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Abstract In this paper, quantile regressions is used to estimate wage equations
of different ownerships. Quantile regressions give us distributions rather than a
single estimate of the returns both to education and experience in each ownership
sector. For state-owned enterprises (SOE), the returns to education tended to be
larger at the bottom of the conditional distribution of wages in 1991 and 1993, and
there was no such trend in 1997. For the private sector, however, the returns to
education tended to be larger at the top positions in 1993 and 1997. It is also found
that the growth rates of the wages at the bottom of the conditional distribution
of wages are higher than those at the top in SOEs. No such patterns for the private
sector is found. It is suggested the wage mechanism in the private sector is more
market-oriented.
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ownerships
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1 Introduction

We have no reason to believe that individuals with the same level of human
capital will have the same returns. Many factors matter as well. Among them are
individual ability, family backgrounds, labor market conditions, the quality of
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their human capital, etc. Despite this fact, until recently, the economics literature
paid more attention to the estimate of the average return to education rather than
the distribution. This article is among the efforts to shift our attention from the
average return to education to its distribution.

One alternative to obtain the distribution is to split the sample according
to some criteria. In particular, we can have sub-samples of different income levels
if we care more about the comparison between different income levels. For the
low income sample, for example, we can run the ordinary least squares (OLS)
regression using the bottom 10% sample. This practice, though common and
convenient, is somewhat arbitrary, because we don’t even know the determination
mechanism of income. One example will suffice for this point. A college graduate
(point B in Fig. A) seldom falls in the lowest 10% category of the whole sample,
but the probability of falling into the lowest 10% category of all college graduates
is much higher due to the low matching quality with his/her employer. A middle
school graduate may also fall into the lowest 10% category of all middle-school
graduates due to the same reason (point A in Fig. 1). The key point is that, although
A and B do not fall into the same category of the whole sample (the lowest 10%
for example), they do belong to the lowest 10% category within their group, and
most importantly, for the same reason. From this point, estimating the return rate
at different conditional distribution levels may be more meaningful than just
splitting the sample according to income.

Log of Wage

- = - 10%
/ 0%

% | 0%

Middle School  High School  College

Fig. 1 Splitting the sample and conditional distribution

Unfortunately, the relevant factors mentioned above are mostly unobservable,
and are almost invariably put into the error term. How can we obtain the distribu-
tion of return rates? Quantile regressions are a natural alternative for this purpose.
Intuitively, quantile regressions give estimates of the influence of independent
variables at different percentiles of the conditional income distribution, which
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is influenced by the unobservable factors such as individual ability, family
backgrounds and other labor market conditions.

In this paper, we use the data from the China Health and Nutrition Survey
(CHNYS) to estimate the wage determination of 1991, 1993, and 1997. The previ-
ous results from OLS using CHNS indicate that, the returns to education in terms
of wages are extremely low, especially in rural areas (see for example: Wei, 2004;
Chen and Xing, 2004). In this paper, however, we estimate the return rates of
human capital at different percentiles of the conditional income distribution for
both rural and urban areas.

Another feature distinguishing this article from others is that we take into
account the transitional characteristics of the Chinese labor market. In particular,
employees in different ownership sectors will have different wage determination
mechanisms. So we separate the sample into four categories, namely state-owned
enterprises (SOE), small collective enterprises (SCE), large collective enterprises
(LCE) and the private sector (PRI), and estimate their wage equations at different
percentiles.

We find that for SOEs, the returns to education tended to be larger at the bottom
of the conditional distribution of wages in 1991 and 1993, and there was no such
pattern in 1997. For the private sector, however, the returns tended to be larger at
the top of the conditional distribution of wages in 1993 and 1997. We also fit the
experience profiles of wages; the results of the SOE sub-sample indicate that the
growth rate is lower at the upper percentiles than at the lower ones. The case for
the private sector is reversed. Although the evidence is not quite strong, I argue
that the wage mechanism in the private sector is more market-oriented.

The next section gives a brief introduction of quantile regressions. Section 3
introduces the data and the model specification. The main empirical results are
shown in Section 4. Section 5 provides some discussions. Section 6 concludes the

paper.

2 Quantile regressions

The basic idea of quantile regressions were introduced into economics by
Koenker and Basset (1978). Like OLS, quantile regressions estimate how the con-
ditional distribution of the dependent variable is influenced by the independent
variable. What’s different is that, in classical linear regressions, we assume that
the conditional mean of the dependent variable is a linear function of x, which
means, in OLS, we fit a linear function of the conditional mean of y. While in
quantile regressions, taking median regression for example, what we want is
a linear function of x which is closest to the conditional median of y given x.
Conceptually, we can replace the conditional median with any percentile p, where
we call pth percentile quantile regressions.
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Quantile regressions have at least two advantages as follows. First, we can
analyze the relationship between y and x at different conditional positions of y.
For this article, the conditional position (given education and other covariates) is
determined by the other unobservables. Because education and these unobserv-
ables are probably complementary, we have no reason to believe that the return
rates of human capital are identical at different conditional positions. Quantile
regressions serve this purpose well. Meanwhile, we can detect heteroskedasticity
using quantile regressions. If the conditional distribution (variance in particular)
is correlated with explanatory variables, the coefficients at different percentiles
should be different (Koenker and Bassett, 1982). Second, quantile regressions are
less sensitive to the existence of outliers than OLS.

