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Abstract

Parental migration and family separation are key factors affecting the outcomes
of the next generation. This paper examines the joint household decision of parental
rural-urban migration and children’s education in China, where the Hukou system
restricts migrants’ access to urban public services. I develop a nested discrete choice
model that incorporates expected returns to children’s education as part of the
parental migration decision. Estimation results using household panel data show
that rural parents migrate for better educational opportunities for their children
and a wage premium, avoiding high costs but still concentrating in the most restric-
tive and congested destinations. Counterfactual analyses suggest that education
subsidies at the rural origin of migrants are more effective than subsidies at the
destination, or even a universal subsidy, in reducing family separation and improv-
ing children’s school performance. And all education subsidies are more effective
than mobility restrictions in controlling migration flows without harming the usu-
ally hidden but highly vulnerable group in labor migration - children, suggesting
that policies targeting the motivation for migration are more effective than mobility

frictions in controlling migration.
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1 Introduction

Both investments in time and resources for human capital are key to child development,
while parents with migration opportunities may compromise parental attention for im-
proved household economic circumstances. Parental migration eases liquidity constraints
on households (Edwards and Ureta, [2003; Du et al., |2005) and promotes increased in-
vestment in children (McKenzie and Rapoport, 2011 Ambler et al., 2015)), but it is often
associated with parental absence from the home and may negatively affect children’s ed-
ucational attainment due to a lack of parental care (Lahaie et al., 2009)) or an increase in
the amount of time left-behind children spend working on farms or in households (Chang
et al., 2011); Antman, 2011)), although child labor is expected to decrease as household
budget constraints ease. And for younger children, who require more direct care and
supervision, these negative effects may be particularly pronounced.

This paper argues that parents do migrate for better educational opportunities for
children, and policies targeting this motivation can effectively affect child outcomes. In
order to fully explore the channel through which parental migration affects children’s
education, this paper attempts to answer the following questions: how are parents’ work
locations and children’s school locations jointly decided by the household, and how is the
substitution between different destinations affected by the benefits and costs of children’s
education, and how are children’s educational outcomes affected, and what policies would
be most effective in improving the welfare of rural-urban migrants and their children.

This paper develops and estimates a nested model of parental migration decisions and
children’s educational decisions to address the questions raised above. Parents are active
decision makers who choose their work location and their children’s school location in a
nested setting. Migrants are defined as the “floating population” who live and work in
urban areas without local citizenship and are therefore limited in many social services
at destination, including health care, housing, and education. City governments impose
strict requirements on the migrant’s access to local citizenship, which discourages migrants
from bringing their children to the destination, as urban public schools generally accept
only local children.

The main hypothesis to be tested is the following: migrant parents do invest more
in their children compared to the non-migrant counterparts, whatever the children are
separated from them or not. A lower probability of settlement will lead migrants to place
more weight on the urban wage premium and less weight on the high urban price. Since

there is a very high probability that their extended families will be left behind, and if



so, they will compromise their consumption at the destination while partially consuming
elsewhere (where their families live). Since lower prices in rural areas are also associated
with lower quality of education[]. For parents who are concerned about their children’s
outcomes, they worry that the children left behind will have lower educational outcomes.
If migrants who go to restrictive urban areag’] to chase the high urban wage premium
without being able to bring the children with them, they will use the extra resources
gained from migration to improve the quality of their children’s education, for example,
by sending the child to a place with better educational quality than the schools in their
rural origin, such as nearby towns.

The main challenges in testing this hypothesis include the endogeneity of the migration
decision and the issue of the selectivity of household migration. Migration decisions are
endogenous to the socio-economic background of households, and both migration and
mobility restrictions are endogenous to the characteristics of the destination. And when it
comes to household migration, there is also the selection into whether the whole household
migrates, the selection into return migration, and when to return (Antman, 2013). To
address this concern, a nested model is developed with several instruments that measure
the institutional costs of migration.

The reduced-form evidence shows that the quality of schools differs across different
types of locations. The structural model then examines how parents migrate, taking into
account the costs and benefits of migration as well as the expected gains from children’s
education, and how they send their children to schools in different locations conditional on
the migration decision. The nested setting includes both the binary choice to migrate and
the binary choice to leave children behind. If the place of work does not match the place
of origin of the household, the head of the household can be considered a migrant, and if
the place of school does not match the place of work of the parents, we can conclude that
the child is left behind. Compared to the model that includes only binary decisions, this
model is more comprehensive and includes more layers of location choices and educational
inputs for the child: migration to different types of locations is decided by the household,
and migration and educational gains are also calculated for specific location choices.

