
 

 

 

INTERNET USE AND THE GENDER WAGE GAP IN 

CHINA 

 

by 

 

Ting Wang 

 
Bachelor of Economics, Shandong University of Finance and Economics, 2019 

 

A Report Submitted in Partial Fulfilment of 

the Requirements for the Degree of 

 

Master of Arts 
 

in the Graduate Academic Unit of Economics 

 

Supervisor:     Weiqiu Yu, Ph.D., Economics 

 

Examining Board:   Mehmet Dalkir, Ph.D., Economics, Chair 

         Murshed Chowdhury, Ph.D., Economics 

                   Barry Watson, Ph.D., Economics 

 

 

 

This report is accepted by the  

Dean of Graduate Studies 

 

THE UNIVERSITY OF NEW BRUNSWICK 

August, 2021 

© Ting Wang, 2021 



 

ii 

 

ABSTRACT 

The use of internet increases the frequency of communication and flexibility of 

work, which has a far-reaching impact on wage distribution in China. This report 

examines the impact of internet use (IU) on the gender wage gap (GWG) in China. 

Using a cross-sectional data set from the Chinese General Social Survey for 2013, 

2015, and 2017, I conduct the Oaxaca-Blinder and quantile decompositions based on 

Ordinary Least Squares (OLS) and quantile regressions, and find that (i) IU has a 

positive impact on the hourly wages for both men and women; (ii) IU reduces the 

GWG in China over time; and (iii) the explained factors (e.g., education, experience) 

reduce the GWG while unexplained factors (e.g., gender discrimination) widen the 

GWG at different quartiles of wages and across different age groups. These findings 

have important policy implications and provide evidence of IU leading to a reduced 

GWG in China. 

 

 

 

 

 

 

 



 

iii 

 

ACKNOWLEDGEMENTS 

First，I am grateful to my supervisor, Professor Weiqiu Yu, for her guidance, 

patience, and encouragement. She has not only guided me academically but also 

encouraged me with her enthusiasm for life. Second, I am grateful to my Examining 

Board for their essential comments and suggestions. Finally, I would like to express 

my gratitude to my parents and friends for their encouragement and support. 

 

 

 

 

 

 

 

 

 

 

 

 



 

iv 

 

TABLE OF CONTENTS 

ABSTRACT .......................................................................................................... ii 

ACKNOWLEDGEMENTS ................................................................................. iii 

TABLE OF CONTENTS ..................................................................................... iv 

LIST OF TABLES................................................................................................ vi 

LIST OF FIGURES .............................................................................................. vi 

1.0 INTRODUCTION .......................................................................................... 1 

2.0 LITERATURE REVIEW AND TRANSMISSION MECHANISMS ............ 3 

2.1 Literature Review .................................................................................. 3 

2.2 Transmission Mechanisms .................................................................... 9 

3.0 DATA AND VARIABLES ............................................................................ 10 

3.1 Data Source ......................................................................................... 10 

3.2 Variables .............................................................................................. 11 

4.0 METHODOLOGY ........................................................................................ 15 

4.1 Model Setting ...................................................................................... 15 

4.2 The Oaxaca-Blinder Decomposition ................................................... 16 

4.3 Quantile Regression and Decomposition ............................................ 17 

5.0 RESULTS ...................................................................................................... 18 

5.1 OLS Regressions ................................................................................. 18 

5.2 The Oaxaca-Blinder Decomposition ................................................... 22 

5.3 Quantile Regressions ........................................................................... 22 

5.4 Quantile Decomposition ..................................................................... 24 

5.5 Analysis for Different Age Groups ..................................................... 24 



 

v 

 

6.0 CONCLUSION ............................................................................................. 27 

7.0 REFERENCES .............................................................................................. 29 

APPENDIX ......................................................................................................... 31 

CURRICULUM VITAE 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

vi 

 

LIST OF TABLES 

Table 1: Variables and descriptions. ................................................................... 12 

Table 2: Sample means of ln(wage) and their differences (i.e., GWG). ............ 13 

Table 3: Separate OLS regression results. .......................................................... 20 

Table 4: Pooled OLS regression results. ............................................................ 21 

Table 5: The Oaxaca-Blinder decomposition results. ........................................ 22 

Table 6: Effect of IU on ln(wage) at different wages quantiles. ........................ 23 

Table 7: Quantile decomposition results. ........................................................... 24 

Table 8: OLS regression results for different age groups. .................................. 25 

Table 9: Oaxaca-Blinder decomposition results for different age groups. ......... 26 

Table A1: Descriptive statistics. ......................................................................... 31 

Table A2: Variable Inflation Factor (VIF) test of multicollinearity. .................. 31 

Table A3: White’s test for heteroscedasticity using all samples. ....................... 32 

Table A4: Quantile regression for the 2013 sample. .......................................... 32 

Table A5: Quantile regression for the 2015 sample. .......................................... 33 

Table A6: Quantile regression for the 2017 sample. .......................................... 34 

LIST OF FIGURES 

Fig. 1. Kernel density of ln(wage) for 2013. ...................................................... 14 

Fig. 2. Kernel density of ln(wage) for 2015. ...................................................... 14 

Fig. 3. Kernel density of ln(wage) for 2013. ...................................................... 15 



 

1 

 

1.0 INTRODUCTION 

The issue of the gender wage gap (GWG) in the labor market has been widely 

researched by economists and policymakers (Black & Spitz-Oener, 2010; Blinder, 

1973; Chen, Zhou & Zheng, 2018; Moreno-Galbis & Wolff, 2008). Achieving fair and 

reasonable wage treatment for men and women is not only conducive to improving the 

operational efficiency of enterprises (Chen, Zhou & Zheng, 2018), but also to 

promoting the sustainability of economic development by building an effective and 

inclusive labor market (Guo, Chen & Zeng, 2021). Despite the increasing educational 

attainment of women and the promotion of gender equality by government, gender 

discrimination in the labor market is still widespread worldwide (Chen, Ge & Wan, 

2013; Mao, Zeng & Hu, 2018; Wang, 2018)).  

