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ABSTRACT 

People are losing their jobs due to automation. A handful of studies have investigated this 

technological unemployment in developed countries. A report from the World Bank (2016) 

pointed out 1.8 billion jobs in developing countries are at risk of being replaced by automation. 

Under the background of a fourth industrial revolution, there is growing fear that automation is 

destroying the traditional labor market in the next 10 to 20 years. Yet, we are still in the very first 

stage of exploring the impact of robotization in developing countries. This paper analyzes the 

effects of exposure to industrial robots in the Chinese labor market. Using panel data from 27 

provinces and 4 municipalities over the years 2012 to 2018, this paper found a negative impact of 

robot exposure on employment, which is one additional industrial robot per thousand workers is 

associated with a 0.52 percentage point increase in the unemployment rate. In addition, the paper 

further checked what factors contributed to the variation of the coverage of the industrial robots. 

The empirical findings indicated that the growth of automation is not decided by any government 

strategy, in fact, it is the more commodities demanded from foreign countries and increased foreign 

investment that led to the increased level of automation in China.  
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CHAPTER ONE: INTRODUCTION 

Background 

In this era of technology, automation has greatly increased the effectiveness and 

decreased the cost of working. Despite the human cost of one production working hour in 

German automotive industry is more than €40, the use of an industrial robot only costs 

around €7 per hour (Zinse et. al, 2015). According to a report from PwC (2017), as an 

important share of the economy, artificial intelligence (AI), robotics and other forms of 

automation are expected to contribute huge economic benefits, bringing it up to 14% to 

global GDP by 2030. However, along with the convenience and profits, people have to 

take the risks of using technology. It is inevitable that automation will replace many 

traditional workers, especially those who are doing fundamental work and barely receive 

formal trainings. Frey and Osborne (2013) claimed 47 percent of US occupations are at 

risk of being replaced by automation over a certain number of years. 

Losses of jobs caused by technological change is called technological unemployment. 

The fear of this key structure of unemployment is again one of the heated discussions of 

our time. Various studies have argued that the relationship between technological progress 

and the labor market in the U.S. and European countries (e.g., Acemoglu and Restrepo 

2017; Dauth et al. 2017; Chiacchio et. al 2018). Using a general equilibrium approach, 

which focuses on one automated technology—industrial robots, they found that the 
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displacement effect of robots seems to dominate and made estimates on how the 

unemployment rate is going to be affected by additional robots. Despite the diffusion of 

robots in developing countries, prior literature on the role of automation has revolved 

around the situation in developed countries. The focus of this paper is to provide insight 

on the impact of automation in developing country, based on the evidence from China.  

To start with, the thesis introduces the background of China, in terms of the labor 

market and automation level. This is followed by a review of the relevant literature and 

debates regarding automation and the labor market, including the relationship between 

technological innovation and labor, approaches of assessing impacts of automation on 

labor, benefits of automation (industrial robots), and similar empirical studies on the impact 

of automation (industrial robots). Then, the thesis discusses two main data sources, as well 

as a discussion of the sample, the dependent and explanatory variables. The next section 

presents a discussion of the empirical methods applied in the paper and how to use fixed 

effects to reduce the bias. Last but not least, the regression results and policy implication 

expected in the future.  

Knowing the factors pertinent to unemployment is important for policy makers, since 

they can provide a general analysis on why people are losing their jobs, what is relevant to 

the problematic labor market, and which policies should be adopted in terms of the unstable 

unemployment rate. This empirical study on technological unemployment should provide 
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policy makers a direction in dealing with the problems in the labor market. If the result 

shows that industrial robots indeed play a crucial role in killing jobs, policy makers may 

consider the policy which aims to improve workers’ skills or knowledge, thus helping them 

find jobs which robots cannot do. If the results display that industrial robots are not linked 

with unemployment, then further study may be required to explore the reason behind 

shrinking employment.  

Owning the world’s largest population, China has the world’s largest labor market as 

well. In 2018, the total number of employed people reached 775.86 million, of which the 

urban employed population was 434.19 million and the rural employed population was 

341.67 million. With the adherence to the opening-up policy and the adjustment of 

industrial structure, the employment structure in primary, secondary, and tertiary industries 

has transformed accordingly. From 1988 to 2018, the proportion of those employed in 

tertiary industry increased from 18.3 percent to 46.3 percent, the proportion of those 

employed in secondary industries rose slightly from 22.4 percent to 27.6 percent; and the 

proportion of those employed in primary industries decreased from 59.3 percent to 26.1 

percent (see Figure 1 and Figure 2).  
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Figure 1: Employment Pattern in Primary, Secondary and Tertiary Industries (In 1988) 

Source: National Bureau of Statistics of China 

 

Figure 2: Employment Pattern in Primary, Secondary and Tertiary Industries (In 2018) 

Source: National Bureau of Statistics of China 

In the context that China has been actively involved in the world market, the Chinese 

government has adopted many measures to stabilize urban unemployment. Under the 

implications of both the foreign funded enterprises and proactive employment policies, the 

unemployment rate in China is quite lower, compared to other main developing countries. 
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By the end of 2019, the registered unemployment rate in urban areas was 3.8 percent. (See 

Figure 3) 

 

Figure 3: Unemployment Rate in Top Five Fastest Developing Countries 

Source: Marco Trends 

In addition, China has been investing money in expanding the coverage of automation, 

affected by the ten-year national plan “Made in China 2025”. The plan emphasizes the 

importance of transforming China from a manufacturing giant to manufacturing power, 

which requires strengthening Chinese robot suppliers. Back in 2008, the total stock of 

industrial robots was only around 32,000 units. In 2018, the number reached 642,500 units, 

which is 20 times larger than 10 years ago (See Figure 4). However, although China has 

been the world’s largest industrial robot market since 2013, robot density is still lower than 

many developed countries (IFR, 2016). 
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Figure 4: Operational Stock of Industrial Robots at Year-end in China 

Source: International Federation Robotics 

Research Question 

This research aims to assess whether the prevalent application of automation results 

in a higher unemployment rate. The context of this research is based on one developing 

country---China, which has the world’s largest scale of automation, but at the same time, 

has a relatively low unemployment rate.  

