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This study explores recent trends in artificial intelligence (AI) and labour economics by 
analysing how various AI applications affect labour productivity across different skill 
levels in China. Using data from 23 provinces between 2000 and 2020, the research 
employs three AI proxies: AI patent applications, investment in information 
transmission, computer services and software industries, and the intensity of scientific 
research funding. The study applies Ordinary Least Squares (OLS) estimation to assess 
the impact of these indicators on high-, medium-, and low-skilled occupations. Results 
show that all three AI proxies significantly and positively influence labour productivity 
across all skill groups. This challenges earlier research that largely focused on benefits 
to high-skilled workers, suggesting instead that AI-related investments also enhance 
productivity in medium- and low-skilled roles. These outcomes are likely driven by 
regional policy support and strategic investments in technology and innovation. The 
findings have important policy implications, particularly for designing targeted 
reskilling and upskilling programmes based on occupational skill levels. By identifying 
the specific AI investments that improve labour productivity, the study contributes 
valuable insights for fostering inclusive growth in an AI-driven economy, ensuring that 
technological benefits are distributed more equitably across the labour force. 
 

Contribution/ Originality: This work contributes to the body of knowledge by examining recent trends in 

research and practice regarding how artificial intelligence (AI) affects labor productivity. It uniquely investigates the 

differentiated impact of AI using three distinct indicators: AI patent applications, investments in information 

transmission, computer services, and software industries, and scientific research investment intensity across 23 

provinces in China. A key innovation of this study lies in its focus on labor skill composition, utilizing occupational 

classifications to distinguish between high-, medium-, and low-skilled workers. 

 

1. INTRODUCTION 

China’s labour market is undergoing a profound transformation by 2025, driven by demographic shifts, 

technological advancements, and evolving workplace dynamics. China is also facing a shrinking working-age 

population, which is projected to decline by 6.83 million from 2022 to 2023, reaching 857.98 million (World Economic 

Forum, 2025). This decline is further compounded by an aging workforce, the average age of which has increased 

from 32.25 years in 1985 to 39.72 years in 2022, contributing to a decline in labor productivity (International Labour 

Organization, 2025). To address this problem, the application of artificial intelligence (AI) has been projected as a 

critical tool to offset this demographic pressure, thereby helping to increase productivity across sectors in China. 

International Journal of Asian Social Science 
ISSN(e): 2224-4441 
ISSN(p): 2226-5139 
DOI: 10.55493/5007.v16i1.5770 
Vol. 16, No. 1, 18-28 
© 2026 AESS Publications. All Rights Reserved. 
URL: www.aessweb.com  

 
 

https://orcid.org/0000-0001-9565-061X
mailto:norhanishah@usm.my
https://www.doi.org/10.55493/5007.v16i1.5770
http://www.aessweb.com/


International Journal of Asian Social Science, 2026, 16(1): 18-28 

 

 
19 

© 2025 AESS Publications. All Rights Reserved. 

Despite the willingness of Chinese institutions to leverage AI to generate productivity gains, external barriers 

such as restrictions on technology transfer from Western countries have slowed the adoption of AI in the economy. 

However, AI technology especially generative AI is expected to contribute significantly to China’s economic growth, 

potentially increasing GDP by over 6% by 2052. Nevertheless, the impact of AI on labor productivity by job 

classification remains inconclusive, particularly regarding the extent to which current skills can adapt to the 

application of AI in their work (Wang, Zhao, Cao, & Dong, 2024; Yunus & Zouya, 2025). This reflects the fact that 

most studies, whether in developed or developing countries, have primarily measured AI and labor productivity at 

the macro level (Borland & Coelli, 2017; Damioli, Van Roy, & Vertesy, 2021). There are only a few recent studies that 

have examined the impact of AI on productivity according to skill level, especially in China (Yunus & Zouya, 2024; 

Yunus & Zouya, 2025). 

Therefore, this study aims to fill a critical gap in the existing literature by analyzing labour productivity across 

different skill levels and job classifications in 23 provinces of China. This study also contributes to the literature by 

using three different levels of AI variables to gauge which AI proxy potentially affects the labour productivity of 

workers with different skill sets in these provinces. Although most current research considers labour as a uniform 

input, the study's findings have the potential to introduce a different perspective by categorizing labour based on job 

skill levels, which can offer a more comprehensive understanding of the extent to which artificial intelligence 

applications affect productivity across various segments of the workforce in China's regions. 

The importance of this study lies in its potential to inform both theoretical frameworks and policy decisions. The 

study contributes to the theoretical development of the field by proposing a framework that links AI adoption to labor 

productivity. Theoretically, it contributes to the literature by integrating AI adoption with labor economics, offering 

new insights into modeling productivity that accounts for skill heterogeneity. This theoretical framework helps to 

conceptualize how different types of AI investments influence productivity, considering both technological spillovers 

and regional capacity for technological absorption. Empirically, regional-level analysis allows policymakers to tailor 

AI and workforce development strategies to regional needs, promoting equitable and efficient labor market outcomes. 

As China continues to navigate its demographic and technological transitions, evidence-based insights are essential 

for designing adaptive labor policies and sustaining long-term economic growth. 