The development of internet technology has greatly changed people's life and 

work. Especially in the context of the growing popularity of mobile internet, the digital 

economy is developing rapidly with the continuous innovation and integration of 

underlying internet technologies such as artificial intelligence, cloud computing, and 

big data. Internet use (IU) has not only changed the composition of employment but 

also impacted people's wage levels and wage differentials (Krueger, 1993; Mao, Zeng, 

& Hu, 2018; Qi & Liu, 2020). The use of internet increases the frequency of 

communication, reduces information asymmetry, reduces physical requirements at 

work, and creates diversified forms of work, resulting in a positive impact on the labor 

market, especially on women's employment (Atasoy, 2013). 
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Neo-classical economic theory suggests that in a perfectly competitive factor 

market, wage equals a worker’s marginal product of labor. Combined with the criteria 

of equality, wages should be equalized for equal work. Accordingly, the 

observationally unexplained GWG in the labor market has been interpreted as gender 

discrimination (Chen, Zhou & Zheng, 2018). The existing literature, using different 

data and different methods, has shown that while gender discrimination has been 

persisted in the labor market, this might have changed with IU. Some studies suggested 

IU widened the gender wage gap (Moreno-Galbis & Wolff, 2008; Black & Spitz-Oene, 

2010) while others found the opposite (Postar, 2013). 

In this report, I extend the literature by following Qi & Liu (2020) using the data 

for 2013, 2015 and 2017, and both mean decomposition and distribution 

decomposition methods to estimate the impact of IU on the GWG at different wage 

quantiles and across different age groups for China. Using three cycles of the Chinese 

General Social Survey, I could examine the impact of IU on the GWG in China. 

My key findings are as follows: (i) IU has a positive impact on the hourly wages 

for both men and women; (ii) IU reduces the GWG in China over time; and (iii) the 

explained factors (e.g., education, experience) reduce the GWG while unexplained 

factors (e.g., gender discrimination) widen the GWG at different quartile of wages and 

across different age groups. 

The rest of this report is organized as follows. Section 2 presents the literature 
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review and transmission mechanisms. Section 3 describes the data and provides some 

descriptive statistics. Section 4 explains model setting and methodology. Section 5 

contains the empirical results. Finally, section 6 concludes. 

2.0 LITERATURE REVIEW AND TRANSMISSION MECHANISMS  

2.1 Literature Review 

From a theoretical prospective, Smith (1776) proposed that differences in the 

attributes of workers' occupations lead to unequal wages, and summarized five kinds 

of differences in the attributes of occupations that led to different wages: first, the 

wages varied with the hardship, working environment and social status of jobs; second, 

the wages varied with the hardship and expense of the learning process; third, the 

wages varied with the constancy; fourth, the wages varied with responsibilities of 

workers; finally, the wages varied depending on the possibility of meeting 

occupational requirements. Rosen (1986) suggested that compensating wage 

differentials could be used as a theory to explain unequal wages due to different job 

attributes——working environments, worker skills and other job requirements. Jobs 

that provided favorable working conditions could attract labor at lower-than-average 

wages, while jobs that provided unfavorable working conditions must pay premiums 

as compensation to attract workers. Therefore, the actual wages consisted of two parts: 

one for labor services and worker characteristics and the other for job attributes. The 

compensating wage differentials model was based on the idea that the combination of 

wages and job attributes constituted the relevant "price" of labor for the market 
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analysis of jobs. Rosen (1986) selected jobs with danger or poorer working 

environments and analyzed compensating wages through the labor supply and demand 

curve.  

Ehrenberg and Smith (2012) proposed three assumptions of compensating wage 

differentials theory: first, workers maximized their utilities instead of their wages thus 

wage differential could be explained by different preferences. Second, workers had 

perfect information and they knew the job characteristics Third, workers had mobility, 

which meant that workers had a range of job offers to select. If these assumptions were 

satisfied, then workers would choose between different combinations of working 

conditions and wages to maximize their utility. Employers who can only offer poorer 

working conditions must offer a higher level of wages as compensation to attract 

potential employees and maintain the optimal size of the workforce. On the contrary, 

if employers can offer better working conditions, then they can offer a lower wage 

level (Deng & Wang, 2013).   

Human capital theory has also been used in the literature to explain wage 

differentials between men and women (Wang, 2018). According to Smith (1776), 

human capital included abilities and skills acquired through education, schooling, and 

apprenticeship, and generally required costs. Schultz (1961) suggested that the 

investment in human capital should be regarded as the investment in any other form 

of capital and proposed five main ways to invest in human capital: health facilities and 
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services, on-the-job training, education in schools, study programs for adults and 

migration to receive new opportunities. Becker (1993) emphasized that the 

expenditure of formal school education and on-the-job training formed human capital, 

higher education affected both consumption and monetary income, and on-the-job 

training mainly affected monetary income. Mincer (1974) argued that wage 

differentials existed due to the differences in the quality of human capital. 

Another theory used to explain wage differentials is the discrimination theory. 

Becker (1971) used micro econometric methods to analyze the economic impact 

caused by the personal prejudice of employers and found that this prejudice led to 

externalities. He tried to use discrimination coefficients to quantify the magnitude of 

discrimination and further pointed out that gender discrimination occurred when 

people with the same human capital were paid differently only because of their gender. 