Hypothesis 

My hypothesis is even if in developing country, more automation will lead to a higher 

unemployment rate, since the cost of robots is already low enough compared to human 
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statistically significant in explaining the variance of unemployment, using evidence from 

China. 

 

Literature Review 

Technological innovation and labor 

1. Product innovation and labor 

Product innovation refers to the development of an established product, including 

changes in design, or the use of new materials in the manufacture of products. In general, 

product innovation will increase employment. Falk and Hagsten (2018) analyzed the data 

from 25 industries in nine countries, make the estimate that a one percentage point increase 

in the relative sales of new market products is associated with 1.6% increase in employment 

rate. The authors also mentioned that the effect of product innovation is primarily 

originated from small firms’ contributions. Besides, as a useful indication of product 

innovation, an increasing patent stock in a firm can expand the demand for labor as well 

(Van Roy et al, 2018). 

2. Process innovation and labor 

Process innovation refers to the use of a new or improved production method. Overall, 

process innovation is likely to reduce the demand for labor. Bogliacino and Pianta (2010) 

put forward the concept that process innovation can be used as a significant measure to 

increase cost competitiveness, consequently, leading to higher production efficiency and 
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less investment on workers. The effect of process innovation is salient to European 

manufacturing firms where innovative intelligence is converged in the production process 

(Antonucci and Pianta, 2002). Although many scholars argue that the effect of process 

innovation is negative, Calvino and Virgillito (2018) focused on the non-negative effect of 

process innovation on the labor market when the time comes to the 21st century, because 

the effect of savings in labor brought by technology updates is not always superior to the 

potential positive effect of price compensation mechanism now.  

3.   Important process innovation: Automation 

Automation is considered as a significant process innovation. It is the technology 

through which the process is performed with minimal human intervention, which can range 

from simple on-off machines to complicated and advanced algorithms. In manufacturing, 

automatic control is largely achieved by means of industrial robots (Groover, 2014). 

Approach of accessing impacts of automation on labor 

1. Observations in associated industries 

Back to the time of the previous industrial revolutions, it is easy to examine the impact 

of technological innovation on labor by observing the associated industries. For example, 

the invention of the engine and automobile replaced horse-related jobs, but meanwhile, 

new jobs also arose in different sectors due to the increasing number of cars, such as, the 

appearance of motels and auto repair shops. Generally, past industrial revolutions indicate 
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that although automation may displace some jobs in a short run, this effect can be offset by 

increasing employment in many other sectors, and at last turns into a positive effect. 

However, apparently, this approach is not applicable in assessing the dynamic market 

forces of new automation, such as artificial intelligence (AI) and industrial robots. The 

Mckinsey Global Institute (2015) estimates that, compared to the first Industrial Revolution, 

which happened 200 years ago, the impact of AI on society is going on 10 times faster and 

at 300 times the scale.  

2. Assessing the risks of possibly eliminated occupations 

The literature focuses on how it is possible to automate existing jobs, using the current 

level of technology. A report found a 70% chance that high-risk jobs, which are mainly 

non-skilled positions, would be affected by automation in the next 10–20 years (CBC, 

2016).  Frey and Osborne (2013) claimed that 47 percent of US occupations are at risk of 

being replaced by automation over a certain number of years. They believed the era of 

automation in America will come within one or two decades. Based on previous research, 

Bowles (2014) conducted his research on European labor market and estimated that 54 

percent of EU jobs are at risk of being automated. 

These studies emphasized the displacement effect of automation, which can be 

counted as one approach to investigate the potential impact of automation. However, they 

ignored that workers who are replaced by machines can be incentivized and reemployed in 

the service industry. Besides, these studies did not take into account that a firms’ 
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production strategy may not be affected by the technology breakthroughs. In other words, 

even if the automation can increase productivity, there is no guarantee that firms would 

substitute their existing workers, considering the costs of expensive machines and other 

factors. 

3.  Equilibrium approach  

The equilibrium approach can solve the problem in that what is technologically 

feasible does not necessarily correspond to the equilibrium impact of automation. To be 

specific, studies which adopt the equilibrium approach focus on one automated technology: 

industrial robots. This is because the penetration of industrial robots can be well measured, 

and the good quality data of industrial robots can be calculated and used in various ways 

(Chiacchio et. al, 2018). This approach is able to take into account as many factors as 

possible when analyzing the impact of automation on employment, which is also used in 

this paper. 

Automation (industrial robots) and labor market 

1. Definition of industrial robots 

An industrial robot is defined as a robotic system used in an industrial automation 

application. A more scientific explanation is “it is a robotic system which can be 

automatically controlled, reprogrammable, and multipurpose manipulator programmable 

in three or more axes (IFR, 2019). Thus, the industrial robots are quite different from the 

normal robots—numerically controlled (NC) milling machines that we usually see in daily 
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life. For example, personal robots, service robots, self-driving cars, etc. The major 

distinction between an NC machine and an industrial robot is the various functions of the 

robot, which it is able to complete different types of work and operate in a larger workplace, 

compared to an NC machine, which is dedicated to a specified task (Wallen, 2008). 

On the one hand, along with industrial robots, structural transformation in labor will 

lead people to a more economically and socially sustainable society. On the other hand, 

many scholars are worried that the pace at which the unemployment is caused by this 

productivity-improving technology may exceed the pace at which people find new area and 

create new jobs (Vermeulen et. al, 2018). 