In the model, households exogenously born in rural areas are assumed to have a choice
of working in different types of locations and a choice of having their children study in

different locations relative to the working location. To estimate the model, expected

!Children left behind are usually cared for by relatives with lower levels of education, most likely
grandparents, according to Zhong (2024)).
2the more restrictive regions tend to be more attractive at the same time (Zhang et al., [2020).



wages and housing prices are predicted for different job locations, while wages are also
predicted for different ages and education levels of the worker with a nonlinear setting.
This variation facilitates the estimation of substitution across job locations. Similarly,
the expected outcomes and costs of children’s education are predicted for households
choosing different school locations with children of different gender and age. This allows
the estimation of substitution across school locations.

The value of migration can be reflected in the stringency of the destination. For mo-
bility frictions, several measures of the stringency of institutional barriers are adopted,
including a current index, a sample propensity, and a historical predictor of Hukou strin-
gency. A current index (Zhang et al., |2019) captures the variation in Hukou stringency
from 2000 to 2016, while a concern is that migration flows are endogenous to this mea-
sure, then a historical measure of the city’s population capacity until 2000 is used as
an alternative instrument. The value of migration comes from the attractiveness of the
destination, and more attractive destinations tend to be more restrictive, as restrictions
are set based on the population capacity of the city and the migration inflow to the city.
One concern with using the above two indices is that they only have variation for the
large cities, and therefore can’t distinguish between migrants’ preference for the small
cities. The sample conversion rate of citizenship is then used to capture the variation of
migrants’ willingness to convert their Hukou status to local, and this helps to estimate
the preference parameters on the sample of destinations that are less restrictive and has
little variation in the previous two measures.

The main parameters of the model are then estimated using a sequential estimation
procedure that first estimates the lower nest of the school location decision and then
incorporates the gains from child education in the upper nest of the work location decision.
In the upper nest, parents first choose between different types of locations: rural, urban,
or urban, and then an exact location is realized in the pool of each type. Relative to
the parents’ work location, the household then decides the child’s school location. The
model framework is then used to explore various counterfactuals, including rural and
urban education subsidies and a housing price decline, which capture the recent reality
in China.

The model parameter estimates confirm selection into migration by socioeconomic
conditions and sorting into different destinations. They show that parents migrate for
better educational opportunities for their children and the wage premium, avoiding high

costs, but still concentrated in the most restrictive and congested destinations. Coun-



terfactual analyses suggest that subsidizing education at the rural origin of migrants is
more effective than subsidizing education at the destination, or even universal subsidy, in
reducing family separation and improving children’s schooling. And in terms of control-
ling migration flows, all education subsidies are more effective than mobility restrictions.
Instead of restricting mobility and leaving households to bear all the costs of the lack of
local services and the break-up of families, a more effective approach would be to identify
and target the reasons for migration.

My model and empirical results provide a novel framework for considering child out-
comes in family migration under mobility frictions. Migration frictions decide whether
they migrate, where they migrate, and how they migrate: how migrant parents man-
age their children. My model is used to evaluate the effects of the migration policy in
the Chinese context, and can also be applied to understand the long-run role of internal

migration barriers which are common especially in developing countries.

Related Literature My paper belongs primarily to the literature on parental decisions
and child outcomes (reviewed by Francesconi and Heckman, 2016). Previous work has
mainly focused on the impacting channel of the balance between parental earning capacity
and financial transfers (Antman, 2012, Ambler et al., 2015, Bai et al., 2018, Albert
and Monras, 2022)) and parental time and attention (Constant and Zimmermann, 2013
Marchetta and Sim, 2021, Yang and Bansak, 2020). Recent literature also includes the
role of other extended families in child development (Gao et al., 2023, Zhong, 2024]).
My paper contributes to this literature by further considering children’s school location
and treating it as an important input in the child development process, as the quality of
schools varies significantly across different types of locations.

My work is related to the literature on structural models of migration that examine the
role of migration policies (e.g., Bryan and Morten, 2019, Tombe and Zhu, 2019, Lagakos
et al., 2023, Adamopoulos et al., 2024). The existing literature has mainly focused on
individual decisions rather than family considerations, and the effects of migration on
household welfare are less well understood. Recent literature has discussed household
migration decisions and related welfare effects (Gao et al., 2023, Imbert et al., 2024,
Zhong, 2024). 1 contribute to this literature by developing a model that allows for the
joint determination of parental migration decisions and children’s educational inputs,
which are made relative to the parents’ migration decision. This reveals the effects of

migration policies on children’s educational outcomes and other intra-household channels



of migration that are previously unobservable in less complex settings.

My work also contributes to the literature on urbanization in developing contexts (e.g.,
Selod and Shilpi, 2021, Garriga et al., 2023)). Given the rapid process of urbanization in
economies like China, the definition of rural-urban migrants is complicated and dynamic,
about 43.7% of people of rural origin moving across counties by 2022 (according to my
data, explained later in the section) will come from rural areas that urbanize after
their birth, which means that these individuals will be defined as migrants in some anal-
yses (based on the previous rural-urban classification of their Hukou register or based on
a simple comparison of their rural-urban classification over time) and as non-migrants in
another analysis (based on the current rural-urban classification of their Hukou register),
while both definitions may be valid in different contexts but have different implications
for household welfare. My paper contributes to this literature by introducing a tripartite
classification of location: “rural”, “town”, and “city”. The “town” destinations are less
restrictive than the “city” locations, and this allows for a more comprehensive under-

standing of the effects of migration policies on household welfare.

