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Abstract 
 
It is believed that jobs in the service sector generally require more brain-related rather than 
labor-related skills compared to those in the industrial sector, thus females should have a 
comparative advantage in the service sector. Using the data from the 2017 China Household 
Finance Survey, I investigate the relationship between the service economy and the gender 
earnings gap in the urban People’s Republic of China (PRC). The descriptive analyses show 
that the service economy hires more workers and pays more than the industrial sector on 
average; meanwhile the female employment share and gender earnings gap in the service 
sector are also higher and narrower, respectively, than those in the industrial sector. However, 
the decomposition analyses illustrate that the composition effect is only about 10% of the total 
gender gap, and that the service economy contributes most or all of the total composition 
effect across the earnings distribution. The service economy widens and narrows the gender 
gap through the composition effect and structure effect, respectively, but the latter is not 
insignificant. Therefore, simply increasing the share of the service economy is not likely to 
narrow the gender earnings gap in urban PRC. The fact that females are less likely to enter 
the high-pay service subsectors is the main reason why the rise of the service economy cannot 
narrow the gender earnings gap in urban PRC. 
 
Keywords: gender earnings gap, service economy, OB decomposition, RIF regression, 
quantiles 
 
JEL Classifications: J16, O14 
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1. INTRODUCTION 
It is well-known that in the past three decades, the PRC has become the world’s “factory,” 
but a less noticeable fact is that the service economy has also developed quickly and the 
share of the service sector to the whole GDP had reached 54% up to 2019 (NBS of China 
2020). The development of a service economy has a strong implication for the gender 
gap since compared to the industrial sector, the service sector needs fewer labor-related 
and more brain-related skills, and thus women have a comparative advantage in the 
service economy (Fan and Lui 2003; Weinberg 2000; Galor and Weil 1996; Goldin 2006; 
Rendall 2017; Ngai and Petrongolo 2017). In the same period, because of the education 
expansion, especially the higher education expansion since 1999, and the one-child 
policy since 1979, the female educational attainment in the younger generation has 
exceeded that of males on average (Tsui and Rich 2002; Lee 2012; Wu, Yan, and Zhang 
2020). This equips women with the potential for working in the service economy, 
especially the high-pay service economic industries. This paper aims to investigate the 
relationship between the service economy and the gender earnings gap in the PRC’s 
urban labor market. 
The gender earnings gap is a classical research issue in labor economics. Previous 
studies more or less concentrated on the productive characteristics, including education 
(e.g., Blau and Kahn 2017; Liu 2011), cognitive and noncognitive abilities (e.g., Pope 
and Sydnor 2010; Ceci et al. 2014; Fortin 2008; Kuhn and Weinberger 2005; Borghans, 
ter Weel, and Weinberg 2014), and discrimination (Li, Song and Liu 2014). With regard 
to the gender earnings gap in the PRC, the reform of labor market institutions is also one 
of the most important factors influencing the gender earnings gap (Song, Sicular, and 
Gustafsson 2019). In recent years, due to the rise of the service economy and also the 
changes in technology, females have gained a comparative advantage in the labor 
market, especially in certain jobs in the service sector (Borghans, ter Weel, and 
Weinberg 2014). Based on these facts, Fan and Lui (2003), Ngai and Petrongolo (2017), 
and a few others began to analyze the gender earnings gap and its change from the 
viewpoint of industry composition. 
Based on the data from the 2017 China Household Finance Survey, this paper 
investigates the service economy and gender earnings gap in urban PRC. I decompose 
the gender earnings gap using the classical Oaxaca-Blinder (OB) decomposition 
(Oaxaca 1973; Blinder 1973) and the OB decomposition based on recentered influence 
function (RIF) regression (RIF-OB) (Firpo, Fortin, and Lemieux 2007, 2009, 2018). The 
results show that the gender earnings gap is 0.23 log points on average, and it ranges 
from 0.10 to 0.33 log points over the earnings distribution. Compared to the industrial 
sector, the service economy hires more workers, has a higher female employment share, 
a lower gender earnings gap, and higher average annual earnings. However, only a 
small part of the total gender earnings gap is attributed to the composition effect, which 
is totally or mostly attributed to the service economy. The service economy widens the 
gender earnings gap through the composition effect, but narrows the gender earnings 
gap through the structure effect, though the latter is not statistically significant.  
I then discuss the policy implications of these findings. The findings in this paper suggest 
that simply increasing the share of the service economy may widen the gender earnings 
gap, because currently females are more likely to work in the low-pay service economic 
subsectors. On the one hand, removing the barriers to females entering high-pay 
industry should be helpful in narrowing the gender earnings gap. On the other hand, 
females’ decisions in the labor market and marriage market may be jointly made, and 
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thus it may be meaningful to consider the gender consumption and leisure differentials 
in addition to the gender earnings gap in future research. 
My paper makes the following contributions. First, the gender earnings gap has widened 
since the 1980s, and it began to narrow from 2007 onwards (Liu 2011; Li and Song 2013; 
Chi and Li 2014; Song, Sicular, and Gustafsson 2019), and this paper updates the 
understanding of the gender earnings gap in urban PRC. Second, this paper contributes 
to the literature on service economy and the gender earnings gap. It is believed that the 
rise of a service economy should be able to narrow the gender earnings gap, and this 
idea obtained empirical support from studies on developed economies (for example, Fan 
and Lui 2003; Ngai and Petrongolo 2017), but this paper points out that this is not 
necessarily true. Compared to the industrial sector, the service sector employs more 
female workers generally but the earnings among different service economic subsectors 
are quite dispersed. If females enter the high-pay service subsectors with more difficulty 
than males, the expansion of the service economy may further widen rather than narrow 
the gender earnings gap.  
The rest of the paper is constructed as follows. Section 2 describes data and variables 
and presents descriptive analyses. Section 3 introduces the methodology. Section 4 
presents the empirical results and Section 5 provides some discussions about the policy 
implications of the main findings. Finally, Section 6 concludes. 

2. DATA, VARIABLES, AND DESCRIPTIVE ANALYSES 
2.1 Data Sources and Sample Restriction 
This paper uses the data from the China Household Finance Survey (CHFS). The CHFS 
is a nationally representative longitudinal survey conducted by the Southwestern 
University of Finance and Economics, PRC. The CHFS began in 2011 and has since 
been conducted every two years. After the second wave, the sample size was expanded 
dramatically to obtain representativeness in 29 provinces/municipalities of the PRC.1 
This study uses the 2017 CHFS data, which were the most recently released when I 
began this study.  
The CHFS 2017 data include 40,011 households, and 127,012 individuals. Given  
that we are investigating the relationship between the gender earnings gap and a service 
economy, and the service economy is mainly an urban economic activity, I first drop the 
rural observations, which excludes 45,067 observations. Second, I exclude individuals 
aged below 20 because most of these young people in urban areas are  
still in school, and exclude older people aged above 50 because the female retirement 
age is 50 and it is not meaningful to include the elderly beyond 50 when we study  
the gender earnings gap. This step drops a further 47,681 observations. Among the 
remaining observations, 26,511 people had a job during the past year, namely 2016, and 
14,126 people were employees, who are the individuals of interest in this study.2 Next, I 
exclude people with missing values on education, gender, age, occupation,  
and industry information, and exclude 50 individuals with annual earnings lower than 

 
1  Xinjiang and Tibet Autonomous Region are not included in the CHFS. 
2  One may wonder why I do not extend to the gender income gap rather than just the gender earnings gap. 

The main reason is that the CHFS data do not provide the individual income when an individual engages 
in a self-employment job or his/her household operate a business or private firm. Examining the gender 
income gap among these people is important, but the definition of individual income is not clear and it 
needs careful and tedious work to define and calculate the individual income for this subpopulation. 
Nevertheless, this should be one direction for extending this research in the future.  
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100 yuan. Finally, I obtain a sample of 12,915 observations, consisting of 6,812 males 
and 6,103 females. 