Quantile regressions are a natural extension of median regression. Median
regression minimized the absolute distance to the conditional median. Formally,
we estimate the coefficients by minimizing the following formula

Zlyl—xﬁl 2(05—1( xB)) (v — xiB) (1)

where x and y are the vectors of dependent and independent variables. The
indicator 1( V<X ﬁ) equals to 1 if y < x/f, and 0 otherwise. When we estimate
the pth percentile quantile regression, we can generalize (1) to have

ﬁ—argman( —1 yl<xﬁ))( = xi’ﬁ) 2)

Because of the advantages discussed above, quantile regressions are becoming
more and more widely used. The most notable are Buchinsky (1994, 1998).
Buchinsky (1994) used this technique to examine the changes in within-group
wage inequality measured by the difference between the conditional quantiles
from 1963 to 1987 in the US. Buchinsky (1998) analyzed the female labor force.
There are many other researches using this technique on various topics, for
example, Eide and Showalter’s (1999) research on intergenerational mobility of
income, Sakellariou (2004a, 2004b) on gender wage differentials in both the
Philippines and Singapore, Skoufias (2003) on the wage structure in transitional
Romania. Most notably, the literature using this technique in China is also
growing. See Ravallion and Jalan (1998), Knight and Song (2003) for example.

3 Data and model specification
3.1 Data

The data come from CHNS, conducted by an international team of experts on
nutrition, public health, economics, sociology, Chinese studies, and demography.
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The survey covered about 16,000 individuals from more than 3,000 households
in nine provinces including Liaoning, Heilongjiang, Jiangsu, Shandong, Henan,
Hubei, Hunan, Guangxi, and Guizhou, and these provinces varied greatly in terms
of geography and economic performance. In 1991, 1993, and 1997, the survey
covered 3600, 3400, and 3900 households, respectively, around two-thirds
of which were from rural areas. The information was collected at both the indi-
vidual and household levels; meanwhile the sampling methods guaranteed that
households of different income levels were represented.

Because we focus on wage determination, only wage earners are included. The
remaining sample is then divided according to the four subsets of the survey’s
ownership—state-owned enterprises (SOEs), small collective enterprises (SCEs),
large collective enterprises (LCEs), and the private sector (PRI). Whether a
collective enterprise is small or large mainly depends on the level of the govern-
ment it belongs to (the former is mainly at the town and village level, which we
can also call TVE, and the latter is mainly above the county level). The private
category needs more explanation. It consisted of “individual or private”, and
“joint venture” in 1991 and “family contract” and “three-capital or household
business” in 1993, while in it included three subcategories— ‘family contract”,
“private or individual” and “three-capital” in 1997. Although all the three waves
have the joint venture (or three capital) category and despite the fact that they may
have different wage determination mechanisms, we still put them in the private
sector because the sample is small.

For the following reasons, we estimate the wage equation of the rural and urban
sample separately. First, the rural and urban economies may have different owner-
ship structures. In urban areas, our sample indicates that above 60% of the wage
earners are employed in state enterprises and only about 10% in the private sector.
In contrast, only 40% of employees work in SOEs in rural areas, and about 20%
of employees work in the private sector. Second, the labor participation patterns
are different as well. In rural areas, only 30% of the labor force has wage income',
while in urban areas the participation rate in the wage sector is much higher.
Only using wage earners as our sample may cause sample selection bias, and by
estimating wage equations separately, the sample selection bias is not as serious a
problem for the urban sample at least. For rural areas, we use quantile regressions
straightly despite the potential sample selection bias. On the one hand, existing
literature has no consistent evidence of any severe sample selection bias (see for
example Wei, 2004; Chen and Xing, 2004). On the other hand, correcting sample
selection using quantile regressions is more complicated. Another thing that needs
to be mentioned is that, migrant workers are also included in the sample of rural

'Of course, this does not mean that they do not have labor supply.
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wage earners, because these individuals are also counted as family members as
long as they are financially linked with their rural households.

The wage data we use is the average monthly wage—bonuses and subsidies
excluded. We measure the education level with formal years of schooling. As for
years of schooling (also depicted in Fig. 1), several points need to be mentioned.
First, the education level was the highest in SOEs through 1991 to 1997. Taking
1991 as an example, the descending sequence was SOEs, LCEs, SCEs, and
PRI in rural regions, with the average education levels being 9.4, 8.4, 7.7, and
7.1 years. The case of urban areas was somewhat different, with SCEs and
PRI reversing their positions after 1991. Second, except for the SCE sector, educa-
tion levels in all the sectors are higher in urban areas than in rural areas. Third,
education levels increase in all the sectors during this period.

We also calculate the proportion of the labor force with more than 12 years of
schooling in rural and urban areas and in different ownerships. As depicted in part
A of Table 2, in 1991 and 1993, only 30% of employees had more than 12 years
of schooling in rural areas, while in urban areas, the proportion was 15% higher
during the same period. As for different ownerships, around 50% of the labor force
in SOEs had more than 12 years of schooling in 1991 and 1993, while in SCEs,
LCEs and the private sector, the proportions were around 22%—25%, 27%—28%,
and 19%—23%, respectively. It is also obvious that, from 1993 to 1997, the overall
education level increased significantly in all the ownerships, but the different
patterns between different ownerships and between rural and urban areas remained
the same.

Although public sectors, especially SOEs, are at an advantage in terms of
human capital level, their wage levels are low compared to the private sector (part
B in Table 1). We also explore the wage distribution of different ownerships using
Lorenz Curve (Fig. 2). In 1991, the Lorenz Curves of urban SOE and LCE sectors
almost coincide, and are closest to the diagonal line, which means that the wage
distributions were less dispersed in these two sectors at that time. The Lorenz
Curve of the urban private sector is more convex and hence indicating more
dispersion. The case in rural areas is similar. In 1997, the Lorenz Curves of SOE
and LCE are still closest to the diagonal line in urban areas, with LCE was closer
than SOE this time. In rural regions, however, the private and LCE sectors have
the most convex curves. Generally speaking, wage distributions in the private
sector are more dispersed than those in SOEs.