Paper Overview The paper is organized as follows. Section 2 presents the institutional
background. Section 3 introduces the dataset 1 use and describes the economic and
behavioral characteristics of rural households with migration opportunities. Section 4
presents a household model with nested migration and school location choices. Section
5 discusses the estimation procedure and the model estimates. Section 6 uses the model
estimates to assess the role of mobility frictions and simulates different policies targeting
parents or children, at the origin or at the destination, and discusses the policy effects on

each group and on migration decisions. Section 7 concludes the paper.

2 Institutional Background

Recent economic growth in developing countries such as China has largely been driven by
the huge influx of cheap rural labor leaving their villages to work in the manufacturing
sector in urban areas. Although the overall productivity effects of rural-urban migration
have been shown to be positive (Bryan and Morten, 2019, Lagakos et al.,|2023)), the urban
congestion (Akbar et al., [2023)) and environmental effects (Chen et al., 2022) continue to
concern policymakers. Governments in less developed countries and regions were much

more likely (78 percent) than those in more developed countries (51 percent) to have



adopted policies to reduce rural-urban migration (United Nations, [2015), reflecting the
more acute challenges faced by the least developed countries in their urbanization process.

China’s rural-urban household division has its roots in the introduction of the house-
hold registration system, commonly known as the Hukou system. The Hukou system
links access to certain local social services to the place of household registration, usually
the place of birthﬂ Residents receive their Hukou booklets at birth. A new member born
or married into a household is added to the Hukou booklet and has the same rural-urban
classification as other members. Large cities, especially megacitiesﬁ set requirements for
migrant applicants to meet before they can obtain a local Hukou. Typically, requirements
are set for social insurance participation, education level, investment and real estate pur-
chase, and employment conditions, etc.

In the Chinese context, the majority of rural-urban migrants are low-skilled workers
who often do not meet the criteria for urban Hukou status in large cities. According to my
data (CFPS, waves 2010-2022), only 56.7% of the rural parents (the parents of all rural
Hukou holders) have completed middle schoo]ﬂ As a result, without local Hukou, migrants
are unable to access basic local social services such as health care and education for
themselves and their families. This has created significant challenges for the resettlement
of migrant families.

The introduction of China’s Hukou system dates back to 1958, the beginning of the
3-year famine, and was designed to curb rural-urban migration and ensure adequate food
production. There are four phases of development of the Hukou system since it’s introduc-
tion (Song, 2014, Meng et al., 2015, Kinnan et al., 2018, Zhang et al., 2020, Adamopoulos
et al., 2024)). Between 1958 and the late 1970s, labor migration was illegal in China unless
arranged by the government. From the early 1980s to 2000, restrictions on rural Hukou
holders moving to cities to work were relaxed, while basic services such as food provision
were still tied to a household’s place of registration, severely limiting the ability of indi-
viduals to work outside their place of origin for extended periods of time. After 2000,
food provision and place of registration were separated, but the type of Hukou continued

to determine access to public goods. In 2014, the distinction between agricultural and

3Before 2014, the Hukou distinguished between agricultural and non-agricultural households, com-
monly known as rural and urban households. Although the rural-urban classification has not been
printed on newly issued Hukou booklets since the 2014 reform, all respondents in my data (constructed
from the China Family Panel Studies (CFPS, explained in section ) still know their Hukou type.

4According to the 2010 Chinese census, there are 7 cities in mainland China that have more than 10
million people living in each of their urban areas.

5Compulsory education in China: 6 years of primary school and 3 years of middle school.



non-agricultural Hukou in the same place was eliminated, making all residents eligible for
the same local public services. While research (Zhang et al., 2019) argues that the 2014
reform is limited to small cities and actually makes megacities even more restrictive to
migrants, especially in restricting migrant children’s access to local schools (Chan, 2018]).
Wu and You (2024) confirms that the proportion of migrants obtaining local Hukou also
experienced a pronounced decline between 2000 and 2020.

Cai et al. (2001) found that there was a significant positive correlation between the
planned migrant population in each city in 1952-1998 and the annual per capita food
production in the previous year. This is due to the fact that before 2000, when food
supply was still tied to a household’s place of registration and there were high costs of
commodity circulation, a city’s grain production determined its population capacity and
was used by the government to determine the stringency of hukou registration. Zhang
et al. (2020)) then suggests using the level of grain reserve before 2000 as an instrument
for migration.