 

2. LITERATURE REVIEW 

2.1. The Theory of Artificial Intelligence and Labour Productivity 

This decoupling of technological progress and productivity is not new and has already been observed during the 

first wave of digitalization. In the 1980s, Nobel Prize winner Solow (1956) famously claimed that “computers can be 

seen everywhere except in the statistics” (David, 1990). According to Romer (1990), model of technological change, 

as the application of AI leads to productivity changes among industries, factors of production such as labor will be 

optimally allocated and directly or indirectly affect the share of employment and output value of each industry, i.e., 

industrial structural change. Based on the above analysis, AI may cause changes in the allocation of factors of 

production between industries, thus affecting labor productivity. The theory also explains that the combined input 

productivity of all factors is called TFP, and an increase in TFP indicates that it is possible to produce the same 

amount of goods with the same resources or with fewer resources. 

After 1985, Romer (1990) and Lucas (1988) began to criticize the shortcomings of neoclassical economic growth 

theory based on Schulz's theory of human capital. They no longer confined their inquiry to labor and capital but 

sought to analyze long-term economic development from a new perspective. In the process, the theory of endogenous 

economic growth was gradually developed. Scholars began to redefine labor as an investment in human capital, 

meaning that labor inputs include both the demographic size of the workforce and the quality of the workforce, with 

the quality (knowledge, skills) often being more important. The endogenous growth theory also argues that 
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productivity improvements can be directly linked to faster innovation and increased investments in human capital 

from governments and private sector institutions. 

Romer (1990) introduced the theory of technological progress. He argued that the accumulation of human capital 

provides an enduring engine for long-term economic growth. Romer's theory of economic growth states that, in 

addition to the basic factors of production, human capital and new ideas (knowledge) play important roles in 

promoting economic growth. Another aspect is the intrinsic effect, in which individual enterprises in society use 

knowledge of innovation to gain higher profits, which in turn encourages them to increase research and development 

of new products. As seen in the production process, knowledge accumulation not only generates economic benefits 

on its own but also increases the returns generated by capital and labor, thereby raising the overall level of returns. 

 

2.2. The Empirical Research of Artificial Intelligence and Labour Productivity  

Empirical studies on AI, robotics, and patent activity have provided mixed evidence regarding their effects on 

labour productivity. For instance, Damioli et al. (2021) found a positive relationship between AI-related patent 

applications and labour productivity, particularly in small and medium-sized enterprises (SMEs) and the service 

sector. Analyzing data from 5,257 firms across various countries between 2000 and 2016, their study highlights that 

firms benefit the most when AI applications are swiftly adopted and effectively integrated into operations. 

In contrast, Acemoğlu and Restrepo (2017) present a more cautious view, focusing on the U.S. manufacturing 

sector. Their analysis of 19 industries from 1993 to 2007 indicates that the adoption of industrial robots led to job 

displacement and a net decline in labor productivity. They emphasize a critical trade-off between automation and 

employment, where productivity gains in some areas are offset by widespread job losses. Similarly, Graetz and Michaels 

(2015) found that while industrial robots boost overall productivity and wages, they reduce the demand for low-skilled 

workers. This trend aligns with Fu, Bao, Xie, and Fu (2021), who warn that although AI may initially impact low-skilled 

jobs, high-skilled occupations could also face long-term disruption as AI systems evolve.   

However, the productivity benefits of AI investments are not universally accepted. Muhanna and Stoel (2010) 

argue that rapid investment in AI does not guarantee productivity improvements, as outcomes depend heavily on a 

firm’s ability to integrate AI into its workflows. Brynjolfsson, Mitchell, and Rock (2018) highlight a "productivity 

paradox" where technological potential outpaces realized outcomes due to measurement limitations and 

implementation challenges. Furthermore, Brynjolfsson et al. (2018) suggest that the expected productivity gains from 

AI are often overstated, as many AI systems remain inflexible and unable to manage non-routine tasks. Echoing this 

view, Cao, Hao, Kou, Zhou, and Zou (2025) argue that automation alone is not sufficient for productivity growth, 

especially when systems are not adaptable to complex or dynamic labor demands. 

The literature shows that only a few recent studies have examined the transformative impact of AI on labor skills, 

particularly in relation to evolving skill demands, but none of these findings directly relate to labor productivity. For 

example, Morandini et al. (2023) highlight how the use of AI is reshaping professional skills and workplace dynamics, 

emphasizing the importance of transversal skills such as adaptability, communication, and critical thinking central to 

navigating the changes brought about by AI. Their findings suggest that organizations must first map the transversal 

skills needed to address existing skills gaps and then develop strategies to upskill and reskill workers to support AI 

integration. Similarly, Colombo, Mercorio, and Mezzanzanica (2019) applied machine learning techniques to web-

based job vacancies in the Italian labor market, developing a skills taxonomy based on the ESCO classification system. 

Their study provides a detailed analysis of the relevance and composition of soft and hard skills across occupations 

and regions, revealing that digital and soft skills significantly influence the probability of automation and can 

complement or replace traditional hard skills in various job roles. 

Extending this discourse, Tolan et al. (2021) present a comprehensive framework for assessing the impact of AI 

on jobs by linking job tasks to cognitive abilities and AI benchmarks. This layered mapping offers insights into the 

abilities most vulnerable to AI exposure and highlights how emerging AI capabilities—particularly in visual, 
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auditory, and sensorimotor functions could affect jobs previously considered resistant to automation. In line with this, 

Zarifhonarvar (2024) provides empirical evidence on the potential impact of generative AI tools such as ChatGPT, 

showing that 32.8% of jobs could be fully impacted, 36.5% partially impacted, and 30.7% remain unaffected. This 

categorization contributes to a broader understanding of the short- and long-term implications of AI for different 

jobs, underscoring the need for proactive workforce planning and ongoing skills development.  

