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Abstract 
 
Using annual urban household survey data from 6 provinces in different regions of 
China, we analyze reasons behind the rise in education premium in urban China 
during the 1990s.  Following Bound and Johnson (1992), we decompose the increase 
in education premium into four sources: changes in industrial wage rents, shifts in 
supply across educational levels, shifts in product demand across industries, and 
changes in relative technical efficiency. Our basic findings are: the increase in general 
technical efficiency and industrial wage rents are the major forces that drive up the 
relative wage of more-educated to less educated workers, shift in labor supply helps to 
lessen the pressure on the labor demand for more-educated workers, and the change in 
labor demand due to the shift in product demand also reduces educational wage 
differential but is relatively unimportant.  
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I. Introduction 
Wage inequality in urban China has experienced rapid increases in the 1990s. 

One of the most important sources of the rising wage inequality is the increasing 

returns to education (Park et al. (2004)). Based on repeated cross-sectional data 

between 1988 and 2001 drawn from urban household surveys in 6 provinces, Zhang et 

al. (2005) found that there has been a dramatic increase in the returns to education, 

from only 4.0 percent in 1988 to 10.2 percent in 2001. Most of the rise in the returns 

to education occurred after 1992 and reflected an increase in the wage premium for 

higher education. The rise is observed within groups defined by sex, work experience, 

region, and ownership, and is robust to the inclusion of different control variables.  

Rising wage differential by educational attainment has been observed around the 

world. The literature from developed countries has suggested a few alternative 

explanations: rising demand for skilled workers due to international trade in the 

product market, rising demand for skilled workers due to skill-biased technical 

progress, and institutional changes reducing the protection of less skilled workers 

(Katz and Murphy 1992; Healwege 1992; Bound and Johnson 1992; Juhn et al. 1993, 

among many others). The same forces may apply in China. Liberalization in 

wage-setting in state-owned enterprises (SOEs) and the growth of non-SOEs have 

toppled the centralized wage-setting scheme that compressed the wage structure in the 

central planning era, resulting in higher rewards to human capital. China has reentered 

the world product market and become an important trading partner. This may lead to a 

change in demand for labor of different educational levels. Technological advances 

have also been substantial. It is, however, unclear whether these forces have the same 

directions of effects as in developed countries. Take international trade, for example, 

while it reduces demand for domestically-produced manufacturing goods in the 

United States which employ low-skilled workers, as a major trading partner with the 

U.S., it is natural to think that China should experience an increase in demand for 

products that are produced by low-skilled workers. This may or may not be true 

because the adopted production technologies are different across countries due to 

different endowment structure. While some product is produced by low-skilled 
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workers in the U.S., the same product may be produced by relatively high skilled 

workers in China.  

 In this paper, we evaluate the effects of institutional changes, technological 

change, the change in labor demand due to shifts in product demand and relative 

supply of skilled labor on rising skill premiums. We focus on the wage differential 

between workers with college education, senior high school education and junior high 

school education. Methodologically, we follow the basic analytical framework in 

Bound and Johnson (1992). 

 The remainder of the paper is organized as follows. Section II describes the data 

and the trends in wage differential and the supply of labor across educational groups  

during the 1990s. Section III describes the analytical framework for explaining the 

changes in returns to education. Section IV reports empirical results. Section V 

provides the summary and conclusions. 

 

II. Data and Rising Returns to Education 

We use China’s Urban Household Surveys (UHS) from 1990 to 2001 from six 

provinces: Beijing, Guangdong, Liaoning, Shaanxi, Sichuan, and Zhejiang.  These 

six provinces are roughly representative of China’s different regions.  Beijing is in 

North-Central China, Guangdong and Zhejiang are coastal provinces, Liaoning is in 

the Northeast, Shaanxi is in the Northwest, and Sichuan is in the Southwest. One 

major limitation of the data is that the surveys include only registered urban residents 

and exclude migrants. Thus we are not able to examine the effect of immigration. This 

task is taken up by a separate paper. 

Because the UHS data only includes annual wages without reporting working 

hours, this precludes the possibility of constructing hourly wage rates, thus our 

analysis is based on annual wages. All wages are in 1988 prices. The total wage 

includes base wages, bonuses and subsidies and excludes capital gains and transfer 

income. To reduce bias from variation in working hours, our sample is confined to the 

sample of full-time employees aged from 16 to 60, excluding individuals who are 

disabled, re-employed retired workers, and self-employed workers. The resultant 
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sample size is about 6000-7000 individuals in each year. 

The first set of descriptive statistics concerns changes in wage differential by 

educational levels and employment distribution across these levels. We present 

statistics for the whole period as well as two sub-periods: from 1991 to 1996 and 1996 

to 2001. The year 1996 is the beginning of a draconian labor market reform in China: 

restructuring of SOEs accelerated and a large number of workers were laid-off. To 

avoid the problem of year-to-year fluctuations in wages and to increase sample size, 

we include neighboring years in all calculations.  

Columns (i), (iii) and (v) in Table 1 report average log wages by levels of 

education in three years. The first three rows are from the whole sample and the 

difference in wages between two adjacent levels of education signifies the return to 

the higher level of education. Columns (vii), (ix) and (xi) are changes in average 

wages between the two sub-periods (1991-1996 and 1996-2001) and the whole period 

(1991-2001). The remainder of the table reports average levels of and changes in 

average wage by education by sex and experience groups. Columns next to each of 

the above ones (denoted “relative wage”) are differences with the whole sample 

averages. A negative number indicates wage disadvantage and vice versa for positive 

numbers. 

Table 1 

Contrary to results reported for the United States (Table 1 in Bound and Johnson, 

1992), we find that workers of all educational levels in urban China gained in real 

wages over time, thus the economic growth has been Pareto improving for all urban 

residents. However, similar to what occurred in the U.S., college educated workers 

gained relatively more. Moreover, within each experience group, male college 

graduates gained more than female workers. Within each sex, college educated 

workers with the least amount of work experience gained the most. 

