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Abstract

This paper documents an increasing intergenerational income persistence in China since economic
reforms were introduced in 1979. The intergenerational income elasticity increases from 0.390 for
the 1970–1980 birth cohort to 0.442 for the 1981–1988 birth cohort; this increase is more evident
among urban and coastal residents than rural and inland residents. We also explore how changes
in intergenerational income persistence is correlated with market reforms, economic development,
and policy changes.
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China has experienced fast economic growth since the market-oriented reform in 1979. The
real GDP per capita increased almost twenty-fold from 1980 to 2016. Over the same period, the
Gini coefficient rose from 0.31 to 0.47 (Figure 1). Rising income inequality has become a major
policy issue in China (Zhu, 2012; Xie & Zhou, 2014). Cross-sectional inequality, as measured by
the Gini coefficient, portrays only a snapshot of inequality; a full analysis of the income distribu-
tion should include not only income inequality across different families in the same generation,
but also across different generations of the same family, i.e., intergenerational income persistence
(Becker & Tomes, 1979, 1986). To fully understand and address the rising income inequality
during China’s economic reform, we need to investigate how and why intergenerational income
persistence has changed.

We study three sets of structural reforms that have likely impacted the evolution of intergen-
erational income persistence.1 First, institutional reforms have reduced poverty, and transformed
China from a planned and agricultural economy to a market and industrial economy (Zhu, 2012).
Relaxation of the household registration (hukou) system has induced substantial domestic tempo-
rary migration.2 The decline in the poverty rate and the agricultural sector share, along with the rise
in the rural-to-urban migration rate, likely reduce intergenerational income persistence. Second,
the economic reform has led to an increase in the returns to schooling (Figure B1 in Appendix B),
accompanied by an increase in educational costs (Figure B2). In addition, the expansion of higher
education, which was intended to improve intergenerational mobility, appears to disproportionally
benefit the children of the rich (Li et al., 2013). These factors likely enhance intergenerational
income persistence. Third, several socioeconomic changes during the transition period may have
ambiguous effects on intergenerational mobility. For example, the number of private enterprises
has increased since the Open Door Policy was introduced in 1978.3 Thus, the evolution of inter-
generational income persistence during China’s transition period remains an empirical question.

We pursue two sets of empirical analyses. The first set is conducted at the individual level.
We use the China Family Panel Studies (CFPS) survey data for 2010, 2012, 2014, and 2016 to
estimate the intergenerational elasticity (IGE) in income by birth cohort at the national level. We
find that the IGE increases from 0.390 for the 1970–1980 birth cohort to 0.442 for the 1981–1988
birth cohort. This pattern of increasing intergenerational income persistence is consistent under
alternative measures, such as intergenerational log correlation, rank correlation, and transition
matrix. Furthermore, increasing intergenerational income persistence is more evident among sons
than daughters, and among urban and coastal residents than rural and inland residents.

The second set of analyses is conducted at the provincial level. We estimate the IGE in income
by province and birth cohort, then correlate these estimates with proxy variables for structural
changes, economic development, and policy changes. Although this set of analyses may shed light
on the causes of rising intergenerational income persistence, we note that these factors may be
associated with each other or with omitted variables. Thus our findings serve only as a starting
point to understand the underlying mechanisms (Corak, 2013).

1Appendix A provides a detailed description of the structural reforms in China.
2The hukou system is a governmental household registration system in China that officially identifies whether a

person’s status is rural or urban. Individuals born in rural areas are assigned agricultural or rural hukou, while their
counterparts in urban areas are assigned nonagricultural or urban hukou.

3China has implemented the Open Door Policy since 1978. The policy includes decentralizing decision-making on
exports and imports, establishing special economic zones and coastal open cities to attract foreign investment, replac-
ing administrative restrictions on exports and imports with tariffs, quotas, and licensing requirements, and loosening
foreign exchange controls (Wei, 1995).
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We show the correlation between the IGE in income and the Gini coefficient; this correlation
is termed the Great Gatsby Curve (Krueger, 2012; Corak, 2013).4 Different from mixed evidence
for the U.S. (Chetty et al., 2014b; Davis & Mazumder, 2017), we provide evidence on rising
intergenerational income persistence in China since the economic reforms in 1979.5 We introduce
a time-series dimension in addition to the cross-sectional one, and depict the Great Gatsby Curve
across regions and cohorts. We find a positive correlation between the IGE and the Gini coefficient,
which implies that rising intergenerational income persistence is associated with rising inequality,
as has been documented in many developed countries.

Corak (2013) broadly ascribes variations in the IGE to family influence, labor markets, and
public policy. Chetty et al. (2014a) focus on the geographic level of commuting zones, and outline
five significant factors—residential segregation, income inequality, quality of the primary school
attended, social capital, and family stability—that explain differences in intergenerational persis-
tence across the U.S. In the context of China’s economic transition, we classify three categories
of factors that are likely correlated with intergenerational income persistence— market-oriented
structural changes, economic development, and public policies. We then correlate changes in
these factors with changes in our estimates of intergenerational income persistence at the provin-
cial level.

This paper appears to be the first to use the most recent panel data to document the rising inter-
generational persistence across birth cohorts amid China’s economic transition. We also explore
factors that are correlated with the transmission of economic status across generations. Our analy-
ses suggest that removing migration restrictions and promoting means-tested policies may reduce
the rising intergenerational income persistence. Understanding the changing intergenerational in-
come persistence in China over the past 40 years of economic reform may provide insights, and
yield policy implications for other countries at a similar stage of economic transition and develop-
ment.

The rest of the paper is organized as follows. Section I defines four measures of intergener-
ational income persistence, and discusses strategies to address empirical challenges. Section II
describes the data, and Section III presents the empirical results. Section IV presents the corre-
lation between inequality and intergenerational income persistence. Section V discusses policy
implications and concludes.

4Becker & Tomes (1986) develop a theory of intergenerational income mobility from a human capital perspective,
in which inequality at the equilibrium is endogenously determined. Piketty (2000) summarizes theories of persistent
inequality and intergenerational mobility. A positive correlation between inequality and intergenerational persistence
has been documented across developed countries (Corak, 2004; Björklund & Jäntti, 2009; Blanden, 2013), as well as
across areas within the U.S. (Chetty et al., 2014a). Krueger (2012) first uses the term “the Great Gatsby Curve” to
describe this positive relationship in a presentation at the Center for American Progress. To date, studies on the Great
Gatsby Curve have largely focused on developed countries.

5Evidence on the recent trend of intergenerational income mobility in the U.S. is mixed. For example, Davis &
Mazumder (2017) show declining intergenerational income mobility in the U.S., comparing cohorts that entered the
labor market before and after 1980, when cross-sectional inequality increases. Chetty et al. (2014b) find no significant
change in intergenerational mobility for children entering the labor market in the 2010s compared to those entering
the market in the 1970s.
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I Measures of Intergenerational Income Persistence

A Five Measures of Intergenerational Income Persistence

Intergenerational Elasticity The IGE is most commonly used to measure intergenerational in-
come persistence (Solon, 1992; Mazumder, 2005; Corak, 2013; Chetty et al., 2014a). Becker &
Tomes (1986) first suggest a log-linear specification between a child’s income and his/her parents’
income. Solon (2004) later provides an economic justification. We start by regressing log child’s
lifetime income (ln yit) on log parents lifetime income (ln yi,t−1):6

(1) ln yit = α0 + α1 ln yi,t−1 + εit.

The coefficient α1 measures the percentage change in the child’s income with respect to the per-
centage change in parental income, i.e., α1 represents the IGE. A larger α1 indicates greater inter-
generational income persistence, which implies less mobility across generations. We estimate the
IGE separately for each birth cohort. Within each cohort, we also estimate the IGE by the child’s
gender, hukou status (urban vs. rural areas), and region (coastal vs. inland).

Intergenerational Log Correlation The IGE does not take into account the difference in the
dispersion of log income between two generations. For instance, elasticity may be low in one
society simply because the variance in the log income of children is lower relative to the variance
in the log income of parents.7 To account for the dispersions of log income, we investigate the
intergenerational log correlation, which is defined as

(2) intergenerational log correlation = α1 ∗
σt−1

σt
,

where α1 is the IGE estimated from Equation (1), and σt−1 and σt are standard deviations of the
log income of parents and children, respectively.

Figure 2 depicts the mean of log children’s income versus the mean of log parental income.8

For both the 1970–1980 and 1981–1988 birth cohorts, the slope is flat at the bottom, increases
sharply in the middle, and is flat at the top; this pattern is similar to the U.S. pattern documented
in Chetty et al. (2014a).

Intergenerational Rank Correlation Following the recent literature (Dahl & DeLeire, 2008;
Chetty et al., 2014a,b), we transform parents’ and child’s income into percentile ranks between 0
and 100, and present estimates of the rank-rank slope using the following equation:

(3) rankit = β0 + β1ranki,t−1 + εit,

6As actual lifetime income is usually unobserved, the literature uses current income or income over various life
stages as the proxy variable (Haider & Solon, 2006). Section C presents details of the construction of this variable.

7We plot the standard deviation of log income against age groups in Figure B3 for the parents’ and children’s
generations.

8On the horizontal axis, we first rank log parental income, then sequentially average log parental income by every
100 observations. On the vertical axis, we calculate the mean of their children’s log income.
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where rankit is the national percentile rank of children by income in each cohort, and ranki,t−1 is
the national percentile rank of parents by income in each cohort. When we investigate gender,
hukou, and regional patterns, percentile ranks are also defined at the national level by cohort and
generation.

Figure 3 shows the correlation between the percentile ranks of children and the percentile ranks
of parents. The income rank of children is almost linearly dependent on parental rank, except in
the upper tail for the 1981–1988 cohort.9

Intergenerational Transition Matrix of Relative Mobility To further explore this nonlinear-
ity, we adopt an intergenerational transition matrix of relative mobility. This matrix displays the
percentage of children in quintile i (i=1,2,3,4,5) conditional on their parents’ income in quintile j
(j=1,2,3,4,5), following Zimmerman (1992) and Nybom & Stuhler (2016a). This matrix is used
to measure relative mobility, as it compares the income percentile of children from poor families
with that of children from rich families.

In this transition matrix, we focus on children whose parents are in the bottom quintile. We
examine the proportion of children who move into the top quintile, as well as the proportion of
children who are trapped in the bottom quintile. We also look at children whose parents are in the
top quintile, and measure the proportion who remain in the top quintile. The diagonal elements
of the transition matrix may be underestimated while the off-diagonal elements, such as those that
imply moving from the very bottom to the very top, may be overestimated (Nybom & Stuhler,
2016a). Since we are focusing on the differences between estimates from the two cohorts, such
downward or upward biases are likely to be mitigated.

Intergenerational Transition Matrix of Absolute Mobility We also adopt an intergenerational
transition matrix of absolute mobility, which displays the fraction of children earning more than
100 percent, 120 percent, and 150 percent of parents’ income, conditional on their parents’ in-
come in quintile j (j=1,2,3,4,5). Different from the relative mobility, which examines the income
distribution in the children’s generation relative to that in their parents’ generation, absolute mobil-
ity compares the absolute levels of income across generations. The measure of absolute mobility
supplements that of relative mobility in describing intergenerational mobility, as the latter mainly
reflects the effect from growth across income distribution, while the former captures additional
impacts from growth in the overall size of the economy (Fields & Ok, 1999; Chetty et al., 2017).

Chetty et al. (2017) use the fraction of children earning more than their parents as a measure
of absolute mobility in the U.S. context. In China’s transition period with rapid economic growth,
we show proportions of children earning more than 120 percent and 150 percent of their parents’
income, in addition to only 100 percent of parents’ income. Similar to the analysis of relative
mobility, we focus on the differences in estimates of absolute mobility between the two cohorts.

B Empirical Challenges

We discuss three empirical challenges in estimating intergenerational income persistence, and the
strategies we employ to address these challenges.

