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ABSTRACT

The purpose of this article is to decompose the composition
effect and wage structure effect of the gender starting pay gap in
Chinese university graduates at every quantile. The article aims to
determine if the pay gap at every quantile is a result of gender
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characteristics difference, or the differences in returns to those
characteristics. A 2007 Chinese university survey of new graduates
employment and capacity conducted by an education research
company MyCOS institute is used. This article exploits a counter-
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factual decomposition analysis using quantile regression to
decompose the gender pay gap into one component that is
based on differences in characteristics and one component that is
based on differences in coefficients across the log wage distribu-
tion. We find that the majority of the gender pay differential is
attributed to the gender difference in the endowment of human
capital and the composition effect explains 30-60% of the pay
difference at each quantile of the log wage distribution. It means
that female graduates have almost the same rewards to charac-
teristics as their male counterparts, especially at the bottom of
the log wage distribution. We also find that female graduates
have lower mean work capacity than male graduates and work
capacity is positively related with wage. This article provides pol-
icy implications on how to reduce the gender pay gap after
higher education reform in a transition economy.

JEL CODES
J31; J40; 126

1. Introduction

Increased attention has been paid to examining the changes in the gender wage gap
in urban China before and after introduction of market reforms (Gustafsson & Li,
2000; Hughes & Maurer-Fazio, 2002; Liu, Meng, & Zhang, 2000; Meng, 1998; Wang
& Cai, 2008). The gender pay gap is attributable to the lower level of females’ educa-
tion. There is higher education expansion in China starting the early 2000s, then
more and more high school students have the chance to enter college. The quality of
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women’s education and experience has improved with rising percentages of bachelor,
master and Ph.D. degrees received by women since 2000. Before higher education
reform, each college graduate in China was guaranteed a government-assigned job
through a centralised placement system and the pay was also fixed. While the reform
has offered graduates and their employers new opportunities, employers (including
government recruiters) often openly discriminate against job applicants with certain
characteristics, for examples, restrictions regarding gender, household registration sta-
tus (Hukou), etc. then analysing the gender pay gap and the relative treatment of
women with higher education by employers is of interest.

The existing evidence suggests that the gender pay gap is typically fairly small on
entry to the labour market, but after a few years a significant wage gap emerges (e.g.
Manning and Swaffield (2008)). There are several causes of the wider gender pay gap
becoming noticeable after a few years. Bertrand, Goldin, and Katz (2010) pointed out
that a large part of the gender gap in earnings can be attributed to differences in car-
eer interruptions between men and women due to traditional gender roles, in which
women shoulder the responsibility of childcare and housework. As Babcock and
Laschever (2003) stated, faced with competitive environments women are less willing
to aggressively negotiate for promotion. What’s more, Qu, Guo, and Wang (2019)
found that returns to experience are higher for men than women, especially for mar-
ried men and women, using data from China. When the gender pay gap between
employees at different points of their career and with unequal years of labour market
experience are examined, the gap may be caused by the aforementioned reasons.
Restricting the analysis to entry wages can better identify how much the gap is attrib-
uted to gender discrimination. Concentrating on entry wages has several advantages,
Bredtmann and Otten (2014) provided empirical evidence on the gender wage pay of
labour market entrants and the determinants of their starting wages using a data set
on economics graduates from a large German university.

This article will analyse the entry wage of Chinese university graduates to examine the
gender pay gap for higher education groups. We disentangle the gender pay gap by
counterfactual decomposition. We construct the counterfactual wage of female graduates
if they had the same composition characteristics as male graduates. The difference
between the counterfactual wage and the actual wage of females is then purely due to the
differences in composition characteristics between male and female, and we call this part
the composition effect (characteristics effect, endowment effect). The difference between
the actual wage of males and the counterfactual wage is due to the difference in the
returns to the covariates, which is called the wage structure effect (coefficient effect). The
overall wage structure can also have an important effect on the gender pay because it
describes the array of prices set for various labour market skills (measured and unmeas-
ured) and the rents received for employment in particular sectors of the economy.