Although one can obtain wage differentials by levels of education and their changes 

by comparing numbers in Table 1, they are more clearly seen in Table 2 where we 

present wage differentials between educational levels are estimated from simple 

Mincer’s equations controlling for sex, province and neighboring years. Separate 



 5

estimates are obtained for men and women, and for younger (potential experience less 

than 20 years) and older workers (potential experience 20 years or more). As can be 

seen from Table 3, the rate of return to one year of college education (vs. senior high 

school, average difference is 4 years) is much higher than the annual rate of return to 

senior high school education (vs. junior high school, difference is 3 years) in 1991; 

the difference enlarges in 1996, but narrows down significantly in 2001. Reflecting 

this change, the wage differential between college and senior high school graduates 

grow faster than that between junior and senior high school graduates during 

1991-1996, but the trend reverses itself in 1996-2001. It is likely that the change in 

relative supply played a role because the share of senior high school declined relative 

to junior high school in the second period. 

Table 3 describes the changes in the structure of employment and labor supply by 

educational levels. While employment distributions (Columns (i)-(iii)) are generated 

from the restricted sample, a better measurement of labor supply should include all 

workers capable of working, which are reported in columns (iv)-(vii). It is 

immediately clear from Table 3 that the proportion of the labor force with either 

college education or senior high school education have increased over years, while 

that with junior high school education has declined, indicating that the relative supply 

of better educated workers has increased. Other things held constant, this factor alone 

should lower the education premium.  

Table 3 

 

III. A Conceptual Framework to Explain Rising Wage Differential Across 

Educational Levels  

Much of our conceptual framework is based on Bound and Johnson (1992) and 

modified to fit our context. For the sake of convenience, it is assumed that the 

aggregate labor force is composed of I educational groups, and there are J production 

sectors (or industries).  

Following Bound and Johnson (1992), the real wage of group-i in industry-j, Wij, 

can be conveniently defined as the product of the competitive wage Wic , and a 
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relative wage rent (or wage premium) in industry-j, Rij:  

ijicij RWW =                                 (2) 

Therefore, any change in wage differential between educational groups is caused 

either by changes in wage rents or changes in competitive wage. We examine both 

sources in turn. 

2.A Changes in wage rents 

If the non-pecuniary attributes of employment in all industries were identical and 

there no any factors causing wage to deviate from their competitive norm, the wage 

rent rate Rij’s would be identically equal to 1. However, to a great extent, wage 

differentials always exist across industries. (Alan Krueger and Lawrence Summers, 

1988; Jean Healwege, 1992) 

Take the logarithm of equation (2), and then the logarithm wage of group-i in 

industry-j can be decomposed into two additive parts:  

ijicij rww += ,                              (3) 

Where wij, wic, rij is respectively the logarithm of the real wage, competitive wage and 

wage rent rate of group-i in industry-j, namely, wij=ln(Wij), wic=ln(Wic), rij=ln(Rij); 

Calculating the averages of both sides of equation (3) across all industries, we can 

get: 

∑+=
j

ijijici rww φ                               (4) 

Where wi is the average log wage of group-i, ∑=
j

ijiji ww φ ,  φij is the proportion of 

group-i in industry-j, namely, φij=Nij/Ni, where Nij is the number of group-i in 

industry-j, Ni is the total number of group i. 

Differentiate equation (4) and we get:  

)( ijij
j

ijijici drdrdwdw φφ∑ ++=                         (5) 

Equation (5) implies that, generally, a change in relative wage for group i could be 

caused by two reasons: one is its competitive wage grows faster or slower than 

average, another is the change in its average level of wage premium.  

2.B Changes in competitive wage 
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The estimation of various factors affecting competitive wage differential between 

educational groups is a challenging task. Based on the following five assumptions, 

Bound and Johnson (1992) establish a framework  for the decomposition of changes 

in group competitive wage.  

First, output in each industry j is a function of efficiency units of employment, bijNij, 

of each of the educational group i, where Nij is the level of employment and bij is an 

index of the technical efficiency of group i workers in industry j. The production 

function is assumed to be of the CES form: 

)1/(/)1( ])([1 −−∑= σσσσδ
i

ijijij
j

j Nb
a

Q ,                    (6) 

where σ is the intra-group elasticity of substitution and is assumed to be a positive 

constant and equal across industries, aj represents technical efficiency of industry-j, 

and δij is the distribution parameter.  

Second, the relative demand for the output of industry-j (to that of industry-r) is a 

function of its relative price Pj and exogenous shift parameter, θj, representing 

consumer’s tastes.  

 / rjPQQ jjrj ≠= −εθ                          (7) 

Third, the employment levels of all groups in each industry, Nij’s, are determined by 

setting the marginal revenue products of group i's labor inputs equal to their 

competitive wage rates.   

 )/( /1/)1(/)1(
icijjijijjj

ij

j
j WNQbaP

N
Q

P ==
∂
∂ −− σσσσσ δ                 (8) 

Fourth, the economy is at full employment in the sense that  total labor supply (Ni) 

is equal to the sum of employment across all industries: 

∑=
j

iji NN                              (9) 

Finally, labor supply of each group, Ni, is exogenous. In particular, the aggregate 

supply of each educational group does not depend on its relative average wage.  

From these assumptions, three useful results can be established, which 

constitute a basic framework of decomposing the change in wage differentials 
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between two educational groups. 

First, the share of total group-i employment in industry-j, φi j can be written as, 

ijiijijiijij DxbbNN /)/(/ )1( −== σσδφ               (10) 

where bi is the average technology efficiency of group-i across all the J industries; and 

εσεσσ θ /1/1 −−= jjjj Qax                            (11) 

stands for the relative demand for the output of industry-j, and 

∑ −=
j

jiijiji xbbD 1)/( σσδ                        (12) 

is an index of the effects of products-demand-structure on labors of group-i. The 

intuition is that labor demand is derived from product demand. When demand for the 

product in a particular industry changes, the demand for the group of labor that the 

industry intensively employs also changes.  The proportional changes in its values, 

d(lnDi), are a product-demand-shift index that reflects the changes in derived demand 

for labors due to the changes in product demand.  

The second result pertains to the estimation of product-demand-shift index d(lnDi). 

Total differentiation of equation (12) yields:  

∑=
j

jiji xdDd )(ln)(ln φ                     (13) 

The relative demand for industry-j’s product, d(lnxj)’s, are not directly observed, but 

can be estimated indirectly, as shown below.  