9We also plot the rank-rank association across generations by cohort. We exclude parents in the top 10 percent of
income in Figure B4.
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Lifecycle Bias The bias most frequently discussed in the literature on intergenerational mobility
is lifecycle bias, which was introduced by Jenkins (1987). Since the correlation between current
earnings and lifetime earnings varies systematically over the lifecycle, using current earnings of
children—especially at the early stages of life—produces inconsistent estimates of the IGE. The
bias depends on the age at which the child’s current earnings are measured (Haider & Solon,
2006).10 Intergenerational income persistence is likely underestimated if earnings are measured at
an early life stage, since the age-earnings profiles of individuals with high lifetime may have steep
trajectories. Grawe (2006) shows that 40 percent of the variation in IGE estimates from previous
studies is due to the estimation methodology and the father’s age during the observation period.
Haider & Solon (2006) find that inclusion of polynomials in age does not fully address lifecycle
bias, while Nybom & Stuhler (2016b) find that income measured at the mid-to-late life stage is
least subject to lifecycle bias. In China’s context, Gong et al. (2012) discuss how the age-earnings
profiles of various cohorts are differentially influenced by economic growth.

To address concerns associated with lifecycle bias, we first follow the literature to explicitly
control for the change in average income across the lifecycle in Equations (1) and (3) by including
age polynomials for children and parents. Second, we carefully choose the age cut-offs for children
and parents. For children, we exclude those younger than 22 years, as they are likely to still be in
school.11 In addition, variation in children’s income is stable from their early twenties, as shown
in Figure B3. To investigate the age-earnings profiles of high-skilled and low-skilled workers, we
plot average earnings against age by educational groups in Figure B6, and find that the earnings
of high-skilled and low-skilled workers diverge in their early twenties. For parents, we exclude
those who are older than 64 years, as most individuals retire after 64. Third, we use parental
average schooling as an instrument for parental lifetime income in one set of estimation to examine
intergenerational income persistence, which is a common practice in the literature (Solon, 1992;
Gong et al., 2012). Fourth, we adopt the intergenerational rank correlation as our main measure
since it is the most robust of the four measures with respect to the age at which income is measured
(Nybom & Stuhler, 2016a). We also report the IGE and intergenerational log correlation.

As a robustness check, we restrict children’s ages to be at least 24 years, and mothers’ ages to
be at most 62 years, since females usually retire earlier than males. Moreover, following Chetty
et al. (2014a), as educational attainment is more stable than income over the lifecycle, and is thus
less subject to measurement errors, we replace children’s income with their educational attainment
as the dependent variable. We also use the full sample of parents and children to predict each
individual’s lifetime income to alleviate the concern that children in the late cohort are on average
younger than children in the early cohort.

Attenuation Bias Attenuation bias comes from transitory fluctuation in income (Solon, 1989,
1992; Mazumder, 2005). Income in a specific year may not be a proper measurement of life-
time income, because it may contain transitory shocks or measurement errors. The estimate is
downward biased by a factor of σ2

y/(σ
2
y + σ2

v), where σ2
y is the variance of income in either gen-

10As discussed in Grawe (2006) and Nybom & Stuhler (2016b), using the current earnings of parents may also
produce inconsistent estimates of IGE.

11According to the 2000 census, approximately 95 percent of China’s population who are at least 22 years old are
not in school, as shown in Figure B5.
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eration, and σ2
v is the variance of transitory fluctuations in lifetime income (Solon, 1989, 1992).12

To address such attenuation bias, several studies take an average of income across different years
(Solon, 1992; Mazumder, 2005; Lee & Solon, 2009). Mazumder (2005) argues that if substantial
persistence in transitory fluctuations exists, even averaging income across four or five years may
generate a poor measure of lifetime income. Gong et al. (2012) use demographic variables such as
education as instruments for parental income when estimating the IGE in China.

Nybom & Stuhler (2016a) use long Swedish income series, and empirically evaluate the biases
in standard measures of intergenerational dependence. They find that the intergenerational rank
correlation and transition matrix are less subject to attenuation bias than the IGE and intergenera-
tional log correlation. Following Nybom & Stuhler (2016a), we take an average of income across
two to six years over the four waves using the longitudinal CFPS data, and report the intergenera-
tional rank correlation and transition matrix.

Selection Bias Conventional household surveys, which interview individuals either living in the
household or those who maintain close economic relationships with a household, are subject to
two sources of selection bias. The first refers to co-residence bias if individuals choose to stay
at home. When children get married, they usually leave their parents’ household and form a new
household. Household surveys interview either the parents’ household or the children’s household.
The second selection bias arises from temporary migration. Household surveys usually do not
record the income of temporary migrants. This type of selection bias might be severe in China,
as the number of temporary migrants increased significantly during the economic reform. In our
empirical analysis below, we use CFPS data and the Heckman model to address the selection bias.

II Data

A China Family Panel Studies

Studies on intergenerational income persistence in developed countries use long panel data or ad-
ministrative data with tax information to address the biases discussed above (Lee & Solon, 2009;
Chetty et al., 2014a,b; Nybom & Stuhler, 2016b). In a developing country such as China, however,
the tax system is less able to provide reliable information on income for intergenerational studies.
Of all available household surveys in China, the China Family Panel Studies (2015) is the most
appropriate for our research. The CFPS is a nationally representative and biennial longitudinal
survey of Chinese individuals, families, and communities. It was launched in 2010 by the Institute
of Social Science Survey of Peking University in China, and three follow-up surveys were con-
ducted in 2012, 2014, and 2016. The baseline CFPS contains approximately 15,000 households
and 30,000 individuals, with a response rate of 79 percent. Five provinces are chosen for initial
oversampling, with 1,600 families drawn from each province to facilitate regional comparisons.
The remainder of the sample is drawn from other provinces to render the overall sample nationally
representative through weighting.13

12The basic assumptions are that variances in income y and transitory fluctuations v are the same for both genera-
tions. In addition, the v in each generation is correlated with neither each other nor income (Solon, 1989).

13This information is from the CFPS website: http://www.isss.pku.edu.cn/cfps//EN/About/.
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We consider the CFPS to be the best available data set for our study for the following reasons.
The CFPS is nationally representative; distributions of important demographic and socioeconomic
variables, such as age, gender, schooling, and rural-urban stratification, are consistent with those
from the census data (Xu & Xie, 2015). The survey covers urban and rural areas in 25 out of
34 provinces, municipalities, and autonomous regions in its baseline survey (Figure B7 in the ap-
pendix), and represents 95 percent of China’s population (Xie & Zhou, 2014). Futhermore, the
CFPS employs a scientific stratified multistage probability sampling; the sample is drawn in three
stages at the county, village, and household levels (Xie & Zhou, 2014). Similar to the Panel Study
of Income Dynamics in the U.S., individuals included in the CFPS are tracked across waves. We
are the first to use the panel structure of the CFPS to calculate lifetime income to study intergener-
ational income persistence. We exploit the CFPS unique survey design to overcome conventional
selection bias in estimating intergenerational income persistence, as detailed in Section C.

The CFPS data are of high quality with solid technical and manpower support. First, computer-
assisted personal interviewing technology, provided by the Survey Research Center at the Univer-
sity of Michigan, is employed. This technology tailors interviews to each household member, and
reduces measurement error. Second, information on key variables, such as education, is collected
through various channels and across survey waves to generate the most reliable values. Third,
principal investigators are internationally recognized experts in economics, statistics, sociology,
and public policy who work with an international advisory committee.14

B Sample Definition

Our sample contains 22,313 parent-child pairs. To estimate changes in intergenerational income
persistence, children born between 1970 and 1980 are considered the early cohort, and children
born between 1981 and 1988 are considered the late cohort.15 The cut-off point of 1980 denotes
the beginning of market reforms in China. The early cohort comprises 10,980 parent-child pairs,
and the late cohort comprises 11,333 parent-child pairs.

In addition to estimating intergenerational income persistence at the national level, we examine
heterogeneous patterns by child’s gender, hukou status (urban vs. rural areas when the child was 3
years old), and region (coastal vs. inland). Prior to the economic reform, labor mobility between
rural and urban areas was virtually illegal, and the hukou system effectively segregated China into
two labor markets (Meng & Zhang, 2001). Hukou restrictions have gradually been relaxed, leading
to an influx of temporary rural-to-urban migrants into cities. Because those temporary migrants
do not have the same access to public education, health, pension, and welfare systems as urban
citizens, they are included in the rural sample.

C Main Variables

Income Income is the key variable in this research. Annual income is the sum of five categories:
wage, farming/self-employment, property (including rents from housing, land, or other family

14Principal investigators are Yu Xie from Princeton University, Xiaobo Zhang from Peking University and the In-
ternational Food Policy Research Institute, and Ping Tu and Qiang Ren from Peking University. Detailed descriptions
of the CFPS can be found at Xie et al. (2014).

15To facilitate calculation of lifetime income, the youngest children are restricted to be 22 years old in 2010 (born
in 1988).
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properties), transfers (including government subsidies and social transfers), and others (e.g., gifts
in kind). We average individual income across at least two waves in the survey to generate a proxy
variable for lifetime income. Income for 2012, 2014, and 2016 is adjusted by the Consumer Price
Index to the 2010 price level. Parental income is the sum of the fathers and mothers income.

The income of parents or children might be missing in household surveys. Specifically, we
categorize parents-children pairs in CFPS into three types:

(i) Parents and children live in the same household and work in the county of their registered
hukou. The incomes of both parents and children are recorded by the CFPS.

(ii) Parents and children live in the same household but at least one party temporarily works
outside the county of their registered hukou. The CFPS does not record the incomes of temporary
migrants.

(iii) Parents and children live in different households. The CFPS surveys either the parents or
the childrens household, but not both. Income is recorded for individuals in the surveyed house-
hold, but not for individuals in the non-surveyed household.

The missing income is likely to induce a standard incidental sample truncation problem (Wooldridge,
2010) when we use only the first type of parents-children pairs to estimate the intergenerational in-
come persistence, as these parents-children pairs may be different from the other two types in many
unobserved aspects. Moreover, the sample truncation problem may differentially impact the esti-
mates of intergenerational income persistence across cohorts. Within the same survey year, parents
and children in the 1970–1980 cohort are older than parents and children in the 1981–1988 cohort.
The probability of living with one’s parents or one’s children is dependent on age. Likewise, the
probability of being a temporary migrant changes over the life cycle. Consequently, the probabil-
ity that the CFPS does not record a particular individual’s income depends on the individual’s age.
Therefore, the sample truncation problem affects the two cohorts differently.

The CFPS has unique data characteristics that allow us to address this sample selection issue.
In contrast to most conventional household surveys, the CFPS collects some information on tem-
porary migrants and each household member’s relatives (including spouses, lineal relatives, and
siblings) who are not living in the same household. The information collected includes demo-
graphic and socioeconomic characteristics such as education, employment status, and occupation,
but not income. Therefore, even though the full sample of parents and children lacks income
information, it has detailed demographic and socioeconomic information.

We take advantage of the CFPS’ unique survey design to correct for selection bias and predict
the income for the full sample. First, we estimate the following probit model using the full sample
of adult children with and without observed income:

(4) Ii = α0 + αzzi + XiαX + εi,

where Ii is a dummy variable that is equal to one if income information for adult child i is recorded
in the CFPS, and zero otherwise; z is the number of the adult child’s siblings; X is a comprehensive
set of demographic and socioeconomic variables, including education, gender, age, age squared,
age cubed, and their full interactions with cohort, hukou, and regional dummies. Column (1)
in Table C1 of Appendix C reports the estimation results of Equation (4). We also conduct a
robustness check including additional interactions between the number of an adult child’s siblings
with cohort, hukou, and coastal dummies; the results are presented in Column (2) of Table C1.

Second, using the estimates of Equation (4) for the full sample of adult children, we calculate
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the inverse Mills ratio, λi, then include it in the income equation using the sample of adult children
with observed income to correct for selection bias. Note that although Equation (4) is estimated
using the full sample, Equation (5) below can only be estimated using the sample with observed
income:

(5) ln yi = β0 + XiβX + βλλi + δi,

where yi is the observed income, and Xi is the same set of demographic and socioeconomic vari-
ables as in Equation (4).16 Because the CFPS records parents’ and children’s income for the two
cohorts at different ages in the same survey years, we are unable to account for the possibility
that returns to education may change over time. However, we account for the cohort, hukou, and
regional variations in returns to education by including full interactions of education with cohort,
hukou, and coastal dummies in Xi in Equation (5). The estimation results of Equation (5) are
presented in Table C2 of Appendix C. Columns (1) and (2) present the estimates without and with
correcting for selection bias for adult children, respectively. The R-squared in Column (2) is 0.235.