3.2 Model specification
The basic model we estimate is a Mincer (1974) Equation

ln(wagesi) = OCSO + ﬁledusi + ﬁsZExprsi + ﬁs3Expr2'si + usi ° (3)



120 XING Chunbing

Table 1 Summary statistics (yeas of schooling and wage in different ownerships)

A: years of schooling B: wage (Yuan/Month)
Mean S.E. Obs Mean S.E. Obs
1991 Urban SOE 10.0 3.5 1045 108.9 40.7 1045
SCE 7.7 35 176 140.7 101.5 176
LCE 8.4 32 252 103.7 46.2 252
PRI 8.0 32 97 2259 191.6 97
Rural SOE 9.4 3.0 661 102.1 65.8 661
SCE 7.6 3.1 419 121.6 89.2 419
LCE 8.3 2.8 261 102.4 71.6 262
PRI 7.1 3.0 346 164.2 135.6 346
1993 Urban SOE 9.9 3.7 866 161.7 170.3 866
SCE 7.7 3.5 147 209.1 113.7 147
LCE 7.9 3.1 199 173.0 181.7 200
PRI 7.8 3.4 110 572.4 1369.3 110
Rural SOE 9.0 3.0 553 169.9 596.3 554
SCE 7.5 3.0 390 193.8 509.6 390
LCE 8.3 2.5 284 155.9 103.5 284
PRI 6.9 2.9 336 270.2 559.0 336
1997 Urban SOE 10.9 3.0 801 412.0 191.7 806
SCE 8.2 3.4 169 416.8 281.7 170
LCE 9.6 2.8 196 373.5 146.7 196
PRI 8.7 33 179 669.6 897.4 181
Rural SOE 10.3 2.6 552 388.4 450.6 557
SCE 8.2 2.8 313 419.9 3134 316
LCE 9.1 2.7 163 521.3 851.8 164
PRI 7.7 3.0 517 615.0 848.4 518

where s = 1,2,3,4 represent SOE, SCE, LCE, and PRI, respectively. i refers to the
ith observation; Edu stands for education, and we use the years of formal school
education as its measurement. Expr and Expr2 stands for experience and experi-
ence square, where Expr = age-Edu-6 according to Mincer (1974). In(wage,;)
is the natural log of the wages of the ith observation. Under this model specifica-
tion, with one more year of formal schooling, the individual wage increases by
100 * B, %, experience level being equal.

We also estimated the extended Mincer Equation by adding more controls,
including gender, province and occupation. (in the Appendix, Table A1 shows
various occupations and their labor shares in all the wage earners.)

hl(wagesi) = OCSO + ﬁledusi + ﬂs2Expr.'yi + ﬂsSExprzsi + VsXsi + usi (4)
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Fig. 2 Lorenz Curve of wage distribution
Note: UNIT 1, UNIT_ 2, UNIT 3, and UNIT 4 stands for SOE, SCE, LCE, and PRI
respectively.

4 Empirical results
4.1 Returns to education
4.1.1 Basic Mincer Equations

First, let’s look at the basic results. Table 3 reports the OLS and quantile regres-
sions estimates of returns to education for both rural and urban areas in 1991.
Besides, we run regressions for different ownerships separately. In urban areas,
the OLS estimate indicates that, one more year of schooling is associated with
1.6% increase in average monthly wages, others being equal. Using quantile
regressions, the returns are 3.7%, 3.3%, 2.3%, 1.4% and —0.7% respectively at the
10th, 25th, 50th, 75th, and 90th percentiles, with only the 90th percentile estimate
insignificant. This indicates that returns at the lower percentiles are higher than
the average level (OLS estimates), while for those at the higher percentiles, the
opposite is true.

Because the vast majority of the employees are in SOEs, it is possible that the
above pattern of returns may just reflect the characteristics of the SOE sector.
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Table 2 Proportion of labor Force with 12+ years of schooling (%)
A B
urban rural SOE SCE LCE PRI
1991 45.0 29.6 48.8 25.0 27.0 19.2
1993 45.6 29.7 50.1 222 27.9 229
1997 58.9 41.7 63.6 36.0 46.1 339

Note: Labor force with more than 12 years of schooling probably includes high school graduate,
college/university graduates and technical school graduates as well.

Table 3 Coefficient of education in 1991, dependent variable = log of wages

Obs. OLS Quantile
10% 25% 50% 75% 90%
URBAN

ALL 1591  0.0157*** 0.0369***  (0.0327*** (0.0233*** (.0141%** -0.007
(0.0031) (0.0035) (0.0022) (0.0027) (0.0048) (0.0079)

SOE 1044 0.0270*** 0.0399***  (0.0359*** (.0268*** (0.0222%** (.0178***
(0.0027) (0.0042) (0.0026) (0.0026) (0.0045) (0.0059)

SCE 176 0.0083 0.0027 0.0074 0.0095 0.0024 0.0195
(0.0168) (0.0352) (0.01006) (0.0213) (0.0366) (0.0317)

LCE 252 0.0104 0.0284 0.0258***  (0.0202*** 0.0166 0.002
(0.0085) (0.0183) (0.0081) (0.0053) (0.0104) (0.0228)

PRI 97 0.0430* 0.0339 0.0281 0.0456 0.0265 0.0477
(0.0239) (0.0432) (0.0336) (0.0399) (0.0263) (0.0484)

RURAL

ALL 1779 0.0004 0.0272%**  0.0190***  0.0107** —0.0157*** —0.0237**
(0.0050) (0.0075) (0.0034) (0.0045) (0.0056) (0.0102)