2.2 Variables and Descriptive Analyses 
The CHFS data contain three after-tax sources of earnings for employees: salary, bonus, 
and subsidies including cash and allowances in kind during the past year (2016). I add 
up these three sources and calculate the sum annual earnings, which is the dependent 
variable in this study. 
The CHFS data adopt the Standard China Industry Classification System (GB/T4754), 
which groups all economic activities into 20 industries, and an additional group if it cannot 
be classified easily into any industry. Of these, Industry 1 is from the primary sector (the 
first industry), Industries 2‒5 are from the industrial sector (the second industry), and the 
rest are from the service sector (the third or tertiary industry). Although the CHFS has a 
large sample size, the number of observations in any particular industry may still be 
small, and it might be misleading to ignore the substantial difference with the service 
sector and just view the service sector as a whole. Therefore, I reclassify the service 
sector into seven subsectors according to the female employment share in each industry. 
These seven service economy subsectors are: (1) transportation, logistics, and 
warehousing; (2) logical, mathematics, and/or engineering skill-intensive services – 
scientific research, technology services, geological prospecting, information, computer 
and software services, hydraulics, environment and public facility administration; (3) 
wholesale, retail, accommodation, and catering services; (4) finance and real estate; (5) 
education, medical, social security, and welfare; (6) public administration, social 
organization, and international organization; and (7) others. 
The educational attainment is measured by a categorical variable in the CHFS data. 
Based on the education distribution and the education system in the PRC, I regroup the 
education system into four categories: junior high school or below, senior high school, 
three-year college and university or postgraduate. 3  In the PRC, the household 
registration system classifies individuals into agricultural and nonagricultural Hukous, 
and in recent years there have been some other types such as the rural-urban unified 
Hukou. Marriage status in the CHFS comprises seven types, including single, first 
married, divorced, and so on. Based on the distribution among marriage status, I just 
define a dummy variable for single. The CHFS data classify the occupation of employees 
into six groups: management, profession, clerical staff, service staff, manufacturing 
workers, and other occupations.  
Table 1 presents summary statistics by gender. The average annual earnings of males 
and females are approximately 65,000 and 51,000 yuan, respectively. In other words, 
males earned about 28% more than females on average in 2016. Females are 0.25 years 
younger than males. As for educational attainment, females slightly outperform males, 
which is consistent with previous findings (e.g., Li and Zhao 2020). Male workers are a 
little more likely to have a nonagricultural Hukou and be single than female workers. 
  

 
3  In our sample, less than 4% of people have only a primary school education. Given the small share, it is 

combined with junior high school. The group of senior high school education also includes vocational 
education. 
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Table 1: Summary Statistics by Gender 
 Male Female Diff. 
 Mean S.D. Mean S.D. (1)‒(3) 

Variables (1) (2) (3) (4) (5) 
Annual earnings 65,071 69,059 50,830 53,261 14,241*** 
Industries      

 Industrial sector 0.31 0.46 0.17 0.38 0.14*** 
  Service sector 0.69 0.46 0.83 0.38 –0.14*** 
  Service subsector 1  0.09 0.29 0.04 0.19 0.06*** 
  Service subsector 2  0.09 0.29 0.05 0.22 0.04*** 
  Service subsector 3  0.14 0.35 0.23 0.42 –0.09*** 
  Service subsector 4  0.07 0.26 0.08 0.28 –0.01*** 
  Service subsector 5 0.13 0.33 0.29 0.45 –0.16*** 
  Service subsector 6 0.10 0.31 0.08 0.28 0.02*** 
  Service subsector 7 0.05 0.23 0.05 0.22 0.00 
Age 36.13 8.10 35.88 8.01 0.25** 
Educational attainment      

 Junior high school or below 0.18 0.39 0.19 0.39 0.01 
 Senior high school 0.23 0.42 0.21 0.41 –0.02*** 
 Three-year college 0.23 0.42 0.22 0.42 –0.01 
 University or postgraduate 0.35 0.48 0.38 0.49 0.03*** 
Hukou      
 Agricultural  0.26 0.44 0.26 0.44 0.01 
 Nonagricultural 0.60 0.49 0.58 0.49 –0.02** 
 Others 0.15 0.35 0.16 0.37 0.01** 
Single 0.20 0.40 0.17 0.38 –0.03*** 
Occupations      

 Management 0.06 0.24 0.04 0.19 0.02*** 
 Professional 0.35 0.48 0.30 0.46 0.05*** 
 Clerical staff 0.31 0.46 0.36 0.48 –0.06*** 
 Service staff 0.12 0.33 0.17 0.37 –0.05*** 
 Manufacturing workers 0.11 0.32 0.08 0.27 0.04*** 
 Other occupations 0.05 0.23 0.06 0.23 0.00 
N  6,812  6,103   

Note: The sampling weight is used when calculating the summary statistics. The service sector is classified into seven 
subsectors: (1) transportation, logistics, and warehousing; (2) logical, mathematics, and/or engineering skill-intensive 
services – scientific research, technology services, geological prospecting, information, computer and software services, 
hydraulics, environment and public facility administration; (3) wholesale, retail, accommodation and catering service;  
(4) financing and real estate; (5) education, medical, social security and welfare; (6) public administration, social 
organization, and international organization; (7) others. Significance codes: *** p < 0.01, ** p < 0.05, * p < 0.10. 

About 30% of males work in the industrial sector, while the corresponding ratio is  
17% for females, which is consistent with our expectation since the jobs in industrial 
sectors are more likely to be brawn-intensive. Among the service sectors, subsector 3 
(wholesale, retail, accommodation and catering services) and subsector 5 (education, 
medical, social security and welfare) employ most of the workers. This is the same  
for males and females, but female workers are concentrated more in these two 
subsectors. In addition, compared to females, male workers are also a little more likely 
to work in service subsector 1 (transportation, logistics, and warehousing) and subsector 
2 (logical, mathematical and/or engineering skill-intensive services). The work in service 
subsector 1 is more likely to be brawn-intensive, as in the industrial sector, while for 
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service subsector 2 there is a stereotypical image that women are less capable than men 
in logical, mathematical, and engineering thinking, which may create a barrier to women 
engaging in these jobs in these industries.  
In terms of occupation choices, females are a little less likely to engage in the 
occupations of management, professional and manufacturing workers, but a little more 
likely to be clerical and service staff. Nevertheless, the sizes of the differences are not 
as large as in industry.  
In order to further investigate the gender earnings gap, I plot the distribution of logged 
earnings by gender and the gap at different quantiles in Figure 1. The graphs show that 
the gender earnings gap is larger at the lower quantiles and at the top end. From the 
bottom end to the 0.30th quantile, the gender earnings gap is about 0.3 log points, as it 
is at the top end. In contrast, the gap is about 0.22 log points from the 0.30th to the 
0.92nd quantile. This means that a “sticky floor” and a “glass ceiling” both exist in the 
Chinese urban labor market. 

Figure 1: The Earnings Distribution by Gender and Distributional Gender 
Earnings Gap 

 
Note: The sampling weights are used when calculating the summary statistics.  
Data source: CHFS 2017. 

Figure 2 presents the employment shares of the industrial sector and service subsectors 
in the whole urban labor market, and the female employment shares within each 
sector/subsector. The industrial sector employs a quarter of urban workers 
approximately, and the service sector employs the other three quarters. About 30% of 
the workers in the industrial sector are men, while the female employment share in the 
service economy is about half, and the ratios in service subsectors 3 and 5, which also 
employ most workers among the seven service subsectors, are even as high as 58% 
and 65%, respectively. 
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Figure 2: The Employment Shares by Economic Sector/Subsector and Female 
Employment Share Within Each Economic Sector/Subsector 

 
Note: The sampling weights are used when calculating the summary statistics; see the text in Section 3.2 and the note of 
Table 1 for the classifications of service subsectors.  
Data source: CHFS 2017. 

Figure 3: The Average Annual Earnings by Economic Sector/Subsector and the 
Gender Earnings Ratios Within Each Economic Sector/Subsector 

 
Note: The sampling weights are used when calculating the summary statistics; see note of Table 1 for the classification 
of service subsectors.  
Data source: CHFS 2017.  
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Figure 3 presents the average annual earnings and gender earnings ratio in each 
sector/subsector. Figure 3(a) shows that on average the service sector has higher annual 
earnings than the industrial sector, but the heterogeneity is also serious. The average 
annual earnings in the finance and real estate industry are nearly twice  
those in the wholesale, retail, and accommodation and catering service industries. 
Figure 3(b) suggests that the gender earnings gap in the service sector is generally 
narrower than that in the industrial sector. 
To sum up, the above descriptive analyses tell us that the service sector employs more 
women than the industrial sector, and the service sector has a narrow gender earnings 
gap. Therefore, these stylized facts seemingly suggest that when the service economy 
grows larger and larger, which should be the future trend of the PRC’s economic 
development, the gender earnings gap should narrow. However, the extent to which the 
service economy matters needs more careful quantitative analyses. 