The variable z, the number of the adult child’s siblings, appears in Equation (4) but not Equation
(5). We use this variable as the excluded variable from the income equation to address the selection
problem arising from missing income. First, the greater the number of siblings, the higher the
probability that a sibling will take care of the parents, and therefore (i) the lower the probability
that a child lives with his parents; and (ii) the higher the probability that the child works outside the
home county. In both cases, the CFPS is less likely to record income information for adult children
the greater the number of siblings (Figure B8). Thus, the variable z, the number of siblings, satisfies
the monotonicity assumption in the two-stage estimation. We control for other variables, such as
education, to mitigate the direct impact of the number of siblings on the child’s income through
the child quantity-quality trade-off (Becker & Lewis, 1973; Hanushek, 1992; Guo et al., 2017).

Third, based on Equation (5), we compute income for the full sample of adult children with
and without income using individual characteristics Xi, the calculated inverse Mills ratio λi, and
the estimated coefficients β0, βX and βλ.

A similar procedure is applied to compute income for the full sample of parents.17 Here,
z is the number of children. The number of schooling years is the average of the father’s and
mother’s schooling years, and age is the average of the father’s and mother’s age. We also include
two additional dummies to indicate whether the father is alive, and whether the mother is alive.
Furthermore, we interact the father-alive dummy and the mother-alive dummy with cohort, hukou,
and coastal dummies. The estimates of Equation (4) for the full sample of parents are reported in
Column (3) of Table C1 in Appendix C. The result of the robustness check is shown in Column (4).
Columns (3) and (4) of Table C2 present the estimates of Equation (5) without and with correcting
for selection bias for parents, respectively. The R-squared in Column (4) is 0.250.

Table C3 summarizes the computed income for both cohorts. By correcting for the selection
bias, α1 in Equation (1) measures the elasticity of the child’s computed income with respect to his

16Here, the observed income is defined as the average income across at least two waves of CFPS.
17We compute income for parents and children separately as both Equations (4) and (5) contain different covariates

for the two samples. In a robustness analysis in Section 4.1.3, we use the full sample of parents and children, keep
only the covariates that appear in both samples, and compute income for both parents and children using the same
estimation procedure. Our main results on intergenerational income persistence remain robust.
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parents’ computed income. Standard errors are bootstrapped.

Education and other Demographic Characteristics Educational attainment is a key predictor
of lifetime income. Through validation across family members and across survey waves, the CFPS
survey team generates the most reliable measure of education for each adult. First, in the 2010
baseline survey, the team collects information on individuals’ number of years of schooling and the
highest level of education from (i) self-reports in the adult survey, and (ii) interviews with family
representatives in the household survey, and/or (iii) interviews with spouses in the adult survey.
Second, in the subsequent 2012 adult survey, individuals were again asked about their educational
attainment. Hence, the 2010 dataset is further cross-checked against the 2012 self-reports.

In this study, we report the child’s age in 2010. Hukou is a dummy variable that is equal to
one if a child held an agricultural or rural hukou when he was three years old, and zero otherwise.
The coastal dummy is equal to one if the household is living in any coastal provinces, which is the
most developed area in China, and zero otherwise.18

D Summary Statistics

Table 1 summarizes statistics for the 1970-1980 and 1981-1988 birth cohorts. On average, parents
and children in the 1970–1980 cohort are 59 years old and 34 years old, respectively, while parents
and children in the 1981-1988 cohort are 52 years old and 25 years old, respectively. In both
cohorts, around 70 percent of households are from rural areas and 38 percent are from coastal
areas; these proportions are representative of the overall population in China. The number of years
of schooling for both parents and children have increased across cohorts. Parents in the early
cohort have an average of 4.2 years of schooling, and parents in the late cohort have an average
of 5.7 years of schooling. Likewise, the children’s number of years of schooling increased from
an average of 8.3 years for the early cohort to 9.6 years for the late cohort. Likewise, computed
income for both parents and children have increased across cohorts, from 17,979 yuan to 20,294
yuan for parents, and from 22,185 yuan to 23,761 yuan for children.

III Intertemporal Patterns in Intergenerational Income Persis-
tence

Using individual-level data, we first estimate changes in intergenerational income persistence
across birth cohorts at the national level, then analyze changes in intergenerational income per-
sistence by gender, hukou, and region.

18The coastal provinces/municipalities are Liaoning, Hebei, Tianjin, Beijing, Shanghai, Jiangsu, Zhejiang, Fujian,
Shandong, and Guangdong.
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A Estimates at the National Level

A.1 Estimates from the Subsample with Observed Income

Our estimation addresses lifecycle bias, attenuation bias, and selection bias. To overcome the
lifecycle bias and attenuation bias associated with household survey data, Solon (1992); Nicoletti
& Ermisch (2007) use computed income to estimate intergenerational persistence in developed
countries. Similarly, Gong et al. (2012) use the two-sample two-stage least squares method to
compute lifetime income for parents and estimate IGE in urban China. As discussed in Section
2.2, selection bias arising from either non-coresidence or temporary migration is a serious issue
with IGE estimates in developing countries such as China, but most studies on intergenerational
mobility ignore selection bias (Chyi et al., 2014; Chen et al., 2015; Qin et al., 2016). Deng et al.
(2013), followed by Fan (2016), address selection bias arising from non-coresidence by using
the regional co-residence rate as an instrumental variable; however, selection bias arising from
temporary migration is not addressed.

To illustrate the three types of biases as discussed in Section 2.2, we first present the IGE
estimates using raw income based on the sample of parents-children pairs with income information
(Sample N1) in Columns (1)–(3), Panel A of Table 2. The IGE estimates rise from 0.166 in the
early cohort to 0.176 in the late cohort. Both estimates are statistically signifiant at the 1 percent
level. The magnitudes of our IGE estimates from the raw income data are similar to the OLS
estimates using parents’ current income in Gong et al. (2012): 0.174 for mother-daughter pairs,
0.215 for father-daughter pairs, 0.241 for father-son pairs, and 0.302 for mother-son pairs. We are
cautious in interpreting these results, as they may not fully address transitory shocks in income,
and are subject to lifecycle bias and selection bias.

To address transitory shocks in income and lifecycle bias, researchers use parental education or
occupation as an IV for parental lifetime income (Solon, 1992; Gong et al., 2012). Following this
practice, we use parental education and its interactions with cohort, hukou, and coastal dummies
as instrumental variables for parental lifetime income.19 Since these instrumental variables do not
vary much over the lifecycle, but are highly correlated with lifetime income, the lifecycle bias
is significantly reduced. Additionally, using computed income (instead of raw income) in the IV
estimation minimizes the attenuation bias arising from transitory income shocks. Columns (4)–(6)
display IGE estimates under this IV specification. Compared with the IGE estimates from the raw
income data (0.166 for the early cohort and 0.176 for the late cohort), the IV estimates are larger
for both cohorts — 0.280 for the early cohort and 0.475 for the late cohort. The greater magnitude
of the IV estimates indicate that estimates based on the raw income data suffer from attenuation
bias, even though income was averaged across two to six years (Mazumder, 2005). Furthermore,
the increase in the IV estimate is larger for the late cohort than the early cohort, implying that the
estimate for the late cohort is more subject to lifecycle bias.

To evaluate the role of selection bias, we compare IGE estimates that use computed income
with IV estimates that have corrected for selection bias. We follow the same procedure detailed in
Section 3.3 to correct for the selection bias and compute the income for the full sample, but we use
only Sample N1 to estimate IGEs. The last three columns in Panel A of Table 2 report the results.
Note that Columns (7)–(9) use the same instrumental variables as in Columns (4)–(6), but include
λ to correct for the selection bias due to missing income (see Table C2 in the appendix). The

19First-stage results are presented in Table C2 of Appendix C.
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IGE estimate increases to 0.353 for the early cohort (Column (7) vs. Column (4)), but decreases
to 0.435 for the late cohort (Column (8) vs. Column (5)). This difference in the changes in the
estimates is probably due to the selection bias, which has differential impacts on the two cohorts.
We do not observe income for temporary migrants and individuals who are not living with their
parents or children. The probability of being a temporary migrant and the probability of not living
with parents or children vary across age. Since the CFPS records income for different cohorts (of
different ages) in the same survey years, the incidence of missing income varies across cohorts.
Thus, correcting the selection bias affects the estimates of intergenerational income persistence
across the two cohorts differently. We consider the estimates in the last three columns to be robust
to lifecycle bias, attenuation bias, and selection bias, even though the sample is based only on
individuals with observed income.

A.2 Estimates from the Full Sample with and without Observed Income

To estimate intergenerational income persistence at the national level, we compute the income for
all parents-children pairs with and without income records (defined as Sample N2), following the
method discussed in Section 3.3. Panel B of Table 2 presents the main results of this nationally
representative sample. Columns (1)–(3) display IGE estimates from the OLS estimation of Equa-
tion (1). Columns (4)–(6) present log correlation estimates that have adjusted for different income
distributions between generations based on Equation (2). Columns (7)–(9) present corresponding
rank correlation estimates from the OLS estimation of Equation (3). The three sets of estimates re-
veal a consistent pattern of increasing intergenerational income persistence. Specifically, the IGE
estimates are 0.390 and 0.442 for the early and late cohorts, respectively. These results suggest
that a 1 percent increase in parental income increases the income of a child in the early cohort by
0.39 percent, and the income of a child in the late cohort by 0.44 percent. The increase of 0.052
across cohorts, as shown in Column (3), is statistically significant at the 1 percent level. These
results indicate that intergenerational income persistence is stronger for the late cohort than for the
early cohort.20

It is worth mentioning that although children in the early cohort (with an average age of 34.1)
are in midlife when lifecycle bias is considered small, this is is still younger than the suggested
ideal age range, from mid-to late life (Nybom & Stuhler, 2016b). Thus estimates for the early
cohort are likely downward biased. Downward lifecycle bias is possibly more serious for children
in the late cohort, with an average age of 25.5, which is an early stage of life (Haider & Solon,
2006; Nybom & Stuhler, 2016b). Hence our estimate of the difference between the two cohorts is
likely a lower bound for the increase in intergenerational income persistence.21

The magnitudes of our main IGE estimates are similar to those from the sample of parents-
children pairs with recorded income (Columns (7)–(9) in Panel A). The difference in the increase
in IGE estimates between Sample N1 and Sample N2 is statistically insignificant at the 10 percent

20In a separate iteration, we use the number of an adult child’s siblings and its interactions with cohort, hukou, and
coastal dummies as excluded variables from the income equation in a robustness analysis, as shown in Table C4. The
estimates remain consistent.

21This argument is conditional on two assumptions: that no bias arises from the parents side or that such bias can
largely be cancelled by taking the difference across the two cohorts. As parents average age is 58.8 and 51.8 in early
and late cohorts, respectively, they are approximately in the ideal age range of mid- to late life (Nybom & Stuhler,
2016b). Thus, we consider these assumptions to likely be valid.
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level (Column (9) in Panel A vs. Column (3) in Panel B). The magnitudes of our main IGE
estimates are similar to the IGE of 0.481 between fathers and children estimated by Qin et al.
(2016), who estimate a simultaneous equations model using data from the 1989–2009 China Health
and Nutrition Survey (CHNS). Our IGE estimates are smaller than the IV estimate of 0.556 from
Chyi et al. (2014), who use father-son pairs from the 1989–2006 waves of the CHNS data, and
employ father’s number of years of education as an instrumental variable for income.

Nybom & Stuhler (2016a) find that the intergenerational log correlation and rank correlation
are more robust to lifecycle bias than the IGE. Columns (4)–(6) present the intergenerational log
correlation estimates, which show a similar increase from 0.434 for the early cohort to 0.519 for
the late cohort. These estimates are adjusted for differences in the variance of income between
generations, and corrected for selection bias. Rank correlation estimates (Columns (7)–(9)) show
a similar increase from 0.443 for the early cohort to 0.494 for the late cohort. The increases in
intergenerational log correlation estimates (Column (6)) and rank correlation estimates (Column
(9)) are statistically significant at the 1 percent level.