SOE 659  0.0204*** (0.0375%**  (0.0298*** (0.026]1*** 0.0083 0.0057
(0.0052) (0.0073) (0.0041) (0.0037) (0.0061) (0.0142)

SCE 419 0.0204* 0.0293* 0.002 0.0171 0.0192%** 0.0061
(0.0109) (0.0160) (0.0185) (0.0130) (0.0097) (0.0186)

LCE 261 0.0171 0.0212 0.0046 0.0123 0.0007 -0.008
(0.0122) (0.0316) (0.0099) (0.0079) (0.0189) (0.0317)

PRI 345 0.0106 0.0034 —0.0005 0.0103 0.0157 0.0148
(0.0155) (0.0513) (0.0212) (0.0159) (0.0154) (0.0356)

Note: (1) experience and experience square are also controlled. (2) ***, ** and * are significant
at the 1%, 5%, and 10% levels respectively. Standard errors in (). (3) Standard errors obtained
using 100 bootstraps.

As the results show, the OLS estimate is 2.7%, and the quantile estimates at the
10th, 25th, 50th, 75th, and 90th percentiles are 4%, 3.6%, 2.7%, 2.2%, and 1.8%,
respectively (all are significant at 1% level). The returns increase from the bottom
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to the top of the conditional distribution of wages. The results of the other owner-
ship sectors are mostly insignificant, with only the 25th, and 50th percentile
returns in the LCE sector being significant at the 1% level.

The case is similar for rural areas. As in most existing literature using CHNS,
the OLS estimates of returns to education are around zero and insignificant. The
results of quantile regressions are of more interest. Returns to education are 2.7%
and 1.9% at the 10th, and 25th percentiles, while at the 75th and 90th percentiles,
the returns are negative. Next, we consider the different ownerships separately.
The average return in SOEs is 2.0%, while the quantile regressions indicates that
those at the lower percentiles are about 3%—4%, and those at the higher percentile
are insignificant. Also similar to urban areas, the return rates of the other sectors
are all insignificant except for the OLS result and that one at the 75th percentile
of the LCE sector.

Table 4 is the counterpart of 1997. In urban areas, the average return is 1.9%,
and in quantile regressions, the return is below 1% and insignificant in the 10th
percentile, while in the 50th, 75th, and 90th percentiles, the returns are all above
2%. This pattern is different from the one we obtained from the 1991 data. We also
have the results of the different ownerships. For SOEs, the average return is 2%,
while the results from quantile regressions at the five ascending percentiles are
2.3%, 0.5%, 1.8%, 3.2%, and 2.8%, respectively; for SCEs, only the return at the
75th percentile is significant (3.7%). For LCEs, the average return is 4.3%, and
the quantile regression estimates at the 25th, 50th, and 75th percentiles are 5.3%,
4.5%, and 5.3%, respectively, while those at the 10th, and 90th percentiles are not
significant. The most notable is that, the average return in the private sector is
6.6%, much higher than those of the public sectors. The quantile regressions
estimates are also as high as 7.8%, 7.1%, 5.9%, and 9.4% at the 25th, 50th, 75th,
and 90th percentiles, respectively.

Next, we consider rural areas. First in the private sector, the average return is
about 5.1%, what is more, all the quantile regressions are significant. Especially,
those at the 75th and 90th percentiles are 7.4% and 9%, both significant at the 1%
level. One thing that needs emphasizing is that, although the returns in both rural
and urban areas are higher in the private sector than in the other ownerships, it is
only in rural areas, that the returns are higher at the upper percentiles. Putting the
results of 1991 and 1997 together, two points need to be mentioned. First, both in
rural and urban areas, the returns to education in the private sector were higher in
1997 than in 1991. Second, the average return in urban SOEs was higher in 1991
than in 1997. But the quantile regressions show that returns at the upper percen-
tiles were higher in 1997 than in 1991, and the opposite was true for the results
at the lower percentiles. This may be caused by the change of the wage determina-
tion mechanism in different ownerships, and may also be due to labor mobility
caused by ownership restructuring during this period (Xing, 2005). As for the



124 XING Chunbing

Table 4 Coefficients of education in 1997, dependent variable = log of wages
Obs. OLS Quantile
10% 25% 50% 75% 90%
URBAN

ALL 1406 0.0185%%*  0.0084  0.0120** 0.0210%** 0.0262***  0.0205*
(0.0049)  (0.0066)  (0.0052)  (0.0043)  (0.0047)  (0.0115)
SOE 800 0.0198*%* 0.0230***  0.005  0.0175%% 0.0315%%% (.0277%%*
(0.0057)  (0.0086)  (0.0065)  (0.0068)  (0.0056)  (0.0092)
SCE 169 00184  —0.0078 0.0224 0.0155  0.0373%* 0.043
(0.0144)  (0.0349)  (0.0205)  (0.0175)  (0.0178)  (0.0281)
LCE 196 0.0431%%* 00401  0.0529%%* 0.0451%%*% 0.0527*%*  0.0222
(0.0123)  (0.0384)  (0.0134)  (0.0166)  (0.0121)  (0.0248)
PRI 179 0.0664%*%* 00488  0.0783%** (.0705%* 0.0592%%*  0.0941
(0.0200)  (0.0317)  (0.0209)  (0.0291)  (0.0201)  (0.0676)

RURAL

ALL 1608  0.0015  -0.0112  -0.0024  —0.0016  —0.0013 0.0012
(0.0061)  (0.0082)  (0.0044)  (0.0047)  (0.0083)  (0.0121)
SOE 547  0.0176%*  0.0232* 0.0021 0.0108  0.0225%*  0.0124
(0.0089)  (0.0123)  (0.0122)  (0.0100)  (0.0110)  (0.0167)