We use the counterfactual decomposition method of Machado and Mata ([MM]
2005)). The MM method has been widely used in wage distribution decomposition,
and it generalises the traditional Oaxaca’s (1973) decomposition of effects on mean
wages to the entire wage distribution. The MM method uses conditional quantile
regression and has previously been used by Fang and Sakellariou (2011) to decom-
pose the gender pay gap in Thailand. An alternative decomposition method, the
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unconditional distribution decomposition proposed by Firpo, Fortin, and Lemieux
(2007, 2009), is used in Chi and Li (2008) and Xiu and Gunderson (2014) to make
detailed sub-decompositions possible to see the contribution of each individual vari-
able to the gender earnings gap.

This article contributes to the literature on the gender pay gap in higher education
groups after higher education reform in a transition economy. This article aims to
decompose the composition effect and wage structure effect of the gender starting
pay gap in Chinese university graduates at every quantile. It means that we want to
check if the pay gap at every quantile is mainly a result of gender characteristics dif-
ference, or the differences in returns to those characteristics. Specifically we calculate
the contribution of composition effect to the gender pay gap over the entire wage dis-
tribution of Chinese university graduates, which reveals how much the gender pay
gap in Chinese university graduates is explained by endowment in human capital.
Using a 2007 Chinese university survey of new graduates’ employment and capacity,
conducted by education research company the MyCOS institute, our empirical ana-
lysis finds that the composition effect explains about 30-60% of the gender pay gap
over the distribution. Our study gives a better picture of how much composition
effect contributes to the gender pay gap in Chinese university graduates.

While traditional investigations into the gender gap tend to focus on gender dis-
crimination, the latest studies drill into various gender differences as potential causes
of the gap (Ahamed, Wen, & Gupta, 2019; Guo, Song, Sun, & Wang, 2016; Ichino &
Moretti, 2009). This article also contributes to the literature on the causes of gender
pay gap.

The rest of this article is organised as follows. Section 2 illustrates our decompos-
ition method. Section 3 describes our data. Section 4 presents the empirical results.
In Section 5 we do some robustness checks and we conclude in Section 6.

2. Decomposition method

In this section, we introduce the counterfactual MM (2005) decomposition method.
The counterfactual decomposition requires an estimation of the log wage distribution
that is conditional on the variables of interest. We accomplish the estimated coeffi-
cients of covariates firstly by means of quantile regressions (Koenker & Bassett,
1978), which provide a more general picture of the effect of covariates on log wage at
different log wage levels. Then the analysis is followed by estimating the marginal
density function of log wage that is consistent with the conditional distribution esti-
mated in the previous quantile regression. The procedure enables provision of infor-
mation on the relative contribution that differences in overall endowments of log
wage determining characteristics and returns to those characteristics have on the pay
gap in each decile of the earnings distribution.
The quantile regression model is given by:

Q(Y[X) = Xp (1)

where Y is the logarithm of monthly earnings in RMB Yuan, and X is a K+1
dimensional vector of exogenous control variables including university academic
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performance, graduation time, work experience, and employers’ characteristics such
as enterprise size and a constant term. We also include a vector of job location, for
example, regionl is a binary variable that takes value 1 if one’s job is in the developed
east coast region of China and 0 otherwise. Dummy variable Gender equals 1 if
graduate is male and 0 otherwise. The tth quantile regression solves the minimisation
problem:

B = argmin Z p.(yi—Xip,) (2)

BERM =1

where p_ is the check function at tth quantile, p, = (7—1(u < 0))u with 1(-) being
the indicator function, R¥*! means a K+ 1 dimensional real set and n is the sam-
ple size.
We want to decompose the composition effect on the gender pay gap. To make
the points clear, the calculation procedure is summarised as follows:
Step 1. Generate a random sample of size m from a uniform distribution U(0, 1).
Then we sort them into ascending order to obtain 7y, ..., 74, ..., T, with 1 < d < m.
Step 2. For the data at stage s or stage L, we get m estimates of the c;uantlle regres-
sion  coefficients = {ﬁ (t1), . (‘Ed) N (tm)} and B ={p (1), .
~t t
B (ta)s s B (Ti)} where:

B (va) = {By(ta). B (ta). oo B (1a) 1"

and

~t ~t ~ ~

B (ta) = {Bo(ta). By (2a)s - Br(za)}

Step 3. Generate m rows with replacement from an n x (K 4 1) data matrix X(s)
to obtain an m x (K 4 1) new design matrix X*(s) for stage s. Each row is denoted
by X}(s). Then:

ials) = X568 (za) d=1,..,m} (3)

is a random sample of size m from the desire distribution for stage s. We use
F*(y(s)) to denote the estimator of cumulative distribution function (C.D.E.) of y(s)
for stage s, which is estimated from the data y)(s) = X)(s $)B (ta),d = 1,...,m where
the coefficient estimates vector [3 (tq) is based on the observed sample {y;(s), X;(s) :
i=1,..,n}. The same method could also be used for stage t. We obtain the estima-
tion of marginal density function of log wage for male and female graduates.