To summarize the results in Panels A and B, we find that lifecycle bias, attenuation bias, and
selection bias account for the differences among: (i) the estimates based on the raw data (i.e., the
subsample with recorded income); (ii) the IV estimates; and (iii) the estimates based on computed
income correcting for selection bias (drawing on the full sample with and without recorded in-
come). When we use the raw data, and do not account for the lifecycle bias or attenuation bias, the
estimated change in IGE across cohorts is 0.010. When these biases are addressed, the estimated
change in IGE rises to 0.195; this estimate, however, is biased upward due to missing income.
When we address the selection bias (still using the subsample with recorded income), the change
in IGE is estimated to be 0.082. Finally, when we use the full sample (with and without recorded
income), and address the selection bias, the change in IGE is estimated to be 0.052, which is
approximately a 13 percent increase across cohorts; this estimate is five times as large as the es-
timate using the raw data. These findings convey three important results, namely: (i) the increase
in intergenerational persistence is fairly robust, regardless of which estimate we consider; (ii) the
downward lifecycle/attenuation bias is the largest bias; and (iii) the selection bias is not negligible
and leads to an overestimate of the increase in IGE if it is not addressed.

A.3 Alternative Specifications

As discussed in Section B, estimates of intergenerational income persistence are sensitive to the
life stage at which income is measured. Thus, our main results may suffer from lifecycle bias,
because children’s income is measured at an early stage of the lifecycle, while parents’ income is
measured at a late stage of the lifecycle (Table 1). To examine the robustness of the results, we first
restrict children to be at least 24 years old, and mothers to be at most 62 years old. The results,
shown in Panel C of Table 2, indicate a similar increase in intergenerational income persistence.
The estimates of intergenerational income persistence, which are statistically significant, remain
robust across different measures, with magnitudes varying within reasonable ranges.

Second, to alleviate the concern that children in the early cohort are systematically older than
children in the late cohort, we use a full sample of parents and children to predict each individual’s
lifetime income (Panel D). The magnitudes of the estimates, especially log correlation and rank
correlation, remain similar to the main estimates in Panel B.

Third, we restrict our sample to the five oversampling provinces, and present the findings in
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Panel E. The pattern of increasing intergenerational income persistence across cohorts is again
evident. Estimates are similar to the main estimates (Panel B) in both magnitude and level of
statistical significance.

In addition, we present intergenerational education persistence from Sample N1 and Sample
N2 in Panels F and G, respectively. Consistent with the income pattern, there is a statistically
significant increase in intergenerational education persistence across cohorts, as captured by the
log correlation estimates in both Sample N1 and Sample N2 (Column (6)).22

Finally, following Chetty et al. (2014a), we replace the dependent variable of children’s income
with children’s educational attainment. Compared with income, schooling is more stable across the
lifecycle and less subject to measurement error. Results are presented in Table B1 in the appendix.
Specifically, we use three variables to measure a child’s educational attainment: a dummy variable
that indicates a minimum educational level of: (i) senior high school (Columns (1)–(3)); (ii) college
(Columns (4)–(6)); or (iii) university (Columns (7)–(9)). Panel A presents the correlation between
children’s level of education and log parental income, and Panel B presents the correlation between
children’s level of education and the national rank of parents’ income. Our results are robust under
these three alternative measures of children’s education, and further confirm that intergenerational
persistence has increased across cohorts. The magnitudes of our estimates are comparable to those
in Chetty et al. (2014a).

A.4 Transition Matrix of Relative Mobility

Table 3, depicting relative mobility as described in Section A, shows the percentage of children in
quintile i (i=1,2,3,4,5), given parents in quintile j (j=1,2,3,4,5). Panels A and B present statistics
for the early and late cohorts, respectively, while Panel C shows the differences between the two
cohorts.

Consider the children of parents in the bottom quintile. The proportion of children who are
trapped in the bottom quintile increases from 32.3 percent to 36.7 percent across cohorts (northwest
corners in Panels A and B). This increase of 4.3 percentage points is statistically significant at the
1 percent level, and indicate an increasing intergenerational poverty trap. On the other hand, the
proportion of children who grew up in the bottom quintile, but end up in the top quintile as adults,
is 9.8 percent for the early cohort and 7.3 percent for the late cohort (northeast corners in Panels
A and B). This decrease of 2.5 percentage points across cohorts is statistically significant at the
1 percent level, and suggest a diminishing likelihood of children from the most disadvantaged
families rising to the top quintile.

We conclude that intergenerational income persistence for children from poor families has be-
come increasingly strong across cohorts. This trend is possibly due to rising educational costs and
skewed public educational expenditure, which does not benefit children of the poor. In addition,
children whose parents migrate from rural to urban areas to seek employment are usually left in
rural areas and lack educational prospects (Lu, 2012). These children are likely to remain trapped
in poverty, as we shall discuss in Section 5.

Now consider the children of parents in the top quintile. The proportion of children who remain
in the top quintile increases from 45.9 percent for the early cohort to 48.7 percent for the late
cohort (southeast corners in Panels A and B). This increase of 2.8 percentage points is statistically

22Since the distribution of years of schooling tends to be multimodal, i.e., individuals complete their schooling after
passing a certain threshold, transforming this variable to percentile to estimate the rank specification is not appropriate.
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significant at the 10 percent level, indicating that descendants of the rich are increasingly likely to
stay in the same position as their parents.

A.5 Transition Matrix of Absolute Mobility

Now we turn to absolute mobility, measured by the percentage of children earning more than 100
percent, 120 percent, and 150 percent of parental income, given parents in quintile j (j=1,2,3,4,5),
as shown in Table 4. The table format is the same as the one of Table 3. We first focus on the
proportion of children earning more than 100 percent of their parents’ income. In the early cohort,
nearly all children (93.9 percent) from bottom-quintile families grow up to earn more than their
parents. This extremely high proportion is possibly due to the fact that parents in the bottom
quintile in the early cohort have very low incomes. However, the proportion of children from
bottom-quintile families earning more than their parents decreases by 2.2 percentage points in the
late cohort; this decrease is statistically significant at the 1 percent level. Children from the top
quintile also experience lower absolute mobility across cohorts. Only 30.4 percent of children in
the top quintile in the late cohort earn more than their parents, compared to 39.7 percent of children
in the early cohort. Consistent with Chetty et al. (2017), the higher the parents income, the lower
the rate of absolute mobility of children, as there is less scope for children to surpass their parents.
Of greater relevance to China’s transition period of rapid economic development, we present the
share of children earning more than 120 percent and 150 percent of their parents’ income. Figure
4 depicts the findings. Again, the rates of absolute mobility decrease from the early cohort to the
late cohort; this decrease is especially acute for children earning more than 150 percent of their
parents income. The steady fall in absolute mobility across cohorts is consistent with trends in the
U.S. (Chetty et al., 2017).

As discussed in Section 3.3, since income is recorded in a particular survey year, parents are
significantly older than their children when their incomes are recorded. Hence parents’ income
tends to be more representative of lifetime income than children’s income. Additionally, parents
in the early cohort tend to be older than parents in the late cohort; likewise, children in the early
cohort are older than children in the late cohort. Hence incomes in the early cohort tend to be
more representative of lifetime income than incomes in the late cohort. Although we partially
address this issue by averaging income across several survey years, and by using the full sample to
adjust for age to predict lifetime income, we exercise caution in interpreting our results on absolute
mobility.

B Heterogeneity in Intertemporal Patterns

We investigate how changes in intergenerational income persistence in China vary by child gender,
urban/rural hukou status, and coastal/inland regions. Son preference has persisted for centuries in
China. In addition, as documented by Xie & Zhou (2014), inequality in China is mainly driven by
the urban-rural gap and the disparity between coastal and inland regions. Note that income ranks
for both parents and children are defined at the national level, as in Chetty et al. (2014a).

Panel A in Table 5 presents the gender pattern. Increasing intergenerational income persistence
is slightly more evident for sons than daughters under the three measures. The IGE for sons
increases from 0.34 to 0.40. This difference, as well as the estimates for each cohort, is statistically
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significant at the 1 percent level (Columns (1)–(3)). Log correlation estimates (Columns (4)–
(6)) and rank correlation estimates (Columns (7)–(9)) exhibit a similar pattern. For daughters,
intergenerational income persistence also rises across cohorts, although the magnitudes are slightly
smaller than those for sons for all three measures.23

Panel B presents estimates of intergenerational income persistence by hukou. We find that the
increase in intergenerational persistence is larger in urban areas than rural areas. Intergenerational
income persistence increases in urban areas by 0.10, 0.18, and 0.09 under the measures of IGE, log
correlation, and rank correlation, respectively. The three estimates are statistically significant at the
1 percent level (Columns (3), (6), and (9)). Intergenerational income persistence also increases in
rural areas, although the magnitudes are smaller than those documented in urban areas. The urban-
rural difference in the increase in intergenerational income persistence seems to be mainly driven
by temporary outflows of migrants during the economic transition; we provide suggestive evidence
in Appendix D2. With the relaxation of the hukou restriction, adult children from disadvantaged
rural areas in the late cohort find it easier to migrate to cities, relative to their counterparts in the
early cohort. Therefore, relative to urban residents, rural residents experience a smaller increase in
intergenerational income persistence.

We then examine the disparity between coastal and inland regions. Market reforms were ini-
tiated in coastal areas, and later expanded inland. We present the patterns of intergenerational
income persistence in coastal and inland regions in Panel C. Both regions show an increasing
trend in intergenerational income persistence across cohorts; the exception is the IGE in the inland
region, which is statistically insignificant. In the early cohort, estimates for coastal regions are
smaller than estimates for inland regions. In the late cohort, however, estimates for coastal regions
are larger than estimates for inland regions. Consequently, the increase in intergenerational income
persistence is far greater in coastal regions than in inland regions. The increase in coastal regions
is 0.2 for the IGE (Columns (1)–(3)); 0.15 for the log correlation (Columns (4)–(6)); and 0.24 for
the rank correlation (Columns (7)–(9)). These estimates are statistically significant at the 1 per-
cent level. Conversely, changes in intergenerational income persistence in inland regions are either
statistically insignificant (Columns (3) and (9)) or of small magnitude (Column (6)), possibly due
to temporary migration from inland to coastal regions. The results suggest that the increase in
intergenerational income persistence is mainly driven by trends in coastal regions.

IV Inequality and Intergenerational Mobility: The Great Gatsby
Curve in China

We present the Great Gatsby Curve in China, which plots the IGE against the Gini coefficient at the
provincial level. The Chinese Statistical Yearbooks report Gini coefficients by year, province, and
hukou. According to Krueger (2012) and Corak (2013), the Gini coefficient of parental income
is ideally measured when children are growing up. Thus, we use the Gini coefficients in 1990
and 1999 from the Chinese Statistical Yearbooks as proxies for inequality during the teen years of
children in the early and late cohorts, respectively.

23Figure B9 shows the density distribution of log income for fathers and sons separately for the early cohort and
the late cohort.
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Figure 5(a) plots the IGE against the Gini coefficient by cohort, province, and hukou. We
observe a positive correlation between the IGE and the Gini coefficient, which is similar to the
pattern in developed countries. The OLS estimate is 0.83, which is statistically significant at the
1 percent level. This estimate indicates that the IGE increases by 0.083 when the Gini coefficient
increases by 0.1. One potential reason for the large magnitude of the estimate is autocorrelation,
as we pool the IGE and Gini coefficient for two cohorts in one estimation. Another possible reason
is that we measure the Gini coefficient when children are on average 15–16 years old.24 Blanden
(2013) finds that the older the children when the Gini coefficient is recorded, the stronger the
IGE-Gini correlation.

We further investigate the association between the intergenerational log correlation and the Gini
coefficient. The pattern remains robust, as shown in Figure 5(b). Figure 5(c) plots the expected
income rank of children born to parents at the bottom 20th national percentile rank against the
Gini coefficient. As expected, the slope is negative. The higher the level of income inequality, the
smaller the possibility that children from poor families can climb up the socioeconomic ladder, and
the stronger the intergenerational income persistence. The estimate is -41.13, which is statistically
significant at the 5 percent level. This estimate implies that the expected income rank of children
born to parents at the bottom 20th percentile rank falls by 4 when the Gini coefficient increases by
0.1.25

The correlation between intergenerational income persistence and inequality presented in Fig-
ure 5 might be driven by unobserved cross-province heterogeneity. We conduct a regression analy-
sis to examine the association between the change in inequality and the change in intergenerational
income persistence across cohorts by province and hukou. Appendix D details the regression spec-
ification. Estimation results are presented in Panel A of Table 6. Consistent with our findings from
Figure 5, the change in the Gini coefficient is positively correlated with the change in IGE, and
negatively correlated with the change in the expected income rank of children born to parents at
the bottom 20th percentile rank. Both estimates are statistically insignificant.

