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Abstract	

This	paper	documents	the	basic	facts	about	the		 intergenerational	 	mobility	 	 in	rural	China	

setting.	 We	 also	 account	 for	 the	 intergenerational	 transmission	 by	 de-	 composing	 the	

elasticity	to	the	part	explained	by	cognitive	skills,	noncognitive	skills,	and	education.	Utilizing	

an	unique	data	set	GSCF,	this	study	is	the	first	to	provide	empirical	evidence	in	developing	

countries	rural	setting.	We	find	that	the	intergenerational	education	transmission	coefficient	

is	0.391	in	our	analysis,	which	is	a	little	bit	lower	than	the	estimation	from	other	papers.	Our	

estimated	intergenerational	income	elasticity	is	0.099,		which	indicates	the	intergenerational	

mobility	is	quite	high	within	this	rural	area.		The	decomposition	results	show	that	the	role	of	

cogni-	 tive	skills	 is	 important	 for	accounting	for	 intergenerational	persistence	of	education	

and	income,		noncognitive	skills	 is	relatively	less	important,	 	and	health	variables	play	very	

small	 role	 	 in	 	 intergenerational	 education	 transmission,	 	 play	 modest	 	 role	 in	

intergenerational	income	transmission.	The	decomposition	results	conditional	on	education	

reflects	cognitive	skills	affect	income	partly	because	of	their	influence	on	education.	
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1.	Introduction	

Intergenerational	 mobility	 is	 one	 measurement	 for	 the	 degree	 of	 family’s	

socioeconomic	 status	affect	 the	outcome	of	children.	 A	strong	association	between	

father’s	socioeconomic	status	and	children’s	socioeconomic	status	means	low	mobility	

among	 the	 society.	 It	 is	 an	 indicator	 for	 equality	 of	 opportunity,	 and	 relate	 to	 the	

intergenerational	efficiency	and	intergenerational	equality.	

In	this	chapter,	we	utilize	a	unique	long	panel	data	extending	15	years	from	rural	

Gansu	 province	 to	 study	 the	 intergenerational	 mobility	 in	 rural	 China	 con-	 text	

systematically.	 We	 estimate	 both	 the	 intergenerational	 education	 correlation	 and	

intergenerational	 income	correlation.	For	the	estimation	of	 intergenerational	 income	

correlation,	we	estimate	both	 the	 traditional	 intergenerational	 income	elasticity	and	

the	intergenerational	income	rank-rank	slope	(Chetty	et	al.,	2014).	

To	understand	the	intergenerational	mobility	more	thoroughly,	we	explore	the	

channels	 through	 which	 family	 outcome	 or	 father’s	 outcome	 affect	 children’s	

educational	attainment	and	labor	market	outcome.	Recently,	large	literature	focus	on	

the	importance	of	the	cognitive	skills	and	noncognitive	skills	measurement	to	explain	

children’s	 labor	market	outcome.	 Utilizing	the	good	measurement	on	cognitive	skills	

and	noncognitive	skills	over	years	in	our	data	set,	we	decompose	the	intergenerational	

persistence	 to	 the	 role	 played	 by	 the	 cognitive	 skills	 and	 noncognitive	 skills.	 We	

decompose	 the	 intergeneration	 income	 elasticity	 firstly	 without	 conditional	 on	

children’s	 educational	 attainment,	 we	 examine	 the	 direct	 role	 of	 cognitive	 and	

noncognitive	skills	to	account	for	the	intergenerational	income	elasticity.	We	then	do	the	

decomposition	 conditional	 on	 children’s	 education,	 and	 explore	 the	 conditional	

contribution	of	cognitive	skills	and	noncognitive	skills.	We	also	study	 the	conditional	
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intergenerational	 educational	 correlation	 and	 conditional	 intergenerational	 income	

correlation,	 the	 also	 decompose	 the	 conditional	 correlation	 to	 be	 role	 played	 by	

cognitive	and	noncognitive	skills.	The	gender	difference	of	the	decomposition	 is	also	

explored.	

We	find	that	the	intergenerational	education	transmission	coefficient	is	0.344,	

which	means	 the	modest	 relationship	between	 father’s	 educational	 attainment	 and	

children’s	 educational	 attainment.	 Our	 estimation	 of	 intergenerational	 income	

elasticity	is	0.111,	and	the	intergenerational	income	rank-rank	slope	is	0.103,	which	is	

quite	low	compared	with	the	estimation	of	intergenerational	income	elasticity	in	the	

US	or	in	urban	China.	The	transitional	matrix	between	family	net	income	and	children’s	

income	is	consistent	with	the	low	intergenerational	income	 correlation.	

We	 decompose	 the	 estimated	 intergenerational	 education	 transmission	

coefficient	 to	 the	 part	 explained	 by	 cognitive	 skills	 and	 noncognitive	 skills.	 The	

decomposition	results	show	that	the	cognitive	skills	play	an	important	role	to	account	

for	 the	 intergenerational	 education	transmission,	while	the	role	of	noncognitive	skills	

are	 also	 important	 but	 smaller	 than	 cognitive	 skills.	 The	 decomposition	 of	

intergenerational	 income	 elasticity	 without	 conditional	 on	 children’s	 education	

attainment	shows	the	similar	role	played	by	cognitive	skills,	but	the	noncognitive	skills	

are	less	important	in	this	analysis.	The	decomposition	conditional	on	education	suggests	

children’s	education	explains	a	significant	proportion	of	intergenerational	persistence.	

The	 part	 played	by	 cognitive	 skills	 drops	much	more	 than	 noncognitive	 skills,	which	

indicate	 the	 stronger	 correlation	between	 cognitive	 skills	 and	 children’s	 educational	

attainment.	 The	 conditional	 intergenerational	 education	 correlation	 and	 conditional	

intergenerational	 income	 correlation	 is	 quite	 similar	 to	 the	 results	 above,	 and	 the	

decomposition	patterns	are	also	similar.	
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There	 exists	 a	 gender	 difference	 in	 the	 decomposition	 of	 intergenerational	

income	correlation.	Using	male	subsample,	we	find	that	education	still	explain	certain	

proportion	 	 of	 the	 intergenerational	 correlation	 given	 the	 cognitive	 skills	 and	

noncognitive	skills,	cog-	nitive	and	noncognitive	skills	plays	a	similar	role.	But	for	female	

subsample,	 education	 plays	no	role	in	the	intergenerational	correlation	transmission.	

And	 cognitive	 skills	 is	 more	 important	 than	 noncognitive	 skills	 to	 explain	 the	

intergenerational	 correlation.	 Similar	 patterns	 exist	 if	 we	 do	 the	 rank	 rank	 slope	

decomposition	for	both	gender.	Our	expla-	nation	for	this	is	that	the	girls	are	selectively	

to	go	to	the	school,	cognitive	skills	are	 more	likely	to	be	highly	correlated	with	the	girl’s	

education;	 while	 boys	 get	 more	 family	 resource,	 the	 education	 level	 has	 less	

correlation	with	the	cognitive	skills.	

Our	paper	builds	upon	the	literature	of	intergenerational	mobility.	This	literature	

starts	from	the	seminal	work	by	Becker	and	Tomes	(1979),	Becker	and	Tomes	(1986).	In	

these	 papers,	 they	 emphasize	 the	 role	 of	 human	 capital	 investment	 on	 children’s	

outcomes,	and	highlight	the	impact	of	credit	constraints	on	human	capital	investment.	

Lot	of	papers,	Mulligan	(1999),	Mulligan	and	Grawe	(2002),	Han	and	Mulligan	(2001)	

and	Solon	(2004)	extend	the	above	framework	to	other	contexts	but	mostly	are	still	

emphasize	on	the	role	of	education.	Most	of	the	empirical	papers	on	intergenerational	

mobility	 focus	 on	 documenting	 the	 basic	 facts	 about	 intergenerational	 mobility	 in	

different	 countries,	 aiming	 to	 provide	 some	 policy	 implications	 to	 reduce	 the	

intergenerational	 persistence	 in	 low	 mobility	 countries.	 Solon	 (1999),	 Black	 and	

Devereux	 (2011)	 and	 Corak	 (2013)	 provide	 an	 excellent	 summary	 of	 this	 literature.	

Recently,	Chetty	et	al.	(2014)	uses	tax	data	to	analyze	intergenerational	mobility	in	the	

USA	across	regions,	and	finds	significant	variation	of	intergenerational	mobility	across	

states.	 They	 also	 examine	 what	 factors	 are	 correlated	 with	 intergenerational	
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transmission	across	 states.	

The	literature	on	intergenerational	mobility	in	China	consists	mainly	of	empirical	

papers	trying	to	estimate	the	intergenerational	income	elasticity	in	China,	they	focus		

on	urban	China	due		to	the	data	scarcity	for	rural	China.	 Gong	et	al.	(2012)	estimate	

the	 intergenerational	 income	elasticity	 is	0.63	 for	 father	and	son	using	UHEES	2004,	

Deng	et	al.	(2013)	estimate	the	intergenerational	income	elasticities	to	be	0.477	using	

1995	CHIPS,	0.508	using	CHIPS	2002.	There	is	no	estimates	of	intergenerational	income	

elasticities	in	rural	China.	Our	paper	filled	this	gap	using	an	unique	long-panel	data	set	

we	collected	ourselves	in	Rural	 China.	

Recently,	the	literature	on	noncognitive	skills	is	emerging.	It’s	well	known	before	

that	 the	cognitive	 skills	plays	an	 important	 role	 in	 the	 labor	market.	Heckman	et	al.	