At the regional level, studies exploring the impact of technological progress on total factor productivity (TFP) 

in China suggest that AI's influence varies by location. Dai, Hu, Tian, and Jiang (2024) found that technological 

progress was the primary driver of TFP growth across China's provinces, with the eastern region showing the most 

significant gains. Chen, Guo, and Xu (2022) further add that intellectual capital plays a crucial role in enhancing labor 

productivity in China's IT sector, with human capital being the key factor for state-owned enterprises and structural 

capital for private firms. Together, these studies illustrate that while AI and automation hold promise for improving 

labor productivity, the effects are complex and highly context-dependent, varying by industry, region, and the 

capacity of firms to integrate AI technology effectively.  

 

3. METHODOLOGY 

The methodology section will begin by presenting the scope of the study. Next, the theoretical framework, which 

illustrates the interaction between AI and labor productivity, will be discussed in Section 3.2. This will be followed 

by model estimation and econometric specifications in Sections 3.3 and 3.4, respectively. 

 

3.1. Scope of Study 

Given the availability of AI-related data, this study focuses on 23 Chinese provinces over the period 2000 to 2020 

(T = 21) to examine the impact of AI on labor productivity across different skill levels. These provinces are directly 

administered by the central government and often receive preferential treatment in terms of infrastructure 

investment, research funding, and policy support. As a result, they serve as strategic hubs for technological 

advancement, frequently hosting clusters of high-value industries, leading universities, and premier research 

institutions (Yang, 2022). This makes them ideal for analyzing the diffusion and impact of emerging technologies 

such as artificial intelligence on the labor market. 

 

3.2. Theoretical Framework: Artificial Intelligence and Labour Productivity 

The Cobb-Douglas production function, which is used in literature to measure the role of technological progress 

in economic growth, can also be applied to investigate the relationship between technological progress and 

productivity (Romer, 1990). Based on the characteristics of AI as presented in detail in Chapter 2, AI is considered 

part of technological progress. Therefore, in this study, the productivity theory has been utilized since the work of 

Tinbergen (1942) and followed by Solow (1957), and it can be applied to analyze the labor productivity function as 

well. The basic model to represent the Cobb-Douglas production function is expressed below: 

𝑌𝑡 = 𝐴𝑡𝐾𝑡
𝛼𝐿𝑡

𝛽
     (1) 

Where:  

Y= Output (Value added). 

L= Number of workers. 

K= Capital stock. 

A= TFP. 

Adding the time figure in Equation 1 to represent the Solow model of economic growth model (Solow, 1957). 

𝑌𝑡 = 𝐴𝑡𝐾𝑡
𝛼𝐿𝑡

𝛽
    (2) 

Where: t represents the time index, α and β are the output elasticity of capital stock and number of workers 

respectively and α+β=1. 
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The model assumes that under conditions of perfect competition in economic development, both labour and 

capital are remunerated by their marginal product. The two factors are interchangeable, the payoffs to scale of 

production are constant, and technological progress is Hicks-neutral. When technical progress is not taken into 

account, if both capital and labour inputs are expanded by a factor of n, the output will also be expanded by a factor 

of n. 

𝑛𝑌 = 𝐴𝑛𝛼𝐾𝛼𝑛𝛽𝐿𝛽     (3) 

From Equation 3 it follows that a + b = 1, at which point Equation 3 can be written as: 

𝑌𝑡 = 𝐴𝑡𝐾𝑡
𝛼𝐿𝑡

1−𝛼           (4) 

Both ends of Equation 4 divided simultaneously by L give: 

𝑌𝑡

𝐿𝑡
= 𝐴𝑡（

𝐾

𝐿
）

𝑡

𝛼
      (5) 

In Equation 5, y/L is the labour productivity, expressed as P. Then Equation 5 can be written as: 

𝑃𝑡 = 𝐴𝑡（
𝐾

𝐿
）

𝑡

𝛼
             (6) 

Taking the logarithm of both sides gives 

𝑙𝑛𝑃𝑡 = 𝑙𝑛𝐴𝑡 + 𝛼𝑙𝑛⁡（
𝐾

𝐿
）

𝑡
           (7) 

The derivative of Equation 7 provides the rate of labor productivity growth. 

∆𝑃

𝑝
=

∆𝐴

𝐴
+ 𝛼（

∆𝐶

𝐶
）         (8) 

In Equation 8, △P/P is the average growth rate of labour productivity is the average rate of increase in the level 

of technology, denoted by s; C is the per capita capital stock, i.e., K/L; △c/C is the average annual growth rate of per 

capita capital stock, i.e., the rate of capital deepening, denoted by g. Then Equation 8 can be simplified to the following 

model. 

𝑟 = 𝑠 + 𝑎𝑞⁡       (9) 

Model (9) states that the change in labour productivity (r) is caused by two components: the growth rate of 

technological progress (s) and the growth rate of capital deepening (aq). Under this model, the contributions of 

technical progress and capital deepening to labour productivity growth are respectively. 

EA=
𝑠

𝑟
×100%;  Ec=

𝑎𝑞

𝑟
×100%           (10) 

In Equation 10 EA and Ec are the contribution rates of technical progress and capital deepening to labour 

productivity growth, respectively. 

