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Abstract: With the development of artificial intelligence technology and the promotion and 

application of industrial robots, it has had a profound impact on economic behavior and 

reform, as well as on the job market. As an important part of the labor market, the impact of 

AI and industrial robots on the employment situation of college students is also a topic worth 

studying. This paper investigates the impact that AI and industrial robots will have on the 

overall employment number as well as the employment number of college students through 

the data of the employment market in 30 Chinese provinces from 2015 to 2019 with the OLS 

and fixed effect model. The empirical research results prove that the development of AI 

technology and the promotion and application of industrial robots will have the impact of the 

promotion effect on the overall employment number as well as the employment number of 

college students. 
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1. Introduction  

Artificial intelligence, abbreviated as AI, is the research and development of human intelligent 

activity laws and the construction of intelligent simulations of artificial systems that can make the 

machine capable of some complex work that previously required human intelligence to complete [1]. 

Industrial robots and big data are very representative of intelligent production elements in AI [2]. 

China has enacted many policies since 2013 to promote the development of industrial robots in the 

country, including the Made in China 2025 strategy, and data from the International Federation of 

Robotics shows that China will ship 16.84 million robots in 2020 with sales reaching 42.25 billion 

yuan, making it the world's largest robotics market [3]. In recent years, the number of college 

graduates in China has been increasing, but the employment rate of college students has been 

decreasing year by year, and the employment situation is not optimistic. With the promotion and 

application of artificial intelligence technology and industrial robots, whether it will have an impact 

on the employment market of college students has become a very worthy research problem. This 

paper uses the employment rate data of 30 provinces in China from 2015 to 2019 and uses OLS and 

fixed effect models to estimate the model. 
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2. Literature Review  

The existing research on how the application of AI technology and industrial robots affects the job 

market mainly focuses on how the application of AI technology and industrial robots will cause 

changes in the job market, but there is no agreed-upon view. There are two prevailing views: one that 

the substitution effect is greater than the creation effect, that is, the application of AI technology and 

industrial robots will significantly increase labor market demand, and the other that the creation effect 

is greater than the substitution effect, that is, the application of AI technology and industrial robots 

will significantly reduce labor market demand. 

Acemoglu and Restrepo based on data from the U.S. labor market from 1990-2007, found that the 

use of industrial robots reduces overall employment, where an increase of one robot per 1,000 people 

would reduce employment by 0.2% [4]. In the research of the relationship between AI and economic 

development, Furman and Seamans state that the job promotion effect of AI will ultimately lead to 

an increase in the size of labor force employment [5]. This means that the cost reduction effect and 

job promotion effect of AI technology will simultaneously lead to the expansion of existing industries 

and the birth of new industries, thus leading to an expansion of employment demand. 

There are two different views on the impact of AI on the employment market of college students. 

One is the substitution effect, ie., AI has a negative effect on the employment of college students. 

Therefore, this part of the study believes that AI will replace some of the social labor jobs. For 

example, Alibaba has replaced traditional human positions through AI in its smart hotels and smart 

supermarkets [6]. Therefore, the popularization and promotion of AI will increase the difficulty of 

choosing college students’ employment as well as the job selection of college students’ employment. 

Second, the promotion effect and the forecast analysis and research of the 2014 Washington Pew 

Research Center on 2025 artificial intelligence, including robotics, on the labor market impact point 

that, according to the actual situation of human history and industrial revolution development, 

although artificial intelligence will replace some labor positions to a certain extent, it can also create 

new employment industries as well as employment positions and therefore promote the employment 

of college students [7]. PwC 2017 report published at the Davos Forum in China said that by 2030, 

AI The economic value created will reach $1.6 billion by 2030, which will greatly boost the world 

economy, and China will be one of the countries that benefit the most from the development of AI 

[8]. Such a huge economic volume will also create more jobs, of which 5% of the economic value 

will be reflected in employment. The additional wealth created will promote China's employment rate, 

which rose by 12%, so artificial intelligence will also promote the employment of college students 

[9]. 

3. Methodology 

3.1. Data Set 

Table 1 is the summary statistics table, and the table shows the data used in this study from 2015 to 

2019 of 30 provinces in mainland China (excluding Tibet). The data source is the Chinese Labor 

Statistics Yearbook and the International Federation of Robotics (IFR) [10]. 

This paper uses two variables as dependent variables, employment, which represents the number 

of employed people in each province in each year, and undergraduate, which represents the number 

of college students employed in each province in each year. For ease of interpretation as well as 

calculation, the dependent variables are to be taken as the natural logarithm, denoted as lnemployment 

and lnundergraduate, respectively. 

The independent variable is lnrobots, which represents the density of robot installations in each 

province in each year. 
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Table 1: Summary Statistics. 

