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a  b  s  t  r  a  c  t

This  study  investigates  individual  heterogeneity  in  the  economic  returns  to higher  educa-
tion in  urban  China  following  large-scale  higher  education  expansion.  We  draw  on  data  from
the  urban  section  of  two  waves  of the  Chinese  General  Social  Survey,  analyzing  a sample  of
1022  individuals  in  total  who  (1)  were  aged  between  25  and  32; (2)  completed  high school
education;  and  (3)  were  currently  employed.  Individual-level  estimates  of the  distributions
of the returns  to  higher  education  are  obtained  using  a nonparametric  kernel  approach.
While  the  average  rate  of  returns  to higher  education  increased  for  the 2003–2010  period,
the  extent  of  heterogeneity  in these  returns  increased  as  well.  Analysis  of the  heteroge-
neous  returns  to higher  education  across  the  distribution  of  income  shows  that  the effects
of  college  education  are  greatest  at the  upper  end  of  the  income  distribution.  Moreover,
effect  heterogeneity  across  the  income  distribution  increased  from  2003  to 2010.

© 2013  Western  Social  Science  Association.  Published  by  Elsevier  Inc.  All  rights  reserved.

1. Introduction

China undertook a rapid, large-scale expansion of higher
education beginning at the turn of the 21st century, nearly
tripling the number of college graduates over the period
between 2003 and 2010 (Ministry of Education of the
PRC, 2003, 2008). In light of this increase in the num-
ber of college-educated workers, fundamental economic
and sociological theories provide several reasons to expect
that the economic returns to higher education in China
have undergone substantial change. There has been a
recent wave of empirical studies focusing on the returns
to higher education in China (Chen & Hamori, 2009; Chen
& Ju, 2003; Gustafsson & Li, 2000; Li, Liu, & Zhang, 2012;
Wang, 2012; Wu,  2010; Zhang, Zhao, Park, & Song, 2005).
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However, compared to the numerous studies of average
economic returns to educational attainment, the extent
of heterogeneity, i.e. whether college graduates benefit
from their college degree in a uniform matter is largely
understudied. Social scientists acknowledge that individ-
uals differ from each other not only in their “intercepts,
but also in their reactions to changes in explanatory vari-
ables” (Henderson, Polachek, & Wang, 2011, p. 1202). This
heterogeneity in economic effects of receiving a higher
education in China deserves attention. From a student’s
perspective, the decision to pursue a college degree may
be strongly conditioned by the assurance of desirable eco-
nomic returns. Such confidence is inversely related to the
degree of economic returns heterogeneity. At the macro
level, heterogeneity in higher education returns may  gen-
erate a host of public policy consequences. For example, in
recent years, several nations, such as the United States and
United Kingdom, have adopted a policy of expanding access
to higher education as a means of reducing social inequal-
ity (Hannum & Buchmann, 2003; OECD, 2012). However, as
students’ returns to college education have become more
heterogeneous across the socioeconomic distribution, the
extent of economic inequality may  be exacerbated instead
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of alleviated by education expansion (Lemieux, 2006). For
these reasons, a handful of recent studies focus on returns
heterogeneity in educational attainment (Brand & Xie,
2010; Heckman & Li, 2004; Tsai & Xie, 2011).

Scholars consider heterogeneous returns to education
through variation in returns across a third variable’s distri-
bution. For instance, Heckman, Urzua, and Vytlacil (2006)
develop a marginal treatment effects method to investigate
varying returns to higher education across the spectrum of
the odds of attending college. Sociologist Xie, Brand, and
Jann (2012) use propensity score matching methodology to
examine the same type of heterogeneity. Another common
third variable approach involves modeling variation in edu-
cational returns across the income distribution. Quantile
regression models are widely used in this vein. Quan-
tile regression studies examine the independent variable’s
effects separately across quantiles of the dependent vari-
able. Wang (2013) uses a related methodological approach
to examine educational attainment’s effect on the earnings
distribution in urban China from 1995 to 2002, adjusting
for endogeneity bias with an instrumental variable. Knight
and Song (2003) find that returns to education are hetero-
geneous across earnings quantiles, with higher returns in
the lower tail and lower returns in the upper tail of the
earnings distribution.