(2006)	study	the	impact	of	cognitive	skills	and	noncognitive	skills	in	the	labor	market	

and	social	behavior.	And	 they	 found	 that	 the	noncognitive	 skills	 is	as	 importance	as	

cognitive	 skills	 in	 the	 labor	 market.	 Another	 strand	 of	 this	 literature	 focus	 on	 the	

formation	of	cognitive	and	noncognitive	skills.	Cunha	and	Heckman	(2008)	found	that	

the	parental	investment	are	generally	more	effective	in	the	formation	of	non-cognitive	

skills.	 Most	of	the	paper	on	this	 literature	using	data	 from	developed	countries.	Few	

papers	study	the	importance	of	noncognitive	skills	in	developing	countries,	especially	

for	the	rural	area.	Using	the	first	three	waves	of	the	GSCF,	Glewwe	et	al.	(2013)	find	that	

early	 cognitive	 and	noncognitive	 skills	 influence	 educational	 attainment	 but	 do	 not	

affect	 early	 wages	 independently	 of	 years	 of	 education.	 Due	 to	 the	 important	 of	

cognitive	and	noncognitive	skills	in	the	labor	market	documented	in	the	literature,	we	

introduce	 the	 cognitive	 and	 noncognitive	 skills	 as	 potential	 channels	 through	which	

intergenerational	persistent.	

The	only	paper	in	economics	literature	which	did	similar	thing	is	Blanden	et	al.	
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(2007),	they	use	the	British	data	to	examine	the	role	of	cognitive	and	noncognitive	skills	

in	 the	 intergenerational	 transmission.	 Our	 paper	 is	 a	 good	 complementary	 to	 that	

paper.	Using	a	unique	long	panel	data	set	in	rural	China,	we	also	find	that	cognitive	skills	

play	 more	 important	 role	 than	 noncognitive	 skills	 for	 the	 intergenerational	

transmission.	

Overall,	this	paper	contributes	to	two	strands	of	literature.	The	first	literature	is	

about	the	estimation	of	intergenerational	mobility	in	developing	countries.		Our	paper	

is	the	first	paper	trying	to	document	the	intergenerational	mobility	in	rural	poor	areas	

systematically.	 The	 second	 literature	 is	 about	 the	 pathways	 or	 mechanisms	 of	 the	

intergenerational	mobility.	Potentially,	the	father’s	socioeconomic	status	tends	to	affect	

the	children’s	socioeconomic	status	through	multiple	mechanisms.	We	have	rich	data	

on	 children’s	 cognitive	 and	 noncognitive	 skills,	 which	 enable	 us	 to	 decompose	 the	

intergenerational	transmission	through	cognitive	skills	and	noncognitive.	

The	 remainder	 of	 our	 paper	 is	 structured	 as	 follows.	 In	 the	 next	 section,	we	

review	the	literature	on	intergenerational	mobility	and	on	the	role	of	cognitive	skills	and	

noncognitive	skills	to	explain	the	labor	market	outcome.	Section	3	introduces	the	data	

set	we	use	 in	the	analysis,	and	shows	the	summary	statistics.	Section	4	presents	the	

empirical	results.	We	conclude	at	the	last	section.	

	

1 Empirical	 Framework	

	

The	basic	regression	equation	to	estimate	the	intergenerational	education	correlation	is	

	

educ	=	α	+	βeduf	+	Controls	+	s	 (1)	
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The	basic	regression	equation	us	to	estimate	the	intergenerational	income	correlation	is	

	

yc	=	α	+	βyf	+	Controls	+	s	 (2)		

	

In	equation	(1),	educ	is	children’s	year	of	education,	eduf	is	father’s	year	of	schooling,	

β	is	the	intergenerational	education	correlation.	In	equation	(2),	yc	is	log	children’s	in-	

come	or	children’s	income	rank,	yf	is	log	family	net	income	or	family	net	income	rank.	

β	 measures	 the	 intergenerational	 correlation,	 we	 estimate	 both	 traditional	

intergenerational	 income	elasticity	and	rank-rank	slope	(Chetty	et	al.,	2014).	Control	

variables	include	children’s	birth	year	dummies,	father’s	age,	father’s	age	square,	and	

gender	dummy	variable.	Besides	the	estimation	of	intergenerational	mobility,	we	seek	

to	 uncover	 the	 channels	 through	 which	 family’s	 socioeconomic	 status	 or	 parents’	

outcome	 affect	 children’s	 education	 outcome	 and	 labor	 market	 outcome.	 The	

intergenerational	 transmission	 happens	 through	 various	 channels.	 The	 parental	

educational	 investment	 is	 commonly	 mentioned	 in	 the	 literature.	 Besides	 the	

educational	attainment,	the	cognitive	and	noncognitive	skills	 or	personality	are	also	

very	 important	 for	 the	 children’s	 outcome.	 And	 this	 potentially	 are	 also	 transmits	

through	the	generations.	Blanden	et	al.	(2007)	measures	the	intergenerational	mobility	

and	 accounts	 for	 the	 intergenerational	 persistence	 using	 the	 mediating	 factors	

including	cognitive	skills,	noncognitive	skills,	educational	attainment,	and	labor	market	

attachment	using	British	data	 sets.	We	adopt	a	 similar	 approach	with	 this	paper.	To	

decompose	 the	 intergenerational	education	correlation	 into	 role	played	by	cognitive	

and	noncognitive	skills,	we	firstly	examine	the	impact	of	father’s	education	on	each	skill	

variables,	
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However,	 it’s	 well	 known	 that	 skill	 measurement	 also	 affects	 the	 educational	

performance	 and	 attainment,	 the	 above	 decomposition	 method	 shows	 the	

unconditional	 influence	 of	 these	 skill	 measurements	 on	 the	 intergenerational	

persistence,	to	account	for	the	channel	

cation outcome and labor market outcome. The intergenerational transmission happens

through various channels. The parental educational investment is commonly mentioned in

the literature. Besides the educational attainment, the cognitive and noncognitive skills

or personality are also very important for the children’s outcome. And this potentially

are also transmit through the generations. Blanden et al. (2007) measures the intergen-

erational mobility and accounts for the intergenerational persistence using the mediating

factors including cognitive skills, noncognitive skills, educational attainment, and labor

market attachment using British data sets. We adopt a similar approach with this paper.

To decompose the intergenerational education correlation into role played by cognitive

and noncognitive skills, we firstly examine the impact of father’s education on each skill

variables,

Hi = ↵1i + �ieduf + u1i (3)

And then we examine the impact of each skill variables on children’s education

educ = ↵2 +
X

⇢iHi + u2 (4)

The intergenerational education correlation can be decomposed into:

� =
X

⇢i�i +
cov(u2, eduf )

V ar(eduf )
(5)

To explore the role of each skill measurement on the intergenerational income correlation,

we first examine the impact of family net income or family net income rank on each skill

variable.

Hi = ↵1i + �iyf + u1i (6)

And then we study the relationship between each skill variable and children’s income or

children’s income rank,

yc = ↵2 +
X

⇢iHi + u2 (7)

The Intergenerational income correlation can be decomposed into the

� =
X

⇢i�i +
cov(u2, yf )

V aryf
(8)

However, it’s well known that skill measurement also a↵ects the educational performance

and attainment, the above decomposition method shows the unconditional influence of

these skill measurements on the intergenerational persistence, to account for the channel

5
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non-cognitive	skills	also	affect	 the	educational	performance	and	attainment,	we	add	

the	children’s	educational	variable	as	control	 variable.	

We	examine	the	influence	of	each	skill	variable	on	children’s	outcome.	

	

The	conditional	contribution	of	each	skill	variable	is	δiλi.	

Another	question	we	want	to	ask	is	whether	parents’	education	play	a	role	when	

we	study	the	relationship	between	family	income	and	children’s	income,	and	whether	

con-	 trolling	 for	 family	 income	 would	 affect	 the	 relationship	 between	 father’s	

education	and	children’s	education.	If	controlling	for	father’s	education	does	not	affect	

the	intergenera-	tional	income	correlation,	which	means	

There	 is	 a	 significant	 partial	 correlation	 between	 family	 income	 and	 father’s	

education.	We	firstly	estimate	the	intergenerational	education	correlation	conditional	

on	 family	 income	 and	 also	 estimate	 the	 intergenerational	 income	 correlation	

conditional	on	father’s	education.	

non-cognitive skills also a↵ect the educational performance and attainment, we add the

children’s educational variable as control variable.

We examine the influence of each skill variable on children’s outcome.

yc = ↵1 + �iHi + ⇡educ + u3 (9)

And then explore the relationship between log family income and children’s educational

attainment.

educ = ↵2 + �yf + u4 (10)

The intergenerational income correlation can be decomposed to

� =
X

�i�i + ⇡� +
cov(u3, lnYf )

var(Yf )
(11)

The conditional contribution of each skill variable is �i�i.

Another question we want to ask is whether parents’ education play a role when we

study the relationship between family income and children’s income, and whether con-

trolling for family income would a↵ect the relationship between father’s education and

children’s education. If controlling for father’s education does not a↵ect the intergenera-

tional income correlation, which means

There is a significant partial correlation between family income and father’s educa-

tion. We firstly estimate the intergenerational education correlation conditional on family

income and also estimate the intergenerational income correlation conditional on father’s

education.

yc = ↵ + �1yf + �2eduf + ✏ (12)

And then we explore the impact of log family net income and father’s education on skill

variables

Hi = ↵1i + �1iyf + �2ieduf + u1i (13)

The relationship between skill variables and children’s education, children’s income are

shown as above,

yc = ↵2 +
X

�iHi + u2 (14)

Hence, The conditional intergenerational correlation can be decomposed to

�1 =
X

�i�1i +
cov(u2, ŷf )

var(ŷf )
(15)

6
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2 Data	and	Summary	Statistics	

	

The	data	set	used	in	this	paper	is	the	Gansu	Survey	of	Children	and	Families	(GSCF),			 a	

panel	 study	of	 rural	 children	conducted	 in	Gansu	province,	China.	Gansu,	 located	 in	

northwest	China,	is	one	of	the	poorest	and	most	rural	provinces	in	China.	Figure	1	shows	

the	sample	location	of	GSCF.	The	sampling	county	spread	widely	across	the	province.	