Variable Obs Mean Std. Dev. Min Max 

id 150 15.5 8.684438 1 30 

year 150 2017 1.418951 2015 2019 

employment 150 2745.714 1775.868 321.41 7150.25 

lnemployment 150 7.670988 0.7691419 5.772717 8.874903 

undergraduate 150 223.8638 136.5109 25.06998 700.7245 

lnundergraduate 150 5.193601 0.7241591 3.221671 6.552115 

robots 150 14171.09 19817.91 263.7075 143562.1 

lnrobots 150 8.82618 1.341421 5.574841 11.87452 

wage 150 72977.17 20237.8 45403 166803 

lnwage 150 11.16737 0.236534 10.72333 12.02457 

urban 150 0.6105641 0.1104165 0.4293373 0.8923821 

gdp_growth 150 8.380405 3.643249 -3.950439 21.24406 

trading 150 9265.002 14777.63 37.58406 71763.06 

lntrading 150 8.081215 1.564309 3.62658 11.18112 

The control variables contain variables that can affect the employment status of each province in 

each year, including urban, which represents the urbanization level in each province in each year; 

wage, which represents the average wage in each province in each year; lnwage, which represents the 

natural logarithm of the average wage in each province in each year; trading, which represents the 

import and export trade volume in each province in each year; and lntrading, which represents the 

gdp_growth represents the GDP growth rate of each province in each year. 

3.2. The Model 

The model is as follows [11]. 

𝑌𝑖,𝑡 = 𝛼0 + 𝛽1𝑙𝑛𝑟𝑜𝑏𝑜𝑡𝑠𝑖,𝑡 + 𝛽2𝑢𝑟𝑏𝑎𝑛𝑖,𝑡 + 𝛽3𝑙𝑛𝑤𝑎𝑔𝑒𝑖,𝑡 + 𝛽4𝑙𝑛𝑡𝑟𝑎𝑑𝑖𝑛𝑔𝑖,𝑡 + 𝛽5𝑔𝑑𝑝_𝑔𝑟𝑜𝑤𝑡ℎ𝑖,𝑡

+ 𝜀𝑖.𝑡 

Where 𝑌𝑖,𝑡  represent two different dependent variables respectively, 𝑙𝑛𝑒𝑚𝑝𝑙𝑜𝑦𝑚𝑒𝑛𝑡𝑖,𝑡  and 

𝑙𝑛𝑢𝑛𝑑𝑒𝑟𝑔𝑟𝑎𝑑𝑢𝑐𝑎𝑡𝑒𝑖,𝑡. 𝛼0 is the intercept term, and 𝜀𝑖.𝑡 is the error term. 

3.3. Empirical Results 

Table 2 shows the regression results of the OLS method. Columns (1) and (2) are the natural logarithm 

of the number of employed persons in each province in each year as the dependent variable, and 
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columns (3) and (4) are the natural logarithm of the number of college students employed in each 

province in each year as the dependent variable. 

Table 2 shows the estimated results. The simple regression results in column (1) indicate that for 

every 1% increase in the installation density of robots, the number of employed people in each 

province will increase by 0.4333%, and the regression results in column (2) after controlling for the 

control variables indicate that for every 1% increase in the installation density of robots, the number 

of employed people in each province will increase by 0.3102%, and all of them are statistically 

significant at the 1% level. The simple regression results in column (3) indicate that for every 1% 

increase in the installation density of robots, the number of college students employed in each 

province rises by 0.4803%, and the regression results in column (4) after controlling for the control 

variables indicate that for every 1% increase in the installation density of robots, the number of 

employed in each province rises by 0.2415%, and both are significant at the 1% statistical level. 

Table 3 represents the regression results of the fixed effect model controlling for both individual 

fixed effects and time fixed effects [12]. 

In table 3, the dependent variables in columns (1) and (2) are the natural logarithm of the number 

of employed persons in each province for each year, and the dependent variables in columns (3) and 

(4) are the natural logarithm of the number of college students employed in each province for each 

year. 

Table 2: OLS model Results. 

 (1) (2) (3) (4) 

 lnemployment lnemployment lnundergraduate lnundergraduate 

lnrobots 0.4333*** 0.3102*** 0.4803*** 0.2415*** 

 (0.0309) (0.0297) (0.0203) (0.0342) 

urban  -4.5459***  -1.4481*** 

  (0.3365)  (0.3882) 

lnwage  -0.3770***  0.2050 

  (0.1353)  (0.1560) 

lntrading  0.2948***  0.2807*** 

  (0.0292)  (0.0337) 

gdp_growth  -0.0078  -0.0209*** 

  (0.0059)  (0.0069) 

_cons 3.8467*** 9.6016*** 0.9542*** -0.4367 

 (0.2756) (1.3614) (0.1808) (1.5702) 

N 150 150 150 150 

R2 0.571 0.909 0.792 0.864 

Standard errors in parentheses 

* p < 0.10, ** p < 0.05, *** p < 0.01 
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The empirical results in Table 3 indicate that the fixed-effects model regression results in column 

(1) indicate that employment in each province increased by 0.0591% in each year when the density 

of robot installation increased by 1%, and the fixed-effects model regression results in column (2) 

after controlling for the control variables indicate that employment in each province increased by 

0.0699% in each year when the density of robot installation increased by 1%, respectively significant 

at the 10% and 5% statistical levels. 