2. Benefits of industrial robots 

Singh, Sellappan, Kumaradhas (2013) concluded the benefits of industrial robots into 

three dimensions: Productivity, Safety, Savings. 1) Productivity: robots can produce more 

precise and higher quality work without mistakes and rest. 2) Safety: robots can work in a 

harmful environment, such as rooms with toxic chemicals, poor-lighting workshop or tight 

spaces, and meanwhile without injury and bodily harm. 3) Savings: robots save companies 

money in compensating workers’ injuries and reduce the quantity of wasted materials by 

increasing accuracy.  

Since industrial robots are defined as one kind of modular and reconfigurable robots, 

Valente (2016) used three professional words to elucidate the advantages of industrial 

robots from the aspect of robotics: Versatility, Robustness, Low cost. These three features 
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imply that the users of industrial robots have the capability to produce almost all kinds of 

products for various clients in manufacturing.  

In addition to practical benefits, scholars also argued about potential social benefits 

of using industrial robots in manufacturing. Ayres and Miller (1981) at Carnegie-Mellon 

University pointed out two major societal benefits. For one, using robots to complete some 

work can improve workers’ satisfaction and happiness, because workers are freed from 

dull tasks, a dirty environment and dangerous operation. Second, the transition from 

manpower to automation will somehow encourage workers to participate in trainings and 

improve their skills, thus workers cannot be replaced in the near future.     

Nowadays, although the industrial robots have brought some social benefits, the 

negative social influence of the industrial robots with respect to labor draw more attention 

to researchers instead of advantages. Particularly, industrial robots are predicted to 

disproportionally replace workforce undertaking repetitive assignments (Autor, 2015). 

3. Negative impacts of industrial robots on labor in different regions 

Acemoglu and Restrepo (2017) argued that the introduction of industrial robots 

reduces both employment and wages in the United States. To be specific, the paper adopted 

the labor market equilibrium approach. Using a model in which the productivity of robots 

competes against the productivity of the labor force in completing different tasks, the 

authors show that robots may destroy employment and reduce wages, and that the labor 

market effect of robots can be predicted by regressing the change in employment and wages 
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on the exposure of industrial robots in each local labor market. As a result, the authors 

make an estimate that one additional robot per thousand workers will lower the 

employment to population ratio by about 0.18-0.34 percentage points and wages by 0.25-

0.5 percent. This impact is distinct from the impact of imports from China, the shrinking 

of low-skilled jobs and other types of IT input. 

In Germany, which is well known for their advanced industrial development level, 

there is no direct evidence that shows robots lead to job losses, but they do have influence 

on the employment structure. Based on the statistics from the International Federation of 

Robotics and German Federal Employment Agency, it is predicted that every industrial 

robot will destroy two job positions in the manufacturing industry. From 1994 to 2014, 23 

percent of the reduction of manufacturing employment in Germany resulted from the 

expansion of industrial robots. Although the negative impact of robots on job losses can be 

offset by additional jobs in the third industry, the negative impact of robots on worker 

earnings has not been solved yet, especially for workers who are low or medium skilled 

(Dauth, Findeisen, Südekum, Wößner, 2017). 

In addition, an empirical study of the impacts of industrial robots conducted in the 

European Union shows results similar to Germany. Chiacchio et. al (2018) selected data 

from six European Union countries, which accounts for 85 percent of the industrial robot 

market in EU. Adopting the labor market equilibrium approach, the authors found that one 

more robot per thousand workers reduces the employment rate by 0.16-0.20 percentage 
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points, which is a little bit lower than the estimate in the U.S. However, the regression 

results on the impact of robots on wage growth are not robust, thus the variations of 

industrial robots cannot explain the change of wages in EU. 

Obashi and Ni (2020) conducted research about the impact of robots at the firm level 

instead of industry level, and they found that the displacement effect of robotics technology 

and emergence of new jobs brought by technological innovation coexist at the firm level. 

A case of the Coca Cola company in Tanzania also proved that automation accelerated 

the job losses for those normally skilled workers, instead, only fewer highly skilled workers 

remained at the Coca Cola company in Tanzania. (Sospeter, 2020) 

Giuntella and Wang (2019) claimed they are the first two scholars in using 

quantitative assessment to examine the impact of industrial robots in an emerging country. 

China is also their research target. However, using mainly individual longitudinal data, 

their findings emphasized the social impact of the exposure to robots. Such as, the 

increasing number of labor-related strikes and protests. Moreover, the external validity of 

this research is limited. 

New contributions of this thesis 

Until recently, there has been little discussion about the relationship between 

automation and the labor market in a developing country, where the human cost is usually 

quite low and industrial robots are not common. Thus, my main contribution is to fill the 

gap in the prior literature, which concentrated on developed countries. And different from 
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Giuntella and Wang (2019)’s empirical research of the effects of automation in China, my 

thesis is conducted at provincial level, combined with many dynamic macro-economic 

factors, to assess whether the prevalent application of industrial robots cause a higher 

unemployment rate in developing countries, using evidence from China. 

 

 

        CHAPTER TWO: DATA AND METHODS 

The primary goal of this study is to evaluate how automation affects unemployment 

by using statistics on industrial robots. Theoretically, there are negative impacts on 

employment when more industrial robots are installed into the labor market. This is 

because when the cost of machines is lower than the cost of human capital, employers tend 

to replace the laborers and use robots to maximize their profits. Especially for those low-

skilled laborers, whose work is repetitive and super cost-effective when done by 

automation. Holding all other factors constant, the penetration of industrial robots into 

factories is likely to make employers choose to hire less people. However, the 

unemployment rate is not decided by the application level of industrial robots. Omitted 

variables will cause bias to the effect of automation in this study. There are many factors 

that contribute to the unemployment rate and correlate with industrial robots in a given 

area. The proportion of the labor force, level of education, the proportion of tertiary 
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industry, value of imported goods, value of exported goods, number of foreign funded 

enterprises and public expenditure for science and technology.  