Our	sampling	strategy	ensure	our	samples	are	representative.	

The	first	wave	of	the	survey,	conducted	in	2000,	surveyed	a	representative	sample	of	

2000	children	aged	9-12	in	20	rural	counties,	as	well	as	their	mothers,	household	heads,	

teachers,	 principals,	 and	 village	 leaders.	 All	 but	 one	 of	 these	 2000	 children	 have	

complete	 information	 in	 the	 first	wave.	The	 second	wave,	 implemented	 in	2004,	 re-

surveyed	almost	all	 of	 these	 children	at	 age	13-16,	 and	also	added	a	 survey	of	 their	

fathers;	 93.6%	 of	 the	 original	 sample,	 or	 1872	 children,	were	 re-interviewed	 in	 the	

non-cognitive skills also a↵ect the educational performance and attainment, we add the

children’s educational variable as control variable.

We examine the influence of each skill variable on children’s outcome.

yc = ↵1 + �iHi + ⇡educ + u3 (9)

And then explore the relationship between log family income and children’s educational

attainment.

educ = ↵2 + �yf + u4 (10)

The intergenerational income correlation can be decomposed to

� =
X

�i�i + ⇡� +
cov(u3, lnYf )

var(Yf )
(11)

The conditional contribution of each skill variable is �i�i.

Another question we want to ask is whether parents’ education play a role when we

study the relationship between family income and children’s income, and whether con-

trolling for family income would a↵ect the relationship between father’s education and

children’s education. If controlling for father’s education does not a↵ect the intergenera-

tional income correlation, which means

There is a significant partial correlation between family income and father’s educa-

tion. We firstly estimate the intergenerational education correlation conditional on family

income and also estimate the intergenerational income correlation conditional on father’s

education.

yc = ↵ + �1yf + �2eduf + ✏ (12)

And then we explore the impact of log family net income and father’s education on skill

variables

Hi = ↵1i + �1iyf + �2ieduf + u1i (13)

The relationship between skill variables and children’s education, children’s income are

shown as above,

yc = ↵2 +
X

�iHi + u2 (14)

Hence, The conditional intergenerational correlation can be decomposed to

�1 =
X

�i�1i +
cov(u2, ŷf )

var(ŷf )
(15)

6

�2 =
X

�i�2i +
cov(u2,

ˆeduf )

var( ˆeduf )
(16)

Where ŷf is the residual of regressing yf on eduf , and ˆeduf is the residual of regress eduf

on yf .

3 Data and Summary Statistics

The data set used in this paper is the Gansu Survey of Children and Families (GSCF),

a panel study of rural children conducted in Gansu province, China. Gansu, located in

northwest China, is one of the poorest and most rural provinces in China. Figure 1 shows

the sample location of GSCF. The sampling county spread widely across the province.

Our sampling strategy ensure our samples are representative.

The first wave of the survey, conducted in 2000, surveyed a representative sample of

2000 children aged 9-12 in 20 rural counties, as well as their mothers, household heads,

teachers, principals, and village leaders. All but one of these 2000 children have complete

information in the first wave. The second wave, implemented in 2004, re-surveyed almost

all of these children at age 13-16, and also added a survey of their fathers; 93.6% of

the original sample, or 1872 children, were re-interviewed in the second wave, and 1773

completed achievement tests that were administered in their schools.

The third wave, completed in early 2009, re-interviewed the original sample children

(who at that time were young adults) during Spring Festival, a peak time for young

people to visit their parents’ homes in rural China. If the sampled individual was not

available, parents were asked questions about their child’s education and employment

status; however, skill measures could be collected only from the children who had returned

to their parents’ homes. Of the original 2000 children, 1437 (72% of the original sample)

were interviewed directly and completed skill tests in this wave. In addition, information

was collected for an additional 426 sample children by surveying their parents.

The fourth wave of the survey, conducted in 2015, age of the sample children should

be between 24-27, most of them have entered the labor market. We collected detailed

job and income information for each child. Combined with the household questionnaires,

and the parents’ questionnaires. We could get the income information for the household

and also imputing the parent’s income. Utilizing the panel data set, we could average the

family income over the first three waves, which provide a relatively good measurement

7
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second	wave,	and	1773	completed	achievement	tests	that	were	administered	in	their	

schools.	

The	 third	 wave,	 completed	 in	 early	 2009,	 re-interviewed	 the	 original	 sample	

children	(who	at	that	time	were	young	adults)	during	Spring	Festival,	a	peak	time	for	

young	 people	to	visit	their	parents’	homes	in	rural	China.	If	the	sampled	individual	was	

not	 available,	 parents	 were	 asked	 questions	 about	 their	 child’s	 education	 and	

employment	status;	however,	skill	measures	could	be	collected	only	from	the	children	

who	had	returned	to	their	parents’	homes.	Of	the	original	2000	children,	1437	(72%	of	

the	original	sample)	were	interviewed	directly	and	completed	skill	tests	in	this	wave.	In	

addition,	information	was	collected	for	an	additional	426	sample	children	by	surveying	

their	parents.	

The	fourth	wave	of	the	survey,	conducted	 in	2015,	age	of	the	sample	children	

should	be	between	24-27,	most	of	them	have	entered	the	labor	market.	We	collected	

detailed	 job	 and	 income	 information	 for	 each	 child.	 Combined	with	 the	 household	

questionnaires,	and	the	parents’	questionnaires.	We	could	get	the	income	information	

for	the	household	and	also	imputing	the	parent’s	income.	Utilizing	the	panel	data	set,	

we	 could	 average	 the	 family	 income	 over	 the	 first	 three	 waves,	 which	 provide	 a	

relatively	good	measurement	for	family	socioeconomic	status.	

We	 focus	 on	 the	 measurement	 of	 intergenerational	 income	 elasticity	 and	

intergenerational	 education	 transmission.	 The	 information	 on	 education	 is	 more	

accurate	 and	 less	 noisy	 than	 the	 income	data.	 For	parent’s	 education,	we	use	 their	

education	information	from	the	first	wave	as	measurement,	and	for	the	sample	with	

missing	 information	 on	parent’s	 education,	 we	 replace	 the	 missing	 value	 with	 the	

parents’	 education	 information	 in	 the	wave	4.	We	also	across	 tabulate	 the	parent’s	

education	 measurement	 in	 both	 waves,	 although	 there	 are	 observations	 report	



 
12	

different	education	level	in	different	years,	the	inconsistency	case	is	minor.	We	believe	

the	measurement	error	on	education	is	not	a	big	issue	for	education	information.	For	

income	measurement,	we	impute	family	income,	income	per	capita,	wealth	per	capita	

for	the	first	three	waves.	We	take	the	 average	value	of	 these	measurements	 for	 the	

first	three	waves	to	measurement	family	socioeconomic	status.	We	also	impute	father’s	

income	 by	multiply	 the	 family	 income	 and	 labor	 share	 of	 father	 measured	 by	 the	

father’s	working	time	over	total	working	time	of	the	family	mem-	ber	 on	 farming	 and	

plus	 the	 father’s	migration	 income.	The	 family	 income	or	 father’s	income	is	zero	for	

some	 observations	 in	 certain	 waves	 in	 our	 sample	 set.	And	 the	 zero	 income	might	

reflect	both	not	working	or	the	non-response.	We	use	the	fixed	effect	model	to	predict	

the	family	income	or	father’s	income	if	it	is	zero	in	certain	years	but	positive	in	other	

years.	 Children’s	 income	 information	 is	 from	 wave	 4,	 in	 which	 we	 ask	 about	 the	

children’s	 income	 from	 the	 current	 job,	 or	 previous	 jobs	 if	 there	 are	 not	 working	

currently.	The	summary	statistics	of	each	variable	are	shown	in	Table	1.	We	have	848	

observations	 with	 complete	 information,	 both	 on	 income,	 education,	 health	 and	

various	ability	measurement.	The	observations	we	suspicious	not	the	same	kids	across	

all	 four	waves	 are	 dropped.	 Income	 measurements	 all	 take	 the	 log	 to	 make	 the	

distribution	more	 likely	 to	be	 normal.	 From	Table	 1,	 log	 children’s	 income	 is	 higher	

than	 log	 family	 income	or	 log	father’s	 income,	 this	 is	 not	 surprising	 since	 the	 log	of	

family	income	and	log	of	father’s	income	measurements	are	the	average	of	income	in	

the	first	three	waves,	which	were	implemented	in	2000,	2004,	2007,	respectively.	The	

wage	and	income	grow	significantly	over	these	years	 in	China.	 The	average	education	

year	 for	 children	 is	 also	much	higher	 than	the	average	 years	of	 schooling	of	 fathers	

and	mothers.	 The	potential	experience	equals	to	age	minus	education	year	minus	7.	

We	also	provide	summary	statistics	for	some	other	characteristics	of	 the	 sample	 kids,	
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such	as	hukou,	marriage	status,	health	measurement,	height	and	weight,	etc.	