3. METHODOLOGY 
3.1 OB Decomposition 

OB decomposition was separately developed by Oaxaca (1973) for the gender wage 
gap and Blinder (1973) for the black-white wage differential. Since then, the method has 
been widely applied in the labor market and discrimination studies, and the method itself 
has also been developed continuously to accommodate the issues arising in the 
empirical research. 
In this study, let 𝑚𝑚 and 𝑓𝑓 denote male and female, respectively. The equation for male 
and female earnings is: 

𝐿𝐿𝐿𝐿𝑌𝑌𝑔𝑔𝑔𝑔 = 𝑋𝑋𝑔𝑔𝑔𝑔′ 𝛽𝛽𝑔𝑔 + 𝜀𝜀𝑔𝑔𝑔𝑔 ,𝑔𝑔 = 𝑚𝑚, 𝑓𝑓, (1) 

where 𝑌𝑌𝑔𝑔𝑔𝑔 is the annual earning of individual 𝑖𝑖, 𝑋𝑋𝑔𝑔𝑔𝑔 is a vector of explanatory variables 
including age, age squared, and dummies for educational attainment, Hukou and marital 
status, industry, occupation, and province where individual 𝑖𝑖 resides. Under the usual 
assumptions 𝐸𝐸�𝜀𝜀𝑔𝑔𝑔𝑔�𝑋𝑋𝑔𝑔𝑔𝑔� = 0, for 𝑔𝑔 = 𝑚𝑚, 𝑓𝑓, the difference between the average earnings 
of males and females is: 

𝐿𝐿𝐿𝐿𝐿𝐿�����𝑚𝑚 − 𝐿𝐿𝐿𝐿𝐿𝐿�����𝑓𝑓 = �𝑋𝑋�𝑚𝑚′ 𝛽̂𝛽𝑚𝑚� − �𝑋𝑋�𝑓𝑓′𝛽̂𝛽𝑓𝑓� 

= �𝑋𝑋�𝑚𝑚 − 𝑋𝑋�𝑓𝑓�
′
𝛽̂𝛽𝑓𝑓���������

Composition effect

+ 𝑋𝑋�𝑚𝑚′ �𝛽̂𝛽𝑚𝑚 − 𝛽̂𝛽𝑓𝑓����������
Structure effect

 (2) 

or = �𝑋𝑋�𝑚𝑚 − 𝑋𝑋�𝑓𝑓�
′
𝛽̂𝛽𝑚𝑚���������

Composition effect

+ 𝑋𝑋�𝑓𝑓′�𝛽̂𝛽𝑚𝑚 − 𝛽̂𝛽𝑓𝑓����������
Composition effect

,  (3) 

where 𝛽̂𝛽𝑚𝑚  and 𝛽̂𝛽𝑓𝑓  are the estimated coefficients for male and female samples, 
respectively; in fact, 𝑋𝑋�𝑚𝑚′ 𝛽̂𝛽𝑓𝑓  and 𝑋𝑋�𝑓𝑓′ 𝛽̂𝛽𝑚𝑚 are the two counterfactuals ‒ the average male 
earnings if the male have the female coefficients of explanatory variables, and the 
average female earnings if the female have male coefficients to explanatory variables. 
Based on these counterfactuals, the overall gender earnings gap can be decomposed 
into “composition effect” and “structure effect.” The composition effect is attributed to the 
gender differences in the characteristics and thus often called the “endowment effect” or 
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the “explained”; the structure effect is often attributed to discrimination but generally it 
captures the effects of the gender differences in all of the unobserved variables (Jann 
2008), and is thus also called the “unexplained.” 
Comparing Eq. (2) and Eq. (3), we can see that the decomposition results depend  
on whose coefficients – males’ or females’ – are used as the reference when constructing 
counterfactuals. This is called the “index number problem” in the literature (Oaxaca 
1973). Generally what coefficients should be used as the reference depends on the 
specific contexts and economic theory. Nevertheless, Reimers (1983), Cotton (1988), 
Neumark (1988), Oaxaca and Ransom (1994), Fortin (2008), and others proposed a 
series of solutions to avoid this problem. Here, I adopt Fortin’s (2008) solution: using the 
coefficients from a pooled sample regression with a gender dummy as the reference: 

𝐿𝐿𝐿𝐿𝐿𝐿�����𝑚𝑚 − 𝐿𝐿𝐿𝐿𝐿𝐿�����𝑓𝑓 = �𝑋𝑋�𝑚𝑚 − 𝑋𝑋�𝑓𝑓�
′
𝛽̂𝛽𝑝𝑝���������

Composition effect

+ 𝑋𝑋�𝑚𝑚(𝛽̂𝛽𝑚𝑚 − 𝛽̂𝛽𝑝𝑝) + 𝑋𝑋�𝑓𝑓′ �𝛽̂𝛽𝑝𝑝 − 𝛽̂𝛽𝑓𝑓��������������������
Structure effect

  (4) 

where 𝛽̂𝛽𝑝𝑝 is the vector of the estimated coefficients of covariates in the pooled sample 
regression with a female dummy. 
OB decomposition has another problem: For categorical variables, what group is omitted 
when generating dummy variables leads to different decomposition results (Jones 1983; 
Gardeazabal and Ugidos 2004; Yun 2005, 2008). Oaxaca and Ransom (1999) and Yun 
(2005) view this as an identification problem, while Gelbach (2002) believes this is not 
an identification problem but a conceptual problem. Fortin, Lemieux, and Firpo (2011) 
point out that there is no general solution to this problem, and their underlying conclusion 
is to omit the same group as previous studies to make the results comparable. It is 
fortunate that in this study, we are interested in the service economy and thus the 
industrial sector is the naturally omitted group; and for education and occupation, I find 
that the decomposition results do not change much when omitting different groups. 

3.2 RIF Regression and RIF-OB Decomposition 
The classical OB decomposition is very useful, but the mean is not the only statistic of 
interest. In regard to the gender earnings gap, people care about the mean gender gap, 
but the sticky floor and glass ceiling, as presented by Figure 1, are also important. 
However, the classical OB decomposition fails to provide any insight into them. In 
contrast, the RIF regression developed by Firpo et al. (2009) can solve this problem, and 
the RIF-OB decomposition (Firpo et al. 2007, 2018) can decompose the difference in 
any statistic between two groups. Specifically, for a random variable 𝑌𝑌, the RIF is defined 
as:  

RIF(𝑦𝑦; 𝑣𝑣(𝐹𝐹𝑌𝑌),𝐹𝐹𝑌𝑌) = 𝑣𝑣(𝐹𝐹𝑌𝑌) + IF(𝑦𝑦;  𝑣𝑣(𝐹𝐹𝑌𝑌),𝐹𝐹𝑌𝑌), (5) 

where 𝑣𝑣(𝐹𝐹𝑌𝑌) is a distributional statistic of interest, and IF(𝑦𝑦;  𝑣𝑣(𝐹𝐹𝑌𝑌),𝐹𝐹𝑌𝑌) is the influence 
function of this specific distributional statistic. The influence function IF(𝑦𝑦;  𝑣𝑣(𝐹𝐹𝑌𝑌),𝐹𝐹𝑌𝑌) of 
the 𝑣𝑣(𝐹𝐹𝑌𝑌) represents the influence of an individual observation on that statistic, and it is 
constructed with a zero mean. As a result, the RIF has a conventional feature: 

𝑣𝑣(𝐹𝐹𝑌𝑌) = 𝐸𝐸𝑌𝑌[𝑅𝑅𝑅𝑅𝑅𝑅(𝑦𝑦,𝑣𝑣(𝐹𝐹𝑌𝑌)]. 