 

Data 

This thesis utilizes two primary data sources: The International Federation Robot (IFR) 

and the National Bureau of Statistics of China (NBSC) for the years 2014 to 2018. The IFR 

is a non-profit organization collecting the data on robots for 50 countries over the period 

from 1994-2019. In 2013, for the first time ever, the statistics of robots in China is included 

in the IFR survey. Since then, China has always been the biggest market for industrial 

robots, and also been the fastest growing market all over the world. (See Figure 5) 1 The 

NBSC contains national and provincial level data on population characteristics, economics, 

technology, education, energy, agriculture, welfare and transportation. The NBSC is the 

official bureau of statistics in China, so it collects data on almost every aspect of society 

and provides a plausible and accurate source of data.2 Since the data after 2019 are not been 

available yet at NBSC, we began analyzing the effects of industrial robots on 

unemployment levels between 2012 and 2018. 

 

 
1 IFR. (2019). Executive Summary World Robotics 2020 Industrial Robots. See 

https://ifr.org/img/worldrobotics/Executive_Summary_WR_2020_Industrial_Robots_1.pdf 

2 NBSC. (2020). See http://www.stats.gov.cn/english/Statisticaldata/AnnualData/ 
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Figure 5: Annual Installations of Industrial Robots: Fifteen Largest Markets 2018 

Source: World Robotics 2019 

 

Sample 

A set of panel data is used for the regression analyses in this study. The sample 

includes 27 provinces and 4 municipalities directly under the central government of 

mainland China. The dataset does not contain any data from Hong Kong, Taiwan and 

Macao. Therefore, there will be 31 observations in a certain year, and 217 observations in 

total for the years 2012, 2013, 2014, 2015, 2016, 2017, 2018. The unit of analysis are 

provinces or municipalities whose data has been clearly recorded in the NBSC. (See Figure 

6) 
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Figure 6: Local Robot Exposure in 2018 (Industrial Robots per 1000 workers) 

 

Source: World Robotics 2019 & National Bureau of Statistics of China 

Methods  

Key dependent variable 

The key dependent variable is local unemployment rate, which is measured in 

percentage points. The unemployment rate here is defined as the ratio of the number of the 

registered unemployed people to the sum of persons employed in the urban labor market 

Local Robot 
Exposure 
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and registered unemployed persons. Rural labor force, re-employed retirees or foreign 

employees are not counted in the denominator.  

Key explanatory variable 

The key explanatory variable is local industrial robot exposure. For every yearq, there 

will be a different number of industrial robotsi. And for every regionr, there will be a 

different weighted value of robotsr, with weights given by local over national employed 

people in industrial robots related industryj. To be specific: 

Exposure to Robotsqr= 
!"#	%&'
!"#	%&  ��()*+,-'(./	'010-,	(!"#	%'  

In the above equation, the term employed people are measured in thousands. Thus, 

the local robot exposure shows that the number of installed industrial robots per thousand 

workers, measured as sets. In addition, industrial robots related industryj is defined as the 

manufacturing industry combined with the construction industry, where industrial robots 

are mainly used.  

Other explanatory variables 

1. Rate of workforce  

This is defined as the share of the population between 15 to 64 years old, as a 

percentage. The unemployment rate is affected by the rate of the workforce, since some 

people will lose their jobs if the total supply of the workforce is larger than the demand of 

employed people. To measure this share, the NBSC randomly selects a sample in every 

region, by using the sampling fraction 0.820%. This variable was created by taking the 
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number of people aged 15-64 in the sample and dividing it by the total population of the 

sample.  

2. Rate of illiterate population 

This is defined as the percentage of the population who were illiterate at aged 15 and 

up. Illiterate people will be the primary target when the companies decide to fire workers 

under the impact of cost-saving machines. To create this variable, NBSC recorded the 

number of illiterate people who are older than 15 years old in the sample, and then turned 

it into a rate variable by dividing it by the sample population. The sampling faction is 0.820% 

as well.  

3. Percent of tertiary industries 

The percent of tertiary industries is defined as the proportion of the service industry, 

measured as a percentage. As a traditional manufacturing country, China has been working 

on transforming into a technology-oriented country, it is believed that when the proportion 

of tertiary industries is higher, it means the economy is steadily improving, and there will 

be more job positions in the third industry. Therefore, the percent of tertiary industries is 

expected to be negatively correlated with the unemployment rate, because although the 

automation may negatively impact manufacturing employment, the tertiary industries will 

absorb such unemployment and at the same time, create more now jobs, along with the 

expansion of the service industries.  

4. Value of imported goods 
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This is defined as the total value of imported goods, measured in billions of dollars. 

Job opportunities in manufacturing in one area are correlated with whether this region is 

dependent on imported goods. Relying on imported goods is harmful to domestic industries. 

The data was collected from the corporations which have been vested with the right to run 

import business.  

5. Value of exported goods 

This is defined as the total value of exported goods, measured in billions of dollars. 

Orders of goods from foreign countries are helpful in creating jobs, thus decreasing the 

unemployment rate. The same as imported goods, the data does not contain any illegal 

exported goods, such as smuggled goods. 

6. Foreign funded enterprises per 1000 workers  

This is a measure of the number of foreign funded enterprises per 1000 workers in a 

given area. It is calculated by dividing an area’s total number of foreign funded enterprises 

by the headcount of workers measured in thousands. It is expected that the arrival of foreign 

capital will shock the domestic employment in a positive way. In other words, foreign 

investment will create more new job positions. 

7. Public expenditure for science and technology 

This is to measure how much the local government spends in science and technology 

in a given year, measured in billions of yuan. 3  This variable can be expected to be 

 
3 Yuan is the unit of RMB. In this paper, the CPI will be controlled by time fixed effects. All data about 

money is original without using CPI to be transformed.  
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negatively correlate with the unemployment rate. With the financial support in technology 

from the local government, enterprises would either raise their investment in industrial 

robots which will negatively impact local employment, or use the technology subsidy to 

innovate products, thus demanding more workers. It was transformed by the natural 

logarithmic function which normalizes the skewed distribution of this variable. 