 

3.3. Model Estimation 

This study extends the labour productivity function to compare the impact of AI on labour productivity across 

different occupational skills in 23 provinces in China. It applies the basic approach of Hollanders and Ter Weel (2002), 

which constructs a model to estimate the impact of technological progress on labour productivity. However, the model 

in this study differs from theirs by representing technological progress using three different proxies of AI and by 

investigating 23 provinces and the classification of labour skills in China. Therefore, the basic model for labour 

productivity of high-skilled, medium-skilled, and low-skilled occupations across 23 provinces in China can be 

expressed as follows: 

𝑙𝑛𝐿𝑃_𝐻𝑆𝑖𝑡=𝛼𝑜+𝐵1𝑙𝑛 (
𝐾

𝐿
)
𝑖𝑡
+𝐵2𝑙𝑛𝐴𝐼𝑖𝑡 + 𝐵3𝑙𝑛𝑄𝐸𝐷𝑈𝑖𝑡 + 𝐵4 𝑙𝑛 𝑇𝑅𝐴𝐼𝑁⁡𝑖𝑡 + 𝐵5𝑙𝑛𝑅𝐷𝑖𝑡+𝐵6𝑙𝑛𝐺𝐷𝑃𝑖𝑡 + 𝐵7𝑙𝑛𝑇𝑅𝐴𝐷𝐸𝑖𝑡 +

𝐵8𝑙𝑛𝐹𝐷𝐼𝑖𝑡+𝜀𝑖𝑡                                                 (11) 
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𝑙𝑛𝐿𝑃_𝑀𝑆𝑖𝑡=𝛼𝑜+𝐵1𝑙𝑛 (
𝐾

𝐿
)
𝑖𝑡
+𝐵2𝑙𝑛𝐴𝐼𝑖𝑡 + 𝐵3𝑙𝑛𝑄𝐸𝐷𝑈𝑖𝑡 + 𝐵4 𝑙𝑛 𝑇𝑅𝐴𝐼𝑁⁡𝑖𝑡 + 𝐵5𝑙𝑛𝑅𝐷𝑖𝑡+𝐵6𝑙𝑛𝐺𝐷𝑃𝑖𝑡 + 𝐵7𝑙𝑛𝑇𝑅𝐴𝐷𝐸𝑖𝑡 +

𝐵8𝑙𝑛𝐹𝐷𝐼𝑖𝑡+𝜀𝑖𝑡                                                            (12) 

𝑙𝑛𝐿𝑃_𝐿𝑆𝑖𝑡=𝛼𝑜+𝐵1𝑙𝑛 (
𝐾

𝐿
)
𝑖𝑡
+𝐵2𝑙𝑛𝐴𝐼𝑖𝑡 + 𝐵3𝑙𝑛𝑄𝐸𝐷𝑈𝑖𝑡 + 𝐵4 𝑙𝑛 𝑇𝑅𝐴𝐼𝑁⁡𝑖𝑡 + 𝐵5𝑙𝑛𝑅𝐷𝑖𝑡+𝐵6𝑙𝑛𝐺𝐷𝑃𝑖𝑡 + 𝐵7𝑙𝑛𝑇𝑅𝐴𝐷𝐸𝑖𝑡 +

𝐵8𝑙𝑛𝐹𝐷𝐼𝑖𝑡+𝜀𝑖𝑡                                     (13) 

Where i is the 23 provinces in China and t time index respectively. Labour productivity is measured as value-

added per worker, for high-skilled occupations (LP_𝐻𝑆), medium-skilled occupations (LP_𝑀𝑆)⁡and low-skilled 

occupations (𝐿𝑃_𝐿𝑆)⁡workers respectively. 
𝐾

𝐿
 ratio of capital to worker (K/L) or capital intensity is approximated by 

gross investments in fixed capital per worker (Corvers, 1997). AI is measured by three proxies which are social fixed 

asset investment in Information Transmission, Computer Services and Software Industries (SFA_INV_ITCS) 

(Borland & Coelli, 2017); investment intensity of scientific research funds (INV_SRF) (Yunus & Zouya, 2025) and AI 

patent applications (AI_ PATENT) (Damioli et al., 2021). QEDU is the education expenditure from total expenditure 

(Zhang & Liu, 2022). TRAIN refers to the cost of training per employee (Yunus, Said, & Siong Hook, 2015). 𝑌𝑖𝑡  

represents other factors commonly considered in discussing labour productivity, namely, RD refers to research and 

development investment. GDP refers to the gross regional product, and TRADE is trade openness as the proportion 

of total imports and exports to GDP. FDI is foreign direct investment as a share of foreign direct investment from 

GDP (Yunus, 2023; Yunus & Abdullah, 2022).⁡⁡εitis an error term that captures the time-varying province-specific 

productivity shocks. 

 

3.4. Econometric Specification  

Ordinary Least Squares (OLS) estimators with robust standard errors are employed in this study to compare the 

effects of AI on labor productivity by labor skills across 23 provinces in China. This technique effectively addresses 

issues related to normality and heteroscedasticity, especially when some observations exhibit many residuals, leverage 

points, or influential effects, as well as the impact of sequence correlation on standard errors (Huber, 1992). With 

robust options, the coefficients of point estimation are preserved, but the standard errors account for heterogeneity 

and non-normality, as well as the fact that observations within regions are usually not independent. It is important 

to note that, although this study uses the OLS estimator to model labor productivity by labor skill level, the results 

are valuable as preliminary findings for identifying the level of labor suitability and the integration of AI in industries 

by job category. 