If we introduce the explanatory variables and use the law of iterated expectation,  
we have: 
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𝑣𝑣(𝐹𝐹𝑌𝑌) = 𝐸𝐸𝑋𝑋[𝐸𝐸𝑌𝑌�𝑅𝑅𝑅𝑅𝑅𝑅(𝑦𝑦, 𝑣𝑣(𝐹𝐹𝑌𝑌)|𝑋𝑋]� = 𝐸𝐸𝑋𝑋[𝑚𝑚(𝑥𝑥)], 

where 𝑚𝑚(𝑥𝑥) is a function of 𝑋𝑋 in any functional form. Furthermore, if we assume that 
𝑚𝑚(𝑥𝑥) is a linear function, we have: 

𝑣𝑣(𝐹𝐹𝑌𝑌) = 𝐸𝐸𝑋𝑋[𝐸𝐸𝑌𝑌�𝑅𝑅𝑅𝑅𝑅𝑅(𝑦𝑦, 𝑣𝑣(𝐹𝐹𝑌𝑌)|𝑋𝑋]� = 𝐸𝐸[𝑋𝑋]′𝛽𝛽, 

and the RIF regression: 

𝑅𝑅𝑅𝑅𝑅𝑅�𝑦𝑦,𝑣𝑣(𝐹𝐹𝑌𝑌)� = 𝑋𝑋𝑋𝑋 + 𝜀𝜀, (6) 

where 𝛽𝛽  measures the effects of the distributional change of explanatory variable  
on the distributional statistic 𝑣𝑣(𝐹𝐹𝑌𝑌) . One of the most import strengths of the above 
expression is that it “can be used directly for the estimation of standard errors of any 
statistic for which a RIF exists” (Rios-Avila 2020). 
When the statistic 𝑣𝑣(𝐹𝐹𝑌𝑌)  is the quantile (of the dependent variable’s marginal 
distribution), RIF regression becomes unconditional quantile regression (Firpo et al. 
2009). RIF-OB decomposition is a combination of RIF regression and the classical OB 
decomposition (Firpo et al. 2007, 2018). In my case, the estimate for the gender earnings 
gap can be expressed and decomposed as:  

𝑞𝑞�𝜏𝜏(𝐹𝐹𝑌𝑌𝑚𝑚) − 𝑞𝑞�𝜏𝜏�𝐹𝐹𝑌𝑌
𝑓𝑓� = �𝑋𝑋�𝑚𝑚 − 𝑋𝑋�𝑓𝑓�

′
𝛽̂𝛽𝑝𝑝𝜏𝜏���������

Composition effect

+ 𝑋𝑋�𝑚𝑚(𝛽̂𝛽𝑚𝑚𝜏𝜏 − 𝛽̂𝛽𝑝𝑝𝜏𝜏) + 𝑋𝑋�𝑓𝑓′ �𝛽̂𝛽𝑝𝑝𝜏𝜏 − 𝛽̂𝛽𝑓𝑓𝜏𝜏��������������������
Structure effect

,  (7) 

where 𝐹𝐹𝑌𝑌𝑚𝑚 and 𝐹𝐹𝑌𝑌
𝑓𝑓 are the cumulative distribution functions of the male and female logged 

earnings, respectively; 𝛽̂𝛽𝑚𝑚𝜏𝜏 , 𝛽̂𝛽𝑓𝑓𝜏𝜏 , and 𝛽̂𝛽𝑝𝑝𝜏𝜏  are the unconditional quantile regression 
estimates for the coefficients of covariates at the 𝜏𝜏th quantile for the male, female, and 
pooled samples, respectively. Eq. (7) is actually the quantile version of Eq. (3). In other 
words, the OLS and the classical OB decomposition are special cases of RIF regression 
and RIF-OB decomposition, respectively, since the statistic 𝑣𝑣(𝐹𝐹𝑌𝑌)  can  
be mean. 

3.3 OB and RIF-OB Decomposition with Reweighting 
OB decomposition based on a linear regression model is tractable and easy to 
understand. However, if the linear assumption does not hold, the decomposition results 
are likely to be biased (Barsky et al. 2002; Fortin, Lemieux, and Firpo 2011). One solution 
to this problem is reweighted regression. The idea is to make the explanatory variables 
in one group (for example, the males in this study) have similar distributions to those in 
the other group (the females in this study) by reweighting. Following DiNardo, Fortin, and 
Lemieux (1996), the reweighting function to make the males similar to the females in 
terms of explanatory variables is: 

Ψ(𝑋𝑋) =
Pr (𝑔𝑔 = 𝑓𝑓|𝑋𝑋)
Pr (𝑔𝑔 = 𝑚𝑚|𝑋𝑋)

Pr (𝑔𝑔 = 𝑚𝑚)
Pr (𝑔𝑔 = 𝑓𝑓)

. 
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In practice, the conditional probability is usually estimated using a logit or probit model, 
and the covariates for estimating the conditional probability can be the same as in the 
earnings equation, or sometimes a few interactions or polynomial terms of the covariates 
can be included. 
Based on this reweighting function, the counterfactual coefficients and counterfactual 
mean can be estimated by  

𝛽̂𝛽𝑐𝑐 = ��Ψ�(𝑋𝑋𝑚𝑚𝑚𝑚)𝑋𝑋𝑚𝑚𝑚𝑚𝑋𝑋𝑚𝑚𝑚𝑚′ �
−1
�Ψ�(𝑋𝑋𝑚𝑚𝑚𝑚)𝑦𝑦𝑚𝑚𝑚𝑚𝑋𝑋𝑚𝑚𝑚𝑚 , 

and  

𝑋𝑋�𝑐𝑐 = �Ψ�(𝑋𝑋𝑚𝑚𝑚𝑚)𝑋𝑋𝑚𝑚𝑚𝑚 . 

Replace the counterfactual 𝑋𝑋�𝑓𝑓′ 𝛽̂𝛽𝑚𝑚  with 𝑋𝑋�𝑐𝑐′𝛽̂𝛽𝑐𝑐 , and the decomposition in Eq. (3)  
changes to:  

𝐿𝐿𝐿𝐿𝐿𝐿�����𝑚𝑚 − 𝐿𝐿𝐿𝐿𝐿𝐿�����𝑓𝑓 = 𝑋𝑋�𝑚𝑚′ 𝛽̂𝛽𝑚𝑚 − 𝑋𝑋�𝑐𝑐′𝛽̂𝛽𝑐𝑐���������
Composition effect

+ 𝑋𝑋�𝑐𝑐′𝛽̂𝛽𝑐𝑐 − 𝑋𝑋�𝑓𝑓′ 𝛽̂𝛽𝑓𝑓���������
Structure effect

, (8) 

where the composition and structure effects can be further decomposed as follows: 

Comp. effect: 𝑋𝑋�𝑚𝑚′ 𝛽̂𝛽𝑚𝑚 − 𝑋𝑋�𝑐𝑐′𝛽̂𝛽𝑐𝑐 = (𝑋𝑋�𝑚𝑚 − 𝑋𝑋�𝑐𝑐)𝛽̂𝛽𝑚𝑚���������
Pure comp.effect

+ 𝑋𝑋�𝑐𝑐(𝛽̂𝛽𝑚𝑚 − 𝛽̂𝛽𝑐𝑐)���������
Specification error

; 

Struct. effect: 𝑋𝑋�𝑐𝑐′𝛽̂𝛽𝑐𝑐 − 𝑋𝑋�𝑓𝑓′ 𝛽̂𝛽𝑓𝑓 = 𝑋𝑋�𝑓𝑓′�𝛽̂𝛽𝑐𝑐 − 𝛽̂𝛽𝑓𝑓����������
Pure struct.effect

+ �𝑋𝑋�𝑐𝑐 − 𝑋𝑋�𝑓𝑓�𝛽̂𝛽𝑐𝑐���������
Reweighting error

. 