8. Proportion of women 

Since the people stepped into the industrial society, the discrimination against women 

has been existing in the labor market. Although people have done a lot of work to reduce 

the discrimination, we cannot deny that such discrimination has not been eliminated, 

especially in the developing countries, where the employer values the physical strength of 

male more. Thus, it is estimated that there is a positive relationship between the proportion 

of female and unemployment. (See Table 1) 

Table 1: Variable List 

Variable Definition Variable 
Name 

Variable Type Unit Proposed 
Relationship 

Unemployment rate Urate Dependent Percentage NA 
Local robot exposure exposure Independent set + 

Work force rate wfrate Independent Percentage + 
Illiterate rate irate Independent Percentage + 

Tertiary industry rate 3rdrate Independent Percentage - 
Value of imported goods import Independent Billion $ + 
Value of exported goods export Independent Billion $ - 

Foreign funded 
enterprises per 1000 

workers 

ffe1000 Independent unit - 

log(expenditure for 
science and technology) 

lgscience Independent Percent - 

Proportion of Women female Independent Percentage + 
Year year Fixed effect variable NA NA 

Region of country regionid Fixed effect variable NA NA 
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Empirical Model 

Ordinary Least Squares regression is used in analyzing the effect of industrial robot 

exposure in conjunction with province and year fixed effects. Province fixed effects let me 

control for unobserved attributes which are unique to a province but do not change over 

time. Year fixed effects allow me to control for unobserved characteristics that vary over 

time but are the same to all provinces in a given year. Using province and year fixed effects 

will reduce the extent of bias on my coefficients, which can be caused by the omitted 

variables. The fixed effects regression model used in analyses is as follows: 

 

 

The alpha term represents province effects, the equivalent of a dummy variable for 

each province. Gamma represents time effects, which is also regarded as a dummy variable 

for each year of data included in the analysis. The last term μ represents the error term in 

the model. 

 

 

Unemployment rateit = β0 + β1local robot exposureit + β2workforce rateit + β3illiterate rateit 

+ β4tertiary industry rateit + β5imported goodsit + β6exported goodsit 

+ β7foreign funded enterprises per 1000 workersit + 

β8log(expenditure for science and technology) it + αi + γt + μit 
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CHAPTER THREE: CONCLUSION 

The paper aims to examine the effect of local robot exposure on unemployment in 

China between 2012 and 2018 on Chinese local labor markets. My hypothesis is there is a 

positive relationship between the industrial robots per thousand workers and the 

unemployment rate. The data comes from two sources, one is the International Federation 

Robotics and the other is the National Bureau of Statistics of China. In the first section, the 

paper starts with 2 simple OLS regression models and one fixed effects regression model, 

in which unemployment rate is the dependent variable, local robot exposure is the key 

independent variable, and some demographic or socioeconomic variables are used as 

control variables. In the second section, the paper utilizes one OLS regression and one 

fixed effects regression. This second analysis attempts to answer what factors drove the 

variation of industrial robot input, using local robot exposure as the dependent variable and 

other factors as the explanatory variables. 

Descriptive Findings 

Table 2 shows descriptive statistics for the variables used in the analyses. As shown 

in Table 2, the average local unemployment rate in the sample is 3.25%, which is a little 

bit lower than the global unemployment rate 5.42% in 2020 (Statista, 2020). The minimum 

unemployment rate is 1.21 percent (Beijing in 2013) and the maximum is 4.7 percent 

(Hebei in 2016). The variation of the dependent variables is quite low, thus proving that 
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there is not a significant difference in the unemployment rate of each province for each 

year. The average local robot exposure is 0.57, which means there is 0.57 unit of industrial 

robot per thousand workers. Until 2017, robot exposure in the U.S. has reached 1.81 robots 

per thousand workers (Freeman & Rodgers, 2019). Obviously, the worker’s exposure to 

robots in China still lags behind other developed countries.  

Table 2: Descriptive Statistics 

Variable  Mean Min Max Std Dev 
Local unemployment rate  3.25 1.21 4.7 0.65 
Local robot exposure 0.57 0.14 1.99 0.319 
Work force rate 73.44 60.66 97 3.89 
Illiterate rate 6.16 1.23 41.18 6.41 
Tertiary industry rate 46.49 30.94 81 9.25 
Value of imported goods 60.98 0.088 731.76 106.59 
Value of exported goods 71.24 0.05 745.31 136.72 
Foreign funded enterprises per 1000 
workers 

1 0.17 9.8 1.19 

log (expenditure for science and technology) 1.88 -0.87 4.63 1.08 
Proportion of Women 0.48 0.45 0.51 0.009 
N=217     

Table 3 provides a correlation matrix with the variables in the regression. The 

correlation between the unemployment rate and the industrial robot exposure is negative, 

weak and not statistically significant. Besides, as shown in the matrix, there are some 

correlations among other explanatory variables and the dependent variable, and the 

correlations between two control variables are strong and statistically significant. However, 

these relationships are only correlational, a more precise estimate of the relationship 

between the unemployment rate and the robot exposure will be displayed in the next section.  



�

Table 3�Correlation Matrix 

 Local 
unemployment 

rate  

Local robot 
exposure 

Work 
force rate 

Illiterate 
rate 

Tertiary 
industry 

rate 

Value of 
imported 

goods 

Value of 
exported 

goods 

Foreign 
enterprises 

/1000 workers 

log(expenditure 
for science and 

technology) 

Proportion 
of Women 

Local unemployment rate  1.000          

Local robot exposure -0.0315 1.0000         

Work force rate 0.0121 -0.1451* 1.0000        

Illiterate rate -0.1419* -0.1027 -0.2554** 1.0000       

Tertiary industry rate -0.4175** 0.1557* 0.3240** -0.0207 1.0000      

Value of imported goods -0.1934*   0.3083** 0.2388** -0.2047 0.3011** 1.0000     

Value of exported goods -0.1995* 0.4117** 0.1744* -0.1629 0.1912* 0.9067** 1.0000    

Foreign funded enterprises 
per 1000 workers 

-0.0804 0.1529 0.4513** -0.250** 0.4036** 0.6005** 0.4786** 1.0000   

log(expenditure for science 
and technology) 

-0.1252* 0.5137** 0.1421 -0.519** 0.3240** 0.6490** 0.6342** 0.4350** 1.0000  

Proportion of Women 0.2436** -0.0239 -0.0686 0.1767* -0.0830 -0.2894** -0.336** -0.2506** -0.1374* 1.0000 

*Indicates coefficient is significant at the p<.05 level. 