The pattern of the Great Gatsby Curve may change over time, either because the children’s
cohorts grew up under different conditions, as is the focus of our paper, or because the parents
grew up under different conditions (Nybom & Stuhler, 2016c). In China, most parents in the early
cohort were born before China’s “Great Leap Forward,” while most parents in the late cohort were
born after that period. Selection into fertility may have changed as well. Although the descriptive
pattern of the Great Gatsby Curve in China cannot address all of these questions, it sheds light on
the interaction between inequality and intergenerational mobility during China’s transition era.

We also make a preliminary attempt to associate the change in intergenerational income per-
sistence with changes in socioeconomic factors during China’s transition period. Our purpose
is merely to provide stylized facts to shed light on future research on causal determinants and
new development of economic theories of intergenerational mobility for transition economies. We
classify the socioeconomic changes during China’s economic transition into market-oriented struc-
tural changes, economic development, and public policies. Appendix A details the socioeconomic
changes and their expected correlation with the change in intergenerational persistence. Appendix
D1 specifies the regression equation and defines the variables. Appendix D2 presents and dis-
cusses the regression results. We find that the rising outflow of migrants is negatively associated
with intergenerational income persistence, and (i) increases in the share of private enterprises; (ii)

24The Chinese Statistical Yearbooks first report Gini coefficients by province and hukou in 1990.
25Figures B10–B11 plot the Great Gatsby Curve in urban and rural areas, respectively.
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public expenditure on education, science, culture, and public health per capita; and (iii) university
enrollment rates are positively associated with intergenerational income persistence. Our evidence
is weak possibly due to the small sample size at the province level.

V Policy Implications and Conclusion

We investigate the changing transmission of economic status across generations since China began
economic reforms in 1979. Using household data from the CFPS survey, we first show intergen-
erational income persistence has increased across cohorts at the national level. We also present
the Great Gatsby Curve across provinces and cohorts in China. The positive correlation between
the IGE and Gini coefficient is similar to the pattern documented in developed countries. We then
examine factors that may be correlated with the rising intergenerational income persistence across
cohorts at the provincial level.

Urban areas have experienced greater increases in intergenerational income persistence than
rural areas, possibly due to the relaxation of the hukou restriction, which facilitates temporary mi-
gration from rural areas to urban areas. The results suggest that the Chinese government should
continue to remove rural-urban migration barriers. On the other hand, the misallocation of public
resources during structural reforms may exert negative effects on intergenerational mobility. For
instance, intergenerational income persistence has increased with the rise in government educa-
tional expenditure, possibly because the allocation of such expenditure is not means-tested (Li
et al., 2013). The expansion of tertiary education, with misallocated loans and scholarships, is
negatively correlated with the upward mobility of children from poor families. The Chinese gov-
ernment should initiate various programs to subsidize the education of children from disadvantaged
families, such as “left-behind” children. In addition, the efficacy of loan and scholarship programs
at the tertiary level should be improved.

It should be noted that we have used the most appropriate methods to estimate intergenera-
tional income persistence in China. Given the data limitations, however, the estimates are likely
biased downward and thus interpretation of the magnitude of the levels or changes in the estimates
requires great caution. Nevertheless, as discussed earlier, we believe that our estimates are likely a
lower bound for the increase in intergenerational income persistence, which implies that the wors-
ening intergenerational mobility may be more serious than what the reported estimates suggest.
Further study of such mobility will have to await better panel data in China.
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Table 1: Summary Statistics

Mean
(Standard deviation)

Early cohort Late cohort

Child’s income (computed)
22,185.44 23,761.27
(7,674.02) (7,380.33)

Ln child’s income (computed)
9.95 10.03

(0.34) (0.30)

Parents’ income (computed)
17,978.72 20,293.59
(8,161.70) (8,223.27)

Ln parental income (computed)
9.72 9.85

(0.38) (0.36)

Child’s schooling years
8.32 9.57

(4.30) (4.18)

Parents’ average schooling years
4.22 5.72

(3.42) (3.76)

Child’s age
34.13 25.46
(2.98) (2.30)

Parents’ average age
58.78 51.83
(2.96) (4.68)

Child’s gender (male=1)
0.48 0.47

(0.50) (0.50)

Child’s hukou status at 3 years old (agricultural=1)
0.69 0.71

(0.46) (0.45)

Coastal area (=1)
0.37 0.39

(0.48) (0.49)

Observation 10,980 11,333

Note: The data are from the China Family Panel Studies (CFPS) in 2010, 2012, 2014, and 2016. Children are at least
22 years old, and parents are at most 64 years old. The early cohort comprises children born between 1970 and 1980.
The late cohort comprises children born between 1981 and 1988. Both the child’s income and the parents’ income
refer to annual income averaged across at least two waves of the CFPS in 2010, 2012, 2014, and 2016. Income is
adjusted to 2010 prices using the CPI.
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Table 3: Quintile Transition Matrix of Intergenerational Income Persistence

Panel A. Early Cohort: Percentage of Children in Each Quintile Conditional on Parents’ Quintile

Child’s Income Quintile
1 2 3 4 5

Parents’ Income Quintile

1
0.323 0.223 0.204 0.151 0.098

(0.468) (0.416) (0.403) (0.358) (0.298)

2
0.331 0.205 0.230 0.138 0.096

(0.471) (0.404) (0.421) (0.345) (0.294)

3
0.219 0.214 0.214 0.213 0.140

(0.414) (0.410) (0.410) (0.409) (0.347)

4
0.109 0.239 0.194 0.250 0.207

(0.312) (0.427) (0.395) (0.433) (0.405)

5
0.018 0.119 0.157 0.248 0.459

(0.132) (0.324) (0.364) (0.432) (0.498)

Panel B. Late Cohort: Percentage of Children in Each Quintile Conditional on Parents’ Quintile

Child’s Income Quintile
1 2 3 4 5

Parents’ Income Quintile

1
0.367 0.220 0.179 0.161 0.073

(0.482) (0.414) (0.384) (0.368) (0.261)

2
0.260 0.248 0.204 0.179 0.109

(0.439) (0.432) (0.403) (0.383) (0.312)

3
0.184 0.245 0.217 0.210 0.144

(0.388) (0.430) (0.412) (0.407) (0.351)

4
0.135 0.206 0.236 0.236 0.187

(0.342) (0.405) (0.424) (0.425) (0.390)

5
0.054 0.081 0.164 0.215 0.487

(0.226) (0.272) (0.370) (0.411) (0.500)

Panel C. Difference between Early and Late Cohorts

Child’s Income Quintile
1 2 3 4 5

Parents’ Income Quintile

1
0.043 -0.003 -0.025 0.010 -0.025

(0.014) (0.012) (0.012) (0.011) (0.008)

2
-0.071 0.043 -0.026 0.040 0.013
(0.014) (0.013) (0.012) (0.011) (0.009)

3
-0.035 0.031 0.003 -0.003 0.004
(0.012) (0.013) (0.012) (0.012) (0.010)

4
0.026 -0.033 0.042 -0.014 -0.021

(0.010) (0.012) (0.012) (0.013) (0.012)

5
0.036 -0.038 0.007 -0.033 0.028

(0.006) (0.009) (0.011) (0.013) (0.015)

Note: Each cell in Panels A and B reports the percentage of children in the quintile (as given by the column), con-
ditional on parental income in the quintile (as given by the row). Standard deviations are reported in parentheses
in Panels A and B. Panel C displays the difference between Panel A and Panel B, with standard errors reported in
parentheses.
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Table 4: Absolute Intergenerational Income Mobility

Panel A. Early Cohort: Percentage of Children Earning 100 Percent, 120 Percent, and 150
Percent of Parents’ Income Conditional on Parents’ Quintile

100 Percent 120 Percent 150 Percent

Parents’ Income Quintile

1
0.939 0.838 0.661

(0.239) (0.369) (0.474)

2
0.795 0.601 0.401

(0.404) (0.490) (0.490)

3
0.723 0.576 0.288

(0.447) (0.494) (0.453)

4
0.687 0.482 0.194

(0.464) (0.500) (0.396)

5
0.397 0.222 0.067

(0.489) (0.416) (0.250)

Panel B. Late Cohort: Percentage of Children Earning 100 Percent, 120 Percent, and 150
Percent of Parents’ Income Conditional on Parents’ Quintile

100 Percent 120 Percent 150 Percent

Parents’ Income Quintile

1
0.918 0.817 0.591

(0.275) (0.387) (0.492)

2
0.845 0.629 0.325

(0.362) (0.483) (0.469)

3
0.745 0.504 0.189

(0.436) (0.500) (0.391)

4
0.618 0.334 0.111

(0.486) (0.472) (0.314)

5
0.304 0.118 0.031

(0.460) (0.323) (0.173)

Panel C. Difference between Early and Late Cohorts

100 Percent 120 Percent 150 Percent

Parents’ Income Quintile

1
-0.022 -0.021 -0.069
(0.008) (0.011) (0.014)

2
0.050 0.028 -0.076

(0.011) (0.015) (0.014)

3
0.022 -0.072 -0.100

(0.013) (0.015) (0.013)

4
-0.069 -0.147 -0.083
(0.014) (0.015) (0.011)

5
-0.092 -0.104 -0.036
(0.014) (0.011) (0.006)

Note: Each cell in Panels A and B reports the percentage of children earning more than 100 percent, 120 percent,
and 150 percent of their parents income (as given by the column), conditional on parental income in the quintile (as
given by the row). Standard deviations are reported in parentheses in Panels A and B. Panel C displays the difference
between Panel A and Panel B, with standard errors reported in parentheses.
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Appendix A: Institutional Background

Market-oriented Structural Changes

China’s market-oriented reforms, which started in the late 1970s, marked a shift from a planned

economy to a market economy. These reforms have spurred China’s economic growth, facilitated

the transformation from agriculture to industry, and sparked rapid urbanization.1 The household

registration (hukou) system was gradually relaxed from the late 1980s onward, which resulted in

an unprecedented increase in temporary domestic migration that amounted to 0.2 billion, accord-

ing to the 1 percent mini-census in 2005. Meanwhile, private firms were legalized in 1997, and a

considerable number of state-owned and collective enterprises were privatized (Zhu, 2012). Insti-

tutional reforms have adjusted the incentive structure, enhanced labor productivity, and increased

private return to human capital (Ge & Yang, 2011, 2014). Figure B.1 shows that the return to 1

additional year of schooling increased fourfold, from 2 percent in 1988 to 10 percent in 2008. The

return to college education underwent an even more drastic change, rising from 7 percent in 1988

to 49 percent in 2008 (Li et al., 2012). Over the same period, income inequality also increased

(Heckman & Yi, 2014). Figure A.1 shows that the annual wage for the high-education group was

twice that of the low-education group and 1.5 times that of the medium-education group in the late

2000s, compared to almost no differences in 1988 (Li et al., 2012).

Economic Development

The impact of economic development on intergenerational mobility is ambiguous from the per-

spective of intergenerational transmission of human capital (Becker & Tomes, 1986). On the one

hand, poor families benefit more from economic development due to relaxed credit constraints on

their children’s education. In this sense, intergenerational income persistence is expected to de-

crease. On the other hand, the rising return to schooling incentivizes rich parents to invest in their

children, and thus increases intergenerational persistence. In addition to the transmission channel

of education, wealth plays an increasingly important role in intergenerational income persistence

in China (Yuan & Chen, 2013). Parents who have increased their wealth as the economy has grown

rapidly are able to bequeath more wealth to their children. Together with rising income inequality,

as demonstrated in Figure 7 in Li et al. (2012) and Heckman & Yi (2014), the overall association

between economic development and intergenerational income persistence remains an empirical

question.