Take total derivative of (10), we get:  

))]/(ln()[1()(ln)(ln)1()(ln iij
jk

kikjijij bbdxdxdd −+−−= ∑
≠

σφφφ       (14) 

The d(lnxj)’s can be approximated by the estimated coefficients through running the 

regression indicated by this equation, in which the (σ-1)dln(bij/bi) can be treated as an 

error term if there is no evidence about the existence of industry/group-specific 

technical changes. Then these estimated d(lnxj) can be substituted back into (13) to 

obtain estimates of the product-demand-shift index d(lnDi). 

The third result is most useful. It concerns the decomposition of the changes in 

competitive wage of group-i workers relative to that of some other group-s. From 

equations (8) and (9), the relative wage of group-i to group-s can be written as: 
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σσσ /1/1/11 )/()/()/(/ −−= sisisiscic NNDDbbWW             (15) 

Holding constant all the variables that affect wsc, the total logarithmic derivative of 

this equation is: 

)(ln)/1()(ln)/1()(ln)/11()(ln iiiicic NdDdbddwWd σσσ −+−==       (16) 

This equation states an important conclusion that the change in the relative 

competitive wage of group-i workers depends positively on the average technology 

efficiency d(lnbi), negatively on the relative supply change d(lnNi), and positively on 

the change in their product-demand-shift index d(lnDi).  

Plugging equation (16) into equation (5), we have the final equation for 

decomposition, 

)()(ln)/1()(ln)/1()(ln)/11( ∑∑ ++−+−=
j

ijijij
j

ijiiii drdrNdDdbddw φφσσσ  (17) 

This equation implies that a change in relative wage of group-i (to the mean wage) 

can be decomposed into four sources: changes in its wage rent, changes in relative 

labor supply of the group, changes in relative labor demand for the group derived 

from shift in product demand, and change in relative technology efficiency of group-i.  

 

IV. Estimation Results 

  3.A. Changes in wage rents 

  Changes in industrial wage rents 

As equation (5) shows, one of the basic sources of the changes in wage differentials 

lies in changes in industrial wage rents that is represented by the term 

∑
j

ijijdr φ + ij
j

ijdr∑φ . The share of group-i in industry-j, ijφ , and its changes can be 

computed directly from data, but we need to estimate wage rent of group-i in 

industry-j, rij. 

To prepare for this estimation, we first divide all workers into 24 

education*sex*experience groups. The advantage of such grouping is not immediately 

clear because we can estimate the rent without the grouping, but its advantage will 

become clear later. We evaluate the average annual wage of each group by industry, 
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wij, which can be predicted based on the following regression. 

2
0 1 2 3k k k k p pk j jk t tk ky S X X P I T uβ β β β α γ δ= + + + + + + +     (1) 

where, the subscript k represents individual k; y is the natural logarithm of the annul 

wage, S is a set of educational dummy variables, X indicates potential working 

experience, Pp is a set of dummy variable for province, Ij is a set of dummy variable 

for industries, and Tt is a set of dummy variable for year. 

From the estimated coefficients, a representative average log wage for the i-th 

sex-experience-education group in each period, yi (i=1,…,24), is evaluated at a 

particular level of schooling (S=junior high, senior high and college) and at the 

mid-value of the experience range (X=5, 15, 25 and 35). 

We assume that the wage rent  in industry-j  is the same for all the groups, 

namely, rij=rj. This assumption means that the wage rent is exogenous to the 

characteristics of workers, and no selection effects are under consideration. Under this 

assumption, we can estimate the rj as the coefficients of industry dummy variables in 

the follow weight regressions using group-level data: 

)(,**ˆ iij
j

jj
i

iiij popweightindbgroupacw =+++= ∑∑ η        (18) 

where ijŵ is the predicted group-average annual wage by industry; groupi’s (i=1…23) 

are dummy variables indicating 24 sex-education-experience groups, on which the 

coefficients ai’s represent the wage differentials among groups. indj’s (j=1,…,9) are 

dummy variables standing for 10 industries, on which the coefficients, bj (j=1,…,9) 

represent the industrial wage differentials.1  

The deviation of the estimated value of bj from its mean b  in each period can be 

treated as the estimates of the wage rent of all groups in industry-j, rj. 2 

bbr jj −=                            (19) 

The results of the estimated rj’s are reported in column (iv)-(vi) in Table 4. The 

                                                        
1 The number of industries is small because the original data has a broad classification of industries. 
2 The mean of bj is the weighted average of the estimated coefficients: ∑=

j
jjbb φ , where φj is the proportion of 

the workers employed in industry-j.  
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employment distributions across industries in 1991, 1996 and 2001 are also reported 

in column (i)-(iii) in Table 4. Not surprisingly, monopoly industries such as finance 

and insurance, transportation, postal and telecommunications services have 

consistently enjoyed above average wage rents while decentralized and competitive 

industries such as manufacturing, retail trade and food catering have below than 

average wages. Over the years, government agencies and semi-governmental social 

service sectors have enjoyed considerable gains in wages. 

Table 4 

Because workers of different educational levels are employed unevenly across 

industries, changes in industrial rents have uneven impacts on each educational group. 

The effect of the change in total industrial wage rents on a particular educational 

group can be calculated as follows: 

∑∑ ∆∆++∆=
j jijijijj ji rrdINDR )( φφφ                 (20) 

This effects of the change in industrial wage rents is composed of two parts: the first 

part is due to the changes in educational composition of employment between high- 

and low- wage industries, which can be called the weight effects; another is due to 

changes in industry wage differentials, which can be called wage effects. Estimates of 

these effects are reported under column (ii)-(iv) in Table 5. All effects are positive, 

indicating that institutional changes have resulted in higher returns to education. The 

contribution is particularly large in the 1991-1996 period for senior high vs. junior 

high school wage differential, and in the 1996-2001 period for college vs. senior high 

school wage differential. However, in both periods, substantial amount of the change 

in wage differential remain unexplained. 