 **Indicates coefficient is significant at the p<.001 level.  

26 
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Regression Results 

Table 4 presents the OLS regression results and fixed effects regressions, using 

unemployment as the dependent variable, robot exposure and other controls as independent 

variables.  Model 1 in Table 4 is a simple OLS regression of the local unemployment rate 

on local robot exposure. Model 2 in Table 4 adds several control variables into the 

regression, and the Model 3 adds province and year fixed effects. For each column, 

standard errors are shown in parentheses underneath the coefficient on the corresponding 

independent variable listed. If the estimated p-value<0.05, two stars will be next to the 

coefficient and if the estimated p-value<0.1, one star will be next to the coefficient.  

Table 4: OLS and Fixed Effects Regression Results, Local Unemployment Rate 

 (1) (2) (3) 
Variable Local 

unemployment 
rate 

Local 
unemployment 

rate 

Local 
unemployment 

rate 
Local robot exposure -0.064 

(0.1378) 
0.295* 

(0.1512) 
0.520** 
(0.227) 

Work force rate  0.21* 
(0.012) 

0.003 
(0.014) 

Illiterate rate  -0.18** 
(0.008) 

0.013 
(0.022) 

Tertiary industry rate  -0.033** 
(0.005) 

-0.008 
(0.009) 

Value of imported goods  0.0006 
(0.0009) 

-0.002** 
(0.0008) 

Value of exported goods  -0.001 
(0.0008) 

-0.003** 
(0.001) 

Foreign funded enterprises 
per 1000 workers 

 0.077* 
(0.0452) 

-0.176** 
(0.0466) 

log(expenditure for science 
and technology) 

 -0.060 
(0.065) 

-0.242 
(0.157) 

Proportion of Women  0.1539** 
(4.62) 

0.04626** 
(2.133) 
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Province and Year Fixed 
Effects 

no no yes 

!! 0.001 0.3035 0.2724 
Prob>F 0.6442 0.0000 0.0001 

n 217 217 217 

*Indicates coefficient is significant at the p<0.1 level. 

 **Indicates coefficient is significant at the p<.05 level.  

The model 1 results show a negative but statistically insignificant relationship 

between local robot exposure and the unemployment rate. The p-value of the F test is 0.642, 

which is an extremely high number and shows that the model cannot work. There is no 

doubt that the estimate is highly inaccurate because there are many variables omitted from 

the model that are correlated with both the unemployment rate and the robot exposure.  

In model 2, which includes a complete set of control variables, the p-value of the F 

test is 0.0000, which means the model is acceptable. Looking at the coefficient of the key 

independent variable, a one unit increase in the industrial robot per thousand workers is 

associated with 0.295 percentage point increase in the unemployment rate and is 

statistically significant at 0.1 significance level. Some of the economic and demographic 

controls in the model are statistically significant, such as the work force rate, illiterate rate, 

tertiary industry rate, foreign funded enterprises and proportion of women. And the model 

as a whole explains approximately 30% of the variation in the unemployment rate.  

Although the coefficient on the local robot exposure in the second regression is 

statistically significant, it is small in magnitude. Given the average industrial robot 

exposure in this sample is 0.57 unit per 1,000 workers, increasing robot exposure by one 
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unit implies that the level of the cover of robots in China will approximate the level of 

exposure in the U.S. Therefore, improving the robot exposure into a developed country 

level is only associated with 0.295 percentage point increase in the unemployment rate, 

which is less than 10 percent of the average unemployment rate 3.25%.  

In the province and year effect regression, the p-value of the F test is 0.0001, which 

means all the independent variables can jointly explain the variation of the dependent 

variable. After automatically controlling for unobserved factors that fixed across provinces 

but varied over years and fixed over years but varied across provinces, the coefficient of 

the robot exposure turned to 0.52 and is statistically significant at 0.05 level. This implies 

that a one unit increase in the industrial robot per thousand workers is associated with 0.52 

percentage point increase in the unemployment rate. In addition, some control variables 

which are statistically significant in the second OLS regression are not significant in this 

regression anymore. Such as, the work force rate, illiterate rate, tertiary industry rate. 

Instead, the value of imported goods and exported goods became significant. The 

remaining control variables which are significant are foreign funded companies per 

thousand workers and the proportion of women.  

A closer look at the value of “rho” reveals that 95.8% of the variation in the 

unemployment rate that can be explained by provinces and year effects, leaving only 4.2% 

of the variation to be accounted for by the industrial robot exposure and other control 

variables in the model. In other words, there is such little variation in the independent 
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variables across provinces over time and the province and time fixed effects capture almost 

all of the variation in the unemployment rate.  

In order to study the policies in terms of the positive relationship found between the 

unemployment rate and the robot exposure, we need to further check what factors 

contributed to the variation of the coverage of the industrial robots. Thus, in the second set 

of analyses, Table 5, shows the regression results in which robot exposure is the dependent 

variable and other controls are independent variables. The use of parentheses and stars is 

organized in the same way as in the Table 4. 