SCE 313  -0.0097 -0.0468  -0.0176  0.0122 0.0107 0.011
(0.0158)  (0.0467)  (0.0269)  (0.0150)  (0.0284)  (0.0239)
LCE 162 00128  —0.0007 0.0162 0.0332 0.0024 0.0007

(0.0233)  (0.0410)  (0.0299)  (0.0233)  (0.0471)  (0.0554)
PRI 516 0.0510%%* 0.0381%*  0.0208%* 0.0519%%* (.0738%* (.0903%**
(0.0120)  (0.0185)  (0.0082)  (0.0126)  (0.0105)  (0.0171)

Note: (1) experience and experience square are also controlled. (2) ***, ** and * are significant
at the 1%, 5%, and 10% levels respectively. Standard errors in (). (3) Standard errors obtained
using 100 bootstraps.

overall variations of the quantile regressions, it may be caused by many other
factors, among which, some can be controlled, such as occupation, region, and
other individual characteristics. Next, we control them, and see whether the
patterns change.

4.1.2 Adding more controls

Compared with the above results, the returns after adding more controls to the
variables decreased in most of the cases, which indicates that these factors are
related to education levels.? Particularly, in 1997, the return rates were around zero
and were insignificant in SOEs, except for the median result in rural areas. This

2The coefficients of the controls are not reported.
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may be caused by the facts that inter-occupation differences are a major source of
wage differentials, and that individuals with more education choose occupations
with higher wages. Once the occupation is controlled, the coefficient of education
decreases and even becomes insignificant. As for the private sector, after control-
ling for occupation and regions, the coefficients of education also decrease or
become insignificant in some cases. Generally speaking, however, education
remains a significant factor in wage determination in the private sector, especially
in rural areas.

Despite all these changes, the distribution patterns of education coefficients
after controlling more variables are still familiar with the ones we have with the
basic Mincer Equation. First, in 1991, the returns to education in SOEs decreased
from the upper percentiles to the lower ones, and this was true for both rural and
urban areas. In the rural area, the return rates at the 10th, 25th, 50th, 75th, and 90th
percentiles were 3.1%, 2.8%, 2.4, 1.3%, and 1.1%, respectively, with the average
rate being 2.1%. Second, in 1997, returns to education in private sectors increased
significantly. In urban areas, although the average rate was insignificant, the
return at the 75th percentile was 5.7% and significant. In rural areas, the average
rate was 3.4%, and those at the 75th and 90th percentiles were 5.3% and 6.1%,
respectively. We will offer some possible explanations for these patterns in
Section 5.

4.2 Experience profiles of wages

Although the experience profiles of wages are very important in its own right, and
helpful to us in understanding the wage structure and labor mobility, they are
attracting much less attention than the returns to education in China. In this article,
we fit the experience profiles of wages (and hereafter called experience profile)
using the estimates from the quantile regressions and OLS, where gender, region
and occupation dummies are controlled for.?

We fit the experience profiles using the results of OLS and the quantile regres-
sions at the 10th and 90th percentiles (Fig. 3). We only show the results of urban
areas in 1991 and 1997 here and put the other results in the Appendix. Two points
need to be mentioned. First, the experience profile from the 10th percentile quan-
tile regression is above the one from the 90th percentile quantile regression, while
the OLS one is just between them. This implicates that, individuals at the bottom
of the conditional distribution of wages have a higher wage growth than the
average level, and the opposite is true for those at the top. The results of the rural
sample in 1991 and 1997, and both rural and urban results in 1993 show the simi-
lar pattern (see Fig. Al in the Appendix). Second, the experience profiles of 1997

3To save space, the coefficients of experience and experience square are not reported.
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Fig. 3 Experience profiles in urban area: OLS and quantile regressions
Note: “Yearl” and “Year3” represent 1991 and 1997. Both panel A and B are using urban
samples. The bolder solid line is fitted from the OLS results, and the solid light line and
the dashed line are fitted using the quantile regression results at the 10th and the 90th
percentiles. The results for year 1993, and the rural results for 1991 and 1997 are shown in
Fig. A1l in the Appendix.

are more concave than those of 1991. Specifically, individuals with 20-30 years
of experience had the highest levels of wages in 1997, while we have no peak
wage levels except for those with the highest level of experience in 1991. The
results of 1991 implicate a more rigid wage determination mechanism.

Just as what we do when estimating returns to education, we also fit the experi-
ence profiles for different ownerships (Fig. 4). Panel A and C are for SOEs. They
look very familiar with what we have in Fig. 3, and these results are expected,
because labor shares in SOEs are as high as 60% of the total labor force in urban
areas. In the private sector, however, the opposite is true: the experience profile
from the 10th percentile quantile regression is below the OLS one, and the OLS
one below the one from the 90th percentile quantile regression. These results
indicate that, individuals located at the lower bottom of the conditional distribu-
tion of wages tend to have lower wage growth rates. All the above results
implicate that, splitting the sample according to the ownership is necessary and
rewarding. Not only the return to education is higher in SOEs than in the private
sector, but also the patterns of return distribution and experience profiles are
different among different ownerships.*

5 Related literature

More and more researchers are using the technique of quantile regressions to
estimate the returns to education in China (see Bishop, et al., 2005: Knight and
Song, 2003 for example). The results with respect to returns to education in these

4The rural results for 1991 and 1997, and all the results for 1993 are not reported in this
article.
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Fig. 4 Experience profiles of different ownerships in urban area
Note: “Year1” and “Year3” represent 1991 and 1997; Unitl and Unit4 represent SOE and
PRI. Panel A, B, C, and D are fitted using urban samples. The bolder solid line is fitted
from the OLS results, and the solid light line and the dashed line are fitted using the quan-
tile regression results at the 10th and the 90th percentiles. The results for public sectors,
the results of year 1993, and the rural results for 1991 and 1997 are not reported.

studies (mainly of urban areas) are extremely consistent: the returns tend to
decrease from the higher percentiles to the lower ones.’ These results are also
similar to what we obtain for the whole urban samples and the samples of the
SOEs in 1991 and 1993, but they are not supported by the results of 1997. What
distinguishes our research from others is that we estimate wage equations of
different ownerships both in rural and urban areas. With the enlargement of the
sample of the private sector, this practice becomes possible, especially in 1997.