 

4. RESULTS AND DISCUSSIONS 

Table 1 presents the regression analysis results for the impact of AI on labor productivity in 23 provinces in 

China. The findings in this study indicate that increased investment in social fixed assets within information 

transmission, computer services, and software industries as well as higher funding intensity in scientific research and 

AI patent applications have substantial positive effects on labor productivity. Specifically, in response to increased 

investment in these sectors, productivity rose by 42.8% for high-skilled, 36.3% for medium-skilled, and 27.3% for low-

skilled occupations. These provinces, with their industrial diversity and strong integration into global supply chains, 

benefit from AI and IT investments across multiple sectors, including manufacturing, logistics, and services. 

Consequently, AI and IT innovations improve efficiency not only in high-skilled roles, such as research and technical 

positions, but also in medium- and low-skilled roles by automating repetitive tasks. 

The significant positive impact of AI on productivity across skill levels in these provinces can be attributed to 

their prioritization of economic modernization and technology adoption, in alignment with China's "Made in China 

2025" initiative, which promotes advanced manufacturing and technological progress. Investment in information 

transmission, computer services, and scientific research reflects a coordinated effort to improve digital infrastructure 
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and enhance productivity across all skill levels. Furthermore, local government policies emphasize innovation-driven 

growth by offering subsidies, tax incentives, and grants to encourage AI and research investments. This support 

fosters a robust ecosystem where both high- and low-skilled workers benefit from advanced productivity tools, 

maximizing AI’s overall impact on productivity across these provinces. 

 

Table 1. Labour productivity by occupational skills in 23 provinces. 

Labour productivity 

High-skilled occupation 
(LP_HS) 

(1) 

Middle-skilled occupation 
(LP_MS) 

(2) 

Low-skilled occupation 
(LP_LS) 

(3) 

Coeff. S.E Coeff. S.E Coeff. S.E 

KL 0.014 (0.092)* -0.142 (0.045)** -0.306 (0.074)*** 
Artificial intelligence proxies 
SFA_INV_ITCS 0.428 (0.081)*** 0.363 (0.039)*** 0.273 (0.064)*** 
INV_SRF 0.300 (0.055)*** 0.081 (0.027)** 0.205 (0.044)*** 
AI_ PATENT 0.156 (0.038)*** 0.162 (0.018)*** 0.192 (0.030)*** 

Other control variables 
GDP 0.797 (0.196)** 0.653 (0.579)*** 0.628 (0.055)*** 
TRAIN_EMP -0.206 (0.054)** -0.253 (0.026)*** -0.793 (0.043)*** 
QEDUEXP -0.428 (0.115)*** 0.104 (0.056) 0.111 (0.092) 
RD -0.423 (0.033)*** -0.298 (0.016)*** -0.243 (0.026)*** 
TRADE -0.020 (0.028) 0.029 (0.014)** 0.038 (0.022) 
FDI -0.098 (0.017)*** -0.091 (0.008)*** -0.045 (0.014)*** 
Number of obs 483 483 483 
R-squared      0.884 0.827 0.813 
Prob > F         0.000 0.000 0.000 
Note: Table 1 presents the regression results of labour productivity for workers by occupational skills, which consist of high-skilled (LP_HS), middle-skilled 

(LP_MS), and low-skilled (LP_LS) in 23 provinces. 
Entries in parentheses are robust standard errors, and all variables are transformed into natural log.  
***, ** and * denote statistical significance at 1%, 5% and 10%, respectively. 

 

This study suggests that variations in the availability of a skilled workforce across China’s provinces and cities 

contribute to the diverse impacts of AI on labor productivity. In the 23 provinces with higher concentrations of skilled 

workers, such as Guangdong, Jiangsu, Fujian, and Zhejiang, the adoption of AI is better supported, enhancing 

productivity across skill levels (Geissmann & Zhang, 2018). Jiangsu, for example, hosts institutions like Nanjing 

University that collaborate with local industries on algorithmic research, creating an ecosystem of AI-focused labs 

and platforms in areas such as industrial robotics and smart chips. This concentrated talent and infrastructure allow 

the region to leverage AI more effectively, resulting in greater productivity gains. 

Government policies further influence the productivity impact of AI. Provinces such as Guangdong, Shandong, 

and Jiangsu have implemented policies to promote AI development, including increased investment in information 

transmission and software industries, along with tax incentives for AI companies. For example, the Shandong Tax 

Bureau’s R&D tax deductions and VAT refund initiatives in Qingdao have enabled firms to reinvest over 2.5 million 

yuan into innovation from 2020 to 2022, fostering a cycle of technological advancement. Cultural factors also play a 

role; while some regions like Jiangsu and Zhejiang embrace AI, others, such as Shanxi and Qinghai, adhere more to 

traditional work practices. In Qinghai, limited innovation capacity and a smaller economic base hinder AI 

development, further constraining productivity improvements in those areas. 