In the first simple OLS regression, many independent variables are statistically 

significant at conventional levels, including the work force rate, value of import goods, 

value of export goods and the expenditure for science and technology. We can speculate 

that whether the factory decides to replace workers and use robots may be influenced by 

the government investment, because based on the results, we know that a ten percent 

increase in government expenditure for science and technology is associated with 0.0153 

unit increase in the local industrial robot exposure. Besides, although the magnitude of the 

coefficients of the value of imports and value of exports is small, we cannot deny that the 

cover of industrial robots is related to foreign economy. The results show a positive 

relationship between the robot exposure and the value of export goods, and show a negative 

relationship between the robot exposure and the value of import goods. And the model as 

a whole explains 40% of the variation in the local robot exposure in this sample.  
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In the third model in Table 5, province and year effects are added to the regression. 

The new model has a relatively higher R-squared of 0.894, which means 89.4% of the 

variation of the robot exposure can be explained by the explanatory variables within 

provinces over time. With the addition of fixed effects, the work force rate and expenditure 

for science and technology were found to not to be statistically significant. Instead, the 

third regression further proves that the input of industrial robots has to do with the foreign 

economy. To be specific, there is a positive and statistically significant relationship 

between the foreign enterprises and robot exposure, and one-unit increase in the foreign 

funded enterprises per thousand workers is associated with 0.043 unit increase in the 

industrial robot per thousand workers. Moreover, the results show that there is a negative 

and statistically significant relationship between the proportion of women and the robot 

exposure, in detail, one percentage point increase in the proportion of women is associated 

with 0.029 unit decrease in the industrial robot per thousand workers.  
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Table 5: OLS and Fixed Effects Regression Results, Local Robot Exposure 

 (1) (2) 
Variable Local robot  

exposure 
Local robot  

exposure 

Work force rate -0.018** 
(0.0053) 

-0.0028 
(0.0029) 

Illiterate rate 0.005 
(0.0036) 

0.014 
(0.0834) 

Tertiary industry rate 0.003 
(0.0023) 

-0.003 
(0.005) 

Value of imported goods -0.002** 
(0.0004) 

0.001* 
(0.0005) 

Value of exported goods 0.002** 
(0.0003) 

0.003** 
(0.0012) 

Foreign funded enterprises 
per 1000 workers 

0.024 
(0.0207) 

0.043** 
(0.0133) 

log(expenditure for science 
and technology) 

0.153** 
(0.0278) 

0.047 
(0.06) 

Proportion of Women 0.03171 
(2.106) 

-0.0293** 
(1.274) 

Province and Year Fixed 
Effects 

no yes 

!! 0.398 0.894 
Prob>F 0.0000 0.0000 

n 217 217 

*Indicates coefficient is significant at the p<0.1 level. 

 **Indicates coefficient is significant at the p<.05 level.  

As the fixed effects regression represented in Table 5, the province and year fixed 

effects dummies account for 95.9 % of the variation in the robot exposure, which means 

leaving very little variation to be explained by the independent variables in the model.  
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Above all, considering the small sample size and the large “rho” numbers (fixed 

effects explaining the large majority of the variation in dependent variable), it is difficult 

to achieve statistically significant results for any additional variables. For this reason, all 

coefficients which are statistically significant are particularly notable and meaningful. 

Thus, based on the robust regression results, we can draw a relatively convincing policy 

discussion. 

 

Discussion 

This study was motivated by the issue of whether the human workers will be replaced 

by the growth of robotics and artificial intelligence. Despite there being a heated debate on 

the labor market effects of these new technologies, there is little empirical findings from 

emerging countries. This paper aims to fill this gap in the literature. My hypothesis is even 

in the developing countries, more automation will lead to a high unemployment rate. Using 

data from International Federal Robotics and National Bureau of Statistics of China, both 

OLS regression and province and time fixed effects regression above provide some insights 

about the effect of automation in China, which with an increased local robot exposure may 

increase the unemployment rate modestly. As for exploring the factors impacted on the 

input of automation, the second set of analysis suggests that the rapid growth of the 

coverage of automation is not decided by any government strategy, in fact, it is the result 
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of market choice, which means that more commodities demanded from foreign countries 

and increased foreign investment led to the increased level of automation in China.  

   It is important to bear in mind that province and year fixed effects account for more 

than 90% of variation in the unemployment rate, thus, it is particularly notable that the 

coefficient on the local robot exposure is statistically significant and shows a positive 

relationship. Based on the literature review and empirical findings, I present some potential 

policy implementations in terms of facing the negative impact of developing automation 

for emerging countries. 

1. Improved education level of people, increased government expenditures in 

supporting vocational education and training (VTE) is compatible with 

automation application. 

One of the reasons why automation will lead to unemployment is that basic work, 

which do not require much knowledge and skills can be replaced by robots, given that the 

low cost and risk of machines. Thus, a society with low levels of educational attainment 

will face the problem of the surplus of part of the work force under current high-tech 

dominated trend. According to the statistics of graduates from all levels and types of formal 

education in China (See Figure 7), we find that people with junior school diplomas 

accounted for the majority, followed by people who have a senior high school, secondary 

vocational education diploma. As for those with a bachelor’s degree or above still only 

account for a minority of the Chinese work force. The statistics indicate that the overall 
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education level of the Chinese population is still relatively low. Facing similar problems, 

other developing countries cannot perform very well in promoting higher education. If the 

education system cannot provide new knowledge and skills needed in the era of automation, 

the work force will be obsoleted, along with a rapidly increasing use and development of 

artificial intelligence and other technologies.  

 

Figure 7: Number of Students of Formal Education by Type and Level 

Source: National Bureau of Statistics of China 

  It is crucial that the government play an important role in helping current at-risk 

workers meet the new requirements, identifying the impact of automation in different 

industries and departments, organizing professional skills training projects, encouraging 

people to receive secondary vocational education beyond compulsory education. Through 

providing public service, fulfilling public functions, the government can subsidize relevant 

education institutions, guide grassroot community organizations to provide informational 
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education about automation, adjust employment strategies and social welfare to adapt to 

the development of artificial intelligence, so that more of the work force can find their 

corresponding position in the society in the era of artificial intelligence.  

2. Focus on the cultivation of innovation ability, encourage the diversity of 

employment forms. 