While the process of urbanization has brought many benefits to people from rural
areas, such as improved living standards and employment opportunities, restrictions on
mobility have negative consequences that offset these benefits: Not only do undocumented
migrants lack access to many formal long-term jobs, which can result in a significant wage
penalty (Borjas and Cassidy, |2019)) and worse living conditions at destination, as migrant
workers disproportionately move to expensive and restrictive cities (Imbert et al., 2024)),
but the costs of mobility restrictions are mainly borne by their children and other extended
families. Nearly half (49.2%) of rural-urban migrants without urban citizenship in China
choose to leave their children behind in rural areas as of 2005 (Gao et al., 2023). And
the children left behind are much more likely to be cared for by grandparents (71%) than
their counterparts living with their parents (20%) (Zhong, 2024).

For the children left behind by their migrant parents in the sending regions, while
there is the possibility that remittances can alleviate families’ liquidity constraints and
thus improve children’s educational outcomes, the absence of parental care and guid-
ance can have long-lasting effects on children’s emotional and cognitive performance that
may outweigh the positive effects of remittances. According to recent estimates (Tang
and Wang, [2021)), there are approximately 61 million left-behind children in rural China,
accounting for 37.7 percent of all rural children and 21.88 percent of all children nation-
wide. Figure 1| (generated using my data, explained later in the section) shows that

the left-behind children are less likely to attend school and also have lower educational



outcomes than their counterparts who live with their parents.

Child Educational Outcomes by Household Migration Modes
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Figure 1: Comparison of Child Educational Outcomes by Group
Data Source: CFPS 2010-2020.

3 Data

In this section, I present how I collect and construct my data and describe the economic
and behavioral characteristics of rural households with migration opportunities that mo-

tivate the model and the empirical analysis.



3.1 Data and Terms

My data are collected from the China Family Panel Studies (CFPS) projectﬁ I restrict
my sample to children with rural Hukou and their householdsﬂ After I get the sample of
all these households, if there is more than one child sampled from the same household,
the youngest child is kept to avoid possible correlation.

The term “migrant” is then defined as someone who is registered with a rural Hukou
but attends school or works in an urban place, and in addition, this separation of place
of registration and place of residence is because one has moved across Countiesﬁ Most of
the literature in this context only defines the migrant based on the separation of Hukou
place of registration and place of residence, I add the cross-county movement variable to
the deﬁnitionﬂ so that the rural-urban migrants within commuting distance are excluded
from the sample, and more importantly, this rules out the possibility that a non-migrant
is defined as a migrant just because his or her place of residence changes from rural to
urban (according to the National Bureau of Statistics of China’s definition) in the rapid
urbanization process. According to my data (CFPS 2010-2022), about 20.85% of rural-
born urban residents aged 18-65 came from places that have urbanized (classified as rural
when they were born, but classified as urban during the survey period).

For the rural-urban division, I adopt the division of urban areas into two types: “town”
and “city”. Type “town” refers to rural county sear, township and suburb, and type “city”
are more developed areas. Both divisions (rural/urban and rural/town/city) are reported
by the CFPS survey, based on the classification of the National Bureau of Statistics of
China.

6The CFPS project (Peking University, 2015) is a national household survey with 7 waves now avail-
able: 2010, 2012, 2014, 2016, 2018, 2020, 2022. The baseline target sample of the CFPS consists of
16,000 households in 25 out of a total of 31 provincial-level administrative divisions in mainland China,
representing 95% of China’s population. Follow-up surveys will be conducted on all these individuals and
on the new members as they form new households. Table shows the sample sizes of the CFPS data
across waves by the age of the individuals sampled.

"I define rural households based on the children’s rural-urban classification. The main reason is that it
is possible in the data that the migrant parents have changed their Hukou registration to the destination,
but the child still has the Hukou, and in this case the child doesn’t have access to public services in the
destination based on his or her own citizenship. Although in my data it’s more likely that the parents
will convert the child’s Hukou before doing so for themselves, with the most likely reason being that they
want to improve the child’s educational opportunities.

8For each individual, location data are available at his or her birth and over the survey horizon:
2010-2022.

9In China, a county can be identified by the 6-digit postal code, where digits 1-2 identify the province
and digits 3-4 identify the prefecture.




Table 1: Descriptive statistics of enrolled children aged [6,18]

Parent Child Count (Share) Age Word Score, Math Score, Edu.