Here the pure composition and pure structure effects are the primary interest in 
decomposition analyses. Actually, the OB decomposition with reweighting can be viewed 
as the sum of two separate OB decompositions: the decompositions of the differences 
between the male and the counterfactual, and between the counterfactual and the 
female. 
The RIF-OB decomposition has the same problem as the classical OB decomposition 
when the linear assumption does not hold. Similarly, I also conduct the RIF-OB 
decomposition based on reweighted regressions: 

𝑞𝑞�𝜏𝜏(𝐹𝐹𝑌𝑌𝑚𝑚) − 𝑞𝑞�𝜏𝜏�𝐹𝐹𝑌𝑌
𝑓𝑓� = (𝑋𝑋�𝑚𝑚 − 𝑋𝑋�𝑐𝑐)𝛽̂𝛽𝑚𝑚𝜏𝜏���������

Pure comp.effect
+ 𝑋𝑋�𝑐𝑐�𝛽̂𝛽𝑚𝑚𝜏𝜏 − 𝛽̂𝛽𝑐𝑐𝜏𝜏����������

Specif.error

+ 𝑋𝑋�𝑓𝑓′�𝛽̂𝛽𝑐𝑐𝜏𝜏 − 𝛽̂𝛽𝑓𝑓𝜏𝜏����������
Pure struct.effect

+ �𝑋𝑋�𝑐𝑐 − 𝑋𝑋�𝑓𝑓�𝛽̂𝛽𝑐𝑐𝜏𝜏���������
Rew.error

, 

where 𝛽̂𝛽𝑐𝑐𝜏𝜏 is the reweighted RIF regression at the 𝜏𝜏th quantile.4 
In the following section, I conduct the classical OB and RIF-OB decompositions first, and 
then conduct the decompositions with reweighting. We will see whether our results are 
robust to reweighting or not. 

 
4  Hereafter, 𝜏𝜏th quantile and (100·𝜏𝜏)th percentile will be used interchangeably. 
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4. RESULTS 
4.1 OLS and Unconditional Quantile Regression Results 

Before looking into the decomposition results, let us look at and discuss a set of 
regression results, which are the bases of the decomposition analyses. Table 2 presents 
the OLS results (column 1) and unconditional quantile regression results (the remaining 
columns) for the log of earnings, and Panels A and B report the male and female results, 
respectively.  

Table 2: The OLS and Unconditional Quantile Regression Results by Gender 
 

OLS P5 P10 P25 P50 P75 P90 P95 
Variables (1) (2) (3) (4) (5) (6) (7) (8) 
Panel A: Male         
Service sector –0.105*** –0.280*** –0.135** –0.052** –0.091*** –0.121*** –0.029 –0.032  

(0.032) (0.106) (0.061) (0.024) (0.030) (0.038) (0.063) (0.097) 
Age 0.104*** 0.324*** 0.184*** 0.073*** 0.080*** 0.074*** 0.042* 0.047  

(0.018) (0.091) (0.041) (0.014) (0.018) (0.019) (0.025) (0.036) 
Age squared –0.001*** –0.004*** –0.002*** –0.001*** –0.001*** –0.001*** –0.001 –0.001  

(0.000) (0.001) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) 
Educational attainment          
 Senior high school 0.169*** 0.478*** 0.376*** 0.167*** 0.189*** 0.145*** 0.024 –0.003 
 (0.029) (0.179) (0.081) (0.035) (0.037) (0.038) (0.048) (0.069) 
 Three-year college 0.320*** 0.650*** 0.438*** 0.274*** 0.342*** 0.319*** 0.198*** 0.191*  

(0.033) (0.193) (0.098) (0.040) (0.041) (0.035) (0.065) (0.101) 
 University and above 0.584*** 0.677*** 0.569*** 0.406*** 0.596*** 0.683*** 0.682*** 0.743***  

(0.034) (0.195) (0.096) (0.043) (0.039) (0.048) (0.105) (0.165) 
Hukou         
 Nonagricultural –0.018 0.022 –0.058 –0.055* –0.056 –0.031 0.100* 0.193** 
 (0.038) (0.164) (0.079) (0.032) (0.034) (0.051) (0.056) (0.091) 
 Others –0.063 –0.144 –0.108 –0.095** –0.110*** 0.014 0.016 0.162 
 (0.044) (0.189) (0.096) (0.040) (0.042) (0.058) (0.070) (0.137) 
Single –0.160*** –0.330* –0.279*** –0.118*** –0.108*** –0.124*** –0.252*** –0.360*** 
 (0.040) (0.190) (0.079) (0.035) (0.039) (0.043) (0.079) (0.115) 
Occupations         
 Profession –0.040 0.121 0.026 –0.008 –0.019 –0.009 0.043 –0.293  

(0.053) (0.169) (0.074) (0.032) (0.045) (0.064) (0.090) (0.183) 
 Clerical staff –0.180*** –0.129 –0.120 –0.101*** –0.138*** –0.140** –0.170* –0.548***  

(0.057) (0.198) (0.080) (0.039) (0.046) (0.065) (0.092) (0.194) 
 Service staffs –0.221*** –0.225 –0.158 –0.143*** –0.166*** –0.150** –0.150* –0.433**  

(0.060) (0.228) (0.109) (0.048) (0.059) (0.065) (0.085) (0.179) 
 Manufacturing workers –0.274*** –0.527* –0.159 –0.151*** –0.229*** –0.270*** –0.190* –0.550***  

(0.076) (0.276) (0.123) (0.050) (0.068) (0.074) (0.112) (0.208) 
 Other occupations –0.218*** –0.566* –0.380*** –0.185*** –0.085 –0.042 –0.080 –0.494**  

(0.062) (0.337) (0.143) (0.054) (0.065) (0.086) (0.099) (0.221) 
Provincial fixed effects Yes Yes Yes Yes Yes Yes Yes Yes 
Constant 9.012*** 3.444** 6.699*** 9.136*** 9.320*** 9.977*** 11.069*** 11.919***  

(0.321) (1.688) (0.754) (0.262) (0.325) (0.350) (0.448) (0.659) 
Observations 6,812 6,812 6,812 6,812 6,812 6,812 6,812 6,812 
R-squared 0.232 0.056 0.094 0.140 0.187 0.169 0.120 0.088 

continued on next page 
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Table 2 continued 
 OLS P5 P10 P25 P50 P75 P90 P95 

Variables (1) (2) (3) (4) (5) (6) (7) (8) 
Panel B: Female         
Service sector –0.088** –0.289*** –0.106* –0.100** –0.090** –0.045 0.050 0.055  

(0.035) (0.099) (0.062) (0.046) (0.042) (0.067) (0.063) (0.067) 
Age 0.074*** 0.182** 0.099*** 0.088*** 0.054*** 0.045** 0.051 0.044*  

(0.016) (0.070) (0.031) (0.021) (0.016) (0.022) (0.033) (0.023) 
Age squared –0.001*** –0.002** –0.001*** –0.001*** –0.001*** –0.000 –0.001 –0.000  

(0.000) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 
Educational attainment         
 Senior high school 0.213*** 0.380** 0.321*** 0.332*** 0.189*** 0.168*** 0.074 0.078** 
 (0.039) (0.162) (0.090) (0.067) (0.036) (0.041) (0.045) (0.038) 
 Three-year college 0.497*** 0.738*** 0.597*** 0.608*** 0.489*** 0.488*** 0.276*** 0.246***  

(0.043) (0.159) (0.090) (0.073) (0.048) (0.061) (0.062) (0.066) 
 University and above 0.727*** 0.766*** 0.670*** 0.752*** 0.683*** 0.816*** 0.751*** 0.672***  

(0.042) (0.164) (0.094) (0.077) (0.042) (0.062) (0.097) (0.101) 
Hukou         
 Nonagricultural –0.008 –0.138 0.054 0.003 –0.007 0.017 0.044 –0.033 
 (0.035) (0.114) (0.069) (0.047) (0.035) (0.044) (0.067) (0.064) 
 Others –0.058 –0.451*** –0.005 –0.053 –0.055 0.050 0.099 0.039 
 (0.046) (0.159) (0.072) (0.057) (0.036) (0.059) (0.086) (0.091) 
Single –0.131*** –0.192 –0.269*** –0.158*** –0.114*** –0.064 –0.059 –0.163** 
 (0.039) (0.130) (0.071) (0.059) (0.039) (0.058) (0.097) (0.082) 
Occupations         
 Profession –0.097 –0.033 –0.049 –0.035 –0.055 –0.010 –0.145 –0.329  