The analysis of other control variables affecting labour productivity in 23 Chinese provinces reveals several 

insights. Firstly, the results show that training costs, R&D investment, and foreign direct investment (FDI) have a 

significant negative impact on skilled labour productivity in these provinces. This negative correlation suggests that 

increased investments in training, R&D, and FDI do not always translate directly into productivity gains for skilled 

workers. It is possible that the allocation of these investments does not fully align with the needs of the skilled labour 

market, or that the productivity gains from these investments are not immediately realized (Yunus et al., 2015).  
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Additionally, the study highlights that GDP, as a reflection of the economic strength of regions, positively 

influences labour productivity. Higher income and wealth levels enable regions to improve production technology, 

management, vocational skills, and overall workforce quality, thus driving productivity improvements from 2000 to 

2020. Education, however, has a mixed impact: it negatively affects the productivity of high-skilled occupations but 

shows no significant effect on middle- and low-skilled roles. This may indicate a skill mismatch where educational 

qualifications do not align well with industry demands, leading to lower motivation and productivity (Hu, Wang, & 

Zhao, 2021). Furthermore, trade has a positive effect on the productivity of low- and medium-skilled workers, likely 

due to the nature of industries in these regions and the outsourcing potential of tasks suited for medium skills, 

especially in the services and technology sectors (Shi, 2024). Provinces with strong foreign trade sectors, such as 

Guangdong, Zhejiang, Jiangsu, and Anhui, benefit from increased access to resources and advanced technology, which 

boosts productivity for medium-skilled workers, particularly in sectors focused on exporting low- and medium-

technology goods (Zhang, Gan, & Fan, 2023). 

 

5. CONCLUSION AND POLICY IMPLICATION 

This study contributes to the existing body of knowledge on the relationship between AI and labor productivity, 

providing useful implications for policymakers, businesses, and researchers interested in enhancing productivity 

within the context of AI and labor skills in China at the provincial level. Using balanced panel data from 2000 to 

2020, three proxies for AI are employed in this study: investments in information transmission, computer services, 

and software industries; AI patent applications; and the investment intensity of scientific research funds. The study 

also includes several factors that are rarely used as independent variables in the literature to influence labor 

productivity, considering different occupational skills and provinces in China. These variables are lagged labor 

productivity, capital-labor intensity, R&D, GDP, trade openness, and FDI. 

The findings of this study can assist policymakers and industry leaders in identifying the training and 

development initiatives needed to improve workforce adaptability. It also offers valuable insights for future research 

on the relationship between skills, productivity, and the integration of artificial intelligence (AI) across different 

sectors. Specifically, the study can help employers determine the types of targeted training and skills most relevant 

to various AI applications. Additionally, it can inform education and workforce development policies by highlighting 

the sectors and regions that require the most support to help workers adapt to AI-driven changes over time. 

The OLS estimation results conducted across 23 provinces indicate that the effects of social fixed asset investment 

in information transmission, computer services, and software industries, as well as the investment intensity of 

scientific research funds and AI patent applications, are significantly and positively associated with increased labor 

productivity in high-, medium-, and low-skilled occupations. The positive impact of AI on labor productivity across 

all skill levels in China’s 23 provinces can be attributed to strategic investments and regional development policies 

that prioritize technological advancement. These provinces have allocated substantial funds to information 

technology, computer services, and software industries, alongside AI and scientific research, creating a well-supported 

environment for productivity improvements. 

Furthermore, these provinces are economically diverse and integrated, allowing AI to drive productivity in 

various industries, from manufacturing to services. Workforce upskilling initiatives and training programs ensure 

that workers across all skill levels can effectively interact with AI-driven tools, which improves efficiency in high-

skilled roles while simplifying tasks for medium- and low-skilled positions. The combined influence of targeted policy 

support, broad-based technology adoption, and diverse industry applications enables AI to have a comprehensive 

positive impact on labour productivity across different occupational levels in these regions. 

To make AI a sustainable growth engine for China in the long term, the Chinese government is proposing to 

improve the diversity of data available to support the development of AI by creating several industry-specific data 

sets to reveal new government policies as well as open space for the public to access data related to AI development, 
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the economy, health, recreation, public services, and more, as practiced in New York. This step needs to be 

implemented in China since AI is not yet a strategic priority for more than 40 percent of companies in traditional 

industries there. As a result, many of them have yet to capture the data they need to support future AI deployments. 

This situation is noticeable in firms and the agricultural industry; top management hardly ever keeps detailed records 

on topics like planting schedules or how the weather affects output, but this is the kind of data that AI systems can 

use to uncover insightful patterns and improve efficiency. In comparison, the United Kingdom, the United States, and 

Japan have implemented nationwide information systems to capture such data and apply advanced analysis to modern 

agricultural management. 

 

Funding: This study received no specific financial support. 
Institutional Review Board Statement: Not applicable. 
Transparency: The author states that the manuscript is honest, truthful, and transparent, that no key aspects 
of the investigation have been omitted, and that any differences from the study as planned have been clarified. 
This study followed all writing ethics. 
Competing Interests: The author declares that there are no conflicts of interests regarding the publication 
of this paper. 

 

REFERENCES 

Acemoğlu, D., & Restrepo, P. (2017). Robots and jobs: Evidence from the US. NBER Working Paper No, 23285.  

Borland, J., & Coelli, M. (2017). Are robots taking our jobs? Australian Economic Review, 50(4), 377-397. 

https://doi.org/10.1111/1467-8462.12245 

Brynjolfsson, E., Mitchell, T., & Rock, D. (2018). What can machines learn and what does it mean for occupations and the economy? Paper 

presented at the AEA Papers and Proceedings, American Economic Association 2014 Broadway, Suite 305, Nashville, 

TN 37203. 