1See Zhu (2012) for a discussion of China’s structural transformation and economic growth.
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Public Expenditure and Expansion of Tertiary Education in China

China’s economic reform has been accompanied by fiscal decentralization in primary and sec-

ondary education from the mid-1980s onward, and a tax reform of fiscal recentralization in 1994,

which aggravated regional inequality in primary and junior secondary education. The central gov-

ernment makes partial transfers to finance local primary and secondary schools, and local govern-

ments are expected to fill the remaining gaps. As central-to-local transfers are insufficient, local

governments, especially those in poor areas, are unable to fulfill their obligations. In rich areas,

however, public expenditure is more generous. Figure A.2 suggests that the share of government

expenditure for education in GDP doubled from 2 percent in 1992 to 4 percent in 2012, and Figure

A.3 reveals that the expenditure is mainly borne by local governments. Heckman (2005) shows

that in 2004, the per pupil government expenditure in Beijing was 16 times higher than in Guizhou

(Table 7 in Heckman (2005)).2

In addition, the radical expansion of higher education, accompanied by the drastic rise in edu-

cational costs since the late 1990s, further exacerbates such inequality (Chow & Shen, 2006).The

total number of fresh college graduates rose more than sixfold, to 7 million, between 2001 and

2013 (NBS, 2011). Figure A.4 displays the sharp increase in the share of college students in the

18-22 age cohort (Li & Xing, 2010). Average annual tuition fees surged from RMB 800 in 1995 to

RMB 5,000 in 2004. Yearly expenditure per student reached an average of RMB 12,318, based on

a national survey of college students conducted by Tsinghua University in 2010 (Li et al., 2013).

Furthermore, decentralization stratified higher education into two layers. The central government

administers a small number of elite universities, whereas local governments administer most local

colleges and universities. Rich parents are more able to send their children to elite universities,

while poor families are increasingly subject to credit constraints. Li et al. (2013) note that the

share of students in elite universities who come from rural and western regions has decreased. In

2010, 22 percent of college students are from families with annual income less than the average an-

nual expenditure of college. Loans and scholarships account for less than 10 percent of the annual

expenditure on college. Need-based aid targeted to low-income students is clearly misallocated

(Li et al., 2013).

2Knight et al. (2011) review the evolution of China’s educational system.
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Figure A.1: Annual Wage of Urban Workers, 1988-2009
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Figure A.2: Government Educational Expenditure/GDP, 1992-2012

4



0
10

00
20

00
30

00
40

00
50

00

1991 1993 1995 1997 1999 2001 2003 2005
Year

Central Local

E
du

ca
tio

na
l E

xp
en

di
tu

re
 (

R
M

B
 1

00
m

)

Data source: NBS (1991−2006)

Figure A.3: Central and Local Governmental Expenditure on Education, 1991-2006
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Figure B.1: Return to Education in Urban China, 1988-2009
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Figure B.2: Increase in Tuition in China, 1991-2007
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Appendix C: Missing Income, Selection Bias, and Computed
Income

Table C1: Determinants of Having Income Information

Outcome Variable: Having Income Information (=1)

Children Parents
Probit Probit

(1) (2) (3) (4)

number of live siblings -0.284*** -0.300***
(0.009) (0.027)

number of live siblings × cohort -0.161***
(0.041)

number of live siblings × coastal -0.015
(0.028)

number of live siblings × Hukou 0.091**
(0.029)

number of live siblings × cohort × coastal 0.006
(0.039)

number of live siblings × cohort × Hukou 0.086*
(0.043)

number of live children -0.435*** -0.384***
(0.013) (0.059)

number of live children × cohort -0.238**
(0.080)

number of live children × coastal -0.006
(0.047)

number of live children × Hukou -0.010
(0.059)

number of live children × cohort × coastal 0.053
(0.057)

number of live children × cohort × Hukou 0.176*
(0.080)

education 0.035*** 0.035*** -0.026 -0.024
(0.009) (0.009) (0.018) (0.018)
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cohort (late = 1) 114.345 117.678 -7.262 -7.208
(87.484) (88.267) (17.204) (17.218)

coastal region 55.882 58.578 -27.076 -27.384
(87.928) (88.142) (27.454) (27.421)

Hukou (rural = 1) 7.338 7.510 -20.164 -19.449
(71.976) (71.910) (18.167) (18.122)

age 4.201 4.263 0.070 0.107
(5.341) (5.350) (0.562) (0.561)

age squared/100 -11.303 -11.480 -0.067 -0.101
(15.453) (15.477) (0.491) (0.490)

age cubed/1000 1.000 1.017 -0.021** -0.021**
(1.484) (1.487) (0.008) (0.008)

male 0.033 0.028
(0.066) (0.066)

live father -0.107 -0.114
(0.211) (0.209)

live mother 0.965* 0.957*
(0.456) (0.451)

education × cohort -0.002 -0.009 0.051* 0.041
(0.013) (0.013) (0.022) (0.023)

education × Hukou -0.031** -0.029** 0.042* 0.040*
(0.011) (0.011) (0.020) (0.020)

cohort × Hukou -51.721 -54.522 26.125 26.343
(102.431) (102.996) (19.273) (19.264)

education × cohort × Hukou 0.020 0.026 -0.032 -0.023
(0.015) (0.015) (0.025) (0.025)

education × coastal -0.013 -0.014 -0.004 -0.004
(0.013) (0.013) (0.024) (0.024)

cohort × coastal -79.626 -84.563 24.610 26.013
(123.680) (124.850) (28.676) (28.677)

education × cohort × coastal 0.021 0.017 -0.044 -0.043
(0.019) (0.019) (0.030) (0.030)

Hukou × coastal 10.652 11.825 12.630 13.045
(109.204) (109.193) (31.493) (31.415)

education × Hukou × coastal -0.004 -0.002 -0.042 -0.041
(0.017) (0.017) (0.028) (0.028)

cohort × Hukou × coastal 68.331 69.381 -10.921 -12.236
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(153.143) (153.968) (32.770) (32.723)
education × cohort × Hukou × coastal -0.015 -0.012 0.041 0.041

(0.024) (0.024) (0.035) (0.035)
age × cohort -11.791 -12.206 0.291 0.293

(9.126) (9.227) (0.611) (0.612)
age × Hukou -0.208 -0.238 0.719 0.694

(6.266) (6.260) (0.635) (0.634)
age × cohort × Hukou 5.798 6.180 -0.926 -0.938

(10.678) (10.757) (0.684) (0.684)
age × coastal -4.499 -4.736 0.982 0.993

(7.663) (7.682) (0.949) (0.948)
age × cohort × coastal 7.561 8.072 -0.852 -0.903

(12.843) (12.992) (1.003) (1.003)
age × Hukou × coastal -1.310 -1.402 -0.467 -0.482

(9.508) (9.507) (1.092) (1.089)
age × cohort × Hukou × coastal -8.437 -8.618 0.407 0.454

(15.893) (16.005) (1.147) (1.146)
age squared/100 × cohort 41.688 43.493 -0.272 -0.267

(32.966) (33.390) (0.543) (0.544)
age squared/100 × Hukou -0.635 -0.540 -0.636 -0.615

(18.111) (18.095) (0.555) (0.554)
age squared/100 × cohort × Hukou -22.465 -24.188 0.822 0.830

(38.572) (38.917) (0.607) (0.608)
age squared/100 × coastal 11.886 12.581 -0.888 -0.897

(22.174) (22.228) (0.821) (0.820)
age squared/100 × cohort × coastal -24.894 -26.653 0.770 0.814

(46.206) (46.824) (0.878) (0.879)
age squared/100 × Hukou × coastal 4.988 5.227 0.421 0.435

(27.483) (27.482) (0.947) (0.945)
age squared/100 × cohort × Hukou × coastal 34.895 35.724 -0.397 -0.441

(57.180) (57.664) (1.006) (1.005)
age cubed/1000 × cohort -5.048 -5.303 -0.039** -0.041**

(4.084) (4.142) (0.015) (0.015)
age cubed/1000 × Hukou 0.186 0.174 0.000 0.000

(1.738) (1.737) (0.009) (0.009)
age cubed/1000 × cohort × Hukou 2.965 3.215 0.002 0.004

(4.780) (4.829) (0.016) (0.016)
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age cubed/1000 × coastal -1.027 -1.094 0.014 0.014
(2.130) (2.135) (0.011) (0.011)

age cubed/1000 × cohort × coastal 2.851 3.052 -0.022 -0.022
(5.707) (5.790) (0.020) (0.020)

age cubed/1000 × Hukou × coastal -0.597 -0.618 -0.011 -0.011
(2.637) (2.637) (0.012) (0.012)

age cubed/1000 × cohort × Hukou × coastal -4.800 -4.914 0.032 0.033
(7.066) (7.132) (0.022) (0.022)

male × cohort 0.329*** 0.316***
(0.092) (0.093)

male × Hukou 0.373*** 0.392***
(0.078) (0.079)

male × cohort × Hukou -0.065 -0.066
(0.109) (0.110)

male × coastal 0.063 0.062
(0.094) (0.095)

male × cohort × coastal -0.250 -0.240
(0.131) (0.133)

male × Hukou × coastal -0.205 -0.196
(0.119) (0.119)

male × cohort × Hukou × coastal 0.226 0.206
(0.164) (0.165)

live father × cohort 0.460 0.489
(0.330) (0.332)

live father × Hukou 0.611* 0.605*
(0.250) (0.248)

live father × cohort × Hukou -0.462 -0.473
(0.369) (0.371)

live father × coastal -0.001 0.003
(0.314) (0.312)

live father × cohort × coastal -0.306 -0.328
(0.448) (0.450)

live father × Hukou × coastal 0.173 0.172
(0.403) (0.400)

live father × cohort × Hukou × coastal -0.196 -0.185
(0.537) (0.537)

live mother × cohort -0.391 -0.397
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(0.566) (0.564)
live mother × Hukou -0.846 -0.851

(0.475) (0.470)
live mother × cohort × Hukou 0.425 0.445

(0.597) (0.595)
live mother × coastal -0.281 -0.261

(0.653) (0.650)
live mother × cohort × coastal 0.070 0.051

(0.781) (0.781)
live mother × Hukou × coastal 0.438 0.420

(0.705) (0.701)
live mother × cohort × Hukou × coastal -0.183 -0.166

(0.861) (0.861)

Observations 22,313 22,313 22,313 22,313

Note: Standard errors in parentheses. *** significant at 0.01, ** significant at 0.05, * significant at 0.1.
The data are from the China Family Panel Studies (CFPS) for 2010, 2012, 2014, and 2016. The sample includes
children who are at least 22 years old and parents who are at most 64 years old. The early cohort comprises children
born between 1970 and 1980. The late cohort comprises children born between 1981 and 1988. Both the child’s
income and the parents’ income refer to annual income averaged across at least two waves of the CFPS in 2010, 2012,
2014, and 2016. Income is adjusted to 2010 prices using the CPI.
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Table C2: Income Equation with and without Bias Corrected

Outcome Variable: Ln (Income)
Children Parents

(1) (2) (3) (4)
OLS OLS OLS OLS

Inverse Mills Ratio (lambda) -0.141*** -0.182***
(0.037) (0.039)

education 0.052*** 0.048*** 0.070** 0.068**
(0.009) (0.009) (0.022) (0.022)

cohort (late = 1) -92.859 -98.740 31.603 28.469
(77.332) (77.255) (20.182) (20.139)

coastal region -34.026 -28.877 15.499 20.517
(79.958) (79.874) (33.141) (33.069)

Hukou (rural = 1) -80.855 -75.380 3.338 5.130
(67.023) (66.958) (22.662) (22.604)

age -3.301 -3.286 0.819 0.675
(5.090) (5.084) (0.681) (0.680)

age squared/100 9.427 9.299 -0.745 -0.614
(14.773) (14.756) (0.603) (0.602)

age cubed/1000 -0.901 -0.880 0.004 0.006
(1.424) (1.422) (0.010) (0.010)

male 0.285*** 0.270***
(0.059) (0.059)

live father 0.263 0.292
(0.241) (0.240)

live mother -0.655 -0.760
(0.681) (0.680)

education × cohort -0.021 -0.021 0.007 0.003
(0.012) (0.012) (0.025) (0.025)

education × Hukou -0.013 -0.010 -0.017 -0.020
(0.010) (0.010) (0.025) (0.025)

cohort × Hukou 182.468* 181.681* -13.451 -15.400
(89.165) (89.059) (23.449) (23.389)

education × cohort × Hukou 0.038** 0.036** -0.009 -0.006
(0.014) (0.014) (0.028) (0.028)

education × coastal -0.001 -0.001 -0.016 -0.011
(0.012) (0.012) (0.028) (0.028)
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cohort × coastal 98.910 96.694 -23.249 -27.748
(105.867) (105.743) (34.007) (33.929)

education × cohort × coastal 0.035* 0.033 0.012 0.012
(0.017) (0.017) (0.032) (0.032)