Table 5 

 

Changes in wage rents in State-owned sector (to be added) 

Table 6 

 

3.B. Shifts in the structure of labor supply and products demand  
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Shift in the Structure of labor supply 

A natural index that captures the changes in relative labor supply across groups is 

labor-supply-shift index, SUPi, the proportionate change in the logarithm of group-i’s 

share of aggregate labor supply, 

)(ln s
iiSUP φ∆=                              (21) 

where ss
i

s
i NN /=φ  is the fraction of group i in total labor supply. The relative 

values of SUPi’s between comparison groups are reported in column (ii) of Table 8.  

 

Changes in labor demand due to the shift in product demand 

An index of the effect of product demand shifts on relative labor demand, used by 

Katz and Murphy (1992), is the average employment growth by industry weighted by 

the initial employment distribution of each demographic group,  

∑ ∆=
j ijjiEMP φφ )(ln                        (22) 

where )(ln jφ∆  is the proportionate change in the logarithm of employment 

distribution in industry-j. The index, )(ln jφ∆  is actually the deviation of the growth 

rate of employment in industry-j from the average growth rate of employment across 

all industries. The values of jφ  are reported in columns (i)-(iii) in Table 4.  

With the values of )(ln jφ∆ , the index, EMPi can be computed as a proxy of the 

change in labor demand structure, d(lnDi). The relative values of EMPi between 

educational groups are listed in column (iii) in Table 8.  

This index captures the growth rate of employment in group-i due to the deviation 

of employment growth rate of industry-j from the mean employment growth rate in all 

industries. Changes in relative employment growth rate among industries, however, 

could be caused not only by the product-demand structure but also by changes in 

labor supply structure. In fact, the values of EMPi’s are positively correlated with 

changes in relative supply, SUPi. The coefficient of correlation between SUPi and 

EMPi is about 0.537 over the two periods of 1991-1996 and 1996-2001. This could 
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cause bias in decomposition of relative wage changes. Thus, it is necessary to net out 

the effect of changes in the relative supply of the different groups.  

An alternative approach that gets around this possible bias is to estimate a discrete 

version of product-demand-shift index (see Equation (13)), DEMi: 

∑ ∆=∆=
j

jijii xDDEM )(ln)(ln φ                     (23) 

As mentioned above, although d(lnxj) is unobservable, it can be approximated by 

the estimated coefficient in the regression equation (14) in which the last term is 

treated as a random error. The estimates of )(ln jx∆ are reported in Table 7. Based on 

the estimates of )(ln jx∆ , the product-demand-shift index, DEMi’s, are calculated and 

reported in Table 8. 

Table 7 

Table 8 

From table 8, an interesting result is that nearly all of the relative changes in 

DEMi’s are negative, that is, changes in products demand across industries cause the 

relative demand for more educated labors to decrease. Part of the change in 

production may result from international trade – because China has more abundant 

supply of less-educated workers, the pursuit of this comparative advantage leads 

China to expand production that use low-skilled labor more intensively. This mirrors 

the reduction in demand for low-skilled workers in the U.S. However, another part of 

the story may originate from China’s own structural transition from a planned 

economy to a market-oriented economy.  

3.C Skill-biased technical change  

Skill-biased technical changes are of two types: industry-specific technical change 

and general technical change. Both have the effect of raising relative demand for 

some skill groups but the mechanisms are different. The former occurs in some 

specific industries and affects the technical efficiency of or relative demand for a 

particular skill group in these specific industries; the latter affects the relative demand 

for a particular skill group in all industries. 

Test for the existence of industry-specific technical change 
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In the estimation of )(ln jx∆  above, we treat the effect of industry-specific 

technical change of each group, ))]/(ln()[1( iij bbd−σ --the last term in equation 

(14)--as a random error term. This is equivalent to assuming that the growth rate of 

technical-efficiency parameter for group-i workers in industry-j, d(lnbij), were equal 

to the weighted average for that group, d(lnbi), plus a random error; in other words, 

there is no significant differences in growth rate of technical-efficiency parameter for 

each group across all industries. However, that might not be the case. In the U.S., it 

has been suggested that the effects of spurts of innovation on the relative demand for 

different groups may vary across industries (Bound and Johnson, 1992).  

To clarify the question, we assume that, for a subset of the demographic groups, say 

I’, the growth rate of the efficiency parameters in some specific industries, say J’, in 

which certain new technology was introduced, may differ from their average growth 

rate in other industries. In this setting, it is reasonable to suppose that the growth rate 

of technology efficiency of group-i in industry-j can be written as the following:  

⎩
⎨
⎧ +

=
otherwise           

' in  and ' in  if   
)(ln

0

10

i

ii
ij c

IiJjcc
bd                       (24) 

where the average growth rate in technical efficiency of group-i across all industries 

other than specific industries J’ is assumed to be ci0; the difference between the 

growth rate of technical efficiency of group-i in specific-industries J’ and the average 

value in other industries, ci0, is assumed to be a constant, ci1. If there is no significant 

influence of industry-specific technical efficiency change on some specific groups, the 

average growth rate of technology efficiency for each group should be all equal to 

their common component, ci0.  

Then, the average growth rate of technology efficiency for group-i is,   

⎪⎩

⎪
⎨
⎧ Φ+=+

=
∑

I' innot  i if                                          

I' in i if   
)(ln 

0

1'010

i

iiJi
j

iiji
i

c

cccc
bd

φ
                     (25) 

where ∑
∈

=Φ
'

'
Jj

ijiJ φ  is the proportion of specific group-i’s employment in 

specific-industries J’. Hence, the industry/group-specific technical efficiency change 

of group-i in industry-j is, 
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)(
I'  innot   i if                   0

I'  in  i if   )1(
)]/[ln( '''1

'1
iJJIi

iJi
iij DDc

c
bbd Φ−=

⎩
⎨
⎧ Φ−

=         (26) 

Substituting equation (26) into equation (14), we get 

)()1()(ln)(ln)1()(ln '''1 iJJIi
jk

kikjijij DDcxdxdd Φ−−+−−= ∑
≠

σφφφ      (27) 

If we know the specific industry set J’ and specific groups set I’, we can estimate 

this equation using OLS, and obtain values of 1)1( ic−σ . The problem is how to 

identify the specific industry set J’ and specific group I’. We do this by trial and error. 