Cao, Y., Hao, L., Kou, L., Zhou, J., & Zou, L. (2025). Whether, how and when do artificial intelligence technologies improve 

enterprise total factor productivity? Journal of Internet Technology, 26(2), 241-253.  

Chen, K., Guo, F., & Xu, S. (2022). The impact of digital economy agglomeration on regional green total factor productivity 

disparity: Evidence from 285 Cities in China. Sustainability, 14(22), 14676. https://doi.org/10.3390/su142214676 

Colombo, E., Mercorio, F., & Mezzanzanica, M. (2019). AI meets labor market: Exploring the link between automation and skills. 

Information Economics and Policy, 47, 27-37. https://doi.org/10.1016/j.infoecopol.2019.05.003 

Corvers, F. (1997). The impact of human capital on labour productivity in manufacturing sectors of the European Union. Applied 

Economics, 29(8), 975-987. https://doi.org/10.1080/000368497326372 

Dai, Y., Hu, Y., Tian, C., & Jiang, M. (2024). China's biased technological progress, labor market allocation and the change of trade 

division structure. International Review of Economics & Finance, 93, 1417-1430. 

https://doi.org/10.1016/j.iref.2024.03.007 

Damioli, G., Van Roy, V., & Vertesy, D. (2021). The impact of artificial intelligence on labor productivity. Eurasian Business Review, 

11(1), 1-25. https://doi.org/10.1007/s40821-020-00172-8 

David, P. A. (1990). The dynamo and the computer: An historical perspective on the modern productivity paradox. The American 

Economic Review, 80(2), 355-361.  

Fu, X. M., Bao, Q., Xie, H., & Fu, X. (2021). Diffusion of industrial robotics and inclusive growth: Labour market evidence from 

cross country data. Journal of Business Research, 122, 670-684. https://doi.org/10.1016/j.jbusres.2020.05.051 

Geissmann, T., & Zhang, L. (2018). Knowledge economy and industry performance in China: a provincial level analysis. Journal of 

Chinese Economic and Business Studies, 16(4), 393-415. https://doi.org/10.1080/14765284.2018.1507980 

Graetz, G., & Michaels, G. (2015). Robots at work: The impact on productivity and jobs. CEP Discussion Paper No. 1335, Centre for 

Economic Performance, London School of Economics. 

Hollanders, H., & Ter Weel, B. (2002). Technology, knowledge spillovers and changes in employment structure: Evidence from 

six OECD countries. Labour Economics, 9(5), 579-599. https://doi.org/10.1016/S0927-5371(02)00056-8 

https://doi.org/10.1111/1467-8462.12245
https://doi.org/10.3390/su142214676
https://doi.org/10.1016/j.infoecopol.2019.05.003
https://doi.org/10.1080/000368497326372
https://doi.org/10.1016/j.iref.2024.03.007
https://doi.org/10.1007/s40821-020-00172-8
https://doi.org/10.1016/j.jbusres.2020.05.051
https://doi.org/10.1080/14765284.2018.1507980
https://doi.org/10.1016/S0927-5371(02)00056-8


International Journal of Asian Social Science, 2026, 16(1): 18-28 

 

 
27 

© 2025 AESS Publications. All Rights Reserved. 

Hu, S., Wang, L., & Zhao, H. (2021). Artificial intelligence application, human-machine collaboration and labor productivity. 

Chinese journal of Population Science, 5, 48-62.  

Huber, P. J. (1992). Robust estimation of a location parameter. In S. Kotz & N L. Johnson (Eds.), Breakthroughs in statistics. In 

(pp. 492–518). United States: Springer. https://doi.org/10.1007/978-1-4612-4380-9_35 

International Labour Organization. (2025). How and when will AI impact the economy: Evidence from China. Retrieved from 

https://www.ilo.org/sites/default/files/2025-

04/ILO_Research%20Brief_How%20and%20when%20will%20AI%20impact%20the%20economy%20Evidence%20fro

m%20China.pdf   

Lucas, R. E., Jr. (1988). On the mechanics of economic development. Journal of Monetary Economics, 22(1), 3–42. 

https://doi.org/10.1016/0304-3932(88)90168-7 

Morandini, S., Fraboni, F., De Angelis, M., Puzzo, G., Giusino, D., & Pietrantoni, L. (2023). The impact of artificial intelligence 

on workers’ skills: Upskilling and reskilling in organisations. Informing Science, 26, 39-68. 

https://doi.org/10.28945/5078 

Muhanna, W. A., & Stoel, M. D. (2010). How do investors value IT? An empirical investigation of the value relevance of IT 

capability and IT spending across industries. Journal of Information Systems, 24(1), 43-66. 

https://doi.org/10.2308/jis.2010.24.1.43 

Romer, P. M. (1990). Endogenous technological change. Journal of Political Economy, 98(5, Part 2), S71–S102. 

https://doi.org/10.1086/261725 

Shi, T. (2024). The economic implications of skill mismatch in China’s labor market: A focus on higher education graduates. Law 

and Economy, 3(10), 30-38.  

Solow, R. M. (1956). A contribution to the theory of economic growth. The Quarterly Journal of Economics, 70(1), 65-94. 

https://doi.org/10.2307/1884513 

Solow, R. M. (1957). Technical change and the aggregate production function. The Review of Economics and Statistics, 39(3), 312-

320. https://doi.org/10.2307/1926047 

Tinbergen, J. (1942). On the theory of long-term economic development. Weltwirtschaftliches Archiv, 55, 511–549.  