Work School Z-Score Z-Score Expenses
Location  Location

Rural Rural 2,519 (77.05%)  10.93 (0.02) 09 (0.01)  -0.1 (0.01) 0.7 (0.02)
Rural Town (O) 517 (15.82%) 13.29 (0.06)  0.07 (0.02) 0.2 (0.02) 2.17 (0.07)
Rural City (0O) 233 (7.13%) 14.07 (0.09) 0.02 (0.03) 0.14 (0.03) 3.64 (0.17)
Town Rural 511 (47.25%) 10.54 (0.05)  0.08 (0.03) ).06 (0.03) 1 (0.06)
Town Town (O) 258 (23.83%) 11.83 (0.09)  0.14 (0.03)  0.17 (0.03)  1.44 (0.08)
Town City (O) 49 (4.53%) 12.55 (0.2) 0.43 (0.07) 0.31 (0.07) 2.82 (0.39)
Town Town (W) 171 (15.77%) 11.65 (0.11)  0.24 (0.05) 0.27 (0.05) 1.63 (0.11)
Town City (W) 93 (8.61%) 12.59 (0.16) 0.34 (0.07) 0.3 (0.07) 4.17 (0.29)
City Rural 187 (39.73%) 1146 (0.1)  0.32 (0.04)  0.16 (0.04)  2.48 (0.21)
City Town (O) 45 (9.54%) 11.72 (0.19)  0.31 (0.1) 0.18 (0.1) 2.04 (0.27)
City City (O) 79 (16.90%) 12.14 (0.15)  0.25 (0.06) 0.25 (0.05) 2.77 (0.35)
City Town (W) 44 (9.30%) 11.14 (0.2) ).06 (0.19)  0.58 (0.12)  2.42 (0.27)
City City (W) 115 (24.53%) 11.03 (0.13)  0.24 (0.07)  0.23 (0.06)  3.69 (0.3)

& Counts are per-wave counts, averaged over waves 2010 through 2022.

b For variables other than counts, standard errors in parentheses.

¢ (O) denotes town/city closest to Hukou location. (W) denotes town/city closest to work location.

4 The money unit is 1,000 CNY deflated to 2010 (around 115 EUR or 147 USD).

¢ Test scores are z-scores adjusted for age and gender.

f Bold numbers mark the group maximums by parent work location, while gray numbers mark the group minimums.

3.2 Descriptive Statistics
3.2.1 Children in Migrant Households

Table [1| shows the descriptive statistics of enrolled children of rural origin by parent’s
place of work and child’s place of school. When classifying the child’s school location, if
a destination is both closest to the household’s origin and closest to the parent’s work
location, it is counted as closest to the origin. More than 30% of rural parents leave
their hometown to work in urban areas, including cities and towns, and the majority of
migrant parents go to cities. Among children whose parents work in rural areas or towns,
the majority of children are enrolled in rural schools, while among children whose parents
migrate to city locations, the majority are enrolled in city schools. This motivates a
description of the demographics of the parents to further explore the migration pattern.

Figure [2] shows the percentages by type of location and age group in a histogram
and includes the unenrolled children. For non-migrant rural households, children have

about an 80% chance of staying in the rural area for school. For children of parents
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Enrollment rate and type

CFPS data 2010-2022 pooled. Sample: rural-Hukou children ages [6,18]
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Note: 1. Rural or urban refer to the child’s Hukou type at birth or, if missing, at baseline (2010).

2. Compulsory education in China: 6 years of primary school and 3 years of junior secondary school,
usually beginning at age 6 and ending at age 15. 3. The completion rate of nine-year compulsory
education in China was 94% as of 2014 (National Bureau of Statistics of China, 2015).

Figure 2: Child Enrollment by Parent’s Work Location

who work in town locations, the chances of children being enrolled in town and rural
locations are half to half, with more than 40% of children left behind by migrant parents.
For children of parents who work in cities, the majority of children are brought to the
destination by their parents, while there is still a significant proportion of about 20% to
30% left behind. Table [1| and Figure [2 together illustrate that these left-behind children
are most likely to drop out after the age of 15, when the compulsory 9-year education
is about to end. More importantly, about 20% of the children are not enrolled in either
the destination or the origin. This suggests that for migrants who have moved to city
locations, although the settlement restrictions in big cities limit their ability to bring
children to the destination, they still want to use the extra resources they have gained
from migration in the educational opportunities of their children, and they are willing to
send the children to a place with better educational quality than the schools in their rural
origin, such as nearby towns.

For children of parents working in rural areas, under 15 years of age, most of the
children are still in compulsory education (9 years, 6 years of primary school plus 3 years
of middle school), less than 5% of them are observed not to be enrolled in school. This
out-of-school rate rises to about 28% for children between 15 and 18 years of age, when

they can legally drop out of school. The non-enrollment rate is lower when the parents
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work in towns and lowest when the parents work in cities, while in these two cases the
expected attention from parents would be lower for rural children compared to all their
rural counterparts from non-migrant families. These positive effects of parental migration
on children’s school enrollment could be due to the fact that this sample has received
better education and was in a better economic condition in previous years. These children
are selected into families whose parents have a higher chance of working outside the rural
areas and are selected to stay in an environment with better educational opportunities.