We first explore the possibility that manufacturing industry belongs to such an 

industry set. During the 1990s, manufacturing has experienced rapid technology 

progress. Under this assumption we explore whether we can identify groups that have 

faster growth rate of technology efficiency in manufacturing 

A strategy to identify the specific group set I’ is to first include all the groups as the 

specific group set I’ in regression (14), and exclude one by one those groups on which 

the coefficients are non-significantly different from zero, and keep all the groups on 

which the coefficients (as a proxy of 1)1( ic−σ ) are statistically significant different 

from zero, as specific groups I’.3 

Unfortunately, the result shows that there is no specific group whose growth rate 

of technology efficiency in manufacture is different from that in other industries. The 

p-value for the joint exclusion test that all the 24 demographic groups are not in the 

specific group set I’ is 0.84 for the period 1991-1996, and 0.36 for the period 

1996-2001.  

We also tried other industries such as construction, transportation/post/ telecom, 

health care/sports/social welfare, education/culture/arts/radio and television, 

finance/insurance as specific industry set J’, separately and jointly. All the results 

failed to show that there is any significant industry/group technology effect. We take 

this as evidence that all groups in our sample have the same growth rate of technology 

efficiency across all industries. Another possibility is that our classification of 

                                                        
3 Because σ>0, the term (σ-1)ci1 should be different from zero, under the assumption that group-i has different 
growth rate of technology efficiency across industries(namely, ci1≠0). 
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industries is too broad to capture industry specific technical change that bias against a 

certain educational group. 

General technical change 

If we assume away industry-specific technical change that bias against some 

educational group, then all the remaining effect of technical change )(ln)/11( ibdσ−  

belongs to the effect of general technical change. Since there is no industry/group 

specific technology effects, we can just use the randomized equation (14), in which 

the last term ))]/(ln()[1( iij bbd−σ  is treated as a random error, as the regression 

specification to estimate d(lnxj). 

 

To estimate the contribution of the changes in average technology efficiency to 

the change in relative wage, the intra-factor elasticity of substitution σ and the effect 

of shift in labor supply and product demand must be estimated first. 

The estimation strategy by Bound and Johnson (1992) employs the equation for 

market wage (equation (16)). Since we have estimated the product-demand-shift 

index d(lnDi) and supply-shift index d(lnNi), a net-demand-shift index d(lnNDi) can 

be obtained as: 

)(ln)(ln)(ln iii NdDdNDd −=                        (28) 

Adding a time dimension t, equation (16) can be rewritten as: 

)())((ln)/11())((ln)/1()( tutbdtNDdtdw iiiic +−+= σσ           (29) 

where t =0 for 1991-1996, t=1 for 1996-2001; dwic(t) is the change of competitive 

wage of group-i during period-t, which is computed as ii dINDRdw − . 

Because changes in technology efficiency (2nd term on the right-hand side in 

Equation 29) are unobserved, one way to estimate the elasticity of substitution is to 

estimate a simple regression based on equation (29), in which the relative wage 

changes, dwic is regressed on the net labor demand index, d(lnNDi), and the term 

)())((ln)/11( tutbd ii +− σ is treated as an error term. A problem in this simple 

regression is that the net labor-demand-shift index for each group, d(lnNDi) could be 
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correlated with its average growth rate of technology efficiency, which would cause 

bias in the estimation of the parameter σ.4 

To avoid this endogeneity problem, we differentiate equation (29) across two time 

periods to get : 

')(ln)/11()(ln)/1()( 222
iiiic ubdNDdwd +−+= σσ         (30) 

Assuming that the differences in d(lnbi)’s across two periods for all groups are 

constant, that is, 

AAbdbdbd iiii ==−−=− )]}0([ln)]1([ln){/11()(ln)/11( 2 σσ       (31) 

Equation (30) is rewritten as:  

')(ln)/1()( 22
iiic uANDdwd ++= σ                  (30’) 

Estimating (30’) will result in unbiased estimate of 1/σ, if the assumption (31) is 

true.  

However, )(ln2
ibd  could be different across educational groups, and the 

assumption in equation (31) could be wrong.  To test the validity of the assumption 

that Ai=A, we add three dummy variables that respectively stand for gender, college 

educated groups and old worker (exp>20) into regression (30’). If the coefficients on 

these dummy variables are significantly different from zero, this assumption could be 

unrealistic. The results suggest that there is no significant difference in )(ln2
ibd  

across educational groups. Therefore, we use equation (30’) for our estimation. The 

estimated slope coefficient is 0.132 (SE=0.12), and the corresponding elasticity of 

substitution is 7.55. The estimated constant term indicated by A is -.0513 (SE=.0256). 

After estimating σ (common to two periods), it is then possible to estimate the 

effect of general technical change on the wage growth rate of group-i workers,  

)]1([ln)/11( ibdσ− , by computing the average of residuals in equation (29), 

)]([ln)/1()( tNDdtdw iic σ− , over the two periods, and the effect of general technical 

change in the second period could be proximately indicated by 
                                                        
4 If we estimate this simple regression, the estimate for the elasticity of substitution is -4.83. This number has the 
wrong sign. 
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Abd i +− )]1([ln)/11( σ . 

The estimated )(ln)/11( ibdσ− ’s are reported in column (vii) in table 9. 

Another approach to deal with the endogenity problem in equation (29) is to make 

an additional assumption on the general technical changes. We can assume that the 

second term on the right side of equation (29), ))((ln)/11( tbd iσ− ’s are different 

across groups, and their differences across period-t are constant, that is, 

iii groupttbd ⋅+⋅=− ββσ 0))((ln)/11(                   (32) 

where groupi is dummy variable for each group. 

Substitute (32) into equation (29), we have, 

)())((ln)/1()( 0 tugroupttNDdtdw iiiiic +⋅+⋅+= ββσ         (29’) 

This is a double-fixed effects model. By estimating this regression, we can get the 

estimates of σ/̂1 , thus the estimate of σ̂ .  And the effect of changes in general 

technical changes can be estimated by it ββ ˆˆ
0 + .  

The estimated elasticity of substitution from this approach is about 7.33, quite 

similar to that from the first approach. There are small differences in decomposition 

results between these two approaches. In this paper, only the results based on 

difference approach (the first one) are reported.  