Step 4. Let F*(y(t);X"(s)) denote the C.D.F. of the counterfactual log wage
where X*(s) indicates the generated design matrix for stage s. For example, it is used
to present the C.D.F. of the counterfactual log wage of female graduates if they
had the same characteristics as male graduates (stage s). We want to estimate the
density function of log wages for female graduates, corresponding to the male
graduates’ distribution of covariates. Just follow the third step of the algorithm
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above but the counterfactual log wage is estimated from the data yj*(s) =

~t
X5(s)p (ta), d=1,...,m.
Step 5. With the notations introduced above, we may measure the contribution of
composition effect by looking at indicators such as:

qp(F*((1); X7 (5))) =4 (F" (¥(1)))
q4o(F*((s))) = qo(F*(»(1)))

where q,(-) is the estimate of the 0th quantile.
The other details can be found in MM (2005).

Eff = 4)

3. Data

The data used in this article is from the MyCOS institute' (http://www.mycos.com/
En/). The survey was conducted among college students in China six months after
their graduation, including vocational and professional school undergraduates from
about 2,000 higher education institutions.”> The purpose of the survey was to collect
data on employment status, basic working ability and professional competence infor-
mation of new university graduates, to establish an annual database. The main con-
tent of the questionnaire includes information about job-seeking, employment status
and basic working ability, etc. About 167,000 questionnaires were distributed to the
graduates by email at the beginning of 2007 and total of 85,000 valid questionnaires
were received. Since Project 211 universities® take on the responsibility of training
one-third of undergraduates, offer 85% of the state’s key subjects, hold 96% of the
state’s key laboratories, and utilise 70% of scientific research funding, our sample in
this article only includes the students who graduated from Project 211 universities.
We excluded the respondents if the number of the respondents who are from the
same major subject and same university is smaller than five. Finally, the sample size
is 1,545 and 67.5% are male graduates, so our sample includes 1,043 male and 501
female graduates.

Based on data from the national census conducted in 2010, the average number of
years of schooling for women was 1.1 years fewer than for men in China. while the
gap was 0.93years in urban China. Gustafsson and Li (2000) suggest that the most
important source of gender wage difference is education. Here we consider the female
and male samples with the same education levels to control the effect of gender edu-
cation gap on gender pay gap.

Although the hourly wage rate would have been ideal to examine gender pay dif-
ferentials, only monthly earnings were available in our data set. We will use the log
of monthly wage* in the decomposition analysis. Figure 1 plots the histograms of the
monthly wage for both sexes. The shapes of wage distribution are similar for both
samples. It can be noted that the top of the wage for males is higher than that for
women. The male wage is more dispersed than female wage.

The survey questionnaire contains 35 questions® to describe the different dimen-
sions of job competency, which form an indicator of productivity affecting earnings.
During the survey, each respondent first evaluates the importance of each dimension
in his/her job position and then self-rates him/her upon graduation. Then the
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Figure 1. Histogram of monthly earnings for male and female university graduates.

capacity index (indexac) of each respondent is calculated as an importance-weighted
average of individual ratings of these 35 variables. Then it is scaled to percentage
with the maximum of 100%. This index represents the graduate’s productivity. It con-
siders the relative importance of capacity among different occupation and positions.
The larger the value of capacity index is, the stronger job competency and productiv-
ity the graduate has. Figure 2 plots the density curves of logarithm of wage and cap-
acity index for male and female samples. Both the distributions of logarithm of wage
and the capacity index for males are clearly shifted to the right with respect to those
of females.

