model trainers, and intelligent-system operations 
and maintenance personnel. On the other hand, digital 
transformation across industries creates emerging inter-
disciplinary roles such as AI solutions consultant, data 
compliance specialist, and business implementation 

specialist. In the service industry, the share of employ-
ment in medium-to-high-end positions has increased by 
11.3% over the past 10 years. According to the derived 
demand theorem, the market demand for AI software, 
hardware, and digital services expands, thereby increas-
ing demand for high-skilled labour, shifting the labour 
demand curve to the right. The labour market structure 
has shifted from labour-intensive to technology-inten-
sive, leading to labour reallocation. However, newly 
created jobs can only absorb approximately 52% of em-
ployment displacement from traditional industries and 
cannot fully offset employment pressure from the loss of 
low-skilled positions.

2.3 Augmentation Effect: Labour Pro-
ductivity Improvement and Skill Em-
powerment

Under the human-machine collaboration mode, 
to a large extent, AI is a complementary factor of pro-
duction that utilises the augmentation effect, through 
restructuring the positions of task structure, enhancing 
the marginal product of labour [3]. The research used a 
sample of over 5,000 employees in the customer service 
industry. The results show that generative AI auxilia-
ry tools increased work efficiency by 14%. For newly 
recruited employees and low-skilled practitioners, the 
increase could be over 34%. AI is responsible for repeti-
tive work such as information retrieval and standardised 
script writing with high efficiency, freeing employees to 
focus on high-value-added tasks like interpersonal com-
munication, research, judgment of complex problems, 
and creative decision-making, decreasing the on-the-job 
learning cycle, and enabling the large-scale diffusion of 
knowledge and experience within the organisation. By 
leveraging AI tools, the employee expands job boundar-
ies, enhancing comprehensive output. The enterprise is 
willing to pay higher salaries for high-skilled employees 
who are proficient in using intelligent tools; the original 
industry's modest expansion of labour demand, and job 
stability are ensured.

2.4 Interaction of the Three Effects and 
Estimation of Net Effect

The three effects do not operate independently but 
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operate interactively under dynamic checks and balances 
[4]. The cited study builds a general equilibrium model 
of labour-search frictions and identifies two equilibrium 
outcomes arising from the interaction of the three mech-
anisms: in the short term, the substitution effect domi-
nates, producing a limited-AI equilibrium and a tempo-
rary contraction in total employment; in the long term, 
as the AI industry matures, the creation and augmenta-
tion effects become more significant, intelligent capital 
shifts from substituting for labour to complementing it, 
and the labour market converges towards a high-em-
ployment equilibrium. The net employment effect of AI 
depends on the relative strength of three effects, while 
factors including labour retraining efficiency, industrial 
attributes and policy guarantee determine the stability 
level of the transformation of the employment structure.

3. Employment Structural Ad-
justment: Skill Polarization 
and Labour Expectations

3.1 Changes in Skill Demand and Wage 
Polarization

The first effect of AI in terms of employment is 
the restructuring of tasks rather than a straightforward 
reduction or expansion of the quantity of jobs. From the 
point of view of the task-biased technological change, 
innovations are more likely to substitute tasks that are 
routine, rule-based, standard and codifiable while in-
creasing the relative importance of non-routine tasks 
demanding analysis, judgment, communication, and 
creativity. Autor and Dorn argue that information tech-
nology decreased the cost of routine tasks, weakened 
many middle-skilled occupations and expanded employ-
ment at both ends–among low-skilled service employees 
and high-skilled professionals [5]. This mechanism still 
applies in the age of AI, but the latter expands its scope, 
since generative AI is able to process language, code, 
images and predictions, thus entering white-collar occu-
pations that used to be protected from automation.

Consequently, the polarization of skill demand that 
AI induces is more sophisticated. On the one hand, firms 
have a growing need for employees with digital litera-
cy, data analysis skills, prompt design, interdisciplinary 

solutions and competence in applying AI in their work-
flow. Employees who can utilize AI in problem identifi-
cation, checking outputs and making professional judg-
ments are expected to enjoy productivity growth and 
premium on wages. The World Economic Forum pre-
dicts that core skills will change dramatically by 2030, 
including AI, big data, technological literacy, creative 
thinking, resilience and lifelong learning [6]. On the oth-
er hand, employees whose tasks are routine office tasks, 
entry-level customer service, content production, data 
processing and manufacturing are likely to experience a 
greater threat of substitution. Wage polarization does not 
imply that all high-educated workers will benefit auto-
matically. Webb and Eloundou et al. observe that some 
high-income occupations requiring advanced education 
are also highly exposed to AI [7,8]. It is yet unknown 
whether the divergence of wages will increase or not, 
depending on whether AI will complement the workers’ 
core skills or transfer the central tasks to software and 
capital.