From inspection of the estimated values of GTE in table 9, it is easy to draw the 

conclusion that the changes in the structure of the lnbi’s, are greatly favorable to 

more-educated groups.  Although we interpret the source of this shift as an 

exogenous change in technology across all the industries, the result is also open to 

other interpretations, such as non-neutral institutional changes. As mentioned earlier, 

the labor market reform has liberalized wage-setting from one that compressed wage 

structure by educational levels.  

3.D. Decomposition of wage differentials between educational groups 

Since we have now obtained all the estimates of parameter and indexes needed in 

equation (17), we can decompose quantitatively the change in wage differentials 
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between education groups (column (i) in Table 9) into four additive parts: the change 

in industrial wage rents (column (ii)), relative labor supply change (column (iii)), 

relative demand change resulting from production demand shift (column (iv)), and 

average technical efficiency change (column (v)).  
Table 9 

The decomposition reveals some interesting results. First, the rise in relative 

technical efficiency of workers with more education accounted for the most part of the 

increasing wage differential between the  education groups. There may be a few 

sources of the changes in general technical efficiency . One possibility is that during 

the 1990s, technical changes that widely happened across all the industries, not only 

in a few industries, are biased toward  more educated labors, which lead to a greater 

increase in their productivity . The second explanation is that the institutional 

transition towards the market economy enables more educated workers to become 

more productive (Park et al. (2004)). It is also possible that the effect can not be fully 

attributed to technical efficiency. Given efficiency, the labor market reform allows or 

forces higher pay for more educated and productive workers.  

Second, the changes in relative wage rent across industries are another important 

source for the enlarging wage differentials between  educational groups. This implies 

that more educated labors, especially college educated labor, have a higher probability 

to work in industries that enjoy monopoly rents or government protection.  

 

Third, both changes in relative labor supply and the shift in product demand 

served to negate the rising wage differential between  education groups. The shift in 

labor supply played a more important role than the shift in product demand. It should 

be noted that because rural migrants have less education than urban residents, had 

they been included in the data, the increase in relative supply of more educated 

workers would be smaller and the effect of relative supply on wage differential would 

be larger than our current estimate. 

 

IV. Conclusions and Discussions 
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In this paper we analyze reasons behind the rapid increase in wage differentials 

across educational groups in urban China in the 1990s. We examine the following 

four explanations: changes in industrial wage rents, shift in labor supply, shifts in 

product demand and the change in relative technical efficiency. Results show that the 

changes in relative technical efficiency accounted for most of the rise in return to 

education. The changes in technical changes could be caused by both the skill-biased 

technical changes and skill-biased institutional changes. The increases in relative 

supply of more educated workers and the shift in product demand towards less 

skill-intensive production reduce the growth in their relative wage; however, this 

effect is more than offset by the effect of the increases in wage rents and in the 

average technical efficiency of more educated workers.  

It should also be noted that our classification of industries is very broad due to data 

limitation. This may have several implications for our estimations. First, the estimate 

of the effect of changes in industrial wage rents may be biased downward because 

some effects between industries effects could be counted as within-industry effects. 

Secondly, the effect of shifting product demand may also be downward biased for the 

same reason. Thirdly, the effects of general technical changes may be estimated with 

an upward bias. Therefore, more accurate estimations are desirable if finer data 

become available. 
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Table 1 Estimated average real wage (in 1988 RMB) and relative wage Change by education, 
sex and experience for 1991, 1996 and 2001  

 Wage level Change in wage level Gender-experience-education 

cells 1991 1996 2001 1996-1991 2001-1996 2001-1991 

  Real 
wage 

Relative 
wage 

Real 
wage 

Relative 
wage 

Real 
wage 

Relative 
wage 

Real 
wage 

Relative 
wage 

Real 
wage 

Relative 
wage 

Real 
wage 

Relative 
wage 

  (i) (ii) (iii) (iv) (v) (vi) (vii) (viii) (ix) (x) (xi) (xii) 

By education 

 Junior high 7.451  -0.062  7.650 -0.188 7.792 -0.359 0.199 -0.126 0.143  -0.171 0.341 -0.297 

 Senior high 7.516  0.003  7.829 -0.009  8.136 -0.016  0.313 -0.012  0.306  -0.007  0.620 -0.019  

 college 7.686  0.173  8.186 0.348  8.576 0.425  0.500 0.175  0.390  0.076  0.890 0.252  

By gender-experience-education groups 

women              

0-9 Junior high 6.927  -0.586  7.184 -0.654  7.214 -0.938  0.257 -0.068  0.030  -0.284  0.287 -0.352  

 Senior high 7.221  -0.292  7.483 -0.355  7.861 -0.290  0.262 -0.063  0.378  0.064  0.640 0.001  

 college 7.431  -0.082  7.981 0.143  8.359 0.207  0.550 0.224  0.378  0.065  0.928 0.289  

10-19 Junior high 7.238  -0.275  7.257 -0.581  7.388 -0.764  0.019 -0.306  0.131  -0.183  0.149 -0.489  

 Senior high 7.462  -0.051  7.786 -0.052  8.053 -0.098  0.324 -0.001  0.267  -0.046  0.591 -0.048  

 college 7.661  0.148  8.073 0.235  8.506 0.354  0.411 0.086  0.433  0.120  0.845 0.206  

20-29 Junior high 7.465  -0.048  7.579 -0.259  7.468 -0.684  0.114 -0.211  -0.111  -0.425  0.003 -0.636  

 Senior high 7.591  0.078  7.919 0.081  8.148 -0.004  0.328 0.003  0.229  -0.084  0.557 -0.082  

 college 7.825  0.312  8.190 0.352  8.540 0.389  0.364 0.039  0.351  0.037  0.715 0.076  

30+ Junior high 7.345  -0.169  7.527 -0.311  7.622 -0.530  0.182 -0.143  0.095  -0.218  0.278 -0.361  

 Senior high 7.517  0.004  7.805 -0.034  7.946 -0.206  0.287 -0.038  0.141  -0.172  0.428 -0.210  

 college 7.677  0.164  8.038 0.200  8.506 0.354  0.361 0.036  0.467  0.154  0.829 0.190  

men              

0-9 Junior high 6.923  -0.590  7.167 -0.671  7.263 -0.889  0.244 -0.081  0.096  -0.218  0.340 -0.299  