Table 1 gives the sample mean or proportion of the key variables for samples of
male and female graduates used in this empirical analysis. The questionnaire on col-
lege academic performance include four choices: poor, middle, good and excellent.
We set three dummy variables (Academicl-3) to describe the middle, good, excellent
levels of college academic performance, respectively and the base group is who has
poor college academic performance. Table 1 shows that about 73% of graduates
report they had middle or good college academic performance. Among our sample,
77% of graduates take the job related to their majors. In terms of job location, 41%
of graduates work in sub-provincial cities® and 22% work in a municipality.” We also
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Figure 2. Density curves of log wage and indexac for male and female university graduates.

set three dummy variables to denote the regions of job location based on their eco-
nomic development and geographic location in China. And regionl-3 denotes the
dummy variables of working in the east coast developed region, central west develop-
ing region, central west middle-developed region, respectively and working at east
coast middle-developed region of China as the base group. Table 1 shows that 60% of
graduates choose to work in the east coast developed region, and only 31% work at
central west middle-developed region, only 3% work at central west developing region
and 6% work at east coast middle-developed region of China.

A two-sample ¢ test is used to formally test whether there is statistically difference
in characteristics between male and female samples and the corresponding results are
given in the last two columns of Table 1. We found that the majority of p-values of
the two sample ¢ tests are less than the significance level of 5%. It is shown that there
exists a significant difference in monthly earnings, work capacity, college academic
performance, work experience and enterprise characteristics between female and male
graduates. Female graduates have higher academic performance than male graduates
on average. There is no significant difference in job location choice, especially in
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Table 2. The coefficients estimates from quantile regression with quantile T = 0.5.

Variable name Male sample Female sample Full sample
Intercept 6.9454 6.5779 6.7632
(6.6988, 7.1832) (6.3270, 7.0715) (6.5916, 7.9832)
Gender 0.1004
(0.0528, 0.1488)
indexac 0.2532 0.3091 0.2528
(0.1033, 0.4421) (0.0732, 0.5150) (0.1097, 0.3675)
Academic1 —0.0716 0.0358 —0.0486
(—0.1657, 0.0175) (—0.4107, 0.2612) (—0.1217, 0.0514)
Academic2 —0.0214 0.0347 —0.0220
(—0.1076, 0.0697) (—0.3969, 0.2487) (—0.0988, 0.0815)
Academic3 0.0272 0.0832 0.0430
(—0.0900, 0.1386) (—0.3484, 0.2977) (—0.0412, 0.1611)
gradtime 0.0088 0.0159 —0.0023
(—0.0103, 0.0257) (—0.0423, 0.0020) (—0.0176, 0.0100)
Jtime 0.0136 0.0328 0.0236
(0.0027, 0.0236) (0.0200, 0.0471) (0.0159, 0.0316)
size 0.0202 0.0478 0.0300
(0.0074, 0.0299) (0.0349, 0.0636) (0.0186, 0.0384)
majorm 0.0819 —0.0008 0.0266
(0.0099, 0.1611) (—0.0823, 0.0863) (—0.0305, 0.0.0883)
Subpro 0.1456 0.2243 0.1962
(0.0750, 0.2180) (0.1389, 0.3074) (0.1407, 0.2561)
Munici 0.1915 0.2374 0.2302
(0.0884, 0.2723) (0.1331, 0.3517) (0.1636, 0.3043)
region1 0.4056 0.4492 0.4306
(0.3124, 0.5472) (0.2538, 0.5859) (0.3369, 0.5126)
region2 0.1740 0.1987 0.1985
(0.0008, 0.3947) (—0.0803,0.4398) (0.0098, 0.3315)
region3 0.0478 0.1118 0.0700

(—0.0497,0.1998)

(—0.0807,0.2593)

(—0.0366,0.1481)

Notes: The variables are described the same as in Table 1. The 95% bootstrap confidence intervals for the coefficient
estimates are included in parentheses.

choosing to work at a sub-provincial city and east coast developed region, between
female and male graduates. There is a higher percentage of female graduate working
at municipalities and central west middle-developed regions than that of male
graduates. The average graduation time is 8.8 months and average time for working
experience is 9.2 months. It seems that some of the graduates have started working
before graduation.

4. Empirical result

In this section, we first show the results of the quantile regression, and provide evi-
dences for male-female pay gap. Then we decompose the gender log wage gap and
find the contribution of composition effect.

4.1. Quantile regression analysis

We estimate our models separately for three sub-samples of data: first a full sample
comprising both female and male university graduates, and then two disaggregated
sub-samples, female and male graduates, respectively. Table 2 reports the estimation
results of model (1) with 7 =0.5. The 95% bootstrap confidence intervals for the
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Figure 3. Coefficient estimates of Gender at different quantiles.

coefficient estimates are included in parentheses. If the confidence interval does not
include zero, it indicates that the variable is significant at 5% significance level.