Based on these theories of wage differentials, researchers (Oaxaca, 1973; Blinder, 

1973; Firpo, Fortin & Lemieux, 2009; Chernozhukov, Fernandez-Val & Melly, 2013) 

have selected many variables to explain the GWG using data for different countries 

and decomposed the GWG into the explained and unexplained components using two 

main decomposition methods: mean decomposition and quantile decomposition. For 

the mean decomposition, Oaxaca (1973) first used the cross-sectional data from the 

1967 Survey of Economic Opportunity (SEO) in the United States to estimate a log-

linear wage model with experience, education, class of worker, industry, occupation, 
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health problems, whether work was part-time, migration, marital status, size of urban 

area and region as controls, based on which the author proposed a decomposition 

method of wage differentials based on the wage equation regression and decomposed 

the wage differentials into two parts: one part was due to differences in individual and 

job characteristics and called the explained part; and the other part was due to 

discrimination and called the unexplained part. The results showed that discrimination 

accounted for approximately 77.7% of the GWG for whites and 93.6% for blacks. 

Blinder (1973) proposed a similar decomposition method and generated a similar set 

of results. Thus, this mean decomposition method is known as the Oaxaca-Blinder 

decomposition. 

For the distribution decomposition method, Firpo, Fortin & Lemieux (2009) ran a 

quantile regression of wages on several independent variables including education, 

marital status, race, and working experience, and found that these variables had 

different effects on wages at different quantiles. Chernozhukov, Fernandez-Val & 

Melly (2013), using cross-sectional data from Current Population Surveys (CPS) for 

1979 and 1988 in the United States, ran quantile regressions of wages against the 

following independent variables: union status, education, experience squared, 

occupation, industry, race, geographic area, marital status, and part-time status. 

Based on the quantile regressions, they decomposed the GWG at a given wage quantile. 

The results showed that the GWG increased due largely to individual characteristics 

(other than union status) at different wage quantiles. 
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Literature on the impact of IU on the GWG is relatively scarce and the findings 

are somewhat inconsistent. Using the data from the French Labor Force Survey and 

the Complementary Survey on Working Conditions and selecting gender, age, age 

squared, seniority, seniority squared, education, French citizenship and firm’s size as 

control variables, Moreno-Galbis & Wolff (2008) ran separate quantile regressions of 

the wages of the modern group (IU) and the traditional group (non-IU) to estimate the 

effect of IU on the GWG in France. Their results showed that the GWG increased with 

the wage distribution and the source of the GWG was different for IU and the Non-IU 

groups.  

Black & Spitz-Oene (2010) investigated the impact of IU on the GWG by 

examining how work for men and women changed in recent decades through five 

categories of occupational skill requirements: non-routine analytical (e.g., researching 

and analyzing), non-routine interactive (e.g., managing and organizing), routine 

cognitive (e.g., calculating and bookkeeping), routine manual (e.g., operating 

machinery), and non-routine manual (e.g., serving and repairing). Using two German 

data sets for 1979 and 1999, they found that computers were more likely to affect 

women's jobs since women using more routine cognitive and routine manual tasks in 

their jobs could be replaced by computers, increasing the GWG. 

However, some studies found that IU decreased the GWG. Using a data set for 

the U.S. from the July 2011 Computer and Internet Use Supplement to the Current 



 

8 

 

Population Study, and the March 2010 Annual Social and Economic Supplement to 

the Current Population Study, Postar (2013) used a dummy to indicate whether 

respondents had access to internet and performed a two-step regression analysis by 

first regressing male wages on demographic, geographic, and workforce variables to 

derive the residual wage differentials attributed to discrimination and then running a 

second stage regression using the same set of variables to estimate the effect of IU on 

wages. The study found that IU decreased the GWG. 

Research on the impact of IU on the GWG for China appeared more recently. Mao, 

Zeng & Hu (2018), using a cross-sectional data set from the 2010 China Family Panel 

Studies (CFPS), a dummy variable indicating whether people use internet and a log-

linear model with the following variables as controls: marital status, age, household 

type (agriculture or non-agriculture), nation, political attribute, years of education, 

health status, position, occupation, industry, region and GDP of the region, found that 

IU generated a wage premium, and the effect varied for employed individuals across 

marital status, age, and education. In addition, IU reduced the GWG in the lower and 

middle-income group but increased the GWG in the upper-income group. Most 

recently, Qi & Liu (2020) examined the impact of IU on the GWG using three cross-

sectional data sets from the Chinese General Social Survey (CGSS) for 2010, 2013 

and 2015.The authors ran OLS and quantile regressions of IU on hourly wages with a 

dummy variable indicating whether respondents use internet and with the following 

controls: gender, age, marital status, household type, education, working experience, 



 

9 

 

region, wage level of family and unit, and found that IU significantly reduced the GWG.  

2.2 Transmission Mechanisms 

The mechanism of IU narrowing the GWG can be analyzed from three aspects. 

First, deeply influenced by history and culture, women take on more responsibilities 

to take care of their families in China, which affects female energy when they work 

(Wang, 2018). The internet has produced online employment opportunities such as 

live broadcasting to meet women's demand for work flexibility (Qi & Liu, 2020). 

Second，there are two stages of human capital accumulation: before entering the labor 

market, workers acquire human capital through education and training, and after 

entering the labor market, workers accumulate human capital through work. In the 

second stage, the human capital accumulation of women lags that of men due to 

fertility reasons (Wang, 2018). IU provides women with opportunities to improve their 

human capital through online education. Third, Due to asymmetric information, 

employers tend to have lower expectations of women's performance in the labor 

market, and this expectation creates gender discrimination, thus creating a GWG 

(Wang, 2018). The internet has increased information transparency, reduced search 

costs, and contributed to increased female employment (Mao & Zeng, 2017). In 

general, higher female labor force participation means higher labor supply and a 

corresponding decrease in the wage rate (Mankiw, 2010). However, the aging of 

China's population has intensified, and the labor force population of working age has 

been decreasing annually since 2014, resulting in decreased total labor force supply 
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(Gao, Yu & Chen, 2020). In this context, a rise in women’s labor force participation 

will increase women’s wages. The mechanisms of IU narrowing the GWG can be 

described as follows:  

(i) IU → produce online employment → increase women’s labor participation → 

increase women’s wages → narrow the GWG. 