Hukou × coastal 118.599 102.112 -49.341 -54.417
(97.639) (97.617) (39.047) (38.958)

education × Hukou × coastal 0.017 0.017 -0.009 -0.008
(0.015) (0.015) (0.034) (0.034)

cohort × Hukou × coastal -146.481 -140.318 60.774 64.788
(129.227) (129.083) (39.937) (39.839)

education × cohort × Hukou × coastal -0.045* -0.043* 0.008 0.006
(0.021) (0.021) (0.038) (0.038)

male × cohort 0.002 -0.023
(0.081) (0.081)

male × Hukou 0.174* 0.135
(0.071) (0.072)

male × cohort × Hukou -0.125 -0.122
(0.096) (0.096)

male × coastal 0.082 0.078
(0.085) (0.085)

male × cohort × coastal -0.151 -0.125
(0.114) (0.114)

male × Hukou × coastal -0.116 -0.099
(0.106) (0.106)

male × cohort × Hukou × coastal 0.310* 0.290*
(0.140) (0.140)

age × cohort 9.738 10.402 -1.206 -1.095
(7.899) (7.892) (0.716) (0.715)

age × Hukou 6.950 6.431 -0.179 -0.245
(5.850) (5.844) (0.798) (0.796)

age × cohort × Hukou -18.968* -19.038* 0.581 0.647
(9.113) (9.103) (0.832) (0.830)

age × coastal 2.917 2.422 -0.592 -0.768
(6.980) (6.973) (1.154) (1.152)

age × cohort × coastal -10.823 -10.701 0.871 1.023
(10.793) (10.780) (1.192) (1.189)

age × Hukou × coastal -10.225 -8.739 1.833 2.009
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(8.513) (8.512) (1.364) (1.361)
age × cohort × Hukou × coastal 13.698 13.485 -2.247 -2.381

(13.176) (13.160) (1.403) (1.399)
age squared/100 × cohort -34.699 -37.244 1.133 1.034

(28.021) (27.996) (0.641) (0.639)
age squared/100 × Hukou -19.889 -18.261 0.170 0.231

(16.953) (16.938) (0.706) (0.704)
age squared/100 × cohort × Hukou 66.860* 67.684* -0.597 -0.653

(32.365) (32.327) (0.743) (0.741)
age squared/100 × coastal -8.334 -6.764 0.544 0.701

(20.232) (20.212) (1.008) (1.006)
age squared/100 × cohort × coastal 40.194 40.204 -0.825 -0.959

(38.216) (38.170) (1.048) (1.045)
age squared/100 × Hukou × coastal 29.261 24.815 -1.648 -1.805

(24.644) (24.642) (1.193) (1.190)
age squared/100 × cohort × Hukou × coastal -43.527 -44.294 2.055 2.174

(46.690) (46.635) (1.234) (1.231)
age cubed/1000 × cohort 4.194 4.525 -0.003 0.001

(3.426) (3.423) (0.015) (0.015)
age cubed/1000 × Hukou 1.893 1.724 -0.001 -0.001

(1.631) (1.630) (0.011) (0.011)
age cubed/1000 × cohort × Hukou -7.979* -8.147* 0.001 0.000

(3.963) (3.958) (0.016) (0.016)
age cubed/1000 × coastal 0.798 0.634 -0.011 -0.012

(1.947) (1.945) (0.014) (0.014)
age cubed/1000 × cohort × coastal -5.051 -5.109 0.014 0.015

(4.665) (4.660) (0.020) (0.020)
age cubed/1000 × Hukou × coastal -2.783 -2.342 0.009 0.010

(2.369) (2.368) (0.016) (0.016)
age cubed/1000 × cohort × Hukou × coastal 4.716 4.983 -0.011 -0.015

(5.707) (5.701) (0.023) (0.023)
live father × cohort 0.095 0.030

(0.340) (0.340)
live father × Hukou 0.092 -0.003

(0.313) (0.313)
live father × cohort × Hukou 0.101 0.164

(0.409) (0.408)
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live father × coastal 0.044 0.049
(0.348) (0.347)

live father × cohort × coastal 0.262 0.286
(0.455) (0.454)

live father × Hukou × coastal -0.744 -0.733
(0.503) (0.501)

live father × cohort × Hukou × coastal 0.344 0.360
(0.602) (0.600)

live mother × cohort 0.328 0.342
(0.785) (0.783)

live mother × Hukou 0.941 1.061
(0.701) (0.700)

live mother × cohort × Hukou -0.460 -0.498
(0.814) (0.812)

live mother × coastal 1.276 1.163
(0.959) (0.957)

live mother × cohort × coastal -0.413 -0.253
(1.066) (1.064)

live mother × Hukou × coastal -1.169 -1.050
(1.012) (1.010)

live mother × cohort × Hukou × coastal 0.470 0.289
(1.141) (1.139)

Observations 5,820 5,820 3,923 3,923
R squared 0.233 0.235 0.244 0.248

Note: Standard errors in parentheses. *** significant at 0.01, ** significant at 0.05, * significant at 0.1.
The data are from the China Family Panel Studies (CFPS) for 2010, 2012, 2014, and 2016. The sample includes
children who are at least 22 years old and parents who are at most 64 years old. The early cohort comprises children
born between 1970 and 1980. The late cohort comprises children born between 1981 and 1988. Both the child’s
income and the parents’ income refer to annual income averaged across at least two waves of the CFPS in 2010, 2012,
2014, and 2016. Income is adjusted to 2010 prices using the CPI.
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Table C3: Summary Statistics for Computed Income

Mean
(Standard Deviation)

Early Cohort Late Cohort

Income of children
22,185.44 23,761.27

(7,674.016) (7,380.334)

Income of parents
17,978.72 20,293.59

(8,161.698) (8,223.27)

Log(income of children)
9.949 10.030

(0.344) (0.304)

Log(income of parents)
9.717 9.851

(0.383) (0.357)
Observations 10,980 11,333

Note: The data are from the China Family Panel Studies (CFPS) for 2010, 2012, 2014, and 2016. The sample includes
children who are at least 22 years old and parents who are at most 64 years old. The early cohort comprises children
born between 1970 and 1980. The late cohort comprises children born between 1981 and 1988. Both the child’s
income and the parents’ income refer to annual income averaged across at least two waves of the CFPS in 2010, 2012,
2014, and 2016. Income is adjusted to 2010 prices using the CPI.
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Table C4: Robustness of the Main IGE Estimates

Outcome Variable: Ln (Predicted Income of Children)

Early Cohort Late Cohort
(1) (2) (3) (4)

ln (predicted income of parents) 0.390*** 0.391*** 0.442*** 0.448***
(0.009) (0.010) (0.008) (0.008)

child’s age -0.051 -0.054* 0.022 0.012
(0.028) (0.024) (0.027) (0.033)

child’s age squared/100 0.051 0.055 -0.028 -0.013
(0.041) (0.035) (0.053) (0.065)

father’s age -0.217*** -0.219*** 0.042*** 0.043***
(0.037) (0.035) (0.008) (0.010)

father’s age squared/100 0.197*** 0.199*** -0.030*** -0.031***
(0.031) (0.029) (0.008) (0.009)

Observations 10,980 10,980 11,333 11,333
R-squared 0.198 0.195 0.255 0.245

Note: Bootstrapped standard errors in parentheses. *** significant at 0.01, ** significant at 0.05, * significant at 0.1.
Columns (1) and (3) present estimates using number of child’s live siblings to address selection bias. Columns (2)
and (4) show robustness checks, using the number of child’s live siblings and its interactions with cohort, coastal, and
hukou dummies to address selection bias. The data are from the China Family Panel Studies (CFPS) for 2010, 2012,
2014, and 2016. The sample includes children who are at least 22 years old and parents who are at most 64 years old.
The early cohort comprises children born between 1970 and 1980. The late cohort comprises children born between
1981 and 1988. Both the child’s income and the parents’ income refer to annual income averaged across at least two
waves of the CFPS in 2010, 2012, 2014, and 2016. Income is adjusted to 2010 prices using the CPI.
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Appendix D: Correlates of Changes in Intergenerational In-
come Persistence in China

Appendix D1: Regression Specification and Variable Definitions

We investigate correlation between the change in correlates and the change in IGE using the fol-

lowing regression equation:

(D1) ˆIGEit − ˆIGEi,t−1 = γ0 + γ1(Correlateit −Correlatei,t−1) + νi,

where ˆIGEit ( ˆIGEi,t−1) is the IGE estimate for the late (early) cohort in province i, based on the

CFPS data. Table D1 reports IGE estimates. CFPS surveys 25 provinces/municipalities, but

since Beijing and Tianjin contain fewer than 100 observations in our sample, we exclude these

two municipalities and in total have 23 provinces/municipalities across two cohorts.3 Correlateit

(Correlatei,t−1) is the specific correlate for the late (early) birth cohort, which is described in the

section below. We use correlates around the years of 1990 and 2000 from the China Compendium

of Statistics and other datasets to measure the socioeconomic environment when children in the

early and late cohorts, respectively, were growing up.4 Standard errors are bootstrapped.

To study intergenerational income persistence for children from poor or rich families, we fur-

ther examine the association between change in the correlates and change in the expected income

rank if parental income is at the bottom 20th or top 20th national percentile rank. Although our

regression analysis is at the provincial level, the calculation of children’s expected rank is based on

a common scale at the national level, which validates cross-province comparison. For a child born

in the late (early) cohort in province i, we use rank20
it (rank20

i,t−1) to denote the expected percentile

rank of the child in his/her national income distribution if his/her parents are at the 20th rank in the

national distribution of their generation. Following Chetty et al. (2014),

(D2) rank20
it = ˆβ0,it + 20 ˆβ1,it,

where ˆβ0,it and ˆβ1,it are estimates of intercept and rank correlation from Equation (3) for the late

cohort in province i based on CFPS. A large value of rank20
it indicates a high expected rank for

a child from a poor family. To study intergenerational persistence for rich families, we define

3We exert caution in interpreting cross-province comparisons, since the CFPS oversamples five provinces (Shang-
hai, Liaoning, Henan, Gansu, and Guangdong) to ensure scientific comparison across these five provinces. The rest
is drawn through weighting to ensure that the overall sample is nationally representative (see detailed description in
Section 3.1). Thus, strictly speaking, provinces/municipalities other than the five oversampled ones cannot be used to
draw precise estimates for provincial comparison. To the best of our knowledge, however, currently there is no other
way to overcome this data limitation. Therefore, our cross-province comparison provides suggestive evidence only.

4Detailed data sources are described in Table D2.
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rank80 in a similar way as rank20. By replacing the dependent variable with rank20
it − rank20

i,t−1

(rank80
it − rank80

i,t−1) in Equation (D1), we investigate the correlation between change in correlates

and change in rank20 (rank80).

Following Chetty et al. (2014), we have standardized both measures of cohort-province-specific

intergenerational income persistence and their correlates. Correlates of changes in intergenera-

tional income persistence, which are detailed in the next section, are measured in different units.

Similarly, we use three different measures for intergenerational persistence. Standardizing these

variables facilitates comparison of magnitudes of univariate regression coefficients estimated by

Equation (D1). Table D3 presents summary statistics for both non-standardized and standardized

measures of intergenerational persistence and correlates at the provincial level.

Appendix D2: Regression Results

Table D4 presents estimation results of Equation (D1). Column (1) shows the results using the

IGE as the measure for intergenerational income persistence. Columns (2) and (3) present results

with the ranks of children born to parents at the bottom and top 20th percentile national ranks,

respectively, as outcome variables. We note that province-level variables in Equation (D1) could

be associated with each other or with omitted variables. Our estimates are thus interpreted as

correlation rather than causality. Perhaps because of the small sample size at the provincial level,

all but four estimates are statistically insignificant.