The coefficient of Gender is significantly positive in quantile regression based on
full sample, which shows there exists gender pay gap and male has higher pay than
the counterpart female. Figure 3 further presents the estimates of the coefficient of
Gender on full sample for 0.01 < 7 <0.99, shedding some light on the magnitude of
the relationship between wage and gender over the log wage distribution. The area
between the two dot lines is the 95% bootstrap confidence band for the correspond-
ing coefficient estimates. If the zero line is outside the coefficient interval, it indicates
that the relationship between wage and gender is significant at 5% significance level.
The association is insignificant at the lower tail of the log wage distribution. The
empirical evidence reveals that wage and gender are significantly and positively
related above the 20% quantile of the log wage distribution, which indicates that
females earns significantly less than males. The positive relationship between wage
and gender increases over almost all the log wage distribution except the top
10% quantiles.

Other things being equal, graduates with higher indexac were more likely to have
higher earnings. There is some evidence that returns to work capacity are higher for
women from the median regression results shown in Table 2. In particular, for male
and female graduates, respectively, the coefficients of indexac are significantly positive
at different quantiles. Figure 4 further presents the estimates of the coefficient of
indexac for male and female graduates for 0.01 < 7 < 0.99, shedding some light on
the magnitude of the relationship between wage and work capacity index over the log
wage distribution. The area between the two dotted lines is the 95% bootstrap confi-
dence band for the corresponding coefficient estimates. If the zero line is outside con-
fidence interval, it indicates that the relationship between wage and work capacity
index is significant at the 5% significance level. It shows that wage and work capacity
index are significantly and positively related throughout the log wage distribution for
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Figure 4. Coefficients estimates of indexac of quantile regression based on male and female gradu-
ates samples, respectively.

male graduates. However, the association is insignificant at the top of the log wage
distribution for the female sample. The positive relationship between wage and work
capacity index decreases and then increases over the log wage distribution in male
sample, while the association seems to keep constant except at the bottom and top of
the distribution for female sample.

The relationship between human capital accumulation within college (reflected in
college academic achievement) and job-market outcomes in China is an open ques-
tion. Li and Zhang (2010) has shown that female’s advantage in college academic per-
formance helped to produce a surprising gender employment gap favouring female
graduates. However, in our analysis, three dummy variables describing college aca-
demic performance are insignificant. As we can see, the graduates with more experi-
ence have higher earnings for both the male and female samples. And whether job is
related to their subject major or not is a significant factor affecting the wage of male
graduates, but insignificant in the female graduate median wage determining func-
tion. The greater the enterprise size, the higher wage which female and male gradu-
ates can obtain, but the return to enterprise size is higher to male graduates. There is
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Figure 5. Estimated log wage of males, females and the counterfactual log wage of females at dif-
ferent quantiles.

significant difference in wages between the east coast developed region and east coast
middle-developed region for both female and male graduates. There exists significant
differences in wages between the central west developing region of China and the
east coast middle-developed region for male graduates, while the result does not hold
for female graduates.

4.2. Counterfactual decompositions

Following the procedure in Section 2, we then construct the counterfactual wage of
female graduates if they had the same distributions of characteristics as male gradu-
ates. The difference between the counterfactual wage and the actual wage of females
is then purely due to the differences in composition characteristics between males
and females.

Figure 5 plots the approximated log wage of both male and female graduates and
the counterfactual log wage of females at different quantiles. The log wage of male
graduates is above that of female graduates at all quantiles. The counterfactual log
wage of females is on top of the log wage of female graduates, and below the log
wage of male graduates over all of the log wage distribution, i.e. if the female gradu-
ates had the same endowment as male graduates, their wage would definitely increase
but would still be lower than the wage of male graduates in general.