Across	 all	 four	 waves,	 we	 have	 rich	 information	 of	 cognitive	 skills	 and	

noncognitive	skills	about	sample	kids.	 In	Table	2,	we	show	all	the	measurement	in	each	

wave	 for	 cognitive	 and	 noncognitive	 skills	 (Glewwe	 et	 al.,	 2013).	 The	 definition	 of	

cognition	 is	 all	 forms	 of	 knowing	 and	 awareness,	 such	 as	 perceiving,	 conceiving,	

remembering,	reasoning,	judging,	imagining	and	problem	solving.	The	measurement	of	

cognitive	skills	in	the	Gansu	survey	contains	a	general	cognitive	skills	test	in	wave	1,	a	

Chinese	and	math	achievement	 tests	 in	 waves	 1	 and	 2,	 A	 literacy	 (life	 skills)	 test	

which	 includes	 in	 waves	 2	 and	 3.	 Noncognitive	 skills	 can	 be	 defined	 as	 patterns	 of	

thoughts,	 feelings	and	behavior	 that	 affect	 social	 interactions	with	others.	 In	 the	Gansu	

survey,	 the	 measurement	 of	 noncognitive	 skills	 includes	 the	 internalizing	 behavior,	

externalizing	behavior	and	educational	aspiration	in	both	wave	1	and	wave	2.		Internalizing	

behavior	 problems	 are	 intrapersonal	 	 	 	 in	 nature,	 such	 as	 anxiety,	 depression	 and	

withdrawal.	 Externalizing	 problems	 are	 interpersonal	 in	 nature	 and	 characterized	 by	

destructive	behavior,	impulsivity,	aggression	and	hyper-activity	(Achenbach	and	Edelbrock,	

1978).	Child	psychology	research	suggests	that	environments	that	destabilize	a	child’s	sense	

of	self	control	over	his	or	her	life	can	in-	crease	internalizing	problems	(Chorpita	and	Barlow,	

1998;	Dearing	et	al.,2006),	while	environments	that	impede	a	child’s	self-regulatory	efforts,	

or	 the	presence	of	anti-social	 	 	 role	models,	 can	 increase	externalizing	problems	 (Evans,	

2004).		The	questions	we	asked	to	measure	the	internalizing	and	externalizing	behavior	is	

listed	in	Table	3.		The	educational	aspiration	is	measured	by	the	children’s	desire	to	go	to	

college.	The	self-esteem	(Rosenberg	Self-Esteem	Scale)	and	depressive	symptoms	(Center	

for	Epidemiological	Studies	Depression	Scale,	CES-D)	 in	wave	3	and	wave	4.	And	we	also	

compute	the	corresponding	self-esteem	scale	and	depressive	symptoms	scale	for	wave	1.		

We	also	have	the	big	five	personality	test	in	wave	4.	The	five	factors	are	defined	as	open-		
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ness	to	experience,	conscientiousness,	extraversion,	agreeableness,	and	neuroticism.	We	

adopt	the	widely	used	Big	five	inventory	which	contains	44-item	inventory	that	measures			

an	individual	on	the	Big	Five	Factors	(dimensions)	of	personality.	

In	the	analysis,	the	cognitive	skills	measurements	are	based	on	examination	test.	

We	measure	the	cognitive	skills	by	summing	up	all	the	scores	on	each	question	in	the	

test.	 For	the	noncognitive	skills	measurements,	we	use	the	item	response	theory	from	

psychometrics	 literature	 to	 fitting	 the	 model	 and	 predict	 the	 latent	 ability	

measurements.	 The	 Item	response	 theory	 is	 widely	 used	 to	 score	 subjects	 on	 their	

abilities,	 attitudes,	 or	 other	latent	traits.	 This	method	assumes	the	probability	of	an	

keyed	response	to	an	item	is	a	function	of	 latent	 trait	or	 item	parameters,	 and	 then	

estimate	 the	 latent	 trait	by	 fitting	the	model	to	data.	 To	make	the	estimation	results	

more	 comparable,	 we	 standardize	 all	 the	 cognitive	 skills	 and	 noncognitive	 skills	

measurements.	Table	3	shows	 the	correlation	between	 all	 the	 ability	 measurement	

in	 each	 year.	For	cognitive	skills	in	each	wave,	they	are	positively	correlated	with	each	

other	as	expected.	For	the	correlation	between	cognitive	and	noncognitive	ability,	 all	

of	the	correlation	has	the	right	sign.	Since	for	each	year,	we	have	multiple	dimensions	

on	 cognitive	 skills	 and	 noncognitive	 skills,	 we	 also	use	 the	 principal	 component	

analysis	 to	 reduce	 the	 dimension.		Specifically,	 principal	component	factor	method	is	

used	to	analyze	the	correlation	matrix,	and	the	communalities	are	assumed	to	be	1	 in	

the	analysis.	This	principal	component	analysis	can	be	achieved	in	the	Stata	directly.	We	

have	one	factor	variable	combining	the	key	information	of	ability	and	noncognitive	skills	

for	each	wave,	except	for	the	noncognitive	skills	 measurement	in	wave	4,	we	use	two	

measurements	to	capture	it	since	we	have	seven	variables	in	 this	wave.	Table	4	shows	

the	correlation	over	time	for	skill	measurement.	Both	cognitive	and	noncognitive	skill	

measurement	have	high	correlation	over	time.	 The	internalizing	scale	is	still	positively	
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correlated	but	not	significant.	

	

2. Empirical	 Results	

In	this	part,	we	first	show	the	basic	results	for	the	estimation	of	intergenerational	

correlation,	 for	 both	 intergenerational	 education	 correlation	 and	 intergenerational	

income	 correlation.	 For	 income	measurement,	we	 show	 both	 the	 intergenerational	

income	elasticity	and	 rank	 rank	 slope.	And	 the	 intergenerational	 income	elasticity	 is	

estimated	using	 the	sample	set	drop	the	top	and	bottom	1%	sample.	The	second	step	

is	to	decompose	the	intergenerational	education	correlation	,	intergenerational	income	

elasticity	and	income	rank-rank	slope.	We	also	show	various	robustness	check	for	the	

decomposition	 pattern.	 Moreover,	 we	 show	 the	 intergenerational	 educational	

correlation	conditional	on	log	family	income	and	intergenerational	income	correlation	

conditional	 on	 father’s	 education.	 At	 last,	 we	 show	 the	 gender	 difference	 in	 the	

decomposition	results.	

	

4.1	 Intergenerational	Mobility:	Basic	facts	

Table	5	shows	the	intergenerational	education	correlation	estimation	results,	for	

the	whole	sample,	the	intergenerational	education	correlation	is	0.391.	This	estimation	

results	are	comparable	 to	 other	 estimation	 results	 in	 the	 literature.	 The	 estimation	

correlation	 is	0.351	and	0.422	for	female	and	male,	respectively.	

Table	6	shows	the	intergenerational	income	correlation	estimation	results.	For	the	first	

three	columns,	we	drop	the	top	and	bottom	1%	log	family	net	 income	observations,	

and	the	sample	size	drop	to	832.	For	the	traditional	intergenerational	income	elasticity	

estimation,	 we	 control	 for	 children’s	 birth	 year	 dummies,	 father’s	 age,	 father’s	 age	

square,	and	gender	dummy	variable.	The	estimation	results	show	the	intergenerational	
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income	mobility	is	quite	high	in	this	area,	the	intergenerational	income	elasticity	is	as	

low	 as	 0.099,	 0.046,	 and	 0.140	 for	 whole	 sample,	 female	 subsample	 and	 male	

subsample,	respectively.	If	we	use	the	rank-rank	specification	as	in	Chetty	et	al.	(2014),	

the	 rank-0rank	 slope	 is	 0.091,	0.052	and	0.122	for	whole	sample,	female	subsample,	

male	subsample,	respectively,	which	 is	 quite	 similar	 to	 the	 intergenerational	 income	

elasticity.	

We	also	use	the	transitional	matrix	between	family	net	 income	and	children’s	

income	to	show	the	income	mobility	pattern	to	see	whether	it	is	consistent	with	the	

estimation	results.	In	Table	7,	we	can	tell	that	the	numbers	in	this	table	are	all	around	

25,	which	indicate	the	mobility	is	quite	high	in	this	area.	

	

4.1 Decomposition	of	Intergenerational	Education	 Correlation	

Table	8-11	 shows	 the	 impact	of	 father’s	 education	on	 cognitive,	 noncognitive	

skills	and	health.	All	cognitive	and	noncognitive	skill	measurement	are	standardized	in	

the	table.	Table	8	shows	that	father’s	years	of	schooling	have	a	positive	and	statistically	

significant	effect	on	children’s	cognitive	skill	measurements	in	each	year.	Table	9	shows	

the	impact	of	father’s	year	of	schooling	on	the	noncognitive	skill	measurement	before	

2009.	 The	 skill	 measurements	 are	 all	 standardized	 to	 make	 the	 estimation	 results	

comparable.	The	 father’s	education	has	a	negative	 impact	on	children’s	 internalizing	

and	externalizing	behavior	in	2000.	For	measurement	in	2004,	the	results	indicate	that	

the	father’s	education	has	positive	impact	on	internalizing	and	externalizing	behavior,	

although	it	is	not	significant.	The	impact	of	father’s	education	on	educational	aspiration	

are	both	positive	in	Wave	2000	and	Wave	2004,	which	means	the	children	with	better	

educated	fathers	have	more	desire	to	go	to	the	college	in	the	future.	And	the	impact	on	

Rosenberg	self-esteem	scale	measurement	and	depression	measurement	in	2009	are	in	
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expect,	though	the	impact	on	depression	measurement	is	not	statistically	significant.	

Table	 10	 shows	 the	 impact	on	noncognitive	skill	measurements	in	last	wave.	 All	the	

coefficients	have	expected	sign,	though	the	impact	on	extraversion	measurement	and	

openness	to	experience	is	not	statistically	significant.	Overall,	we	find	that	the	father’s	

education	does	have	significant	impact	on	children’s	noncognitive	 skills.	

Figure	2	shows	the	results	of	the	children’s	education	determinants	regression,	the	

estimation	coefficients	are	shown	as	dots	in	the	figure.	The	coefficients	are	all	positive,	

and	 statistically	 significant	 except	 the	 coefficient	 for	 math	 achievement	 score.	 The	

literacy	score	in	2009	is	dropped	from	the	regression	since	at	2009,	some	students	have	

already	finished	the	education.	And	the	students	who	are	still	in	the	schools	make	them	

more	 likely	 to	 achieve	 better	 score	 in	 the	 literacy	 test	 in	 2009,	 which	 makes	 the	

estimation	have	a	sample	selection	bias.	In	general,	we	could	only	keep	the	sample	who	

are	still	in	the	school	by	2009,	however,	that	would	make	the	sample	size	shrink	a	lot.	