The results of 1997 indicate that this practice is meaningful. The difference
between the private sector and the public sector is obvious. Not only are the return
rates of the private sector higher than those of the public sector, but also the
distribution patterns are different. In particular, the returns to education are higher
at the higher percentiles.

SBishop et al. (2005) find that the returns to education are 0.0377 and 0.0273, respectively at the
10th and 90th percentiles for urban males, and 0.0534 and 0.0434 for urban females, using the
data set collected by the Chinese Academy of Social Sciences, which is well known as CHIP.
Knight and Song, (2003), using the same data set, find that the return to college (illiterate as
reference) are 0.171 and 0.075 at the 12.5th and 87.5th percentiles in 1988, and 0.658 and 0.383
in 1995.
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Fig.5 OLS experience profiles in urban areas, 1991 and 1997
Note: “Year1” and “Year3” represent 1991 and 1997. The results of year 1993, and of the
rural results for 1991 and 1997 are not reported.

The literature on China’s returns to education is also growing rapidly, and
before proceeding further, it is worthwhile to compare our OLS estimate of the
returns to education with the others. Both our results and the others indicate that
the returns to education in China were lower than those in the other countries in
the early 1990s and have been increasing ever since (Psacholopoulos, 1994; and
Zhang, et al., 2005 for example). Many attribute this trend to the transitional fea-
ture of China’s labor market. Our results and many others® indicate that the labor
market can be described more in detail by analyzing different ownerships sepa-
rately. Especially in the late 1990s (1997 in our article), the returns to education
in the private sector are higher than other sectors. The return rates in this article,
however, are lower than many other researches.” There are two reasons for this.
First, the samples are different. Taking Zhang, et al. (2005) for example, their
sample comes from Beijing, Liaoning, Zhejiang, Sichuan, Guangdong, and
Sha’anxi, and these provinces are relatively more representative of the richer
provinces than those in CHNS. Second, the measurements of income are different.
In the data we use CHNS, bonuses and subsidies are excluded from wages. The
income data of many other studies, however, are more inclusive.® The differences
in income or wage measurements are important when we compare our results with
others.

Finally, it is also worthwhile to compare the OLS experience profiles among
different ownerships and different years. In 1991, the experience profiles of the

¢For example, Chen, et al. (2005), Xing (2005), Lai (1998, 2001), Dong and Bowles (2002) and
Zhao (2001, 2002) etc.

"for urban areas, see Appleton, et al. 2005, and Zhang, et al. 2005, the latter also gives a brief
survey, and for rural areas, see deBrauw, et al. 2002

8Taking the urban household survey for example, the wage income in CHIP1995 includes
bonuses, subsidies and some other items besides basic wages. (Li and Sato, 2006); in the UHS
data Zhang, et al. (2005) use, wage income includes not only the basic wage but also bonuses,
subsidies and other labor income.
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Table 5 Coefficients of education (adding controls), dependent variable = log of wages
Obs. OLS Quantile
10% 25% 50% 75% 90%
1991 URBAN
ALL 1584 0.0139*%** (.0235%**  0.0253*** (0.0191*** 0.0135%* 0.0039
(0.0037)  (0.0043) (0.0030)  (0.0028)  (0.0053) (0.0072)
SOE 1044 0.0158*** 0.0217***  0.0218*** 0.0194*** 0.0144***  (0.0142%*
(0.0034)  (0.0040) (0.0031)  (0.0027)  (0.0052) (0.0069)
SCE 176 0.0158 —0.0267 0.0113 0.0049 0.0045 0.0371
(0.0152)  (0.0196) (0.0288)  (0.0256)  (0.0355) (0.0377)
LCE 252 0.0139 0.0419%* 0.0274%*  0.0210** 0.0142 0.0091
(0.0088)  (0.0164) (0.0122)  (0.0101)  (0.0128) (0.0329)
PRI 97 0.0505* 0.0382 —0.0042 0.0369 0.0345 0.0455
(0.0299)  (0.6599) (0.0140)  (0.1000)  (0.2591) (0.6994)
1991 RURAL
ALL 1771  -0.0007 0.0109* 0.0081 0.0009 —0.0089 —0.0084
(0.0055)  (0.0056) (0.0050)  (0.0052)  (0.0073) (0.0109)
SOE 659  0.0213*** 0.0308***  0.0275%** 0.0244***  0.0125* 0.0111
(0.0061)  (0.0083) (0.0053)  (0.0051)  (0.0070) (0.0112)
SCE 419 0.0069 0.0406* 0.0065 —-0.0007 —-0.0171 0.0074
(0.0111) (0.0214) (0.0112)  (0.0081)  (0.0147) (0.0250)
LCE 261 0.0034 0.0057 —-0.0039 —-0.0013 0.0044 —0.0075
(0.0123)  (0.0359) (0.0133)  (0.0128)  (0.0177) (0.0372)
PRI 345 -0.0122 —-0.0135 0.0015 —-0.0004 —-0.0031 -0.0144
(0.0158)  (0.0466) (0.0259)  (0.0122)  (0.0224) (0.0357)
1997 URBAN
ALL 1373 0.0051 —-0.0013 0.007 0.0095%  0.0148%** 0.011
(0.0057)  (0.0086) (0.0069)  (0.0055)  (0.0058) (0.0101)
SOE 791 0.0034 —0.0015 —0.0053 0.0037 0.0081 0.0137
(0.0067)  (0.0086) (0.0109)  (0.0057)  (0.0050) (0.0102)
SCE 165 0.0033 0.0049 —-0.0138 —-0.0016 0.0323 0.0452
(0.0175)  (0.0693) (0.0442)  (0.0056)  (0.0280) (0.0445)
LCE 193 0.0323**  —0.0027 0.0366  0.0314***  0.0278 0.0322%**
(0.0144)  (0.0279) (0.0427)  (0.0090)  (0.0175) (0.0123)
PRI 178 0.0236 0.0124 0.0134 0.0389 0.0570%** 0.033
(0.0195)  (0.0623) (0.0217)  (0.0316)  (0.0235) (0.0278)
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Table 5 (Continued)