Table 3 reports the detailed numerical results. Columns 2 and 3 give the observed
and estimated log wage at the nine deciles for male graduates, and columns 4 and 5
report the corresponding log wage for female graduates. Again, the estimated log
wage using our method is very close to the actual observed one, which proves the val-
idity of our method. Column 6 is the counterfactual log wage of female graduates,
and column 7 is the estimated log wage gap between male and female graduates. The
last two columns report the estimated composition effect as well as their contribu-
tions to the gender log wage gap. The contribution of composition effect ranges about
30-60% over the log wage distribution. As we can see, the composition effect explains
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Table 3. Decomposition results.

log wage Gap
log wage Decomposition
log wage of male log wage of female . Composition effect
Counter-  Estimated log
Estimated Estimated  factual log wage gap Gap Contribution
Quantile  observed (a) observed (b) wage () (d=a-b) (e=c-b) (e/d)
0.1 7.2442 7.2075 7.0901 7.0913 7.1634 0.1162 0.0721 60.07%
0.2 7.3778 7.4195 7.3132 7.3044 7.3712 0.1152 0.0668 58.00%
0.3 7.6009 7.5785 7.4955 7.4550 7.5101 0.1235 0.0551 44.61%
0.4 7.6009 7.7142 7.6009 7.5798 7.6325 0.1345 0.0528 39.24%
0.5 7.8240 7.8360 7.6009 7.6914 7.7461 0.1446 0.0547 37.80%
0.6 8.0064 7.9504 7.8240 7.8110 7.8623 0.1393 0.0512 36.78%
0.7 8.0064 8.0633 8.0064 7.9410 7.9879 0.1224 0.0470 38.38%
0.8 8.2940 8.2129 8.0064 8.0860 8.1297 0.1270 0.0438 34.47%
0.9 8.4118 8.4261 8.2941 8.2827 8.3264 0.1434 0.0437 30.46%

Notes: Data are from Chinese university 2007 survey of fresh graduates employment and capacity conducted by an
education research company MyCOS institute. The counterfactual log wage of female graduates is constructed if
they had the same distributions of characteristics as male graduates.

45-60% of the gender pay gap below 30% quantile of the log wage distribution. Right
after graduation, male and female graduates have almost identical labour income and
most of the gap is attributed to the difference in the endowment. Our results indicate
there is a higher explained portion from endowment in gender pay gap than previous
studies since we use higher educated sample and entry wage. Napari (2008) found
that only about 20-26% of the average early career gender wage gap in the Finnish
private sector is explained by gender differences in experience, the field of education,
employer characteristics using the Blinder-Oaxaca decomposition method.

Bishop, Luo, and Wang (2005) used data from the Chinese Household Income
Projects for the years 1988 and 1995, a standard earnings equation, and quantile
regressions to estimate and decompose the earnings gap, and then find that the unex-
plained share is 78.4, 67.2, 57.4, 55.1 and 59.9% in 1995, and 97.8, 57.2, 52.2, 58.6
and 60.3% in 1988, respectively, at the 10%, 25%, 50%, 75% and 90% quantiles. These
numbers indicate that the unexplained or ‘discrimination’ portion is largest in the
lower tail of the distribution, suggesting sticky floors. A similar pattern was docu-
mented in Zhang, Han, Liu, and Zhao (2008) based on Chinese Urban Household
Survey Data. Fang and Sakellariou (2011) also found that there is a case of sticky
floors in Thailand. However, Piazzalunga (2018) showed that the unexplained gap
increases along the wage distribution, indicating a glass ceiling effect using Italian col-
lege graduates. Christofides, Polycarpou, and Vrachimis (2013) also found evidence of
glass ceilings, suggesting more female disadvantage in better job. Figure 6 presents
the confidence bound for the contribution of composition effect and the pattern of a
glass ceiling effect is found in our analysis. Moreover, our decomposition results indi-
cate that the contribution of difference in rewards is quantitatively less important
than that of different covariates at the bottom of log wage distribution. More pre-
cisely, the characteristics effect accounts for 60% of the gender pay gap at the 10th
percentile and for 58% at the 20th percentile. Figure 6 shows that the confidence
band does not include zero over the log wage distribution, which reveals that the esti-
mated composition effect on gender pay gap is always significantly different from
zero, accounts about 30-60% of the gap on average. It means that the gender wage
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Figure 6. The contribution percentage (%) of composition effect to the gender wage gap at differ-
ent quantiles.

gap is mostly due to the difference in the endowment of human capital, which can
result from gender difference in risk aversion as Guo et al. (2016) stated. Especially at
the bottom quantiles, about 60% of the wage gap is almost due to the characteristics
effect. The quality of female graduates’ characteristics matters in wage determination
and gender wage gap since higher education expansion in China.