Bearing this body of recent works, we take a related
but distinct analytical approach and examine economic
returns to college during a historically significant period
of higher education expansion in China. We  examine
the changing degree of individual-level heterogeneity in
returns to higher education in urban China by employ-
ing a nonparametric methodology that does not require
analyzing heterogeneity across the distribution of a third
variable. Our findings shed light on longitudinal shifts in
returns to higher education dispersion following large-
scale higher education expansion in urban China. While
our approach does not necessitate modeling the changing
economic returns to education across a third variable, the
nonparametric method is amenable to such analysis, as we
demonstrate by presenting the heterogeneous returns to
higher education across the income distribution.

Economists have used non-parametric kernel density
estimation methods to study treatment heterogeneity in a
variety of arenas (Henderson, Olbrecht, & Polachek, 2006;
Henderson et al., 2011; Li & Racine, 2007). For example,
Zhu (2011) uses a nonparametric kernel method to doc-
ument a trend of rising individual-level variation in the
returns to education in urban China from 1995 to 2002.
Using non-parametric estimation, we investigate changing
heterogeneity in the returns to college education follow-
ing large-scale higher education expansion using an urban
portion of the data from the Chinese General Social Survey
(CGSS) 2003 and 2010.

2. Methodology

2.1. Generalized kernel estimation

We  use generalized kernel estimation (Silverman,
1986) to estimate the conditional mean and gradient in

nonparametric regression. The nonparametric model is
specified as

yi = m(xi) + εi i = 1, 2, . . .,  n (1)

where yi is the outcome value for individual i. m (xi) is
the estimated unknown smoothing function. xi = [xc

i
, xu

i
]
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i

refers to the vector of continuous predictors and
xu

i
is the vector of categorical predictors. The estimator of

coefficients can be expressed as

ı̂(x) = (X ′K(x)X)−1X ′K(x)y (2)

where X is a matrix with each row equal to (1,  xc
i

− xc)
and K(x) is a matrix of kernel weighting functions for mixed
continuous and categorical variables with bandwidth h (Li
& Racine, 2007). Suppose there are s continuous predictors
and l categorical predictors. The kernel weighting function
for mixed continuous and discrete predictors is equal to
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m(yqi, yqj, �̂q) (3)

where g is a second-order Gaussian kernel2 for continu-
ous predictors with estimated bandwidth ĥq and m is a
variation on Aitchison–Aitken kernel with m(yqi, yqj, �̂q) ={

1 if yqi = yqj

�q otherwise
for discrete predictors (Li & Racine,

2007).
Bandwidth selection is critical to nonparametric esti-

mation because the bandwidth length determines the
bias-variance tradeoff (Wasserman, 2006). A too-large
bandwidth incurs bias while a too-small bandwidth causes
problematically large variance. There are two proce-
dures to calculate the correct bandwidth, which allows
robustness checks to correct bandwidth selection. We  use
and compare the likelihood cross-validation (LCV) pro-
cedure and the least square cross-validation procedure
(LSCV) (Li & Racine, 2007). LCV determines the band-
width h by maximizing the leave-one-out log likelihood
function

∑n
i=1log f̂−i(x), where f̂−i(x) is the leave-one-out

kernel estimator of the density function. LSCV, by con-
trast, estimates h by minimizing the function CV (h, l) =
1
n

∑n
i=1[yi − m̂−1(xi)]

2, where m̂−1 is the leave-one-out
estimator of the function m.  According to the estimated
individual-level coefficients shown in the Appendix, the
bandwidth determination procedure does not alter our
conclusions, indicating that our results are robust. We
present the results based on the LCV procedure below.

After estimating the bandwidth, we  use nonparametric
regression to obtain a coefficient estimate of higher educa-
tion’s effect on income for each individual, which we use
to examine individual-level heterogeneity in the economic
returns to Chinese college education.

The Li–Racine nonparametric methodology pos-
sesses several noteworthy advantages over alternative
approaches. Like other nonparametric methods, general-
ized kernel estimation of the returns to higher education

2 The Gaussian kernel is one of many commonly used weighting ker-
nels such as the boxcar kernel, the Epannechnikov kernel, and the tricube
kernel (Wasserman, 2006).
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