Tolan, S., Pesole, A., Martínez-Plumed, F., Fernández-Macías, E., Hernández-Orallo, J., & Gómez, E. (2021). Measuring the 

occupational impact of AI: tasks, cognitive abilities and AI benchmarks. Journal of Artificial Intelligence Research, 71, 191-

236. https://doi.org/10.1613/jair.1.12647 

Wang, L., Zhao, H., Cao, Z., & Dong, Z. (2024). Artificial intelligence and intergenerational occupational mobility. Journal of Asian 

Economics, 90, 101675. https://doi.org/10.1016/j.asieco.2023.101675 

World Economic Forum. (2025). The future of jobs in China: The rise of robotics and demographic decline are opening up skills gaps. 

Retrieved from https://www.weforum.org/stories/2025/04/the-future-of-jobs-in-china-the-rise-of-robotics-and-

demographic-decline-are-opening-up-skills-gaps/ 

Yang, C.-H. (2022). How artificial intelligence technology affects productivity and employment: Firm-level evidence from Taiwan. 

Research Policy, 51(6), 104536. https://doi.org/10.1016/j.respol.2022.104536 

Yunus, N. M. (2023). Absorptive capacity and technology spillovers: A quantile regression approach. Institutions and Economies, 

15(2), 1-27. https://doi.org/10.22452/IJIE.vol15no2.1 

Yunus, N. M., & Abdullah, N. (2022). A quantile regression analysis of absorptive capacity in the Malaysian manufacturing 

industry. Malaysian Journal of Economic Studies, 59(1), 153-170. https://doi.org/10.22452/MJES.VOL59NO1.8 

Yunus, N. M., Said, R., & Siong Hook, L. (2015). Do cost of training, education level and R&D investment matter towards 

influencing labour productivity. Jurnal Ekonomi Malaysia, 48(1), 133-142.  

Yunus, N. M., & Zouya, L. (2024). Artificial intelligence and labour productivity: Lessons from China. International Journal of China 

Studies, 15(1), 167-197.  

https://doi.org/10.1007/978-1-4612-4380-9_35
https://www.ilo.org/sites/default/files/2025-04/ILO_Research%20Brief_How%20and%20when%20will%20AI%20impact%20the%20economy%20Evidence%20from%20China.pdf
https://www.ilo.org/sites/default/files/2025-04/ILO_Research%20Brief_How%20and%20when%20will%20AI%20impact%20the%20economy%20Evidence%20from%20China.pdf
https://www.ilo.org/sites/default/files/2025-04/ILO_Research%20Brief_How%20and%20when%20will%20AI%20impact%20the%20economy%20Evidence%20from%20China.pdf
https://doi.org/10.1016/0304-3932(88)90168-7
https://doi.org/10.28945/5078
https://doi.org/10.2308/jis.2010.24.1.43
https://doi.org/10.1086/261725
https://doi.org/10.2307/1884513
https://doi.org/10.2307/1926047
https://doi.org/10.1613/jair.1.12647
https://doi.org/10.1016/j.asieco.2023.101675
https://www.weforum.org/stories/2025/04/the-future-of-jobs-in-china-the-rise-of-robotics-and-demographic-decline-are-opening-up-skills-gaps/
https://www.weforum.org/stories/2025/04/the-future-of-jobs-in-china-the-rise-of-robotics-and-demographic-decline-are-opening-up-skills-gaps/
https://doi.org/10.1016/j.respol.2022.104536
https://doi.org/10.22452/IJIE.vol15no2.1
https://doi.org/10.22452/MJES.VOL59NO1.8


International Journal of Asian Social Science, 2026, 16(1): 18-28 

 

 
28 

© 2025 AESS Publications. All Rights Reserved. 

Yunus, N. M., & Zouya, L. (2025). Artificial intelligence and labour productivity by skill stratification: Empirical evidence from 

Chinese municipal provinces, 2000–2020. JIAPI: Jurnal Ilmu Administrasi dan Pemerintahan Indonesia, 6(1), 1-12. 

https://doi.org/10.33830/jiapi.v6i1.11972 

Zarifhonarvar, A. (2024). Economics of ChatGPT: A labor market view on the occupational impact of artificial intelligence. Journal 

of Electronic Business & Digital Economics, 3(2), 100-116. https://doi.org/10.1108/JEBDE-10-2023-0021 

Zhang, L., Gan, T., & Fan, J. (2023). Do industrial robots affect the labour market? Evidence from China. Economics of Transition 

and Institutional Change, 31(3), 787-817. https://doi.org/10.1111/ecot.12356 

Zhang, Y., & Liu, J. (2022). Does education affect economic growth? A re-examination of empirical data from China. Sustainability, 

14(23), 16289. https://doi.org/10.3390/su142316289 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Views and opinions expressed in this article are the views and opinions of the author(s), International Journal of Asian Social Science shall not be responsible or 
answerable for any loss, damage or liability etc. caused in relation to/arising out of the use of the content. 

 

https://doi.org/10.33830/jiapi.v6i1.11972
https://doi.org/10.1108/JEBDE-10-2023-0021
https://doi.org/10.1111/ecot.12356
https://doi.org/10.3390/su142316289