(ii) IU → provide online education → increase women’s human capital → 

increase women’s wages → narrow the GWG. 

(iii) IU → reduce search costs → reduce gender discrimination → increase 

women’s labor participation → increase women’s wages → narrow the GWG. 

According to the mechanism analysis, I hypothesize that IU reduce the GWG. 

3.0 DATA AND VARIABLES  

3.1 Data Source 

For the empirical analysis, I use data from the CGSS, which is a nationally 

representative survey of China, covering 31 provinces. The respondents are selected 

randomly. The survey used stratified sampling and contained information on 

individuals’ wages, whether respondents use internet and respondents’ basic 

information such as gender, level of education, marital status, health status, work 

experience and so on. 

The latest data published in the database is in 2017. In this report, I use the 2013, 

2015, 2017 surveys to examine the impact of the IU on the GWG over time. The CGSS 

includes 11,438 individuals in 2013, 10,968 individuals in 2015 and 12,582 individuals 
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in 2017. The 2013 CGSS contained data from 2012 and to account for inflation, we 

used the 2012 consumer price index (CPI) to convert nominal wages from 2013-2017 

to real wages. According to the Chinese labor law, the mandatory retirement age was 

60 for males and 55 for females. Thus, our sample consists of males aged 16-60 and 

females aged 16-55. After removing data with missing values and zero wages, our final 

sample consists of 3703 individuals for 2013, 2854 individuals for 2015 and 3691 

individuals for 2017. 

3.2 Variables 

The difference in working time is an important cause of the GWG (Mandel & 

Semyonov, 2014). To eliminate the effect of working time, we used hourly wages, 

which was calculated by respondents’ annual incomes divided by total working hours 

that equals 52 weeks multiply by working hours per week as my dependent variable in 

2012 constant Chinese Yuan (CNY). Our core independent variable is IU, a dummy 

variable taking on the value of one if respondents used internet in previous year, and 

zero otherwise. For the control variables, I selected the following: gender, age, 

age^2/100, health, education, work experience, marital status, household type 

(agriculture or non-agriculture), family economic status (well above average, above 

average, average, below average and well below average, and well below average), 

regions (east, middle, and west), unit type (self-employed or not) and work type (full-

time or not). The variables and their descriptions are presented in Table 1. The 

descriptive statistics are shown in Appendix Table A1. 
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Table 1: Variables and descriptions. 

Variable Name Description 

ln(wage) 

Natural logarithm of hourly wages calculated by 

respondents’ annual incomes / (52 weeks * working hours 

per week) deflated by using the 2012 Consumer Price Index 

(CPI). 

IU 
Dummy variable indicating internet use (including mobile 

internet) (yes = 1, no = 0). 

Individual characteristics 

Gender Dummy variable indicating gender (female = 1, male = 0). 

Age Year of interview - year of birth. 

𝐴𝑔𝑒2/100 The square of age divided by 100. 

    Health 
Dummy variable indicating health status (healthy= 1, not 

healthy = 0). 

Education 

Duration of education (years), elementary school = 6, junior 

high school = 9, general high school/vocational high school/ 

technical secondary school = 12, junior college (adult 

tertiary education) = 14, junior college (formal tertiary 

education) = 15, undergraduate (formal tertiary education) = 

16, undergraduate (adult tertiary education) =17, graduate or 

above = 19. 

Experience 
Number of years spent in paid work from the first non-

agricultural work. 

  Marriage Dummy variable indicating marital status (yes = 1, no = 0). 

Hous-type 
Dummy variable indicating household type (non-agriculture 

=1, agriculture = 0). 

Fe-status 

Well above average (WAA), categorical variable indicating 

respondents’ family economic status was well above average 

(yes = 1, no = 0). 

Above average (AA), categorical variable indicating 

respondents’ family economic status was above average (yes 

= 1, no = 0). 

Average, categorical variable indicating respondents’ family 

economic status was average (yes = 1, no = 0). 

Below average (BA), categorical variable indicating 

respondents’ family economic status was below average (yes 
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= 1, no = 0). 

Well below average (WBA), reference category. 

Job Characteristics 

Region 

East, categorical variable indicating respondents whether 

live in the eastern region (yes = 1, no = 0). 

Middle, categorical variable indicating respondents whether 

live in the middle region (yes = 1, no = 0). 

West, reference category. 

Unit-type 

Dummy variable indicating unit type (enterprise/ 

government/ government-sponsored institution /social 

institution / neighborhood committee /village committee = 

1, no unit/self-employed = 0). 

Work-type Dummy variable indicating work type (full-time = 1, part-

time= 0). 

Since my Oaxaca-Blinder decomposition is based on OLS regression to 

decompose the mean wage differentials to explained and unexplained components, I 

report in Table 2 the sample means of ln(wage) and their differences (i.e., GWG) for 

2013, 2015 and 2017.  

Table 2: Sample means of ln(wage) and their differences (i.e., GWG). 

Year Total Male Female Difference 

2013 2.417(3,703) 2.512(2,322) 2.258(1,381) 0.254*** 

2015 2.497(2854)  2.587(1,628) 2.376(1,226) 0.211*** 

2017 2.538((3,691) 2.619(2,118) 2.430(1,573) 0.189*** 

Note: * p < 0.1; ** p < 0.05; *** p < 0.01. Numbers in the parentheses are the 

sample sizes. 

I also plot kernel density functions in Figures 1-3 for ln(wage) for the three 

samples. The horizontal axis represents the natural logarithm of hourly wages, and 

the vertical axis represents the probability density. In general, these figures show that 

the kernel density plot of male wages is skewed to the right compared to female wages, 

i.e., male hourly wages appear to be higher than females as expected. However, the 
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GWG between decreased with time. Meanwhile, the figures show a “sticky floor 

effect”, which means that the GWG is larger at the bottom of the wage distribution. 

 

Fig. 1. Kernel density of ln(wage) for 2013. 