(0.067) (0.187) (0.081) (0.073) (0.081) (0.111) (0.173) (0.201) 
 Clerical staff –0.218*** –0.078 –0.059 –0.133* –0.203*** –0.165 –0.302* –0.374*  

(0.063) (0.184) (0.081) (0.077) (0.071) (0.114) (0.168) (0.210) 
 Service staff –0.278*** –0.011 –0.049 –0.266*** –0.286*** –0.189* –0.395** –0.349  

(0.069) (0.210) (0.095) (0.084) (0.077) (0.107) (0.182) (0.228) 
 Manufacturing workers –0.259*** –0.112 0.131 –0.078 –0.284*** –0.224* –0.389** –0.364*  

(0.087) (0.271) (0.126) (0.121) (0.093) (0.134) (0.174) (0.205) 
 Other occupations –0.204*** –0.102 –0.070 –0.145 –0.215** –0.101 –0.292 –0.334  

(0.077) (0.276) (0.120) (0.092) (0.095) (0.127) (0.184) (0.221) 
Provincial fixed effects Yes Yes Yes Yes Yes Yes Yes Yes 
Constant 9.237*** 5.942*** 7.649*** 8.396*** 9.579*** 10.084*** 10.785*** 11.331***  

(0.281) (1.411) (0.576) (0.396) (0.285) (0.397) (0.647) (0.530) 
Observations 6,103 6,103 6,103 6,103 6,103 6,103 6,103 6,103 
R-squared 0.249 0.038 0.082 0.168 0.227 0.198 0.116 0.067 

Note: Junior high school or below education, industrial sector, management job, and Beijing are the omitted categories in 
the regressions. Sampling weights are used in regressions. Robust standard errors in parentheses, which are clustered 
at the city level. Significance codes: *** p < 0.01, ** p < 0.05, * p < 0.10. 

I begin with males (Panel A). First, the OLS estimate shows that a worker in the service 
sector earns 10.5% less than those in the industrial sector ceteris paribus. This forms a 
stark contrast with the descriptive analyses where workers in the service sector have 
higher annual earnings. However, they are not necessarily contradictory. This is because 
the high-pay industries usually need highly educated workers, and when the educational 
level is controlled for, the premium of the service economy should reduce and even 
disappear totally. The unconditional quantile regression results show that the impact of 
the service sector has a strong heterogeneity across earnings distribution, though it is 
always negative in all seven quantiles. Basically, the impact of the service sector has an 
“N” shape across the male earnings distribution, and it is statistically insignificant and 
close to zero at the top end. This illustrates that compared to the industrial sector, the 
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service economy is not a high-pay sector overall. This is likely due to the large dispersion 
of earnings within the service sector, which has been illustrated by Figure 3a and will be 
further discussed later. 
I would like to point out that for the unconditional quantile regression results, the 
interpretation is a little tricky. For example, in column 2 the effect of the service sector 
means that if the service sector increases by 10% but all other things do not change, 
then the income distribution will change and the 5th percentile in the changed male 
income distribution will be 0.028 log points lower than that in the original income 
distribution. Those at the 5th percentile in the original income distribution are not 
necessarily the same as in the changed income distribution. In other words, the rank is 
not preserved when the earnings distribution changes. 

Figure 4: The Marginal Effect of Age on Earnings by Gender 

 
Note: The marginal effects of age at the 25th and 75th percentiles are nearly overlapped for males; the marginal effects 
of age at the 75th and 95th percentiles are nearly overlapped for females. 

In terms of age, because age enters the earnings equation as a quadratic function, the 
marginal effect depends on age. Therefore, I plot the marginal effect of age on earnings 
in Figure 4, and Figure 4a is for males. On average, the earnings grow with age when 
people are young, but because the growth rate decreases with age and it becomes 
negative around the age of 52, from then on, the male earnings begin to decrease. The 
unconditional quantile regression results show heterogeneous effects. The earnings of 
the poorest people increase most quickly when they are young, but the growth rate also 
decreases most quickly. The marginal effects of age at the middle percentiles (25th, 50th, 
and 75th) of the male earnings distribution are the same or nearly the same. The richest 
workers (90th and 95th percentiles) have a negative growth rate even at the beginning 
of their career life, but since the marginal effect of age is statistically insignificant, it is 
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more likely to be the case that for the richest workers their earnings have nothing to do 
with age. 
Compared to junior high school and below, people with senior high school, three-year 
college and university and above education earn 0.169, 0.320, and 0.584 log points 
more, respectively.5 These are consistent with our expectation. The distributional returns 
of senior high school and three-year college have an “inverse-N” shape across earnings 
distribution. In contrast, the distribution returns of university and above education has a 
“U” shape. In the 95th quantile, the premium of university and above education is the 
highest at 0.743 log points, which means the annual earnings of the highest educated 
are approximately 2.10 times those of the lowest educated. 
It is a little surprising that the nonagricultural Hukou has no premium relative to the 
agricultural Hukou on average. However, the unconditional quantile regression results 
suggest that the nonagricultural Hukou only has a statistically significant and positive 
premium in the 90th and 95th percentiles. To some extent, this demonstrates that labor 
market segregation still exists, but the Hukou system is not as important as before.  
The single people earn less than the others in all quantiles, especially at the top end  
of the earnings distribution. For occupations, the annual earnings of professional jobs 
have no significant difference compared to those of management jobs across the 
distribution. Nevertheless, all other occupations earn less than management jobs, 
especially at the 5th and 95th percentiles, though the premiums of management jobs 
relative to clerical and service staff are not statistically significant at the 5th and 10th 
percentiles. 
For females (Panel B), the regression results are basically the same as those for males 
except for a few main differences. First, the negative premium of the service sector 
relative to the industrial sector monotonically decreases from the lower to the upper 
quantiles. Second, the average marginal effect of age on female annual earnings 
reduces to 0 by 37 years old, which is much quicker than for males (see Figure 4b). 
Third, in general, females enjoy a higher return rate to education with the exception of 
the highest educational attainment at the 95th percentile. On average, the return to 
education for females is at least 20% more than that for males. This implies that although 
females’ education level is slightly higher than that of males, it is worthwhile investing in 
girls’ education. 
The descriptive analyses in the section on data show that there is a substantial 
heterogeneity in earnings and female employment shares among different service 
economic subsectors. To further investigate this heterogeneity, I substitute the dummy 
for the service sector with a set of dummies indicating the service economic subsectors. 
Meanwhile, the reference group is still the industrial sector. Figure 5 presents these 
regression results for the service economic subsectors. In the figure the horizontal lines 
represent the OLS results, and the broken lines and shaded areas indicate the 
unconditional quantile regression results. First, service subsectors 2 (logical, 
mathematical and engineering skill-intensive services) and 4 (finance and real estate) 
have strong heterogeneous effects across the earnings distribution. The expansion of 
these industries may widen the income inequality between the rich and poor, and may 
also widen the glass ceiling of women because rich men benefit more if these industries 
expand. Second, if subsector 5 (education, medical, social security and welfare) 
expands, people in all quantiles earn less, but the effect is not significant for females in 
the upper quantiles. 

 
5  These correspond to approximately 18%, 38%, and 79%, respectively. 
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Figure 5: The Distributional Effects of Service Economy  
on Log of Annual Earnings 

 
Note: The shaded areas are the 90% confidence intervals of the unconditional quantile regression estimates; the 
horizontal solid lines are the OLS estimates, and the horizontal dashed lines are the upper and lower bounds of the 90% 
confidence intervals of the OLS estimate. See note of Table 1 for the reclassification of service subsectors. Sampling 
weights are used in regressions. 
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Overall, these results suggest some heterogeneity in the effects of explanatory variables 
on earnings between males and females, and also some heterogeneity across different 
quantiles. 

4.2 OB and RIF-OB Decomposition Results 
Table 3 presents the basic OB and RIF-OB decomposition results, namely the 
decomposition results based on Eq. (4) and Eq. (7). Except for the industry composition, 
all other explanatory variables including age, age squared, and the other dummy 
variables, are grouped in “Age,” “Education,” “Occupation,” and “Province” to facilitate 
an interpretation of the results, and the contribution of the group is just the sum of the 
contributions of each variable contained in the group. 