5. Robustness check

One might wish to compare the wage of male graduates with the counterfactual wage
of male graduates if they had the same characteristics as female graduates. One must
ensure, therefore, that, qualitatively, the conclusions drawn with one decomposition
are resilient to changes in the order of that decomposition. Following the procedure
in Section 2, we then construct the counterfactual log wage of male graduates if they
had the same endowment as female graduates. The difference between the actual log
wage of male and the counterfactual log wage is then purely due to the differences in
the endowment, and it is also the composition effect. Table 4 reports the detailed
numerical results. The first five columns are the same as those in Table 3. Column (f)
is the counterfactual log wage. The last two columns report the estimated compos-
ition effect as well as their contributions to the gender pay gaps. The composition
effect explains at most 60% of the gender pay gap, which is attained at the 10% quan-
tile of log wage distribution. It also indicates that the wage structure effect is largest
at the top tail of the distribution. And the contribution of difference in rewards is
quantitatively less important than that of different covariates at the bottom of log
wage distribution. It means that female graduates have almost the same rewards to
characteristics as their male counterparts and there is no strong gender discrimination
at the bottom of log wage distribution.

One major concern in the gender pay gap literature is self-selection in that the
probability of participating in labour force or being employed may depend on
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Table 4. Decomposition result.

log wage log wage Gap Decomposition
log wage of male log wage of female . Composition effect
Counter- Estimated

Estimated Estimated factual log log wage gap Gap Contribution
Quantile observed (a) observed (b) wage (f) (g =a—b) (h=a—f) (h/9)
0.1 7.2442 7.2075 7.0901 7.0913 7.1378 0.1162 0.0697 60.01%
0.2 73778 7.4195 7.3132 7.3044 7.3589 0.1152 0.0607 52.67%
0.3 7.6009 7.5785 7.4955 7.4550 7.5227 0.1235 0.0557 45.13%
0.4 7.6009 7.7142 7.6009 7.5798 7.6598 0.1345 0.0545 40.52%
0.5 7.8240 7.8360 7.6009 7.6914 7.7881 0.1446 0.0479 33.11%
0.6 8.0064 7.9504 7.8240 7.8110 7.9154 0.1393 0.0351 25.20%
0.7 8.0064 8.0633 8.0064 7.9410 8.0387 0.1224 0.0246 20.14%
0.8 8.2940 8.2129 8.0064 8.0860 8.1910 0.1270 0.0219 17.27%
0.9 84118 8.4261 8.2941 8.2827 8.4116 0.1434 0.0145 10.09%

Data are from Chinese university 2007 survey of new graduate’s employment and capacity conducted by an educa-
tion research company MyCOS institute. The counterfactual log wage of male graduates is constructed if they had
the same composition characteristics as female graduates.

unobservable that are different for male and female graduates. As Li and Zhang
(2010) discussed that though there are no official national statistics available, regional
statistics also suggest that the female graduates unemployment rate is not in fact
higher than that of corresponding males in Shanghai (2005), Beijing (2000-2002), or
Hainan (2005-2006). We therefore proceed without a selection correction procedure,
there is no selectivity bias without considering the unemployment rate difference
between male and female graduates.

6. Conclusion

A major transformation of Chinese higher education has taken place over the past
decades. China has reshaped its higher education sector from elite to mass education
with a rapid growth in the number of its graduates from less than 1 million a year in
2000 to some 6.3 million a year by 2010. This article aims to decompose the compos-
ition effect and wage structure effect of gender starting pay gap in Chinese university
graduates at every quantile. It means that the pay gap at every quantile is a result of
differences in gender characteristics, or the differences in returns to those characteris-
tics after the decomposition. Using Chinese university 2007 survey of new graduates
employment and capacity conducted by an education research company MyCOS
institute, we exploit a counterfactual decomposition analysis using quantile regression
to decompose the gender pay gap into one component that is based on differences in
characteristics and one component that is based on differences in coefficients across
the log wage distribution.