3.2 Workers' Employment Expectations
Besides transforming the nature of existing jobs, 

AI reshapes the expectations of workers before the dis-
placement or creation of positions takes place. In case of 
students and young workers, employment expectations 
are defined not only by the current labour market con-
ditions but also by their opinions on the obsolescence 
of the majors, reduction of the entry-level occupations 
and sufficiency of their skills in comparison with com-
petitors. Duan et al. find that AI anxiety decreases the 
career adaptability and negatively affects the career 
decision-making of college students [9]. Furthermore, 
Liang and Zhai found that a greater understanding of the 
impact of AI may increase the perception of the employ-
ment risk among students and employment anxiety is an 
important mediator of this effect [10]. It means that AI 
influences the labour market through psychological fac-
tors alongside with firms’ hiring decisions.

However, employment expectations are not neces-
sarily negative. Workers familiar with AI tools consider 
technologies as an expansion of their skills instead of 
threats, while people with career adaptability are more 
likely to transform their uncertainties into learning moti-
vation. Therefore, universities and firms should not limit 
themselves to telling workers that AI will not replace 
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them. A more helpful solution would be to inform work-
ers about the tasks which can be substituted, the skills 
which will be magnified and how training, internships 
and workplace learning can help workers convert the 
vague anxiety into specific adjustment.

3.3 Industry and Group Heterogeneity
The impact of AI differs across different industries 

and social groups. Manufacturing and logistics are more 
affected by robots and process automation, while ad-
ministrative support, customer service, translation, basic 
content production and data entry are more exposed to 
generative AI. Finance, law, consulting, education and 
healthcare are highly exposed to AI, but there are still 
many tasks requiring responsibility, ethical judgment, 
institutional permissions and face-to-face interaction, 
which implies coexistence of augmentation and substi-
tution. Felten, Raj and Seamans reveal that the exposure 
of AI to occupations, industries and regions is extremely 
heterogeneous [11]. Cazzaniga et al. also differentiate 
exposure and complementarity, observing that highly 
educated young workers may transition from high-ex-
posure, low-complementarity jobs to high-exposure, 
high-complementarity jobs and earn higher wages, 
while workers without college education are more likely 
to transition to low-exposure jobs and earn less money 
[12]. Thus, the critical question is not only what indus-
tries will vanish but who will get training, mobility and 
access to productive utilization of AI.

4. Current Research: Con-
sensus, Methods, Debates and 
Limitations

4.1 Main Consensus
One of the main conclusions in existing research 

is that the impact of AI on the labour market should be 
viewed in terms of tasks rather than occupations. Most 
of the literature does not argue that AI will replace all 
types of work. AI transforms the composition of tasks in 
a certain occupation: codifiable, repetitive and standard 
tasks are more susceptible to substitution, whereas tasks 
including analysis, communication, creativity, manage-
ment and complex judgment become augmented. The 

framework of substitution, creation, and augmentation 
provides a useful basis for understanding the three-
fold nature of AI’s impact on the labour market [1]. At 
the same time, the heterogeneity of the impacts of AI 
becomes apparent as a general conclusion from exist-
ing research. The skills of workers, institutions in the 
industry, strategies of firm adoption of AI, educational 
opportunities–all of these factors contribute to different 
individual outcomes.

4.2 Methodological Reflections
Divergent findings partly arise because empirical 

strategies identify different objects. Exposure indices 
map AI capabilities onto occupational tasks or abilities 
[7,8,11]. They are useful for comparing potential expo-
sure across occupations, industries, and regions, but they 
do not measure actual adoption and generally cannot 
determine whether exposure produces substitution or 
augmentation. Patent-based and dynamic-panel studies 
instead link innovation to employment over time. Dami-
oli et al. [2], for example, estimate a dynamic firm-level 
labour-demand model with system GMM, using lagged 
internal instruments to address persistence and simul-
taneity. These estimates are more informative than 
cross-sectional correlations, but their reliability depends 
on correct dynamic specification, valid instruments, and 
the absence of higher-order serial correlation; results for 
AI innovators may also not represent non-innovating 
firms.