 

Fig. 2. Kernel density of ln(wage) for 2015. 

 

0

.1

.2

.3

.4

.5
D

e
n

s
it
y

-2 0 2 4 6 8

ln(wage)

Male Female

0

.1

.2

.3

.4

.5

D
e

n
s
it
y

-2 0 2 4 6 8

ln(wage)

Male Female



 

15 

 

 

Fig. 3. Kernel density of ln(wage) for 2013. 

4.0 METHODOLOGY 

4.1 Model Setting   

To examine the influence of IU on the GWG, the following Krueger's wage 

determination equation (1993) is adopted: 

𝑙𝑛𝑤𝑎𝑔𝑒𝑖
𝑇= 𝛼𝑖

𝑇+𝛽𝑖
𝑇𝐼𝑈𝑖

𝑇+𝛾𝑖
𝑇𝑋𝑖

𝑇+𝜀𝑖
𝑇   (1)  

As is commonly done in the literature, a log-linear specification is used given the 

relatively large wage values (Wooldridge, 2020). The superscript T represents survey 

cycles in 2013, 2015 and 2017, not consecutive years. The subscript i denotes 

individuals. The dependent variable is the logarithm of hourly wages; the core 

independent variable is IU; 𝑋𝑖
𝑇 denotes control variables in year T, which includes 

gender, age, 𝑎𝑔𝑒2/100, education, work experience, marital status, household type, 

family economic status, region, work unit type and health status; 𝛼𝑖
𝑇,𝛽𝑖

𝑇, 𝛾𝑖
𝑇 are the 

corresponding regression coefficients in year T; and 𝜀𝑖
𝑇  is the error term. OLS 
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regressions of the total and gender-specific samples are run separately to analyze 

whether the IU is correlated with ln(wage). 

4.2 The Oaxaca-Blinder Decomposition 

Following Qi & Liu (2020), we use the Oaxaca-Blinder decomposition method by 

calculating the mean GWG from separated male and female OLS regressions and 

decomposing this mean difference into an explained gap and unexplained gap. The 

Oaxaca-Blinder decomposition method starts with estimating the following wage 

equations of the male and female samples: 

𝑙𝑛𝑊𝑚̅̅ ̅̅ ̅̅ ̅ = 𝑋𝑚𝛽𝑚  (2) 

𝑙𝑛𝑊𝑓̅̅ ̅̅ ̅̅ ̅ = 𝑋𝑓𝛽𝑓   (3) 

The subscripts m and f represent males and females, respectively; 𝑙𝑛𝑊̅̅ ̅̅ ̅̅  is the 

mean of natural logarithm of hourly wages; 𝑋 is the vector of independent variables; 

and 𝛽 is the corresponding vector of estimated coefficients. Most previous studies on 

China’s gender wage gap have used the male wage structure as the benchmark group, 

arguing that the male wage equation is closer to the wage equation obtained from the 

mixed sample and that the method is simpler (Chen, Zhou & Zheng, 2018). I also use 

the male wage equation as the base group for the decomposition of the GWG. The 

decomposition can be expressed as follows: 

𝑙𝑛𝑊𝑚̅̅ ̅̅ ̅̅ ̅ – 𝑙𝑛𝑊𝑓
̅̅ ̅̅ ̅̅ ̅̅  = (𝑋𝑚̅̅ ̅̅  – 𝑋𝑓̅̅ ̅)𝛽𝑚⏟        

𝑒𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑

 + 𝑋𝑓̅̅ ̅(𝛽𝑚–𝛽𝑓)⏟      
𝑢𝑛𝑒𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑

       (4) 

The left side of Equation (4) represents the difference in the mean of ln(wage) 
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between men and women; the first curly brace on the right side of the equation 

represents the difference in ln(wage) due to differences in individual characteristics 

such as gender, level of education, marital status, health, work experience and so on, 

which is regarded as the explained component; the second curly brace represents the 

difference in mean ln(wage) due to unobserved factors such as gender discrimination. 

4.3 Quantile Regression and Decomposition 

Quantile regression (Koenker and Bassett, 1978) is used to examine the effect of 

IU on the GWG at different quantiles in the wage distribution with the estimated 

parameters derived from: 

min {∑𝜃|𝑌𝑖 − 𝛽(𝜃)𝑋𝑖| + ∑(1 − 𝜃)|𝑌𝑖 − 𝛽(𝜃)𝑋𝑖|}   (5) 

Where 𝑌𝑖 denotes the dependent variable; 𝑋𝑖 denotes the independent variables; 

𝜃 denotes wage quantiles, 𝜃∈(0, 1); and 𝛽(𝜃) denotes the parameters to be estimated. 

From equation (5), the following quantile estimation is obtained: 

𝑄𝑖𝜃(𝑌𝑖|𝑋𝑖) = 𝛽𝑖𝜃𝑋𝑖+𝑢𝑖𝜃   (6) 

Whereas OLS determines a set of parameter estimates that condition on the mean, 

quantile regression estimate coefficients conditional on a particular quantile of the 

dependent variable distribution. One advantage of quantile regression relative to OLS 

regression is that the quantile regression estimates are more robust against outliers in 

the measurement of the dependent variable.  