Hence,	we	drop	the	2009	literacy	measurement	in	the	education	regression.	Consider	

the	noncognitive	 skills,	 the	motivation	going	 to	 college	variable	 in	2004	have	strong	

impact	 on	 children’s	educational	 attainment,	 and	 also	 Rosenberg	 self-esteem	 scale	

measurement.	 The	 noncognitive	 skills	 in	 2015	 are	 not	 included	 in	 the	 regression	

because	at	2015,	almost	all	of	the	sample	observations	have	already	finished	education.	

For	the	health	variables,	the	coefficients	are	mostly	around	 0,	 except	 for	 the	weight	

variables	in	wave	2009.	

Table	12	 shows	 the	decomposition	of	 intergenerational	 education	 correlation	

results.	Column	(1)	shows	the	coefficients	explained	by	the	corresponding	variables	in	

the	left-hand	side.	The	number	in	the	column	are	obtained	by	multiplying	the	impact	

of	 father’s	 education	 on	 each	 skill	 variables	 coefficients	 in	 Table	 8-11	 and	 the	

coefficients	in	the	corresponding	children’s	education	regression	in	Figure	1.	Column	
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(2)	show	the	percent-	age	of	intergenerational	education	transmission	explained	by	the	

corresponding	variables.	 Overall,	 the	 cognitive	 ability	 variables	 explain	 28.2%	 of	 the	

intergenerational	 education	 transmission,	 Noncognitive	 ability	 explains	 14.0%,	 and	

health	variables	explain	1.9%	of	the	total	transmission	 coefficients.	

	

4.2.	Decomposition	of	Intergenerational	Income	 Correlation	

The	impact	of	log	family	net	income	on	the	skill	variables	are	presented	in	Table	

13-16.	 Table	 13	 shows	 that	 log	 family	 net	 income	 has	 a	 positive	 and	 statistically	

significant	effect	on	children’s	cognitive	skill	measurements	in	each	year	and	of	course	

on	children’s	educational	attainment	measured	by	children’s	years	of	schooling.	 Table	

14	shows	the	impact	of	 log	family	net	income	on	the	noncognitive	skill	measurement.	

The	skill	measurements	are	all	standardized	to	make	the	estimation	results	comparable.	

The	 log	 family	 net	 income	 has	 a	 negative	 impact	 on	 children’s	 internalizing	 and	

externalizing	behavior	in	2000.	For	measurement	in	2004,	the	results	seem	to	be	weird	

because	the	father’s	education	has	positive	impact	on	internalizing	and	externalizing	

behavior,	 the	 impact	 of	 log	 family	 net	 income	 on	 educational	 aspiration	 are	 both	

positive	but	not	significant	in	Wave	2000	and	Wave	2004.	And	the	impact	on	Rosenberg	

self-esteem	scale	measurement	and	depression	measurement	in	2009	are	in	expected	

sign.	Table	15	shows	the	impact	on	noncognitive	skill	measurements	in	Wave	2015.	All	

the	 coefficients	 have	expected	 sign,	 though	 the	 impact	 is	 not	 significant	 in	 general.	

Overall,	we	 find	 that	 log	 family	 net	 income	has	a	positive	 and	 significant	 impact	 on	

children’s	cognitive	skills,	but	we	do	not	find	a	modest	impact	of	log	family	net	income	

on	children’s	noncognitive	skills.	Table	16	shows	the	 impact	of	 family	net	 income	on	

health	 variables,	 the	 impact	 on	 birthweight,	 height	 and	 weight	 are	 statistically	

significant,	 which	 means	 children	 from	 relatively	 rich	 family	 enjoy	 better	 health	
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condition,	they	have	higher	birthweight,	they	grow	up	taller,	and	gain	more	weight	than	

children	from	relatively	poor	family.	

Figure	 3	 shows	 the	 income	 regression	 results.	 Except	 for	 the	 ability	

measurement,	children’s	birth	year	dummy	variables,	father’s	age,	father’s	age	square	

in	the	regression,	the	gender	dummy	are	also	added	when	we	run	the	regression	with	

whole	sample.	In	general,	we	find	that	most	variables	have	coefficient	around	zero	in	

this	regression,	this	might	be	because	of	there	are	too	much	variables	related	to	each	

other	in	one	regression,	after	conditional	on	other	variable,	one	variable	can	hardly	play	

significant	role	to	explain	the	final	income	variable.	We	run	the	income	regression	with	

and	without	conditional	 on	children’s	educational	attainment	variable,	since	this	skill	

measurement	also	have	a	impact	on	children’s	educational	attainment,	one	channel	for	

these	variables	to	affect	the	children’s	income	variable	is	through	children’s	education	

attainment.	 Hence,	 it	 would	 be	 interesting	 to	 see	 the	 results	 with	 and	 without	

conditional	on	children’s	educational	attainment.	

Table	17	shows	the	decomposition	results	for	intergenerational	income	elasticity.	

The	 number	 in	 all	 odd	 columns	 are	 obtained	 by	multiplying	 the	 coefficients	 of	 the	

impact	of	log	family	net	income	on	each	ability	measurement	and	the	coefficients	in	the	

corresponding	children’s	income	regression.	The	number	in	the	even	columns	are	the	

percentage	 of	 intergenerational	 income	 elasticity	 explained	 by	 the	 corresponding	

variables	 in	 the	 corresponding	 specifications.	 Columns	 (1)-(2)	 don’t	 add	 children’s	

educational	 attainment	 into	 the	 specification,	 without	 conditional	 on	 children’s	

education,	 cognitive	 skill	 accounts	for	 16.8%	 of	 intergenerational	 income	 elasticity	

while	noncognitive	skills	accounts	for	0.2%	of	intergenerational	income	elasticity,	and	

health	variables	explain	13.7%	of	intergenerational	income	elasticity,	they	have	in	total	

explained	 30.7%	 of	 the	 intergenerational	 income	 elasticity.	 Columns	 (3)-(4)	 are	 the	
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decomposition	 results	 conditional	 on	 children’s	 education.	 The	 education	 variable	

explains	a	modest	 intergenerational	 income	elasticity,	around	6.4%.	Both	the	role	of	

cognitive	 ability	 and	 noncognitive	 ability	 drops	when	we	add	 children’s	 educational	

attainment	 variables,	 which	 indicate	 the	 skill	 variable	 affect	 the	 children’s	 income	

through	the	education	channel,	although	the	 impact	 is	minor.	 In	 total,	we	explained	

33.7%	of	 intergenerational	 income	elasticity	 if	we	add	every	mediating	variables	 into	

the	 regression.	

Table	18	 shows	 the	decomposition	of	 rank-rank	 slope.	 The	 general	 pattern	 is	

quite	similar	with	the	decomposition	of	traditional	intergenerational	income	elasticity	

as	 shown	 in	 Table	 17.	 The	 cognitive	 skills	 explain	 a	 larger	 proportion	 of	

intergenerational	 income	 correlation	 compared	 with	 noncognitive	 skills,	 health	

variable	 plays	 modest	 role	 in	 intergenerational	 income	 persistence.	 One	 potential	

concern	for	our	results	is	that	when	we	add	all	the	skill	variables	into	the	specification,	

the	 overall	 proportion	 explained	 by	noncognitive	 skill	 are	 negative,	 which	 is	mainly	

caused	 by	 the	 negative	 role	 played	 by	 externalizing	 behavior	 in	 Wave	 2000	 and	

Openness	in	Wave	2015.	These	two	measurements	might	have	a	severe	measurement	

error	issue,	and	cause	the	odd	estimation	and	decomposition	results.	

	

4.2. Robustness	 Check	

Since	lots	of	ability	measurement	are	not	significant	in	the	children’s	education	

or	 income	 regression,	 and	 to	 explore	 the	 differentiate	 impact	 of	 cognitive	 and	

noncognitive	 skills	 measurement	 over	 time,	 we	 reduce	 the	 dimension	 of	 ability	

measurement	using	the	princi-	pal	component	analysis.	We	create	a	variable	synthesizing	

cognitive	skills,	noncognitive	skills	and	health	information	in	each	wave.		The	procedure	of	

principal	component	analysis	 is	that	we	firstly	reverse	the	ability	measurement	which	are	
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indicate	bad	behavior,	such	internalizing,	externalizing,	depression	and	Neuroticism	in	each	

wave.	And	then	use	the	principal	component	factor	analysis	to	get	the	factor	variables,	each	

factor	variable	can	be	seen	as	a	linear	combination	of	the	corresponding	noncognitive	skills	

measurement.	 	 For	 the	 noncognitive	 skills	measurement	 in	 2015,	 since	 there	 are	 seven	

measurements	in	total,	hence,	we	use	two	factor	variables	combining	the	information	from	

the	 seven	 variables.	 	 The	 two	 factor	 variables	 are	 orthogonal	 to	 each	 other.	 For	 health	

variables,	for	education	decomposition,	since	the	number	of	variables	are	relatively	small,	

we	use	the	one	factor	variable	to	combine	all	the	information,	for	income	decomposition,	

since	 we	 include	 more	 health	 measurement	 variables,	 we	 use	 two	 factor	 variables	 to	

combine	the	information,	which	is	shown	as	Hlhinc1	Hlhinc2.	