Market-oriented Structural Changes Panel B presents the association between changes in in-

tergenerational income persistence and structural changes. Specifically, we use changes in the

share of primary, secondary, and tertiary industry; outflow migration rate; urbanization rate; and

share of private enterprises as proxy variables for structural changes. We find that the IGE in

source regions falls by 1.1 standard deviations when the migration rate increases by 1 standard

deviation. The estimate is statistically significant at the 10 percent level. This result is consistent

with the findings in Table 5 that increasing intergenerational persistence is less evident in rural and

noncoastal areas. With a 1-standard-deviation increase in the share of private enterprises, the rise

in the IGE is as large as 4 standard deviations, and is statistically significant at the 5 percent level.

Other estimates generally have the expected signs, but are statistically insignificant.

Economic Development Panel C presents the association between economic development, cap-

tured by changes in gross regional product (GRP) per capita and poverty rate, and the change in

intergenerational persistence.5 Our results show that the IGE is positively correlated with both

5Because of data availability, the poverty rate is by rural and urban areas with at least 100 observations in each
province-rural/urban cell.
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GRP and poverty rates. With the rising GRP and declining poverty rate, the income rank at the

national level for children of the poor (bottom 20 percent) decreases, while that for children of the

rich (top 20 percent) increases. All estimates are statistically insignificant.

Public Expenditure and Expansion of Tertiary Education Panel D presents the association

between changes in intergenerational persistence and changes in government expenditure on edu-

cation, science, culture, and public health per capita and university students per 10,000 people. The

estimation result shows that intergenerational income persistence rises with increasing expenditure

on education and university enrollment rate. Specifically, with a one-standard-deviation increase in

public expenditure per capita, the IGE rises by 2.4 standard deviations. The expected income rank

of children born to parents at the bottom 20th percentile rank decreases by 1.2 standard deviations

with a one-standard-deviation increase in the university enrollment rate. The two estimates are

statistically significant at the 5 percent and 10 percent levels, respectively. The evidence echoes

Lai et al. (2011), who report that children from low-income families find it increasingly difficult to

attend elite schools.6

We exercise caution in interpreting the bivariate correlation analysis results in this section.

When we apply the Bonferroni correction for the multiple hypothesis testing for each measure of

intergenerational income persistence, all estimates in Table D4 are statistically insignificant. For

each measure of intergenerational income persistence, we also carry out multivariate correlation

analyses by including all factors in one regression.7 We find that none of the variables is statisti-

cally significant; in fact, they are jointly statistically insignificant. The p-values of the F-statistics

vary between 0.188 and 0.798.8

6Li et al. (2013) show that the share of students in elite universities from rural and western regions has decreased.
In 2010, 22 percent of college students come from families with an annual income that is less than the average annual
expenditure of college students. Loans and scholarships account for less than 10 percent of the annual expenditure for
college students.

7The variable “share of tertiary industry is excluded because of collinearity with “share of primary industry” and
“share of secondary industry”.

8These results are available upon request.
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Table D1: IGE Estimates by Cohort in 23 Provinces/Municipalities

IGE

Province Early cohort Late cohort

(1) (2) (3)

Hebei 0.246 0.386
Shanxi 0.239 0.223

Liaoning 0.275 0.507
Jilin 0.341 0.192

Heilongjiang 0.263 0.248
Shanghai 0.218 0.341
Jiangsu 0.061 0.359

Zhejiang 0.123 0.067
Anhui 0.136 0.197
Fujian 0.254 0.636
Jiangxi 0.266 0.275

Shandong 0.208 0.343
Henan 0.271 0.257
Hubei 0.323 0.213
Hunan 0.274 0.19

Guangdong 0.212 0.419
Guangxi 0.309 0.234

Chongqing 0.364 0.27
Sichuan 0.412 0.486
Guizhou 0.257 0.331
Yunnan 0.234 0.387
Shannxi 0.168 0.283
Gansu 0.398 0.334

Note: Beijing and Tianjin in both cohorts are excluded, as the observations in each cohort are fewer than 100.
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Table D2: Data Sources for Correlates with Intergenerational Income Persistence

Variable Data Notes

Gini coefficient Chinese Statistical
Yearbooks in 1990 and 1999

Data are by rural and urban
areas, as reported in the
statistical yearbooks.
Observations in
cohort-hukou-province cells
with fewer than 100
observations are excluded.

Share of primary industry China Compendium of
Statistics 1949-2008 in 1990
and 2000

Data cover all 25 provinces
in CFPS.

Share of secondary industry China Compendium of
Statistics 1949-2008 in 1990
and 2000

Data cover all 25 provinces
in CFPS.

Share of tertiary industry China Compendium of
Statistics 1949-2008 in 1990
and 2000

Data cover all 25 provinces
in CFPS.

Outflow migration rate Census data in 1990 and
2000

The outflow migration rate is
calculated for the age cohorts
of 16 to 26 with high rates of
migration. Data cover 23
provinces in the CFPS, with
missing values in Sichuan
and Chongqing. The latter
was separated as a
municipality from the former
in 1998.

Urbanization rate China Compendium of
Statistics 1949-2008 in 1990
and 2000

Data cover 20 provinces in
the CFPS, with missing
values in Zhejiang, Fujian,
Chongqing, Sichuan, and
Shannxi. The value in
Guangdong in 1990 is
replaced by the one for 1989
because of data availability.
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Share of private enterprises China Compendium of
Statistics 1949-2008 in 1990
and 1997

Statistics for 2000 are not
available, and are thus
replaced by those for 1997.
Data cover all 25 provinces
in the CFPS.

Per capita GRP (1,000 yuan) China Compendium of
Statistics 1949-2008 in 1990
and 2000

Data cover all 25 provinces
in the CFPS.

Urban poverty rate China Compendium of
Statistics 1949-2008 in 2000
and 2008

Statistics for 1990 and 2000
are not available, and thus
are replaced by those for
2000 and 2008 sequentially.
Data cover 24 provinces in
CFPS, with missing values
for Jilin. The values for
Hebei, Jiangsu, Sichuan, and
Shannxi in 2000 are replaced
by those for 2003, 2002,
2005, and 2001, sequentially,
due to data availability. The
value for Hubei in 2008 is
replaced by the one for 2004.

Rural poverty rate China Compendium of
Statistics 1949-2008 in 2000
and 2008

Statistics for 1990 and 2000
are not available, and are
thus replaced by those for
2000 and 2008 sequentially.
Data cover 17 provinces in
the CFPS, with missing
values for Tianjin, Shanxi,
Jilin, Jiangsu, Shandong,
Henan, Hubei, and
Chongqing. Values for
Heilongjiang and Guizhou
for 2000 are replaced by
those for 2002 and 2005
sequentially.

Educational expenditure per
capita

China Compendium of
Statistics 1949-2008 in 1990
and 2000

Data cover all 25 provinces
in the CFPS. The value for
Sichuan in 1990 is replaced
by the one for 1994 because
of data availability.
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University students per
10,000 people

China Compendium of
Statistics 1949-2008 in 1990
and 2000

Data cover all 24 provinces
in the CFPS, with missing
value for Beijing. The value
for Sichuan for 1990 is
replaced by the one for 1994
because of data availability.
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Table D3: Summary Statistics for Intergenerational Persistence and Correlates at Provincial Level

Mean
(Standard Deviation)

Early Cohort Late Cohort

Non-standardized Standardized Non-standardized Standardized

Intergenerational income
elasticity

0.254 -0.265 0.312 0.265
(0.084) (0.773) (0.124) (1.141)

Rank of child with parents
from 20th national rank

12.096 0.494 6.060 -0.494
(7.106) (1.164) (2.588) (0.424)

Rank of child with parents
from 80th national rank

29.095 0.073 27.616 -0.073
(10.750) (1.065) (9.581) (0.949)

Gini coefficient
0.246 -0.507 0.286 0.485

(0.038) (0.940) (0.033) (0.809)

Share of primary industry
0.291 0.609 0.173 -0.609

(0.088) (0.903) (0.066) (0.674)

Share of secondary industry
0.408 -0.179 0.434 0.179

(0.082) (1.124) (0.062) (0.845)

Share of tertiary industry
0.300 -0.754 0.393 0.754

(0.035) (0.566) (0.045) (0.732)

Outflow migration rate a 0.042 -0.929 0.178 0.929
(0.012) (0.164) (0.033) (0.460)

Urbanization rate
0.317 -0.221 0.397 0.181

(0.191) (0.959) (0.203) (1.018)

Share of private enterprises
0.105 -0.215 0.212 0.215

(0.237) (0.950) (0.256) (1.023)

Per capita GRP (1,000 yuan)
1.718 -0.622 8.152 0.622

(1.040) (0.201) (5.659) (1.094)

Poverty rate
0.130 -0.130 0.271 0.137

(0.174) (0.330) (0.740) (1.404)
Expenditure on education,
science, culture, & public

health per capita

50.876 -0.523 211.809 0.523
(23.375) (0.152) (185.115) (1.204)

University students per
10,000 people

20.426 -0.517 46.451 0.517
(16.739) (0.665) (25.741) (1.022)

Note: Beijing and Tianjin in both cohorts are excluded, as the observations in each cohort are fewer than 100. The
data are from the China Compendium of Statistics, 1949–2008 in 1990 and 2000, except for the outflow migration
rate, which is from the 1990 and 2000 censuses. The data on the share of private enterprise are from 1990 and 1997.
Poverty rates are recorded separately for urban and rural areas, and the data are from 2000 and 2008. Gini coefficients
are recorded separately for urban and rural areas, and the data are from 1990 and 1999. If data are missing in a
specified year, the closest alternative within a five-year window is used instead. In total, there are 12 replacements for
all data.
a The outflow migration rate is calculated for the 16- to 26-year-olds, who have high rates of migration.
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Table D4: Correlates of Changes in Intergenerational Income Persistence

Outcome Variable

Correlates
Intergenerational
income elasticity

Rank of child born
to parents at the

bottom 20th

percentile rank

Rank of child born
to parents at the top
20th percentile rank

(1) (2) (3) (4)

Panel A. Inequality

Gini coefficient
0.350 -0.932 -0.109

(0.578) (0.499) (0.341)

Panel B. Structural Changes

Share of primary industry
0.671 -0.712 -0.083

(0.723) (0.771) (0.677)

Share of secondary industry
0.595 -0.025 0.116

(0.592) (0.519) (0.300)

Share of tertiary industry
-0.493 0.077 -0.074
(0.383) (0.406) (0.243)

Outflow migration ratea -1.084 0.299 -0.120
(0.648) (0.749) (0.466)

Urbanization rate
-0.054 0.131 0.080
(0.599) (0.747) (0.920)

Share of private enterprises
4.012 -0.682 1.296

(1.778) (1.735) (1.395)

Panel C. Economic Development

Per capita GRP
1.307 -0.350 0.310

(0.819) (0.706) (0.557)

Poverty rate
0.559 0.063 -0.474

(0.835) (1.632) (1.411)

Panel D. Redistribution and Education Policies

Expenditure on education, science,
culture, & public health per capita

2.379 -1.297 0.104
(1.136) (1.259) (0.894)

University students per 10,000 people
0.556 -1.230 -0.434

(0.713) (0.741) (0.637)

Note:All variables have been normalized. Beijing and Tianjin in both cohorts are excluded, as the number of observations in each cohort are fewer
than 100.Column (1) lists the correlates of changes in intergenerational income persistence. Each cell in Columns (2)–(4) presents the OLS estimate
of γ1 in Equation (D1) in Appendix D, with bootstrapped standard errors in parentheses. Specifically, Columns (2), (3), and (4) show, respectively,
the OLS estimates of the changes in the correlates with the changes in intergenerational income elasticity, the rank of a child born to parents at the
bottom 20th national percentile rank, and the rank of a child born to parents at the top 20th national percentile rank. The data are from the China
Compendium of Statistics, 1949–2008 in 1990 and 2000, except for the outflow migration rate, which is from the 1990 and 2000 censuses. The
data on the share of private enterprise are from 1990 and 1997. Poverty rates are recorded separately for urban and rural areas, and the data are from
2000 and 2008. Gini coefficients are recorded separately for urban and rural areas, and the data are from 1990 and 1999. If data are missing in a
specified year, the closest alternative within a five-year window is used instead. In total, there are 12 replacements for all data.
a The outflow migration rate is calculated for the 16- to 26-year-olds, who have high rates of migration.
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