For quantile decomposition, I follow Chernozhukov, Fernandez-Val & Melly 



 

18 

 

(2013) and Chen, Zhou & Zheng (2018) by defining Y equals lnw as the set of 

logarithmic hourly wages, y as a specific value of logarithmic hourly wages, X as the 

characteristic vector affecting the wages, and x as a specific value of the characteristic 

vector. Let 𝐹𝑌[𝑚,𝑚](y) represent the male wage distribution, 𝐹𝑌[𝑓,𝑓](y) represent the 

female wage distribution, and 𝐹𝑌[𝑚,𝑓] (y) represent the female wage distribution 

adjusted by the male wage equation. The decomposition of the wage distribution is as 

follows: 

𝐹𝑌[𝑚,𝑚] − 𝐹𝑌[𝑓,𝑓] = (𝐹𝑌[𝑚,𝑚] − 𝐹𝑌[𝑚,𝑓])⏟            
𝑒𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑

 + (𝐹𝑌[𝑚,𝑓] − 𝐹𝑌[𝑓,𝑓]⏟          
𝑢𝑛𝑒𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑

)  (7) 

More specifically,  

 𝑄𝜃(𝑙𝑛𝑊𝑚̅̅ ̅̅ ̅̅ ̅) − 𝑄𝜃(𝑙𝑛𝑊𝑓̅̅ ̅̅ ̅̅ ̅) = 𝑄𝜃[(𝑋𝑚̅̅ ̅̅  – 𝑋𝑓̅̅ ̅)𝛽𝑚⏟        
𝑒𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑

] + 𝑄𝜃[𝑋𝑓̅̅ ̅(𝛽𝑚–𝛽𝑓)⏟      
𝑢𝑛𝑒𝑥𝑝𝑙𝑎𝑖𝑛𝑒𝑑

]   (8) 

𝑄𝜃 represents specific quantiles. The first curly brace on the right is the explained 

component due to differences in the individual characteristics and the second curly 

brace is the unexplained component due to differences in other factors such as gender 

discrimination. In this report, I use the Oaxaca-Blinder decomposition to analyze the 

mean GWG and the quantile decomposition to analyze the GWG across different wage 

quantiles. 

5.0 RESULTS 

5.1 OLS Regressions 

Before running the regressions, I first test for multicollinearity, the results in 

Appendix Table A2 show that age and 𝑎𝑔𝑒2/100 are highly collinear for all three 
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survey cycles, which increases the variances of coefficients for age and 𝑎𝑔𝑒2/100. 

Multicollinearity does not cause bias and though we could drop one or more of the 

highly multicollinear variables to reduce multicollinearity (Bailey, 2019), the problem 

can be ignored if it does not affect the significance of the core independent variable 

(Chen, 2015). Since the effect of IU on ln(wage) is statistically significant without 

dropping any variables, we decide to include all variables in the model regressions. 

We then test for heteroscedasticity using the White’s test. The results in Appendix 

Table A3 show that the null hypothesis of homoscedasticity is rejected for all three 

survey cycles implying heteroscedasticity. Therefore, robust standard errors are used 

for my regressions. 

For each survey cycle in 2013, 2015 and 2017, three separate (the total, male, and 

female) OLS regressions are run. The results are shown in Table 3. For the total sample, 

the effect of IU on ln(wage) is significant at the 1% level, and the coefficients of IU 

for the 2013, 2015 and 2017 samples are 0.358, 0.277, and 0.160 respectively, 

indicating that IU has a positive effect on wages with a decreasing trend. With respect 

to gender for the total sample, the coefficients are negative and significant at the 1% 

level, and the absolute values of the coefficients decrease over time, meaning that 

female wages on average are lower than male wages, and the GWG decreases over 

time. Education has a significantly positive impact on wages for all three samples. The 

effect of household type on wages is significant and positive, indicating that non-

agricultural household workers have a higher wage level than that of agricultural 
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household workers. With respect to family economic status, the effects of the WAA, 

AA and Average on overall wages in each year are significant and positive, indicating 

a positive relationship between family economic status and wages. To be specific, the 

coefficient of WAA in 2013 is 1.608, meaning that respondents in the WAA group have 

1.608% higher hourly wages than the reference group WBA in 2013. Similarly, the 

coefficient of AA in 2013 is 0.974, suggesting that respondents in the AA group have 

0.974% higher hourly wages than the reference group WBA in 2013. In terms of region, 

East is significantly higher than in the west. Unit-type has a significant and positive 

effect on wages in 2013 and 2017, indicating that individuals earn higher wages in 

formal enterprises and institutions than those who are self-employed. All in all, the 

results show that the impact of each selected independent variables is as expected.  

Table 3: Separate OLS regression results. 
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Note: * p < 0.1; ** p < 0.05; *** p < 0.01. Robust standard errors in parentheses. 

To provide alternative specifications, I run pooled cross section with year 

dummies 2015 (yes=1, no =0) and 2017 (yes=1, no =0), leaving 2013 as the reference 

category. The results are presented in Table 4.The coefficients of IU are positive and 

significant at 1% level for all three samples, indicating that the results of separate OLS 

regression are robust. The coefficients of 2015 and 2017 are positive and significant, 

suggesting that higher wages in 2015 and 2017 than in 2013. 

Table 4: Pooled OLS regression results. 

Variable Total Male Female 

IU 0.259*** 0.267*** 0.240*** 

 (0.026) (0.032) (0.042) 

2015 0.072*** 0.061* 0.094** 

 (0.0197) (0.026) (0.030) 

2017 0.078*** 0.054* 0.119*** 

 (0.019) (0.024) (0.029) 

Control YES YES YES 

R2 0.353 0.344 0.357 
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Obs. 10248 6068 4180 

Note: * p < 0.1; ** p < 0.05; *** p < 0.01. Robust standard errors in parentheses.   

5.2 The Oaxaca-Blinder Decomposition 

From the OLS regressions, I conduct the Oaxaca-Blinder decomposition. The 

results are presented in Table 5 which shows that the GWG in 2013, 2015, and 2017 

is 0.254, 0.211, and 0.189 respectively, confirming that the GWG decreases over time. 

The explained components are negative and small for all three samples, meaning that 

the individual characteristics reduce the GWG but played a negligible role in 

explaining the GWG. The unexplained components are positive and much higher than 

the explained components for all three years, suggesting that the GWG is explained 

mostly by unobserved factors which may include gender discrimination.  

Table 5: The Oaxaca-Blinder decomposition results. 