Table	 19	 shows	 the	decomposition	of	 intergenerational	 education	 correlation	

using	 the	 reduced	 dimension	 of	 skill	 variables.	 For	 the	 intergenerational	 education	

decomposition,	the	factor	variables	combine	the	cognitive	skill	measurement	we	have	

in	 each	 wave	 explained	 24.2%	of	 the	 total	 intergenerational	 education	 persistence,	

compared	with	3.2%	of	factor	variables	indicating	the	noncognitive	skill	measurement	

we	have	in	each	wave	health	variables	explain	1.8%	of	the	intergenerational	education	

transmission.	 In	 total,	 they	 explained	 about	 29.2%	 of	 the	 total	 intergenerational	

education	transmission	coefficient.	This	is	smaller	than	the	decomposition	results	using	

the	 whole	 sets	 of	 cognitive	 skills	 variables,	 noncognitive	 skills	 variables	 and	 health	

variables	because	this	factor	variables	only	capture	the	major	information	from	those	

variables,	 some	 secondary	 information	 lost	 due	 to	 the	 decomposition,	 hence,	 the	

explained	role	of	these	factor	variables	tend	to	be	lower.	However,	this	decomposition	

results	 show	 the	 similar	 pattern	 as	 above	 intergenerational	 education	 transmission	

decomposition.	 The	 cognitive	 skills	 explained	 more	 intergenerational	 education	

transmission	compared	with	the	noncognitive	skills.	and	health	variable	play	minor	role	
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in	intergenerational	education	transmission.	

The	decomposition	of	intergenerational	income	elasticity	in	Table	20	also	show	

the	similar	but	slightly	different	pattern	as	the	decomposition	results	 from	Table	17.	

Without	conditional	on	children’s	education,	the	cognitive	skill	factor	variables	explain	

a	4.2%	of	the	intergenerational	income	elasticity,	the	noncognitive	skill	explains	2.9%,	

health	 variables	 explain	 11.4%,	 and	 in	 total,	 they	 explain	 18.5%	 of	 the	 income	

persistence	across	generations.	The	role	of	cognitive	ability	drops	a	lot	in	results,	this	

might	 because	 of	 we	 drop	 some	 key	 information	 from	 cognitive	 ability	 during	 the	

principal	 component	 analysis	 procedure.	 The	 decomposition	 results	 conditional	 on	

education	also	show	similar	pat-	tern.	Cognitive	skill	captures	certain	part	of	variation	

explained	 by	 children’s	 educational	 attainment,	 they	 provide	 the	 same	 source	 of	

variation	 to	 explain	 the	 children’s	 labor	 market	 outcome.	 However,	 the	 role	 of	

education	becomes	negative	in	this	case.	

	

4.2 Gender	Difference	of	Decomposition	of	Intergenerational	In-	come	 Elasticity	

Table	 21	 shows	 the	 gender	 difference	 of	 decomposition	 of	 intergenerational	

income	elasticity,	we	 find	 that	 for	male	 subsample,	 Cognitive	 and	noncognitive	 skills	

plays	 similar	 role,	 and	 health	 plays	 minor	 role	 for	 the	 intergenerational	 income	

persistence.	 For	 female	 subsample,	 cognitive	 skills	 is	 much	 more	 important	 than	

noncognitive	 skills	 to	 explain	 the	 intergenerational	 income	 correlation.	 And	 health	

variables	 play	 a	 very	 big	 role	 for	 intergenerational	 income	 persistence	 for	 female	

subsample,	 it	 explains	 47.8%	 of	 intergenerational	 income	 elasticity.	 Similar	 patterns	

exist	 if	 we	 do	 the	 rank-rank	 slope	 decomposition	 for	 both	 gender.	 We	 propose	 a	

potential	 explanation	 for	 the	 findings.	 The	 girls	 are	selectively	 to	 go	 to	 the	 school,	

cognitive	skills	are	more	likely	to	be	highly	correlated	with	girls’	education;	while	boys	
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get	more	family	resource,	the	education	 level	has	 less	correlation	with	the	cognitive	

skills.	

	

5. Conclusion	

This	 paper	 documents	 the	 basic	 facts	 about	 intergenerational	 mobility	 in	 rural	

China,	using	a	unique	long-panel	data	from	Gansu	Province,	China.	We	estimate	both	

intergenerational	 education	 transmission	 and	 intergenerational	 income	 elasticity	

systematically.	We	find	 that	 the	 intergenerational	 education	 transmission	 is	 around	

0.391,	this	result			 is	quite	similar	with	the	estimation	of	intergenerational	education	

transmission	 in	 other	 papers	 in	 the	 literature.	 However,	 our	 estimation	 of	

intergenerational	income	elasticity	 is	0.099,	which	is	quite	low	compared	to	the	other	

estimation.	We	try	to	average	the	family	income	in	three	waves	extending	over	7	years	

when	parents	of	most	sample	kid	are	in	the	age	between	30-50	to	eliminate	the	impact	

of	measurement	error.	And	the	low	elasticity	might	be	explained	by	the	facts	that	most	

children	migrate	out	to	work,	which	makes	their	income	less	likely	to	depend	on	the	

family	 income.	One	point	worth	to	point	out	is	that	we	estimate	of	 intergenerational	

mobility	only	restrict	to	the	rural	sample	in	this	certain	area,	since	most	families	in	our	

sample	 is	poor	 family	 in	our	 sample,	within	 this	poor	 families,	we	know	 little	 about	

whether	 children	 from	 relatively	 better	 family	 gain	 any	advantage	 than	 the	 children	

from	relatively	poor	 family.	And	our	 results	 show	that	 they	don’t.	Children’s	 income	

doesn’t	depend	on	their	family	income	within	these	poor	families.	Of	course,	this	result	

does	not	necessary	hold	true	if	we	expand	our	sample	to	include	more	rich	families	from	

urban	area.	We	also	show	the	transitional	matrix	using	the	family	income	quartile	and	

children’s	income	quartile,	and	the	results	also	suggest	a	high	intergenerational	income	

mobility	 pattern.	
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The	 second	 aim	 of	 this	 paper	 is	 to	 understand	 the	 role	 of	 cognitive	 skills,	

noncognitive	skills	and	health	variables	in	intergenerational	transmission.	We	account	

for	41.1%	of	intergenerational	education	transmission	by	considering	all	the	cognitive	

skills,	noncognitive	skills	and	health	variable	measurement	we	have.	And	the	cognitive	

skills	play	much	a	more	important	role	in	the	intergenerational	education	transmission.	

The	cognitive	skills	accounts	for	28.2%	of	the	intergenerational	education	transmission,	

while	noncognitive	skills	accounts	for	14.0%,	health	variables	play	very	small	role	here.	

We	account	 for	 intergenerational	 income	 elasticity	 using	 two	 frameworks,	with	 and	

without	 conditional	 on	 children’s	 educational	 attainment.	 Without	 controlling	 for	

children’s	education,	 the	 cognitive	 skills	 explained	 16.8%	 of	 total	 intergenerational	

income	elasticity,	noncognitive	 skills	 explained	 0.2%	of	 the	 elasticity,	health	 variable	

explains	 13.7%	 of	 total	 intergenerational	 income	 elasticity,	 in	 total,	 they	 explained	

30.7%	of	the	elasticity.	 After	controlling	for	children’s	educational	attainment,	we	find	

that	children’s	educational	attainment	accounts	for	6.4%	of	intergenerational	income	

elasticity,	and	cognitive	skill	variables,	noncognitive	skill	variables	and	health	variables	

account	for	14.7%,	-0.8%,	13.4%,	respectively	in	the	decomposition	framework.	

Overall,	 the	 cognitive	 skills	 and	 noncognitive	 skills	 play	 an	 important	 role	 in	

account-	 ing	 for	 the	 intergenerational	 persistence.	 Cognitive	 ability	 accounts	 for	

intergenerational	 persistence	 in	 greater	 proportion,	 both	 in	 the	 decomposition	 of	

intergenerational	 education	 transmission	 and	 intergenerational	 income	 elasticity.	

Health	variable	play	very	 small	 role	 in	 intergenerational	education	 transmission,	but	

play	much	larger	role	in	intergenerational	income	persistence.	

And	we	also	find	a	systematical	gender	difference	between	the	decomposition	of	

inter-	generational	income	elasticity.		Our	proposed	explanation	for	the	finding	is	that	the	

girls				are	selectively	to	go	to	the	school,	cognitive	skills	are	more	likely	to	be	correlated	
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with	 girls’	 education;	while	 boys	 get	more	 family	 resource,	 the	 education	 level	 has	 less	

correlation	with	 the	cognitive	skills.	 This	point	needs	more	systematic	study.	

It	 would	 be	 interesting	 to	 understand	 the	 difference	 in	 magnitude	 of	

intergenerational	education	transmission	and	intergenerational	income	elasticity.	The	

children	with	well-	educated	fathers	tend	to	enjoy	more	education	compared	with	the	

children	with	less-	educated	fathers.	The	labor	market	return	to	education	for	children’s	

generation	 is	 about	 5.3%	 in	 our	 sample,	 and	 the	 return	 to	 education	 for	 father’s	

generation	is	about	4.2%	if	we	use	the	log	father’s	income	as	dependent	variable	and	

3.2%	if	we	use	log	family	net	income	as	dependent	variable	in	the	return	to	education	

regression.	We	propose	that	 the	small	intergenerational	income	elasticity	might	due	to	

the	high	migration	rate	for	the	people	in	these	areas.	Most	of	the	migration	workers	

work	at	the	manufacturing	industry	in	remote	cities.	The	labor	market	outcome	tends	

not	 to	be	affected	by	family’s	 income	at	home	that	much.	 It	might	be	 interesting	 to	

understand	the	role	of	migration	at	the	intergenerational	mobility	systematically	and	

see	whether	it	does	help	us	to	explain	the	small	intergenerational	income	elasticity	we	

found	in	our	date.	