Instrumental-variable (IV) designs seek variation 
in technology adoption that is unrelated to local labour 
demand. Acemoglu and Restrepo [13] construct local la-
bour-market exposure to robots using baseline industry 
composition and instrument it with industry-level robot 
diffusion in other advanced economies. This strengthens 
causal interpretation if the first stage is strong and ex-
ternal diffusion affects local employment only through 
robot adoption. The exclusion restriction can fail if the 
instrument also captures trade shocks, sector-specific 
demand, or other technologies. IV therefore identifies 
a local effect for units whose adoption responds to the 
instrument, and evidence on industrial robots may not 
generalise directly to generative AI.

When a discrete adoption date or policy shock is 
observable, difference-in-differences (DID) compares 
changes for adopting units with contemporaneous 
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changes for untreated or not-yet-treated units. The stag-
gered workplace rollout studied by Brynjolfsson et al. 
[3] illustrates this strategy. Causal interpretation requires 
parallel counterfactual trends, no anticipation, limited 
spillovers, and no treatment-timed changes in workforce 
composition. Event-study specifications extend DID by 
showing pre-trends and dynamic responses, but conven-
tional two-way fixed-effects estimates can be contami-
nated when adoption is staggered and treatment effects 
differ across cohorts [14,15]. Accordingly, exposure 
indices should be interpreted as evidence of potential 
vulnerability or complementarity, while causal claims 
about employment and wages are most credible when 
studies report design-specific diagnostics, use cohort-ro-
bust estimators, and obtain consistent results across firm, 
worker, and local-labour-market data.

4.3 Key Debates: Net Effects, the Bound-
ary between Augmentation and Substi-
tution, and Causal Identification

The first controversy is related to the sign of the 
net effect of AI on employment and wage dynamics. On 
the one hand, evidence on industrial robots shows that 
robots have negative effects on employment and wages 
in local labour markets, while on the other hand Damioli 
et al. found positive correlation between employment 
growth and AI patenting among innovative firms [2,13]. 
These results mean that technological progress destroys 
and creates jobs in different cases, although the overall 
trend of substitution prevails. The second controversy 
relates to the boundary between augmentation and sub-
stitution: in the same highly exposed occupation, AI can 
be productive for workers providing business judgment, 
client relations and decision-making, and substitutive for 
workers performing standardized text production, infor-
mation search and routines. The last issue is the problem 
of identification: adoption of AI is usually positively 
correlated with firm’s management quality, capital in-
vestment, market competition and initial characteristics 
of the workforce.

4.4 Methodological Limitations: Data, 
Endogeneity and Long-Term Dynamics

Methodological limitations remain even in stronger 

designs. First, many datasets observe task capabilities, 
patents, or announced adoption rather than actual use, 
hours, wages, and worker transitions; proprietary sam-
ples also limit replication and often underrepresent small 
firms and developing economies. Second, most studies 
cover early adopters and short observation windows, so 
they may miss occupational entry and exit, retraining, 
wage adjustment, and general-equilibrium spillovers 
across sectors and regions. Third, evidence is difficult to 
compare because studies use different units of analysis, 
exposure measures, and outcomes, and few datasets 
link firms to individual workers. Future research should 
combine matched employer-employee panels with direct 
measures of AI use, harmonised outcome definitions, 
and transparent identification protocols, while reporting 
heterogeneous effects by task, skill, age, gender, contract 
status, industry, and region.

5. Conclusion
In summary, this review shows that artificial intelli-

gence affects the labour market through three connected 
mechanisms: substitution, creation and augmentation. 
On the one hand, artificial intelligence may substitute for 
some routine, codified activities, particularly in repet-
itive production, administrative support, and cognitive 
work for beginners. On the other hand, artificial intelli-
gence may create a demand for new kinds of labour in 
areas such as algorithm development, data management, 
AI operations, and digital services. Finally, in most oc-
cupations, AI acts as an instrument that complements 
work, helping make workers more productive by speed-
ing up learning and making work easier by substituting 
for standard operations, enabling workers to concentrate 
on making judgments and communicating. Hence, the 
crucial role of AI in the labour market lies in task reor-
ganisation.

Further research should take into account the lim-
itations of current studies. Future studies should connect 
stronger evidence with practical policy and training de-
sign.