 Senior high 7.222  -0.291  7.456 -0.382  7.844 -0.307  0.234 -0.091  0.389  0.075  0.623 -0.016  

 college 7.384  -0.129  8.042 0.204  8.424 0.272  0.658 0.333  0.382  0.068  1.040 0.401  

10-19 Junior high 7.404  -0.109  7.625 -0.213  7.761 -0.391  0.222 -0.103  0.136  -0.178  0.357 -0.281  

 Senior high 7.627  0.114  7.904 0.065  8.140 -0.012  0.276 -0.049  0.236  -0.078  0.512 -0.126  

 college 7.728  0.215  8.240 0.402  8.589 0.438  0.512 0.187  0.349  0.035  0.861 0.222  

20-29 Junior high 7.636  0.123  7.863 0.025  8.098 -0.054  0.226 -0.099  0.235  -0.079  0.461 -0.177  

 Senior high 7.729  0.216  8.075 0.237  8.325 0.173  0.346 0.021  0.250  -0.064  0.596 -0.043  

 college 7.789  0.276  8.227 0.389  8.746 0.594  0.438 0.113  0.519  0.206  0.957 0.319  

30+ Junior high 7.752  0.239  7.945 0.107  8.071 -0.081  0.193 -0.132  0.126  -0.188  0.319 -0.319  

 Senior high 7.774  0.261  8.054 0.216  8.372 0.220  0.280 -0.045  0.318  0.004  0.598 -0.040  

 college 7.855  0.342  8.409 0.571  8.768 0.616  0.555 0.230  0.358  0.045  0.913 0.274  

total  7.513  0.000  7.838 0.000  8.152 0.000  0.325 0.000  0.314  0.000  0.639 0.000  

Note: Real wage of group-i refers to the logarithm of the real wage of group-i (log(yi)), the 
relative wage of group-i is computed by: log(yi)-∑i log(yi).  
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Table 2 Wage differentials by Educational Levels during the 1990s 
Difference in log wages  1991 1996 2001 

  (i) (ii) (iii) 
Senior high/Junior high total 0.065 0.179 0.344 

 female 0.106 0.291 0.544 
 male 0.018 0.064 0.197 
 young 0.226 0.349 0.515 
 old 0.106 0.246 0.372 

college/Senior high total 0.170 0.357 0.440 
 female 0.195 0.310 0.423 
 male 0.116 0.352 0.417 
 young 0.173 0.425 0.488 
 old 0.140 0.277 0.460 
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Table 3 Distribution of Employment and Labor force across Sex-Experience-Education Groups in 
1991, 1996 and 2001 
 Employment Labor force 
Experience Education 1991 1996 2001 1991 1996 2001 
  (i) (ii) (iii) (iv) (v) (vi) 
By education        
 Junior high 0.463 0.376 0.306 0.467 0.383  0.326 
 Senior high 0.379 0.411 0.419 0.380 0.410  0.419 
 college 0.158 0.213 0.275 0.153 0.206  0.255 
By gender-experience-education groups 
women        

0-9 Junior high 0.025 0.012 0.005 0.029  0.015  0.009  
 Senior high 0.048 0.045 0.031 0.051  0.046  0.036  
 college 0.016 0.021 0.028 0.015  0.021  0.029  

10-19 Junior high 0.057 0.037 0.023 0.057  0.039  0.029  
 Senior high 0.076 0.073 0.061 0.074  0.072  0.061  
 college 0.017 0.025 0.042 0.016  0.024  0.038  

20-29 Junior high 0.119 0.096 0.052 0.118  0.095  0.056  
 Senior high 0.050 0.074 0.100 0.048  0.072  0.095  
 college 0.014 0.024 0.032 0.013  0.023  0.028  

30+ Junior high 0.040 0.047 0.060 0.040  0.047  0.061  
 Senior high 0.021 0.022 0.028 0.020  0.021  0.025  
 college 0.005 0.007 0.008 0.005  0.006  0.008  
men        

0-9 Junior high 0.018 0.009 0.004 0.023  0.015  0.009  
 Senior high 0.041 0.042 0.029 0.046  0.046  0.037  
 college 0.020 0.020 0.029 0.019  0.019  0.029  

10-19 Junior high 0.036 0.023 0.017 0.037  0.026  0.019  
 Senior high 0.058 0.057 0.045 0.058  0.056  0.044  
 college 0.034 0.043 0.054 0.033  0.041  0.050  

20-29 Junior high 0.099 0.080 0.043 0.097  0.078  0.044  
 Senior high 0.048 0.061 0.083 0.046  0.059  0.080  
 college 0.031 0.045 0.052 0.030  0.043  0.047  

30+ Junior high 0.069 0.071 0.102 0.067  0.068  0.098  
 Senior high 0.038 0.039 0.043 0.037  0.038  0.041  
 college 0.023 0.030 0.030 0.022  0.029  0.027  
total  1.00 1.00 1.00 1.00 1.00 1.00 
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Table 4 Aggregate Weights (φj) and Estimated Wage Rents (rj) across 10 Industries 

Industries Weights (φj) Wage rents (rj) 
 1991 1996 2001 1991 1996 2001 
 (i) (ii) (iii) (iv) (v) (vi) 
manufacture 0.423 0.396 0.368 -0.027  -0.068  -0.121 
construction 0.028 0.042 0.036 0.035  0.046  0.057 
transportation, post and telecom 0.068 0.056 0.070 0.125  0.217  0.189 
commerce, catering, material supply 
 and storage 

0.145 0.152 0.135 -0.012  -0.068  -0.040 

housing and public utility management,  
resident and consultation services 

0.040 0.049 0.085 0.017  0.130  0.000 

health care, sports and social welfare 0.049 0.045 0.044 0.036  0.078  0.205 
education, culture and arts, radio and television, 
 scientific research, polytechnic services 

0.093 0.095 0.084 0.000  0.040  0.193 

finance and insurance 0.017 0.024 0.032 0.238  0.309  0.274 
government agency, party agency and  
mass organizations 