Besides the fact that above 15 is beyond the compulsory school age and dropping out
is allowed, the increase in the proportion of children enrolled outside rural areas across age
groups in all three panels of Figure [2 may also be due to differences in school availability
for primary and secondary schools. According to my data (CFPS 2010-2022), 7 out of
a total of 166 countieﬂ have no primary schools, while 77 of them have no secondary
schools, and in all counties there are fewer secondary school seats than primary school
seats. This suggests that children in these counties have to go to other places for secondary
education after they graduate from primary school.

Table [1] also presents the descriptive statistics of the children’s test scores and educa-
tional expenditures. The math and vocabulary tests are standardized tests administered
in the CFPS surveys, so children who are not enrolled in school also take the test, and
the scores are comparable every two waves. The scores shown are z-scores adjusted for
the child’s gender and age, and indicate how the child is doing academically compared to
a reference of the same age and gender. Comparing children enrolled in rural and town
schools with different parental work locations, we see that children whose parents work
in towns perform better on the test, even though they are actually separated from their
city migrant parents. From the education expenditureﬂ, we see that the most expensive
locations in terms of educational expenditures are the cities closest to the parents’ place
of work (note that for city migrants, the city closest to the parents’ place of work is the
destination itself), and this means that for this pattern to be possible, there must be
a significant proportion of migrant parents who choose as their migration destination a
more expensive city other than the city closest to their hometown. And we also see that
higher test scores are not always associated with higher education spending; there are

many other factors that affect a child’s academic performance.

0County: the third level of administrative division in China. A 6-digit postal code identifies a county,
digits 1-2 identify a province, and digits 1-4 identify a prefecture.

HEducation expenditures include everything they have paid that is related to the child’s education:
tuition and miscellaneous fees, textbooks, school lunches, boarding fees, school bus fares, visits and
exchanges organized by the school, as well as costumes, musical instruments and sports equipment, etc.
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Figure 3: The Concentration of Migrants in Big and Restrictive Cities
Data Source: CFPS 2010-2020.

3.2.2 Migrant Parents

Figure |3| shows the distribution of the sample of migrant parents across town and city
locations by the Hukou conversion rate of the destination. The conversion rate is calcu-
lated as the number of migrant parents who have converted their Hukou registration to
the destination divided by the total number of migrant parents in that location. From
the figure we can see that migrants are highly concentrated in the most restrictive cities.

Among the sample of all adults aged 19-50 who moved across counties, 29.6% of them
migrated to city destinations, 30.3% of them went to town destinations, and the remainder
moved across rural counties. For the sample of migrant parents of children aged 6 to 18,
about the same proportion (30.9%) of them migrated to towns, but a smaller proportion
(20.1%) of them migrated to cities. This suggests that migrant parents are less likely to
move far from their rural origin (it is reasonable to assume that there are more towns
than cities around an average rural village) and, conditional on migration, are more likely
to choose the less restrictive town destinations than the city destinations. For the sample
of parents, 58% of them have completed 9-year compulsory education, which is higher
than the completion rate of all adults (47.5%). This is consistent with positive selection
into migration based on education. These numbers are plotted in Figure [AT]

Table [2[ shows the characteristics of parents by location of work and location of child’s
school. The table confirms the positive selection for migration in parents’ education level,

income, and occupation. For non-migrant households, parents who work in rural areas
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and send their children to city schools have the best socio-economic background. For
town-migrant parents, those who send their children to the city closest to their town of
work have the highest value on nearly all demographic indicators. And we also see that
town-migrant parents who leave their children behind are not the group with the lowest
educational level and income, which is also true for city-migrant parents. The city-migrant
parents who bring their children to the destination have the best economic background
among all city migrants, which is due to the additional resources they have and the fact
that their destination coincides with the first choice on the list of school locations from

which they can choose.
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3.3 Schools in Different Locations

Figure [4] shows the regression estimates of the effect of school location on children’s word
test scores, controlling for lagged test scoreﬁ and child fixed effects using panel data
on children from 2010 to 2022. The dynamic panel coefficients suggest that town and
city schools strongly dominate rural schools in terms of transitory effects on children’s
academic achievement. However, the effects of urban and rural schools are not strictly
distinct. The results are similar for math test scores, as shown in Figure[f] For the effects
on math scores, city schools are better than town schools, especially for middle school
students (ages 12 to 15).

There are several concerns with the reduced-form results above. First, students are
not randomly assigned to schools in different locations, and the choice of school location
is endogenous to parents’ choice of work location. What’s more, since most children
stay in the same school over time, the effects of schooling on test scores are likely to be
cumulative, while the above regression specification only examines the transitory effects of
being enrolled in different types of schools for the most recent period. The results without
controlling for the lagged dependent variable can be found in Figure and Figure [A3]
which show a similar pattern.

The motivating data facts in this section show that there is sorting into different work
and school locations, and that the effects of schools on children’s school outcomes differ
across different types of locations. This motivates a structural model to explore how
parents migrate, taking into account the costs and benefits of migration as well as the
expected gains from children’s education, and how they send their children to schools in

different locations conditional on the migration decision.