Policy responses should address all three mecha-
nisms—substitution, creation, and augmentation—rather 
than job displacement alone. Recommendations should 
operate at three levels. First, at the education-system 
level, universities and vocational institutions should em-
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bed AI literacy, data analysis, and career-management 
modules in curricula, update them annually with em-
ployer input, and provide project-based training using 
workplace AI tools. Second, at the firm level, employers 
should conduct task-level AI-exposure assessments, pro-
vide paid retraining and supervised human–AI practice 
for affected workers, and monitor completion, rede-
ployment, wage, and retention outcomes. Third, at the 
social-security level, governments should prioritise low-
skilled workers and young jobseekers through individual 
training accounts, portable skills credentials, targeted 
job-matching services, and temporary income support 
during retraining and job transitions.

Authors Contribution
All the authors contributed equally and their names 

were listed in alphabetical order.

References
[1]	 Acemoglu, D., & Restrepo, P. (2019). Automation and 

new tasks: How technology displaces and reinstates 
labor. Journal of Economic Perspectives, 33(2), 3-30. 
https://doi.org/10.1257/jep.33.2.3

[2]	 Damioli, G., Van Roy, V., Vértesy, D., & Vivarelli, 
M. (2024). Drivers of employment dynamics of AI 
innovators. Technological Forecasting and Social 
Change ,  201, 123249. https:/ /doi.org/10.1016/
j.techfore.2024.123249

[3]	 Brynjolfsson, E., Li, D., & Raymond, L. R. (2023). 
Generative AI at work. National Bureau of Economic 
Research. https://www.nber.org/papers/w31161

[4]	 Wang, P., & Wong, T.-N. (2026). Artificial intelligence 
and technological unemployment. Journal of Monetary 
Economics, 158, 103905. https://doi.org/10.1016/
j.jmoneco.2026.103905

[5]	 Autor, D. H., & Dorn, D. (2013). The growth of low-
skill service jobs and the polarization of the US labor 
market. American Economic Review, 103(5), 1553-
1597. https://doi.org/10.1257/aer.103.5.1553

[6]	 World Economic Forum. (2025). The Future of Jobs 
Report 2025. https://www.weforum.org/publications/
the-future-of-jobs-report-2025/

[7]	 Webb, M. (2020). The impact of artificial intelligence 
on the labor market. Stanford University. https://papers.
ssrn.com/sol3/papers.cfm?abstract_id=3482150

[8]	 Eloundou, T., Manning, S., Mishkin, P., & Rock, D. 
(2024). GPTs are GPTs: Labor market impact potential 
of LLMs. Science, 384(6702), 1306-1308. https://doi.
org/10.1126/science.adj0998

[9]	 Duan, N., Li, L., Lin, G., & Chen, H. (2026). The impact 
of AI anxiety on career decisions of college students. 
Scientific Reports, 10.1038/s41598-026-37648-y. https://
doi.org/10.1038/s41598-026-37648-y

[10]	 Liang, Y., & Zhai, Y. (2025). The impact of artificial 
intelligence impact awareness on college students' 
employment risk perception: A moderated mediation 
model. Acta Psychologica, 261, 105808. https://doi.
org/10.1016/j.actpsy.2025.105808

[11]	 Felten, E. W., Raj, M., & Seamans, R. (2021). 
Occupational, industry, and geographic exposure to 
artificial intelligence: A novel dataset and its potential 
uses. Strategic Management Journal, 42(12), 2195-
2217. https://doi.org/10.1002/smj.3286

[12]	 Cazzaniga, M., Pizzinelli, C., Rockall, E., & Mendes 
Tavares, M. (2024). Exposure to artificial intelligence 
and occupational mobility: A cross-country analysis. 
IMF Working Paper No. 2024/116. https://doi.
org/10.5089/9798400278631.001

[13]	 Acemoglu, D., & Restrepo, P. (2020). Robots and 
jobs: Evidence from US labor markets. Journal of 
Political Economy, 128(6), 2188-2244. https://doi.
org/10.1086/705716

[14]	 Callaway, B., & Sant’Anna, P. H. C. (2021). Difference-
in-differences with multiple time periods. Journal of 
Econometrics, 225(2), 200-230. https://doi.org/10.1016/
j.jeconom.2020.12.001

[15]	 Sun, L., & Abraham, S. (2021). Estimating dynamic 
treatment effects in event studies with heterogeneous 
treatment effects. Journal of Econometrics, 225(2), 175-
199. https://doi.org/10.1016/j.jeconom.2020.09.006

7