Table 3: OB Decomposition for the Mean Gender Earnings Gap  
and RIF-OB Decompositions at Different Quantiles 

 
Mean P5 P10 P25 P50 P75 P90 P95 

Variables (1) (2) (3) (4) (5) (6) (7) (8) 
Male 10.802*** 9.579*** 10.045*** 10.465*** 10.780*** 11.201*** 11.688*** 11.991*** 
Female 10.572*** 9.477*** 9.807*** 10.136*** 10.578*** 11.047*** 11.450*** 11.733*** 
Raw gender gap 0.230*** 0.102* 0.238*** 0.330*** 0.202*** 0.154*** 0.238*** 0.257*** 
Composition effect 0.025** 0.072*** 0.031** 0.021** 0.017* 0.010 0.010 0.021 
 Service sector 0.040*** 0.075*** 0.031** 0.021*** 0.022*** 0.026*** 0.025** 0.042** 
  Subsector 1 –0.003 –0.007 –0.003 0.002 –0.002 –0.008*** –0.005 –0.005 
  Subsector 2 0.001 –0.004 –0.003 –0.003* –0.001 0.002 0.011*** 0.016*** 
  Subsector 3 0.013*** 0.028** 0.012* 0.009*** 0.013*** 0.014*** 0.006 0.007 
  Subsector 4 –0.002* 0.001 –0.001 –0.001 –0.001 –0.003* –0.006* –0.007* 
  Subsector 5 0.028*** 0.067*** 0.031*** 0.017*** 0.018*** 0.026*** 0.023** 0.038*** 
  Subsector 6 –0.005*** –0.011** –0.005** –0.004** –0.004** –0.005** –0.004** –0.006** 
  Subsector 7 –0.000 –0.001 –0.001 –0.000 –0.000 –0.000 –0.000 0.000 
 Age 0.002 0.005 0.002 0.001 0.002 0.002 0.001 0.001 
 Education –0.009 –0.003 –0.003 –0.005 –0.008 –0.012* –0.015** –0.016** 
 Occupation  0.012*** 0.005 0.012*** 0.013*** 0.010*** 0.008** 0.016*** 0.017** 
 Hukou 0.001 0.003 0.001 0.001 0.001 –0.001 0.001 0.000 
 Single –0.005*** –0.009** –0.009*** –0.004*** –0.004*** –0.003** –0.006** –0.009** 
 Province –0.008** –0.003 –0.002 –0.005* –0.006* –0.011*** –0.013** –0.015** 
Structure effect 0.204*** 0.031 0.207*** 0.309*** 0.185*** 0.144*** 0.228*** 0.236*** 
 Service sector –0.040 –0.033 –0.030 0.028 –0.012 –0.073 –0.085 –0.117 
  Subsector 1 –0.001 –0.009 –0.001 0.001 0.003 –0.002 –0.009 –0.002 
  Subsector 2 –0.003 0.001 –0.010 –0.006 –0.007 –0.004 –0.001 0.002 
  Subsector 3 –0.010 –0.039 –0.026 0.002 0.003 –0.012 –0.000 –0.018 
  Subsector 4 0.003 0.034* 0.020** 0.011* 0.002 –0.010 –0.017 0.003 
  Subsector 5 –0.019 0.007 –0.004 0.009 –0.016 –0.043** –0.054** –0.088*** 
  Subsector 6 –0.008 –0.042* –0.008 0.007 0.001 –0.002 –0.007 –0.023* 
  Subsector 7 0.005 0.015 –0.001 0.004 0.002 –0.001 0.002 0.010 
 Age 0.565 2.982 1.639* –0.276 0.464 0.403 –0.149 0.072 
 Education –0.093*** –0.058 –0.074 –0.237*** –0.046 –0.073* –0.020 0.022 
 Occupation  0.018 –0.214 –0.089 0.029 0.069 0.037 0.193 –0.113 
 Hukou –0.008 0.145 –0.084 –0.041 –0.040 –0.038 0.019 0.154** 
 Single –0.007 –0.025 –0.003 0.007 –0.000 –0.014 –0.040** –0.043* 
 Province 0.022 –0.181** –0.146*** 0.053** 0.027 0.053** 0.238*** –0.156*** 
Constant –0.261 –2.587 –1.007 0.744 –0.276 –0.151 0.071 0.416 
Observations 12,915 12,915 12,915 12,915 12,915 12,915 12,915 12,915 

Note: See note of Table 1 for the classification of service subsectors. Junior high school or below education, industrial 
sector, management job, and Beijing are the omitted categories in the decompositions. Sampling weights are used in 
decompositions. The significance level is based on robust standard errors clustered at the city level. Significance codes: 
*** p < 0.01, ** p < 0.05, * p < 0.10. 
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Column (1) reports the OB decomposition results for the mean gender differential. It 
shows that the mean gender earnings gap is 0.23 log points, approximately equivalent 
to 26% of the female average earnings. Of this differential, 0.025 log points (11% of  
the mean gender earnings gap) can be explained by the differences in characteristics, 
and the difference in service sector contributes 160% to the total composition effect of 
the earnings gap. In other words, although the composition effect of the mean gender 
earnings gap is not large, the industry composition is the most important contributor 
among all explanatory variables. Within the service economy sector, subsectors 3  
and 5 are the main contributors to widening the gender earnings gap. This is because 
these two service subsectors have lower average earnings than the industrial sector, but 
hire the most female workers. In other words, when female workers concentrate on low-
pay industries, the gender gap should be widened, though the gender gaps within these 
industries are smaller than in other industries. Subsectors 1, 4, and 6 are helpful in 
narrowing the gender earnings gap, but the magnitudes are much less than in subsectors 
3 and 5, and the contributions of subsectors 1 and 4 are insignificant in most quantiles. 
Occupation is another factor that widens the gender earnings gap, but the absolute 
contribution is no more than 30% of that of industry. Education and province make the 
same contributions to reducing the gender earnings gap, although education is not 
statistically significant. In the structure effect, age is the most important factor to widen 
the gender earnings gap. Remember that Figure 4 implies that the  
age-earning profile is quite different. In contrast, education is the main driver in narrowing 
the gender earnings gap. This is mainly because females have a higher rate of return to 
education. The service economy seems to be helpful in narrowing the gender earnings 
gap to some extent, but it is not statistically significant at all. 
For the RIF-OB decomposition results at different quantiles, basically we find that the 
total gender earnings gap is lower in the lowest, middle, and upper middle quantiles. The 
share of the composition effect varies from quantile to quantile. The fraction of the 
composition effect in the raw gender gap is the highest and lowest in the 5th and 90th 
percentiles, respectively. In the 5th and 90th percentiles, about 71% and 4.2% of the raw 
gender gaps can be explained by the differences in characteristics. As for the service 
sector, it makes the largest contribution to the composition effect of the gender earnings 
gap in all quantiles. Within the service sector, subsector 3 (wholesale, retail, 
accommodation and catering service) mainly widens the gender gap in the lower 
quantiles, while subsector 4 (finance and real estate) mainly narrows the gender gap in 
the upper quantiles. Subsectors 5 (education, medical, public security and welfare) and 
6 (public administration, social organization, and international organization) widen and 
narrow the gender earnings gap, respectively, across the whole distribution. More 
subsector 2 may strengthen the glass ceiling, while more subsector 4 weakens the glass 
ceiling. This is consistent with the regression results presented in Figures 4b and 4d. In 
the structure part, there is no consistent pattern across quantiles. With respect to the 
service economy sector, it is on the whole helpful in narrowing the gender gap and the 
size is basically the same as its composition effect, but not significant. Within the service, 
subsectors 4 and 5 increase and reduce the gender gap in the lower and upper quantiles, 
respectively. 
Table 4 presents the decomposition results based on reweighted regressions. Basically, 
the results with reweighting are the same as those without. The only noticeable change 
is that the contributions of education and service economic subsectors 3 and 4 are more 
likely to be statistically significant in the composition effect.  
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Table 4: OB Decomposition for the Mean Gender Earnings Gap and RIF-OB 
Decompositions at Different Quantiles Based on Reweighting 