12The lagged test scores are from the period ¢ — 2, where t refers to the wave, because the CFPS
standardized tests are comparable every two waves.
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Coefficients from AR(1) regression on child's current enroliment status
Dependent variable: Word Test Score, z-score
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Note: a. The base category of child's enroliment is Rural School (N=1612). b. Control variables included in regres
lagged test score (t-2), individual FE. c. Point estimates are displayed along with their 95% confidence intervals.
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Figure 4: Child’s Word Test Score Regression Coefficients

Coefficients from AR(1) regression on child's current enroliment status
Dependent variable: Math Test Score, z-score
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Note: a. The base category of child's enrollment is Rural School (N=1612). b. Control variables included in regres
lagged test score (t-2), individual FE. c. Point estimates are displayed along with their 95% confidence intervals.
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Figure 5: Child’s Math Test Score Regression Coefficients
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4 Model

In this section, I present a nested model of household decisions about parental migration
and children’s education. This model captures the specifics of the Chinese context, where
there is a rapid urbanization process and the Hukou system restricts rural-urban migrants’
access to local social services, including education, while being general enough to apply
to other contexts of household migration under mobility frictions.

The model has two nests: the upper nest is the decision of the parent’s work location
and the lower nest is the decision of the child’s school location. In the household decisions,
the active decision maker is assumed to be the rural parents with migration opportunities.

Figure [6] shows the tree structure of the model.

Households of
Rural “Origin” (Hukou/Registration)

T

Type of Parent(head)’s

Cit,
Work Location, j Rural Town ity
i Realization: Realization:
%@;ﬁz{;ﬁﬁmﬁl Hukou Location An Exact Location An Exact Location
7] / \ of Type “Town” of Type “’City”
Child’s Enrolled Not Enrolled Not Enrolled Not

Enrollment

N N

Child’s R Th Ci Th, Co R T C Ty Cy

School Location, k

Figure 6: Tree Structure

The extensive margin of the child’s education - the child’s enrollment - is not discussed
in this model. Not enrolled is not a category that can be lumped together with the three
school locations because the child can go to different locations when not in school, which
is another margin to explore and not the focus of this model. From my data, 75.7% of
the out-of-school rural-Hukou children stay in rural areas, 13.9% of them go to towns,
and 5.3% of them go to cities. Figure shows the estimates from the dynamic panel of

the effect of parental migration and separation on child enrollment, which suggests a zero
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effect of children brought to the destination by migrant parents and a negative effect of

being left behind, both relative to non-migrant rural counterparts.

4.1 Working Location Choice

In the upper nest, a household of rural origin (Hukou) first decides the type of work
location. After the type j is decided, an exact location j* is realized from the pool of
locations in that type. The choice of type can be considered as the worker decides whether
to migrate or not, and generally an easier choice (town) or a more difficult choice (city).
And once the type of destination is chosen, the random realization is made to reflect the
fact that the worker will rely on the link established between his origin and all potential
destinations to make the location choice.

The decision on work location for each household is
dy = j, j € {Rural, Town, City}.

And given type j, an exact location (county) j* will be realized as the Hukou location if

j = Rural, and will be a random draw if 7 = Town or City from the distribution

i Mo,
fi(G*17) = m,
where M, 4 is the baseline (year 2010) migration stock from location o to location d; O; is
the Hukou location (O for origin) of individual 7. Historical settlement patterns capture
migration costs (time and distance), bilateral migration networks, and preferences for
different locations (Kinnan et al., 2018; Imbert et al., 2022). This historical pattern of
migration between locations may reflect the bilateral links established between origin and
potential destinations, and may predict future migration patterns, as it indicates migrants’
expectations about the future evolution of destination output and labor demand. Using
the baseline migration pattern confirms that this variation is not contributed by the
decisions of the sampled individuals within the time frame of the survey data (2010-
2022), so it is exogenous to the model. When the household chooses the work location
type di, the parents compare the expected location in each type, which has the weighted

average characteristic of all locations in that type.
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The household’s indirect utility of working in location type j is

1 1
U =55+ pyegy - (8- e +py - Vi) + 2
j*

where 2 is a vector of parent demographics and y;~ is a vector of migration benefits and
costs. The demographics don’t vary between different location realizations, so they don’t
go into the sum. The costs and benefits of migration are location-specific, and are then
included in the utility as weighted averages of the costs and benefits of all locations in
the type. The utility is type-specific, not location-specific, which assumes that the parent

compares the expected utility of each type to make the decision.