Year/Decomposition 2013 2015 2017 

Explained -0.040** -0.065*** -0.049** 

 (0.019) (0.024) (0.023) 

Unexplained 0.294*** 0.276*** 0.238*** 

 (0.024) (0.033) (0.029) 

Total 0.254*** 0.211*** 0.189*** 

 (0.030) (0.037) (0.035) 

Note: * p < 0.1; ** p < 0.05; *** p < 0.01. Robust standard errors in parentheses.  

5.3 Quantile Regressions 

To further explore the effects of IU on the GWG at different wage quartiles, I run 

quantile regressions using the total sample and two subsamples by gender in each year 

at the 0.25, 0.50 and 0.75 wage quantiles. Table 6 shows the effect of IU on ln(wage) 

at different quantiles. The results of all control variables are showed in the Appendix 

Table A4-A6. Table 6 shows that the coefficients of IU on ln(wage) is positive for all 
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men and women in all three samples. In 2013 and 2017, the positive effect of IU is 

greater for men, indicating that IU has a wage boost for men relative to women in that 

year. In 2015, the positive effect of IU on a male’s wage decreases with increasing 

quantiles while the positive effect of IU on a female’s wage is higher than that of males 

at all quantiles, suggesting that IU contributes more to female wages than male wages 

in 2015. One plausible explanation for this result is that as more women are exposed 

to the internet, women's work flexibility and efficiency improved, thus increasing 

women’s wages (Qi & Liu, 2020). Compared to the results from the 2013 and 2015 

samples, the coefficients of IU at the 0.5 and 0.75 quantiles of the 2017 sample are 

insignificant for both men and women, hence, the impact is significant only for the 

low-wage individuals in 2017. One possible explanation is that low-wage groups 

gradually master the internet skills while the premium effect of IU on wages of middle 

and high wage group decrease.  

Table 6: Effect of IU on ln(wage) at different wages quantiles. 

 
Note: * p < 0.1; ** p < 0.05; *** p < 0.01. Robust standard errors in parentheses.  
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5.4 Quantile Decomposition 

Based on the quantile regression results, I conduct quantile decompositions to 

examine the GWG at 0.25, 0.50 and 0.75 wage quantiles, and the results are reported 

in Table 7. First, the GWG shows a decreasing trend as the quantiles increases in 2013, 

indicating the GWG decreased with the increase of wages in 2013. Second, the GWG 

shows a U-shaped trend of decreasing and then increasing as the quantiles increased 

for 2015 and 2017, with the GWG reaching its lowest values at the 0.50 quantile for 

these samples. Third, the explained components are all negative, meaning it reduce 

the GWG and the positive unexplained components indicate that it increases the GWG 

and gender discrimination in the labor market is the main reason for the GWG.  

Table 7: Quantile decomposition results. 

Year      Component 0.25 0.50 0.75 

2013 

Explained -0.056 -0.042 -0.023 

Unexplained 0.324 0.286 0.259 

Total 0.268 0.244 0.236 

2015 

Explained -0.059 -0.064 -0.066 

Unexplained 0.272 0.248 0.264 

Total 0.213 0.184 0.198 

2017 

Explained -0.023 -0.053 -0.067 

Unexplained 0.226 0.200 0.226 

Total 0.203 0.147 0.159 

5.5 Analysis for Different Age Groups 

Following Qi & Liu (2020), I divide the whole sample into post-60s & above, 

post-70s and post-80s groups based on decade of birth, and further analyze the impact 

of IU on the GWG of different age groups. The OLS results in Table 8 show that the 

impact of IU on ln(wage) decrease for the post-60s & above and the post-80s over time. 



 

25 

 

For the post-70s group, the impact of IU on ln(wage) first increase and then decrease. 

Compared by gender, for the post-60s & above group, IU has a higher impact on 

female wages than on male wages for all samples; for the post-70s group, IU has a 

higher impact on female wages for 2013 and 2015, while the opposite is true for 2017, 

and the negative impact of IU on women's wages in 2017 could be since women in this 

group face possible career transitions. For the post-80s group, IU has a higher impact 

on female wages than on male wages in 2015 and 2017, and the opposite is true in 

2013. In sum, the effect of IU on the GWG shows age heterogeneity, possibly 

reflecting the differences in the preferences for IU among male and female groups 

across different age groups (Qi & Liu, 2020). 

Table 8: OLS regression results for different age groups. 

Year Variable 
Post-60s & above Post-70s Post-80s 

Total Male Female Total Male Female Total Male Female 

2013 

IU 0.426*** 0.406*** 0.449*** 0.262*** 0.252** 0.266** 0.321* 0.471* 0.156 

 (0.047) (0.055) (0.091) (0.057) (0.078) (0.086) (0.135) (0.240) (0.133) 

Controls YES YES YES YES YES YES YES YES YES 

𝑅2 0.419 0.416 0.457 0.409 0.365 0.437 0.340 0.297 0.402 

Obs. 1,301 926 375 1,259 735 524 1.143 661 482 

2015 

IU 0.318*** 0.272** 0.440**  0.263** 0.207 0.313**  0.243 0.157 0.331 

 (0.075) (0.089) (0.136) (0.081) (0.114) (0.112) (0.195) (0.234) (0.332) 

Controls YES YES YES YES YES YES YES YES YES 

R2 0.344 0.367 0.310 0.335 0.326 0.368 0.284 0.284 0.281 

Obs. 857 548 309 902 485 417 1,095 595 500 

2017 

IU 0.313*** 0.297*** 0.378** 0.075 0.169 -0.050 -0.049 -0.142 0.044 

 (0.072) (0.088) (0.134) (0.109) (0.155) (0.153) (0.198) (0.233) (0.332) 

Controls YES YES YES YES YES YES YES YES YES 

R2 0.384 0.378 0.433 0.396 0.366 0.427 0.337 0.359 0.329 

Obs. 914 616 298 1,116 573 543 1,661 929 732 

Note: * p < 0.1; ** p < 0.05; *** p < 0.01. Robust standard errors in parentheses.  
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Based on the OLS regressions of different age groups, I perform the Oaxaca-

Blinder decomposition. The results reported in Table 9 shows that the GWG of the 

post-70s is the largest followed by that of the post-80s in 2013; the GWG of the post-

60s & above is the largest followed by that of the post-70s in 2015; and the GWG of 

the post-70s is the largest followed by that of the post-60s & above in 2017. The 

explained components of the GWG for the post-60s & above changes from negative 

to positive to negative. For the post-70s, the explained components change from 

positive to negative to positive. For the post-80s, they change from positive to negative. 