One	 point	 worth	 mentioning	 is	 that,	 though	 the	 intergenerational	 income	

elasticity	 in	our	sample	is	 low,	the	intergenerational	 income	elasticity	for	the	whole	

country	might	still	be	high.	 In	China,	the	rural	urban	income	gap	has	always		been	an	

issue.		And	 this	gap	is	also	reflected	in	the	children’s	equality	of	opportunities.	We’ve	

already	 show	 the	 importance	 of	 village	 fixed	 effects	 to	 explain	 the	 variation	 of	

children’s	 labor	 market	 outcome.	 Compared	 with	 the	 difference	 between	 different	

villages,	 the	differences	of	 environment	between	 children	 from	 rural	 area	and	 from	

urban	area	are	more	than	huge.	It	is	quite	difficulty	for	children	from	rural	area	to	get	

high	 quality	 education	 and	 find	 a	 good	 job	 in	 the	 labor	market	 compared	with	 the	
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children	from	urban	area.	 It	is	important	for	us	to	understand	the	role	of	rural	urban	gap	

in	explaining	the	intergenerational	mobility	in	whole	China	systematically,	we	leave	this	

to	our	future	research.	



 
27	

References	

Aaronson,	D.		and		B.		Mazumder		(2008).		Intergenerational		economic		mobility		in		the		

united		states,		1940		to	2000.	Journal	of	Human	Resources	43	(1),	139–172.	

	
Achenbach,	T.	M.	and	C.	S.	Edelbrock	(1978).	The	classification	of	child	psychopathology:	

a	review	and		analysis	of	empirical	efforts.	Psychological	bulletin	85	(6),	1275.	

	
Becker,	G.	S.	and	N.	Tomes		(1979).		An	equilibrium	theory	of	the	distribution	of	income	
and.		The	Journal		of	Political	Economy	,	1153–1189.	
	
Becker,	G.	S.	and	N.	Tomes	(1986).	Human	capital	and	the	rise	and	fall	of	families.	Journal	
of	labor	economics,	S1–S39.	
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Figure	1:	Sample	Location	of	GSCF	
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Figure	2:	Children’s	Education	Determinant	
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Figure	3:	Children’s	Income	Determinant	
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Table	1:	Summary	statistics	

	
Variable	 Mean	 Std.	Dev.	 N	

Children’s	income	in	2015	 39665.129	31849.55	 	

Family	net	income	average	 13324.084	17511.605	 	

Father’s	income,	three	year	average	 7220.879	 8748.751	 	

Mother’s	income,	three	year	average	 3787.412	 5607.909	 	

Parental	income	per	parent	 5504.146	 6565.138	 	

Income	per	capita,	three	year	
average	

3324.054	 4027.253	 	

Children	gender(male=1)	 0.578	 0.494	 	

Children’s	education	year	 12.147	 3.362	 	

Age	 25.84	 1.3	 	

Potential	Exper	 6.695	 3.456	 	

Father’s	age	 37.508	 5.081	 	

Years	of	schooling	of	Father	 6.54	 3.109	 	

Years	of	schooling	of	Mother	 4.061	 3.222	 	

health00	 3.815	 1.015	 	

Health04	 3.657	 0.86	 	

Health09	 3.813	 0.886	 	

Health15	 3.846	 0.825	 	

Birthweight00	 5.95	 1.011	 	

Height04	 156.046	 9.512	 	

Height09	 167.624	 7.904	 	

Height15	 168.429	 7.402	 	

Weight04	 44.327	 8.434	 	

Weight09	 56.008	 8.334	 	

Weight15	 60.898	 10.695	 	

N	 	 848	 	

Note:	Data	Source:	GSCF,	Children’s	income	is	children’s	income	we	interviewed	in	the	

last	wave,	Family	net	income	is	the	average	value	 for	the	first	three	waves.	The	other	

children’s	 characteristics,	 such	 as	 gender,	 Hukou,	marriage	 status,	 health,	 height,	

weight,	education	 level,	education	year,	age	and	working	experience	are	all	 taken	

from	wave	4.	Years	of	schooling	of	father	and	mother	are	taken	from	the	first	wave	in	

2000.	
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Table	2:	The	Measurement	of	Cognitive	and	Noncognitive	Skills	

	
Year	 Cognitive	Skills	 NonCognitive	Skills	

2000	

(wave1)	

�� Chinese	test	

�� Math	test	

�� Cognitive	Skills	Test	

�� Internalizing	behavior	

�� Externalizing	behavior	

�� Educational	
aspiration	

2004	

(wave	2)	

�� Chinese	test	

�� Math	test	

�� Literacy	Test	

�� Internalizing	behavior	

�� Externalizing	behavior	

�� Educational	
aspiration	

2009	

(wave	3)	

1.	Literacy	test	 �� Rosenberg	self-esteem	

�� Depressive	symptoms	

2015	

(wave	4)	

	 �� Rosenberg	self-esteem	

�� Depressive	symptoms	

�� Big	Five	Personality	
	
	 	

Note:	this	table	shows	the	cognitive	and	noncognitive	skill	we	have	in	each	wave.	
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Table	3:	Correlation	between	Cognitive	Ability	and	Noncognitive	Ability	

	
2000	 Internal00	 External00	 Mcollege00	 Chn00	 Math00	 Cogn00	 	

Internal00	 1	 	 	 	 	 	

External00	

Mcollege00	

0.850���	
-0.167���	

1	

-0.204���	

	

1	

	 	 	

Chn00	 -0.133���	 -0.143���	 0.0955��	 1	 	 	

Math00	 -0.0836�	 -0.0984��	 0.123���	 -0.000461	 1	 	

Cogn00	 -0.258���	 -0.265���	 0.193���	 0.297���	 0.201���	 1	
	 	 	 	 	 	 	

2004	 Internal04	 External04	 Mcollege04	 Math04	 Chn04	 Literacy04		

Internal04	 1	 	 	 	 	 	 	

External04	

Mcollege04	

0.753���	
-0.0813�	

1	

-0.141���	

	

1	

	 	 	 	

Math04	 -0.0539	 -0.0666	 0.139���	 1	 	 	 	

Chn04	 -0.0472	 -0.0791�	 0.163���	 0.490���	 1	 	 	

Literacy04	 0.0204	 -0.0516	 0.226���	 0.251���	 0.253���	 1	 	
	 	 	 	 	 	 	 	

	
	
	
	
	
	
�	p	<	0.05,	��	p	<	0.01,	���	p	<	0.001	
	

2015	 Rosenberg15	 Depress15	Extraver15	 Agreeable15	 Conscientious15	 Neuroticism15	 Open15	

Rosenberg15	 1	 	 	 	 	 	 	

Depress15	

Extraver15	

-0.334���	
0.414���	

1	

-0.217���	
	

1	

	 	 	 	

Agreeable15	

Conscientious15	

0.405���	
0.443���	

-0.216���	
-0.208���	

0.358���	
0.417���	

1	

0.547���	
	

1	

	 	

Neuroticism15	 -0.403���	 0.432���	 -0.342���	 -0.301���	 -0.361���	 1	 	

Open15	 0.103��	 -0.0310	 0.138���	 0.124���	 0.144���	 -0.0646	 1	

Note:	 	 this	 table	 shows	 the	 correlation	between	cognitive	and	noncognitive	 skills	 for	each	year	 separately.							

The	Correlation	between		chn00		and		math00		is		none		because		we		randomly		choose		about		half		students		

take	math	 exam,	 and	 the	 other	 half	 take	 Chinese	 in	 2000.	 All	 the	 variables	 are	 standardized	 to	make	 the	

estimation	results	more	comparable.	�	p	<	0.05,	��	p	<	0.01,	���	p	<	0.001	

 
	

	
	

 

	 	    

	 -0.308∗∗∗ 	   

	 0.215∗∗∗ 	 	  
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Table	4:	Correlation	Over	time	for	Skill	Measurement	
	

(00,	04)	 (04,	09)	 (00,	09)	 (09,	15)	
	 	

Chinese	test	score	 0.141***	

Math	test	score	 0.095**	

Cognitive	/Literacy	test	 0.372***	 0.331***

	 0.438***	Internalizing	scale

	 	 0.030	

Externalizing	scale	 0.094***	

Motivation	 0.155***	

Self-esteem	Scale	 0.276***	

Depressive	symptoms	 0.291***	

Note:	this	table	shows	the	correlation	between	cognitive	and	noncognitive	skills	Over	time.	All	

the	variables	are	standardized.	*	p	<	0.05,	**	p	<	0.01,	***	p	<	0.001	

	
	
	
	
	
	
	
	

	
Table	5:	Intergenerational	Education	Transmission:	Baseline	Results	
	

(1)	 (2)	 (3)	

Whole	 	 Female	 	 Male	

Years		of		schooling	of	 Father	 0.391���	 0.351���	 0.422���	
(0.035)	 (0.054)	 (0.046)	
Observations	 848	 358	 490	

Data	Source:	GSCF,	all	four	waves.	Dependent	Variables	are	children’s	year	of	schooling.	

The	control	variables	children’s	birth	year	dummies,	father’s	age,	father’s	age	square	and	

gender	dummy	are	 included	but	 	 the	estimation	coefficients	before	these	controls	are	

omitted	in	this	ta-				ble.		Standard	errors	are	in	parentheses,		*	p	<	0.10,		**	p	<	0.05,		***		

p	<	0.01	
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Table	6:	Intergenerational	Income	Correlation:	Baseline	Results	
	

Dependent	 Variable:	 log	children’s	income	 log	children’s	income	 Rank	
	

(1)	 (2)	 (3)	 (4)	 (5)	 (6)	

Whole	 Female	 Male	 Whole	 Female	 Male	

Family	 Income	 Measure	 0.099���	 0.046	 0.140���	 0.091���	 0.052	 0.122���	

(0.037)	 (0.052)	 (0.050)	 (0.032)	 (0.046)	 (0.044)	

Observations	 832	 353	 479	 848	 358	 490	

Note:		columns		(1)-(3)		are		the		estimation		of		traditional		intergenerational		income		elasticity		,			for	

whole	sample,	female	subsample	and	male	subsample,	respectively.	Columns	(4)-(6)	is	the	estimation		

results		for		income		rank		rank		specification.				Standard		errors		are		in		parentheses.				�	p	<	0.05,	��	p	<	

0.01,	���	p	<	0.001	
	
	
	
	
	
	
	
	

Table	7:	Transitional	Matrix	between	Family	Income	and	Children’s	 Income	
	

Children’s	Income	Group	
	

Family	Income	Group	 1	 2	 3	 4	 Total	

1	 28.77	 26.42	 23.58	 21.23	 100.00	

2	 26.89	 23.11	 26.42	 23.58	 100.00	

3	 28.77	 22.17	 24.06	 25.00	 100.00	

4	 15.57	 28.30	 25.94	 30.19	 100.00	

Total	 25.00	 25.00	 25.00	 25.00	 100.00	

Note:	 Transitional	matrix	 between	 family	 income	 group	 and	 children’s	 income	 group.	