0.105 0.110 0.108 0.023  0.036  0.098 

Agriculture, geological exploration, and  
other industries 

0.031 0.031 0.038 -0.168  -0.065  -0.257 
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Table 5 changes in relative wage and relative wage rents of educational groups 

  Relative Industrial wage rents 
Comparison groups  wage Weight 

effect 
wage 
effect 

total 

  (i) (ii) (iii) (iv) 
1991-1996      
Senior high/Junior high female 0.187 0.002 0.013 0.016  
 male 0.076 0.008 0.010 0.019  
 young 0.144 0.007 0.014 0.020  
 old 0.145 0.002 0.013 0.015  
 total 0.133 0.005 0.012 0.017  
college/Senior high female 0.122 0.000 0.014 0.013  
 male 0.228 -0.002 0.006 0.004  
 young 0.242 -0.002 0.011 0.008  
 old 0.131 0.000 0.007 0.008  
 total 0.188 -0.001 0.009 0.008  
1996-2001      
Senior high/Junior high female 0.227 -0.007 0.027 0.021  
 male 0.127 -0.013 0.009 -0.004  
 young 0.181 -0.016 0.020 0.004  
 old 0.152 -0.012 0.018 0.006  
 total 0.171 -0.010 0.018 0.008  
college/Senior high female 0.148 0.008 0.030 0.038  
 male 0.129 0.017 0.040 0.057  
 young 0.083 0.015 0.034 0.049  
 old 0.191 0.006 0.036 0.043  
 total 0.141 0.013 0.035 0.048  

 
 
 
 
Table 6 changes in relative SOE wage rents of educational groups (to be added)
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Table 7 Proportionate Employment Changes ( )(ln jφ∆ ) and Derived Demand Indexes ( )(ln jx∆ ) 
by Industry for 1991-1996 and 1996-2001 
Industries 1991-1996 1996-2001 
 )(ln jφ∆  )(ln jx∆  )(ln jφ∆  )(ln jx∆  

manufacture -0.066 -0.027 -0.074 -0.034 
construction 0.398 0.469 -0.148 -0.120 
transportation, post and telecom -0.184 -0.097 0.216 0.276 
commerce, catering trade, material supply and storage 0.048 0.116 -0.119 -0.040 
housing and public utility management, resident and 
consultation services 

0.201 0.309 0.544 0.617 

health care, sports and social welfare -0.095 -0.234 -0.022 -0.116 
education, culture and arts, radio and television, 
 scientific research, polytechnic services 

0.016 -0.186 -0.115 -0.275 

finance and insurance 0.320 0.392 0.278 0.441 
government agency, party agency and mass organizations 0.045 -0.097 -0.017 -0.198 
Agriculture, geological exploration, and other industries 0.001 0.026 0.205 0.187 
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Table 8. Shifts in Employment, Labor Supply (SUP) and Labor Demand Index (EMP & DEM) 
during 1990s 

Educational  Employmenti SUPi EMPi DEMi 
groups  (i) (ii) (iii) (iv) 

1991-1996      
Senior high/Junior high female 0.311 0.293 0.009 -0.039  
 male 0.244 0.224 0.013 -0.022  
 young 0.466 0.381 0.017 -0.015  
 old 0.332 0.333 0.008 -0.053  
 total 0.278 0.260 0.011 -0.030  
college/Senior high female 0.282 0.283 0.001 -0.054  
 male 0.187 0.186 0.006 -0.056  
 young 0.274 0.277 0.005 -0.058  
 old 0.141 0.137 0.002 -0.048  
 total 0.213 0.213 0.004 -0.054  
1996-2001      
Senior high/Junior high female 0.304 0.214 -0.008 -0.038  
 male 0.029 0.024 0.012 -0.012  
 young 0.240 0.111 0.019 0.000  
 old 0.287 0.237 -0.005 -0.040  
 total 0.156 0.112 0.001 -0.025  
college/Senior high female 0.310 0.269 -0.002 -0.053  
 male 0.146 0.090 -0.026 -0.077  
 young 0.613 0.534 -0.009 -0.067  
 old -0.109 -0.147 -0.023 -0.074  
 total 0.208 0.160 -0.014 -0.065  
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Table 9 Decomposition of Changes in Wage Differentials Between High/Low Educational Groups  
Educational groups dwic Industrial rent SUP DEM GET unexplained 
    (i) (ii) (iii) (iv) (v) (vi) 
1991-1996        
Senior high/Junior high female 0.187 0.016 -0.039 -0.005 0.254  -0.038 
 male 0.076 0.019 -0.030 -0.003 0.118  -0.028 
 young 0.144 0.020 -0.050 -0.002 0.190  -0.014 
 old 0.145 0.015 -0.044 -0.007 0.205  -0.025 

total  0.133 0.017 -0.034 -0.004 0.187  -0.033 
share  100 13 -26 -3 141  -25 

college/Senior high female 0.122 0.013 -0.037 -0.007 0.149  0.004 
 male 0.228 0.004 -0.025 -0.007 0.176  0.080 
 young 0.242 0.008 -0.037 -0.008 0.190  0.087 
 old 0.131 0.008 -0.018 -0.006 0.141  0.006 

total  0.188 0.008 -0.028 -0.007 0.167  0.048 
share  100 4 -15 -4 89  26 

1996-2001        
Senior high/Junior high female 0.227 0.021 -0.028 -0.005 0.224  0.016 
 male 0.127 -0.004 -0.003 -0.002 0.120  0.016 
 young 0.181 0.004 -0.015 0.000 0.188  0.004 
 old 0.152 0.006 -0.031 -0.005 0.177  0.006 

total  0.171 0.008 -0.015 -0.003 0.167  0.014 
share  100 5 -9 -2 98  8 

college/Senior high female 0.148 0.038 -0.036 -0.007 0.146  0.006 
 male 0.129 0.057 -0.012 -0.010 0.169  -0.075 
 young 0.083 0.049 -0.071 -0.009 0.192  -0.079 
 old 0.191 0.043 0.019 -0.010 0.139  0.001 

total  0.141 0.048 -0.021 -0.009 0.161  -0.038 
share   100 34 -15  -6  114  -27  

 
 
 

 

 