Obs. OLS Quantile
10% 25% 50% 75% 90%

1997 RURAL
ALL 1588  0.0127* 0.0113 0.0121 0.0039 0.0170** 0.0195*

(0.0068) (0.0107) (0.0077) (0.0050) (0.0074) (0.0116)
SOE 541 0.0142 0.0335 0.0099 0.0159** 0.0127 0.009

(0.0101) (0.0209) (0.0132) (0.0071) (0.0129) (0.0177)
SCE 312 —-0.004 —-0.0373 —0.0085 0.0063 0.0135 0.0007

(0.0172) (0.0324) (0.0224) (0.0183) (0.0099) (0.0254)
LCE 160 —-0.0022 0.0276 -0.0137 0.0103 0.0142 —-0.02

(0.0263) (0.1254) (0.0338) (0.0251) (0.0359) (0.0852)
PRI 515 0.0337***  0.0123 0.0092 0.0271%*  0.0527***  0.0609***

(0.0120)  (0.0181)  (0.0093)  (0.0108)  (0.0128)  (0.0185)

Note: (1) experience, experience square, gender, occupation dummies and province dummies
are also controlled. (2) ***, ** and * are significant at the 1%, 5%, and 10% levels respec-
tively. Standard errors are in parentheses. (3) Standard errors obtained using 100 bootstraps.

SOE and LCE are more like a straight line, while in the private sector and the SCE,
the experience profiles are more concave. These results do indicate the differ-
ences in the wage determination mechanisms of different ownerships. In 1997, the
experience profile of the SOE becomes more concave, which means that the wage
structure changes within the SOE sector. That of the LCE, however, remains
straight.

6 Explaining the results

We first summarize our results from quantile regressions as follows. First for the
SOE sector, the return to education was higher at the lower percentiles in the
early 1990s (1991 and 1993, but not 1997). Second for the private sector,
the return rate is higher at the upper percentiles. It’s worth noting that, although
the pattern for the private sector is at odds with many other researches on China,
it is similar to Buchinsky’s (1994) results. Third, the experience profiles indicate
that individuals at the lower conditional position have higher growth rates on
average in SOESs, and the opposite is true for the private sector. As we’ll show, the
experience profile patterns and patterns of returns to education are interrelated to
each other.

6.1 Possible explanations for the results of the private sector

The fundamental reason that we have different results at different percentiles is
that, the conditional distributions of the error term in the model are correlated
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with the independent variables and/or their functions. So the starting point to
understand the patterns summarized above is to identify what kinds of omitting
variables (which we put in the error term) are possibly correlated with education
and experience.

6.2 Family background and ability

Ability is perhaps the most extensively studied omitting variable in the literature.
Given education level, individuals with higher ability will have higher wages and
hence are at the upper percentiles of the conditional distribution. If ability and
education are complementary, which is probably true and means that the same
amount of education can bring more compensation for individuals with high
ability, their reward for education tends to be at the upper percentiles of the con-
ditional distribution. This argument is consistent with results of the private sector
in 1997. We conjecture that with the development of the labor market, ability and
education will have higher returns, especially in the private sector.

The same arguments can be applied to family background which is also omitted
in our regressions. Existing researches do indicate that family background is
important for an individual’s job opportunities. Laborers from rich families tend
to have better jobs and higher wages, which in turn makes their human capital
better utilized (family background and education are complementary). This impli-
cates that, not only individuals from rich families are at the upper percentiles but
they also have higher returns to education. Besides, family background is also
positively correlated with education quality.

6.3 Matching quality and technology heterogeneity

Another set of omitting variables is related to job characteristics. The first is the
matching quality between individuals and their employers. The returns to educa-
tion tend to be higher for those with higher matching quality, because their human
capital can be more efficiently utilized and one more year of education is associ-
ated with higher returns. The effects of matching quality can also be indirect.
Individuals with higher matching quality tend to invest more in specific human
capital (Jovanovic, 1979), and this may help education to have higher returns. This
indirect mechanism can also help to explain the experience profile patterns in the
private sector. If individuals with higher matching quality tend to invest more in
specific human capital, their wages should also increase faster. The investment
incentive decreases as they age.

The second is technology heterogeneity. It’s possible that one more year of
education is associated with higher returns if individuals are employed in the
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high-tech sector. It is also believed that employees in the high-tech sector tend
to have steeper experience profiles, because employers want to use this kind of
compensation strategy either to discourage labor turnover or avoid shirking.’

It’s worth noting that, although matching quality and technology heterogeneity
interpretation have rather different assumptions, their prediction as to return
differentials and experience profile patterns are surprisingly consistent with our
empirical results for the private sector (for experience profiles see Table B and D
in Fig. 4).