Each	 group	 is	 defined	 by	 the	 quartile	 of	 family	 income	 or	 children’s	 income,	 1	 is	 the	

smallest	income	group	and	4	stands	for	the	highest	income	group.	
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Table	8:	Impact	of	Father’s	Education	on	Cognitive	 ability	

	

(1)	 (2)	 (3)	 (4)	 (5)	 (6)	

Chn00	 Math00	 Cogn00	 Math04	 Chn04	 Literacy04	

Father	 eduyear	 0.061���	 0.043���	 0.060���	 0.014	 0.024��	 0.068���	

(0.016)	 (0.015)	 (0.011)	 (0.012)	 (0.011)	 (0.011)	

Observations	 430	 418	 848	 848	 848	 848	

Standard	errors	in	parentheses	Data	Source:	GSCF,	all	four	

waves	

�	p	<	0.10,	��	p	<	0.05,	���	p	<	0.01	
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Table	9:	Impact	of	Father’s	Education	on	NonCognitive	 Ability	

	
	 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	 (7)	 (8)	

Internal00	 External00	 Mcolleg00	 Internal04	 External04	 Mcollege04	 Rosenberg09	 Depress09	

Father	eduyear	 -0.026��	 -0.026��	 0.028��	 0.017	 0.009	 0.061���	 0.033���	 -0.020	

	 (0.011)	 (0.012)	 (0.011)	 (0.011)	 (0.011)	 (0.012)	 (0.012)	 (0.012)	

Observations	 848	 848	 848	 848	 848	 848	 848	 848	

Standard	errors	in	parentheses	

Data	Source:	GSCF,	all	four	waves	

�	p	<	0.10,	��	p	<	0.05,	���	p	<	0.01	
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Table	10:	Impact	of	Father’s	Education	on	NonCognitive	Ability	in	2015	

	
	 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	 (7)	

Rosenberg15	 Depress15	 Extraver15	 Agreeable15	 Conscientious15	 Neuroticism15	 Open15	

Father	eduyear	 0.035���	 -0.034���	 0.011	 0.020�	 0.027��	 -0.028���	 0.008	

	 (0.011)	 (0.012)	 (0.011)	 (0.011)	 (0.011)	 (0.011)	 (0.012)	

Observations	 848	 848	 848	 848	 848	 848	 848	

Standard	errors	in	parentheses	Data	

Source:	GSCF,	all	four	waves	

�	p	<	0.10,	��	p	<	0.05,	���	p	<	0.01	
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Table	11:	Impact	of	Father’s	Education	on	Health	

	
	 (1)	

Birthweight	

(2)	

height04std	

(3)	

height09std	

(4)	

weight04std	

(5)	

weight09std	

Father	eduyear	 0.035���	 0.032���	 0.009	 0.013	 0.009	

	 (0.012)	 (0.011)	 (0.008)	 (0.011)	 (0.009)	

Observations	 848	 848	 848	 848	 848	

Standard	errors	in	parentheses	Data	Source:	GSCF,	all	

four	waves	

�	p	<	0.10,	��	p	<	0.05,	���	p	<	0.01	

 



 

44	

	

Table	12:	Decomposition	of	Intergenerational	Education	Transmission	
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Notes:	Data	Source:	GSCF.	Column	(1)	show	the	coefficients	explained	by	the	corresponding	variables	in	the	left	hand	side.	The	number	in	

the	 column	are	obtained	by	multiplying	 the	 impact	of	 father’s	education	on	each	 skill	 variables	 coefficients	and	 the	 coefficients	 in	 the	

corresponding	children’s	education	regression.	Column	(2)	show	the	percentage	of	intergenerational	education	transmission	explained	by	

the	corresponding	variables	under	different	specifications.	

	
	
	
	
	

	

	
Table	13:	Impact	of	Family	Income	on	Cognitive	 Ability	

	

(1)	 (2)	 (3)	 (4)	 (5)	 (6)	 (7)	 (8)	

Chn00	 Math00	 Cogn00	 Math04	 Chn04	 Literacy04	 Literacy09	 childedu	

Log	family	 income	 0.267���	 0.172��	 0.221���	 0.096	 0.054	 0.257���	 0.168���	 1.263���	

(0.084)	 (0.079)	 (0.053)	 (0.062)	 (0.056)	 (0.054)	 (0.060)	 (0.192)	

Observations	 421	 411	 832	 832	 832	 832	 832	 832	

Standard	errors	in	parentheses	Data	Source:	

GSCF,	all	four	waves	

�	p	<	0.10,	��	p	<	0.05,	���	p	<	0.01	
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Table	14:	Impact	of	Family	Income	on	Noncognitive	Ability00-09	

	
	 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	 (7)	 (8)	

Internal00	 External00	 Mcolleg00	 Internal04	 External04	 Mcollege04	 Rosenberg09	 Depress09	

Log	family	income	 -0.049	 -0.051	 0.058	 0.111�	 0.103�	 0.091	 0.126��	 -0.125��	

	 (0.058)	 (0.058)	 (0.057)	 (0.061)	 (0.062)	 (0.057)	 (0.060)	 (0.059)	

Observations	 832	 832	 832	 832	 832	 832	 832	 832	

Standard	errors	in	parentheses	

Data	Source:	GSCF,	all	four	waves	

�	p	<	0.10,	��	p	<	0.05,	���	p	<	0.01	
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Table	15:	Impact	of	Family	Income	on	Noncognitive	Ability	15	

	
	 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	 (7)	

Rosenberg15	 Depress15	 Extraver15	 Agreeable15	 Conscientious15	 Neuroticism15	 Open15	

Log	family	income	 0.091	 -0.077	 0.100�	 0.090	 0.122��	 -0.046	 0.065	

	 (0.057)	 (0.057)	 (0.056)	 (0.058)	 (0.054)	 (0.052)	 (0.060)	

Observations	 832	 832	 832	 832	 832	 832	 832	

Standard	errors	in	parentheses	Data	

Source:	GSCF,	all	four	waves	

�	p	<	0.10,	��	p	<	0.05,	���	p	<	0.01	
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Table	16:	Impact	of	Family	Income	on	Health	

	
	 (1)	 (2)	 (3)	 (4)	 (5)	 (6)	

Birthweight	 height04std	 height09std	 weight04std	 weight09std	 weight15std	

Log	family	income	 0.234���	 0.226���	 0.035	 0.147��	 0.145���	 0.098��	

	 (0.060)	 (0.050)	 (0.040)	 (0.063)	 (0.056)	 (0.050)	

Observations	 832	 832	 832	 832	 832	 832	

Standard	errors	in	parentheses	Data	Source:	

GSCF,	all	four	waves	

�	p	<	0.10,	��	p	<	0.05,	���	p	<	0.01	
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Table	17:	Decomposition	of	Log	Log	Intergenerational	Income	Persistence	

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

Notes:	Data	Source:	GSCF.	The	number	in	all	odd	columns	are	obtained	by	multiplying	the	
coefficients	of	the	impact	of	log	family	net	income	on	each	ability	measurement	and	the	coeffi-				
cients	in	the	corresponding	children’s	income	regression.	The	number	in	the	even	columns	are	the	
percentage	of	 log	 income	 intergenerational	persi4st0ence	explained	by	the	corresponding	
variables	 in	the	corresponding	specifications.	Columns	(1)-(2)	don’t	add	children’s	education.	
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Table	18:	Decomposition	of	Rank	Rank	Slope	

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

Notes:	Data	Source:	GSCF.	The	number	in	all	odd	columns	are	obtained	by	multiplying	the	coef-	
ficients	of	the	impact	of	log	family	net	income	rank	on	each	ability	measurement	and	the	
coefficients	in	the	corresponding	children’s	income	rank	regression.	The	number	in	the	even	
columns	are	the	percentage	of	rank	rank	slope	explained	by	the	corresponding	variables	 in	the	
corresponding	spec-	ifications.	Columns	(1)-(2)	don’t	add	children’s	educational	attainment.

 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	   	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

	 	 	 	 	

 



 
51	

Table	19:	Decomposition	of	Intergenerational	Education	Persistence	

	
	
	
	
	
	
	
	
	
	
	
	

	
	
	
	
	
	
	
	
Notes:	Data	Source:	GSCF.	We	replace	the	intermediate	variable	with	factor	variables.	
	
	

Table	20:	Decomposition	of	Intergenerational	Income	Persistence:	PCA	
	

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

Unconditional	on	Education	 Conditional	on	Education	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	
Notes:	Data	Source:	GSCF.	We	use	factor	variable	for	ability	measurement	in	the	income	

decom-	position.	
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Table	21:	Decomposition	of	Intergenerational	persistence:	Gender	Difference	
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Notes:	Data	Source:	GSCF.	The	first	two	columns	are	for	the	income	persistence	decomposition	of	

Male	subsample,	and	column	(3)-(4)	are	for	income	persistence	decomposition	of	female	

subsample.	

	