The counterfactual decomposition analysis has displayed a significant gender pay
gap over almost all the wage distribution. Although there are significant gender dif-
ferences in the determinants of wages from the quantile regressions, we found that
30-60% of the gender pay gap is attributed to the gender difference in the endow-
ment of human capital. We also find evidence of glass ceilings, suggesting more
female graduates have disadvantages in better jobs. The similar results are obtained in
robustness check. The two sample ¢ tests show that female graduates’ characteristics
are significantly different from their male counterparts, which strengthens the theory
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that composition effect may matter in the gender pay gap. Saygin (2019) supported
our findings that graduates™ characteristics, especially university attainment affect stu-
dents lifetime earnings. What’s more, gender pay gap may depend on the assessment
methods of university attainment.

This article examines the gender entry wage gap in Chinese university graduates
after higher education reform so it can contribute to the literature on gender pay gap
in higher education groups after higher education reform in a transition economy.
Our findings that the gap is mostly due to the difference in characteristics indicate
that female graduates have almost same rewards to characteristics as their male coun-
terparts and the quality of female graduates’ characteristics matters in gender pay gap
since higher education expansion in China. It is also shown the higher education
expansion and other labour market reform bring the gender equality in reward to
characteristics. In this article, we find that higher work capacity helps to produce
higher wage in the wage determination. Our findings will provide policymakers with
some implications on improving the quality of graduates’ characteristics such as work
capacity to reduce the gender pay gap.

There are several weaknesses of the study, which provide directions in which fur-
ther research might develop. Since the hourly wage is not available, we use the
monthly wage, which causes a little overestimation of the gender wage gap. In add-
ition, we only used a cross-sectional data from 2007 due to the unavailability of the
pooled cross-sectional data and more recent data. However, the labour market per-
formance of university graduates in 2007 is representative of those affected by the
policy of Chinese higher education expansion starting in 2000 and the latest data may
not be suitable because the more recent data will be affected by other policies, such
as the policy stimulating 2008 financial crisis. The further research can be conducted
based on hourly wage using pooled cross-sectional data with consideration of sample
selection correction.

Notes

1. MyCOS Data was established in 2006 and it uses complex and sophisticated data
collection and mining technologies to develop graduate employment and education quality
evaluation databases and consulting services for colleges and universities, governmental
education bureaus, and research institutions. The resulting survey data form the
foundation for China’s first nationwide college graduate employment database. It has
published Chinese College Graduates’ Employment Annual Reports since 2007.

2. By April 2012, China had a total of 2,138 higher education institutions.

3. Project 211 is a project of National Key Universities and colleges initiated in 1995 by the
Ministry of Education of China, with the intent of raising the research standards of high-
level universities and cultivating strategies for socio-economic development. The name for
the project comes from an abbreviation of the twenty-first century and 100 (approximate
number of participating universities). Today China has more than 118 higher education
institutions (about 6%) designated as Project 211 institutions that have met certain scientific,
technical, and human resources standards and offered advanced degree programs.

4. Chi and Li, (2014) found that the gender pay gap was larger when annual earnings were
used in the calculation, suggesting that the gender earnings gap is to some extent caused
by difference in the number of working hours. Research has also demonstrated that
women tend to invest less time in work because they shoulder a larger share of housework
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at home than men. This is true in both developing and developed countries (Cao & Chai,
2007). So the gender pay gap may be overestimated by using monthly earning. However,
the difference in the number of working hours between male and female graduates should
be pretty small because nearly none of them are married at the age and female does not
need to invest more time in housework.

5. The 35 dimensions of work ability include reading comprehension, active listening,
writing, effective oral communication, math’s solutions, scientific analysis, critical thinking,
active learning, learning method, performance monitoring, understanding others,
coordination arrangements, persuading others, negotiation skills, instructing others, service
to others, solving complex problems, new product ideas, technical design, equipment
selection, installed capacity, computer programming, quality control analysis, operation
monitoring, operation and control, equipment maintenance, troubleshooting, repair of
machinery and systems, systems analysis, system evaluation, judgement and decision-
making, time management, financial management, materials management and human
resource management.

6. A sub-provincial city in China is governed by a province, but is administered
independently in regard to economy and law. There are currently 15 sub-provincial cities
in China including Changchun, Chengdu, Dalian, Guangzhou, Hangzhou, Harbin, Jinan,
Nanjing, Ningbo, Qingdao, Shenyang, Shenzhen, Wuhan, Xiamen and Xi’an.

7. A municipality is the highest level classification for cities used by China. These cities have
the same rank as provinces, and form part of the first tier of administrative divisions of
China. Current Municipalities in China include Beijing, Tianjin, Shanghai and Chongging.
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