7 Possible explanations for the results of SOEs'®

It seems more difficult to explain the results of SOEs. Why do the individuals at
the upper percentiles have lower returns to human capital? One possible explana-
tion is that those at the upper percentiles are facing more rigid wage determination
mechanisms or that their human capital is not compensated explicitly in wages.
Those at the lower percentiles, however, are not. As a consequence, the wage
dispersion is lower for those with higher education. This heteroskedasticity makes
the returns different at different percentiles. The above conjecture is supported
by the pattern of experience profiles. In 1991, the experience profile at the 90th
percentile is almost straight, which is in lively contrast with the predictions of
economic theories mentioned above.

8 What can we learn from quantile regressions

Although none of the above interpretations are conclusive, the results of quantile
regressions in different years and different ownerships have already given us a
more interesting and detailed picture with respect to wage determination in the
transitional China. As for returns to education, most existing researches using the
OLS method found that the return rates are relatively low, especially in rural areas.
With quantile regressions we have a more precise description. In 1997, for
example, the returns to education were 5.7% (significant at the 5% level) and
5.3% (significant at the % level) in urban and rural areas at the 75th percentiles,
higher than the OLS method estimate. Comparing the results for the private sector
and those for the SOE sector is most invoking, with the former being more
consistent with existing theories while the latter is not.

?Lazear (1981), Munasinghe (2000), and Meng (1996).
10We focus on the results of year 1991.
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9 Conclusion

In this paper, I use quantile regressions to estimate wage equations of different
ownerships. Quantile regressions give us distributions rather than a single esti-
mate of the returns both to education and experience in each ownership sector. For
SOEs, the returns to education tended to be larger at the bottom of the conditional
distribution of wages in 1991 and 1993, and there was no such pattern in 1997. For
the private sector, however, the returns to education tended to be larger at the top
of the conditional distribution of wages in 1993 and 1997. I also find that wages
increase faster at the bottom of the conditional distribution of wages than at the
top in SOEs, which I do not find in the private sector.

We provide some possible explanations for the above results. I argue that the
wage mechanism in the private sector is more market-oriented; at least, the
patterns of returns to education and for experience profiles are consistent with the
predictions of some theories emphasizing matching quality, technology heteroge-
neity, family background and ability, etc. On the contrary, the results of SOEs are
not consistent with these explanations, and are more associated with rigid wage
determination. This is what we want to emphasize, returns to education in differ-
ent ownerships and different years is closely related to the characteristics of the
economic transition and development. Our results indicate that our labor markets
are segmented, not only because magnitudes of return rates are different but also
because the distribution patterns are different. Our results also indicate that returns
to education may be closely related to the development of the labor market.

Of course, this article does have shortcomings. First, we don’t make any effort
to identify the causal relations between education and wage income. But I do
believe that the quantile regression results are valuable. On the one hand, they
give a more detailed description, and on the other hand, the results are invoking.
Second, the explanations we provide in this article are just suggestive. Although
they are consistent with our results, that does not mean they are the true stories or
do not need more investigation.

Another shortcoming is that we just use the sample with wage information and
we do not correct any sample selection problem. If wage and non-wage samples
are systematically different, our estimates may be inconsistent, especially for rural
areas. What’s more, those wage earners are not randomly allocated into different
ownerships. The estimates of returns to human capital for different ownerships
may also be inconsistent. But we leave this for future research.!!

1T Although some researches address the sample selection issue, the evidence is mixed as to the
severity of sample selection. See Wei (2004), Chen and Xing (2004) for the sample selection of
wage earners in rural areas, and Zhao (2001, 2002), Dong and Bowles (2002) and Xing (2005)
for the sample selection among (between) different ownerships.
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Appendix

Table A1 Labor share of different occupations in 1997 (%)

Urban Rural

SOE SCE LCE PRI SOE SCE LCE PRI

senior professional/technical worker 12.19 241 1.04 222 6.56 222 3.73 0.00
junior professional/ technical worker 11.56 2.41 4.15 0.56 17.49 571 4.35 0.39
administrator/executive/ manager 15.58 21.08 9.33 2.22 10.75 21.59 3.73 2.13

office staff 13.69 7.83 11.40 2.78 16.58 8.25 11.80 0.58
farmer, fisherman, hunter 0.00 120 0.52 1444 0.55 222 0.00 34.04
skilled worker 16.83 18.07 23.83 13.33 16.76 14.92 29.19 10.44
non-skilled worker 17.96 31.93 37.31 22.22 17.85 31.75 32.92 28.05
army officer, police officer 0.25 0.00 0.00 0.00 0.55 0.00 0.00 0.00
ordinary soldier, policeman 0.75 0.00 0.00 0.00 1.46 0.00 0.00 0.19
driver 2.89 1.81 1.55 833 091 222 248 542
service worker 7.16 10.24 10.36 28.33 838 9.52 11.18 15.86
athlete, actor, musician 0.00 0.00 0.00 0.00 0.18 0.00 0.00 0.00
other .13 3.01 0.52 556 2.00 1.59 0.62 2.90

Note: The classification of occupations is not by profession, but by the nature and characteristics
of the occupation and its position. (see the survey manual for detailed information, http://www.
cpc.unc.edu/china).
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Fig. A1 Experience profiles of (Ln) wages
Note: (1) Yearl, Year2, and Year3 represent 1991, 1993, and 1997. Urbanl and Urban2
represent urban and rural areas. The bolder solid line is fitted from the OLS results, and the
solid light line and the dashed line are fitted using the results at the 10th and the 90th
percentiles. (2) Panel A and B (Year1l/Urban2 and Year3/Urban2) are the rural counterparts
of Fig. 3 in the article. And the pattern is similar. (3) C, D are for 1993 (Year2).
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