The fixed-effects model regression results in column (3) indicate that when the installation density 

of robots increases by 1%, the number of college students employed in each province for each year 

increases by 0.2227% and is significant at the 1% statistical level. The fixed-effects model regression 

results in column (4) after controlling for the control variables indicate that when the installation 

density of robots increases by 1%, there is a small but statistically insignificant decrease in the number 

of college students employed in each province for each year. 

In the part of the robustness test, this paper adopted the methods of data winsorization and 

replacement of explanatory variables, respectively (Table 4). Columns (1) and (2) represent the 

regression results after winsorizing the data by 2.5% and 97.5%, respectively. Columns (3) and (4) 

represent the regression results after we replace the original explanatory variables with the 

explanatory variables lagging one period, because the explained variables are sometimes affected not 

only by the explanatory variables of the current period but also by the explanatory variables lagging 

one period. period impact. The results are still similar to the fixed effect results in Table 3. After 

Table 3: Fixed Effect Model Results. 

 (1) (2) (3) (4) 

 lnemployment lnemployment lnundergraduate lnundergraduate 

lnrobots 0.0591* 0.0699** 0.2227*** -0.0413 

 (0.0331) (0.0340) (0.0183) (0.0767) 

urban  0.0363  1.6825** 

  (0.3588)  (0.8101) 

lnwage  0.1684  0.1729 

  (0.1484)  (0.3351) 

lntrading  -0.0202  -0.0555 

  (0.0171)  (0.0386) 

gdp_growth  -0.0001  -0.0015 

  (0.0011)  (0.0026) 

_cons 7.1760*** 5.3762*** 3.2282*** 3.0033 

 (0.2741) (1.6823) (0.1612) (3.7987) 

N 150 150 150 150 

R2 0.058 0.085 0.556 0.721 

Standard errors in parentheses 

* p < 0.10, ** p < 0.05, *** p < 0.01 
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controlling for time fixed effects and individual fixed effects, the impact of robots on college students’ 

employment is not statistically significant, thus proving that the model is robust. 

4. Conclusion  

The empirical results of this paper show that both the OLS estimation method and the fixed effects 

estimation method prove that the diffusion and application of AI technology and industrial robots 

have a promotion effect on the job market. Both for the overall job market and for the job market of 

college students, the diffusion and application of AI technology and industrial robots will have a 

significant and positive effect on the overall number of jobs and the number of college students 

employed, which also represents the possibility that AI and industrial robots will displace some labor 

jobs, but most of them will be concentrated in low-skilled jobs, while for high-end manufacturing, 

more jobs can be provided. At the same time, it is difficult for AI and industrial robots to be fully 

automated in practical applications, and in the daily operation of enterprises, there are many 

management tasks that require a high degree of cooperation between personnel and teams, which AI 

and industrial robots are unable to do for the time being. These are the reasons why AI and industrial 

robots have a creative effect on overall employment numbers and the number of college students 

employed. However, there are some limitations to this research. The data used in this study are from 

2015 to 2019, and because the years of application and promotion of AI technology and industrial 

robots in China are still relatively few and the related statistics and data are also few, the author hopes 

to collect newer and more comprehensive data for future research. In addition, the current overall 

employment market and the employment market of college students have the effect of spatial 

spillover. In the future, spatial measurement-related econometric models can be introduced into the 

Table 4: Robustness Test Results. 

 (1) (2) (3) (4) 

 
lnundergraduate_

w 
lnundergraduate_w lnundergraduate lnundergraduate 

lnrobots 0.2076*** -0.1129   

 (0.0175) (0.0739)   

L.lnrobots   0.2447*** -0.0543 

   (0.0217) (0.0997) 

urban  2.0149**  1.9904* 

  (0.7798)  (1.1205) 

lnwage  -0.1960  0.7966* 

  (0.3226)  (0.4199) 

lntrading  0.0068  -0.0116 

  (0.0371)  (0.0493) 

gdp_growth  -0.0015  -0.0020 

  (0.0025)  (0.0032) 

_cons 3.3608*** 6.9644* 3.0874*** -4.3233 

 (0.1547) (3.6566) (0.1888) (4.6503) 

N 150 150 120 120 

R2 0.541 0.710 0.589 0.720 
Standard errors in parentheses 

* p < 0.10, ** p < 0.05, *** p < 0.01 
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research to study the spatial spillover effect of the promotion and application of artificial intelligence 

technology and industrial robots on the employment market. 
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