Finally, the unexplained components of the GWG are positive for all ages, indicating 

that potential labor market discrimination exists and increases the GWG for all ages. 

Table 9: Oaxaca-Blinder decomposition results for different age groups. 

Year Decomposition Post-60s & above Post-70s Post-80s 

2013 

Explained -0.022 0.012 0.013 

 (0.040) (0.034) (0.030) 

Unexplained 0.239*** 0.342*** 0.263*** 

 (0.048) (0.042) (0.044) 

Total GWG  0.217*** 0.354*** 0.276*** 

 (0.058) (0.051) (0.049) 

2015 

Explained 0.005 -0.057 -0.071** 

 (0.052) (0.042) (0.034) 

Unexplained 0.257*** 0.286*** 0.275*** 

 (0.066) (0.058) (0.054) 

Total GWG 0.262*** 0.229*** 0.204*** 

 (0.073) (0.066) (0.058) 

2017 

Explained -0.007 0.048 -0.068** 

 (0.056) (0.043) (0.030) 

Unexplained 0.200*** 0.297*** 0.202*** 

 (0.200) (0.054) (0.041) 

Total GWG 0.193** 0.345*** 0.134*** 

 (0.078) (0.063) (0.049) 
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Note: * p < 0.1; ** p < 0.05; *** p < 0.01. Robust standard errors in parentheses.  

6.0 CONCLUSION 

Based on the compensating wage differentials theory, human capital theory and 

discrimination theory, I analyze the internal mechanism of the narrowing of GWG 

caused by IU. Using the data from CGSS in 2013, 2015 and 2017, I ran OLS and 

quantile regressions and found that IU had a positive impact on wages of all individuals 

in our samples. My results from the Oaxaca-Blinder decomposition showed that the 

explained components of IU were negative and small, i.e., the individual 

characteristics narrowed the GWG but played a small role. My results from quantiles 

decomposition showed that the GWG declined as quantiles of wages increased in 2013 

while the GWG showed a U-shaped trend of decreasing and then increasing in 2015 

and 2017 as quantiles of wages increased from 0.25 to 0.75. 

Finally, my results for the different age groups showed that IU had the highest 

impact on ln(wage) of the post-60s & above group, followed by the post-80s in 2013; 

IU had the highest impact on ln(wage) of the post-60s followed by the post-70s in 2015 

and 2017, showing age heterogeneity. The decomposition results for the different age 

groups showed that the unexplained components were positive for all groups in all 

years, indicating that labor market discrimination widened the GWG.  

This study has some limitations. First, the causality between IU and wages could 

go both ways resulting in biased estimations due to endogeneity. Future work may 

wish to establish an appropriate identification strategy to reduce endogeneity caused 
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by reverse causality. Second, the database used in this study does not contain all the 

information determining individuals’ wages such as occupation and quality of internet, 

thus our estimations could be subject to omitted variable bias. Finally, I examined the 

GWG of all occupations. It might be useful to examine the GWG of a specific 

occupation and estimate the proportion of gender discrimination in the phenomenon 

of "unequal pay for the same occupation" on future work. 

In summary, this study showed that IU played a significant role in increasing mean 

wages of both men and women and in reducing the GWG in China. This is consistent 

with the results of existing literature (Mao, Zeng & Hu, 2018; Postar, 2013; Qi, & Liu, 

2020). Thus, to increase mean wages and narrow the GWG, governments should not 

only strengthen network infrastructure and improve female internet use and skills 

through ways such as on-the-job training and online education especially among low-

wage women, but also further develop the digital economy and new industries 

associated with the internet to promote gender equality in the labor market in China. 
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APPENDIX 

Table A1: Descriptive statistics. 

 

Table A2: Variable Inflation Factor (VIF) test of multicollinearity. 

Variable 
VIF 

2013 2015 2017 

Age 64.91 66.15 71.63 

𝐴𝑔𝑒2/100 61.47 63.84 68.17 

Average 10.14 9.71 6.29 

BA 8.44 8.24 5.59 

AA 4.39 4.95 2.89 

Experience 2.21 2.37 2.39 

East 1.82 2 2.02 

Education 1.77 1.68 1.66 

Middle 1.7 1.93 1.93 

IU 1.65 1.54 1.36 

Hous-type 1.46 1.31 1.29 

Marriage 1.39 1.36 1.43 

Unit-type 1.3 1.28 1.27 

WAA 1.18 1.1 1.13 

Work-type 1.08 1.09 1.07 

Gender 1.06 1.05 1.05 

Health 1.04 1.05 1.04 

Mean VIF 9.82 10.04 10.13 
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Table A3: White’s test for heteroscedasticity using all samples. 

    Year/Sample Chi2 df Prob > Chi2 

2013 356.80 149 0.00 

2015 275.22 142 0.00 

2017 213.73 147 0.00 

 

Table A4: Quantile regression for the 2013 sample. 
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Note: * p < 0.1; ** p < 0.05; *** p < 0.01. Robust standard errors in parentheses. 

Table A5: Quantile regression for the 2015 sample. 
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Note: * p < 0.1; ** p < 0.05; *** p < 0.01. Robust standard errors in parentheses. 

  

Table A6: Quantile regression for the 2017 sample. 

 

Note: * p < 0.1; ** p < 0.05; *** p < 0.01. Robust standard errors in parentheses. 
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