 Mean P5 P10 P25 P50 P75 P90 P95 
Variables (1) (2) (3) (4) (5) (6) (7) (8) 
Male 10.802*** 9.579*** 10.045*** 10.465*** 10.780*** 11.201*** 11.688*** 11.991*** 
Counterfactual 10.782*** 9.566*** 10.001*** 10.450*** 10.814*** 11.204*** 11.679*** 11.921*** 
Female 10.572*** 9.477*** 9.807*** 10.136*** 10.578*** 11.047*** 11.450*** 11.733*** 
Raw gender gap 0.230*** 0.102* 0.238*** 0.330*** 0.202*** 0.154*** 0.238*** 0.257*** 
Total comp. effect 0.019** 0.023 0.044** 0.015* –0.034*** –0.002 0.009 0.069** 
Pure comp. effect 0.023** 0.052 0.021 0.007 0.014 0.017 0.014 0.043 
 Service sector 0.041*** 0.069* 0.031* 0.016** 0.031*** 0.046*** 0.044*** 0.079*** 
  Subsector 1 –0.004 –0.010 –0.003 0.002 –0.002 –0.008*** –0.007* –0.006 
  Subsector 2 0.000 –0.004 –0.006 –0.004** –0.002 0.001 0.011*** 0.016*** 
  Subsector 3 0.014*** 0.037* 0.017* 0.007* 0.011*** 0.015*** 0.004 0.010 
  Subsector 4 –0.002** –0.002 –0.003** –0.001** –0.002** –0.002** –0.005*** –0.008** 
  Subsector 5 0.038*** 0.062** 0.030** 0.015*** 0.030*** 0.045*** 0.046*** 0.075*** 
  Subsector 6 –0.006*** –0.015** –0.005** –0.003*** –0.004*** –0.005*** –0.005*** –0.008** 
  Subsector 7 –0.000 –0.000 –0.000 –0.000 –0.000 –0.000 –0.000 0.000 
 Age –0.001 –0.004 –0.003 –0.001 –0.001 –0.001 –0.001 –0.001 
 Education –0.013*** –0.003 –0.005 –0.007*** –0.013*** –0.018*** –0.023*** –0.027*** 
 Occupation  0.012*** 0.007 0.014* 0.010*** 0.010*** 0.009* 0.018*** 0.026*** 
 Hukou 0.000 0.001 0.001 0.001 0.001 –0.000 0.000 –0.001 
 Single –0.006*** –0.012 –0.010*** –0.004*** –0.004** –0.005** –0.010*** –0.014*** 
 Province –0.010*** –0.006 –0.006* –0.007*** –0.010*** –0.013*** –0.014*** –0.020*** 
Specification error –0.004 –0.029 0.023 0.008 –0.048*** –0.020** –0.005 0.026 
Total struct. effect 0.210*** 0.088 0.194*** 0.314*** 0.236*** 0.157*** 0.225*** 0.192*** 
Pure struct. effect 0.200*** 0.068 0.182*** 0.307*** 0.227*** 0.149*** 0.213*** 0.179*** 
 Service sector –0.049 –0.117 –0.064 0.024 –0.020 –0.079 –0.120* –0.172** 
  Subsector 1 –0.001 –0.012 –0.001 0.001 0.003 0.001 –0.008* –0.004 
  Subsector 2 –0.005 –0.002 –0.012* –0.007* –0.007* –0.004 –0.006 –0.006 
  Subsector 3 –0.010 –0.049 –0.018 0.007 0.007 –0.007 –0.016 –0.038 
  Subsector 4 0.002 0.028 0.019* 0.011 –0.000 –0.010 –0.022 –0.014 
  Subsector 5 –0.031* –0.042 –0.035 0.002 –0.024 –0.058** –0.062** –0.098*** 
  Subsector 6 –0.009 –0.052** –0.015 0.007 –0.001 –0.003 –0.007 –0.020* 
  Subsector 7 0.004 0.013 –0.003 0.003 0.003 0.001 0.001 0.009 
 Age 0.429 3.980 1.951* –0.107 –0.209 –0.128 –0.161 –0.280 
 Education –0.101** 0.021 –0.016 –0.220*** –0.052 –0.080* –0.066 –0.021 
 Occupation  0.051 –0.175 –0.055 0.035 0.076 0.022 0.242 0.001 
 Hukou 0.027 0.180 –0.062 –0.020 0.011 –0.012 0.063 0.188*** 
 Single –0.014 –0.020 –0.017 0.001 –0.013 –0.014 –0.037* –0.027 
 Province 0.042** –0.173* –0.169*** 0.064** 0.024 0.081*** 0.277*** 0.059 
Constant –0.184 –3.628 –1.386 0.530 0.410 0.360 0.016 0.429 
Reweighting error 0.010 0.020 0.012 0.007 0.008 0.008 0.011 0.013 
Observations 12,915 12,915 12,915 12,915 12,915 12,915 12,915 12,915 

Note: See note of Table 1 for the classification of service subsectors. Junior high school or below education, industrial 
sector, management job, and Beijing are the omitted categories in the decompositions. Sampling weights are used in 
decompositions. The significance level is based on robust standard errors clustered at the city level. Significance codes: 
*** p < 0.01, ** p < 0.05, * p < 0.10. 

To sum up, from the OB and RIF-OB decompositions, we find that the gender earnings 
gap in urban PRC in 2017 ranged from 10% to 33% approximately. Only about 10% of 
the gender gap can be explained by the differences in earnings equation’s explanatory 
variables on average, and the industry composition can contribute to all or most of the 
composition effect. However, in the composition effect the expansion of the service 
sector is widening the gender earnings gap rather than narrowing it. This is mainly 
because, although the gender earnings gap is usually lower in the service sector, 
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females are more likely to work in the low-pay service subsectors and these subsectors 
also employ the majority of female workers. In terms of the structure effect, education 
has a strong narrowing effect on gender gap, though it is not significant over the whole 
distribution. As regards the service economy, the absolute contribution to the total gender 
gap in the structure effect is basically the same as that in the composition effect, but it is 
not statistically significant. 

5. CONCLUSION AND DISCUSSION 
Using the 2017 CHFS data, I investigate the gender earnings gap and the development 
of the service economy in urban PRC. The descriptive, regression, and decomposition 
analyses led to the following findings. 1) Compared to the industrial sector, the service 
economy hires more workers and has a higher female employment share, a lower gender 
earnings gap, and higher average annual earnings. 2) Females have a higher return to 
education rate than males generally, and holding other factors constant, the premium of 
the service sector relative to the industrial sector disappears and even becomes 
negative. 3) Only a small part of the total gender earnings gap is attributed  
to the composition effect, while the service economy contributes to all or most of the 
composition effect. 4) The service economy widens the gender earnings gap through the 
decomposition effect, but narrows the gender earnings gap through the structure effect, 
though the latter is not statistically significant.  
Although more than half of the PRC’s GDP has been created by a service economy, 
compared to the developed countries service economies still have much potential. 
Basically, there is no doubt that the development of the service economy is helpful  
in providing more jobs for females, and reducing the gender gaps in labor force 
participation. However, my results show that the development of the service economy 
does not necessarily narrow the gender earnings gap in urban PRC. The effect of the 
service economy on the gender earnings gap is complicated. This is because the service 
sector includes both high-pay industries like finance and real estate and low-pay 
industries like wholesale and retail, and accommodation and catering services, and 
females are more likely to work in the low-pay industries (see Figures 2 and 3). The 
barriers for women entering the high-pay industries can either be because of the public 
stereotype image of females or females’ self-cognition about their abilities and roles in 
the society. The former is often related to discrimination, while the latter has been 
relatively less studied. 
We have to admit that monetary income is only one concern of job choice, though it 
should be one of the most important factors. However, females may put more weight on 
family and choose to work in some low-pay industries. For example, females working in 
the education industry may earn less, but they have a stable job and enjoy their work-life 
balance and thus may obtain some premium in the marriage market. If this is true, 
females choosing to work in low-pay industries are more likely to have made a rational 
decision themselves rather than having been selected. This implies that to measure 
females’ welfare we should comprehensively consider income, consumption, and even 
perhaps leisure. This should be the direction of future research about gender 
differentials.  
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