The creation of artificial intelligence is a product of innovation. Although the skills 

training can reduce the risks of developing automation, it cannot eliminate the uncertainty 

brought by the new technology, considering the rapid development of science and the fast 

improvement of technology renewal. Thus, it is imperative to cultivate work force’s 

innovation ability, in order to be ready for any possible sudden change and improve the 

competence to face any possible potential risks in the era of artificial intelligence. To be 

specific, workers can keep in mind that they do not have to undertake traditional work, like 

manufacturing or constructing, there are many flexible and different forms of employment 

coming with the development of new technology.  

Live-streaming sales is one example of a new significant vocation due to the arise of 

the technology of broadcasting. In 2019, live commerce accounted for nearly $ 3 billion 

USD of total sales (Forbes, 2020). Moreover, there are also other important areas nowadays 

including the development of self-media, the combination and interaction between physical 

economies and online information, the creation of intelligent household appliances, the 

need for original entertainment or educational videos, which all are nascent employment 
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paths and have huge potential to make profits. Therefore, it is necessary to enhance 

people’s innovative capabilities, cultivate entrepreneurship and encourage members of the 

work force to explore these forms of employment in the era of artificial intelligence. 

3. A tax on industrial robots, a policy for regulating automation.  

To overcome the challenge of unemployment due to automation, computerization, and 

robotization, Bill Gates (2017) put forward the powerful idea of a “robot tax”. He claimed 

since robots are taking human jobs, the government would lose income tax revenue from 

workers. He stated in an interview “If a robot comes in to do the same thing, we should tax 

the robot at a similar level.” It sounds reasonable to protect the work force, but other social 

problems will also come with taxing on robots, such as curbing the progress of automation, 

invoking dissatisfaction among companies. Therefore, taxing robots at a similar level as 

workers will be problematic, and it is necessary for the government to study what areas are 

needed to be taxed and what tax rate is appropriate. In addition, a tax on robots may drive 

capital abroad, taxing and tax rate are best adopted internationally (Gasteiger&Prettner, 

2017). 

Because people are currently in the preliminary stage of artificial intelligence, where 

the automation is not universal and has not been penetrated in every field, many problems 

brought by the automation have not been noticed by the public, relevant laws and 

regulations are still not adequate, especially in developing countries. As people protect 

positive benefits of automation and fix the negative impact of automation, people should 
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also be aware of the threat of artificial intelligence to human civilization. To be specific, 

the robots should always aim to enhance the well-being of humans, conform to human 

values and ethics and never be misused and abused.  

   Now I would like to address some of the limitation of this research. First, the paper 

used the overall unemployment rate since no data about the unemployment rate in 

automation related industry was available. From the regression results, it was possible to 

draw the conclusion that presence of automation, on average, leads to unemployment, but 

we do not know whether it directly drives manufacturing or the construction sectors and 

reduces the costs of production or in fact, that automation impacts the service industry the 

most. Secondly, the sample size is relatively small. This is because the first time that the 

Chinese robot data is included into International Federation Robots is 2013. As China is a 

young industrialized country, there is not as much data as in Germany, which has been very 

developed in machines and robots. Thirdly, although the paper used fixed effects regression, 

it is still weak to say that there is a causal relationship between the local robot exposure 

and the unemployment rate. For this reason, future study can use experiment method 

combined with randomized control trials to draw a more robust causal effect conclusion.  

In addition, there are likely variables omitted from these models which exert a degree 

of bias on the local robot exposure coefficients. For example, a province’s business culture 

may be a factor that affect a province’s unemployment rate and its robot investment, and 

business culture is likely to change, slightly, over time. The number of universities which 
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have the major of artificial intelligence in a province is also a likely factor which is 

associated with unemployment rate and robot density, and also probably changes over time. 

The omission of these variables may be exerting a positive or negative bias on the local 

robot exposure coefficients included in the models presented in this paper.  

   Despite these limitations, this study provided results similar to the literature using 

the equilibrium approach and measuring the relationship between the unemployment rate 

and local robot exposure. Acemoglu and Restrepo (2017) argue that the introduction of 

industrial robots reduces employment and they identified one more robot per thousand 

workers will lower the employment to population ratio by about 0.18-0.34 percentage point, 

which is slightly lower than what this paper obtained. Chiacchio et.al (2018) found that 

one additional industrial robot reduces the employment rate by 0.16-0.20 percentage point, 

based on data from six European Union countries. Considering the regression results from 

this paper that indicates that a one unit increase in local robot exposure is associated with 

0.5 percentage point increase in the unemployment rate, one can argue that the impact of 

automation in China may be more serious than in developed countries. As Pham et.al (2018) 

stated, in labor-intensive economies, such as, the BRICS countries including Brazil, Russia, 

India, China, and South Africa, the effects of automation will be more evident in the future. 

As for the reason why the number of industrial robots is constantly increasing, Sharif 

and Huang (2019) used enterprise level data combined with numerous field interviews with 

officials, factory managers, and workers in the city Dongguan, which is a leading center of 
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China’s export industry. After analyzing the quantitative and qualitative data, they 

concluded that: 1) The subsidies awarded by the Dongguan government to support 

automation upgrading was only a small factor in shaping firm’s automation strategies. 2) 

It is the competitive market pressures that plays the most important role in reducing the 

workforce, setting up productivity, improving product quality, and dealing with 

occupational health and safety, which are highly consistent with the empirical findings in 

this paper. Moreover, responses from the remaining workers at the Dongguan factory 

shows that the effects of automation brought a lot of pressure regarding displacement and 

the loss of job specific skills, although workers were sometimes offered opportunities 

through additional training.  

In summary, the automation is a vital factor that contributes to the variation of 

unemployment, not only in developed countries, but in developing countries, as well. 

Future research could provide insights into whether exposure to robots has positive effects 

on the labor market, and what policies can make contributions in order to reduce the 

negative impact of automation and maximize the positive impact of automation.  
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