4.2 School Location Choice

In the lower nest, the household decides the location of the child’s school relative to the

household’s origin and the parent’s workplace 7*. The school location decision is denoted
by

dy = jk, k € K; = {Rural (R, Hukou location),
Town (T}) or City (C) closest to Hukou Location,

Town (13) or city (Cy) closest to work location j*}, V7.

where K is the set of school locations K; under work location j, and jk denotes a specific
alternative in the lower nest. Kj is the same across all j, although for different realizations
of 7*, T, and C5 are different. The indirect utility of sending the child to school at location
k is

UJ(E; = Q- Zjxk + Mk l’(z) + €§z)k, (41)

where 2® includes the child’s demographic variables, which do not vary across locations,
and z;+; includes the benefits and costs of the child’s education, which vary across school
locations, these variables are assumed to affect the parent’s work location only through
their effect on the child.
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5 Estimation

In the nested structure, the model is estimated backwards in two stages (limited informa-
tion maximum likelihood estimation, LIML estimation), starting from the lower nest of
the school location decision and then incorporating the gains from the lower nest in the

upper nest of the work location decision.

5.1 Child School Location Choice

For the gains from education, the estimates are obtained by maximizing the log likelihood
of a conditional logit model on choosing the school location jk, where the log likelihood

is given by
i § ik

and the probability of selection is

Dklj* = exp [(o - 2k + e - 2®) /)]
klg* — K*
> exp [( - zj= + g - 23) [ pj

The estimates obtained directly from this stage are % and ;%’ which will be combined
J J

with the estimates for p; from the next step to get the estimates for o and p.

5.1.1 Costs of Education and Child’s Academic Performance

In the estimation, the alternative-specific regressor vector z in the school choice utility
takes the expected value for each alternative. Educational expenditures ¢ and the
child’s academic performance s are included in z to capture the costs and benefits of
education.

The educational expenditure of the child who attends a school at location k is predicted

using
In Crt = Hjc'(k),a . a/f + 6ik + 55,15 + 82157

where expenditures are assumed to vary as the children grow older and enter a new stage
of education. This age effect is allowed to differ by the type of school location &k (rural,

town, or city, denoted by j(k)) and is treated as non-linear by including age as a set of
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dummies and then interacting it with j(k). The regression also includes school location
fixed effects o7 ; and time fixed effects 43 ,.

The child’s test scores are predicted using a similar specification:
Skt = Oj().0 - QF + 05 ) + 05, + €5y,

where age is included as a set of dummies and the nonlinear age effects are assumed to
differ by location type j(k), and the school location and time effects are also included.
The z-score of the raw test score is used as the dependent variable, and the prediction is
done separately for the word test and the math test. The standard deviation score z-score
is standardized to the reference population (from the CEFPS data) for the child’s age and
gender, but it may still have an age trend across region and time. Testing the prediction
under many specifications confirms the age effect and suggests that gender has almost no

effect on the z-score that varies across region or time.

5.2 Parent Work Location Choice

In the upper nest, 5’, v;, and p; are estimated by maximizing the log likelihood of a
conditional logit model on choosing the work location j with log likelihood given by
N
In L1 = Z Z dij lIlpZ'j.
J

=1

The choice probability is

exp [%- W 37 pey - (B g Vj*)]
27{1:1 exp [me : x(l) + Zm* pm*|m : (6 *Ymx + Pm * vm*)]

b =

The added regressor V' is the inclusive value from the lower nest:

K
Vie=In g > exp (- 2+ - 2®) /)]
=1
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and the probability of realizing an exact location j* from the pool of locations of type j

if 7 is not rural:

M (O, j*) ~
Z{ittype(i)q’} M(0, j)

D=5 =

while if j is rural, then j* will be set as the Hukou location. This means that if j is
rural, the regressors subscripted by j and j* take the level of the Hukou location, which
is justified by the fact that rural-rural migration is not considered in this model, and by
the fact that the within-group discrepancy between different rural locations is assumed
to be fully captured by the variation in the socio-economic indicators of rural households.
In pj-;, O is the Hukou location of the household and M is the baseline migration stock.
For each origin (county-level data are used), a maximum of 6 possible destinations of
each type (town or city) were observed in the data at baseline, and almost all origins were
observed to have at least three destinations connected with them in terms of historical
migration stock. Three potential locations are used to form the pool {j : type(}) =7}
for each j equal to town or city. This pool of realizations of j* under each j of size 3 is

origin( Hukou)-specific, people from the same origin share the same pool.

5.2.1 Costs of Migration and Labor Income Gains from Migration

The costs of migration include higher prices at the destination and institutional constraints
on mobility.

To capture the variation in prices at destination, the housing prices reported in each
municipality are used. Although it could be argued that total housing costs could be
a better measure of the cost of living, while the migrant may reduce housing costs by
reducing living space due to a limited budget, the housing price could be a good real
measure of the cost of living (Brueckner and Lall (2015)), and compared to food costs,
housing costs account for the majority of the total cost of living.

For institutional costs, I use the Hukou conversion rate, which is defined as the pro-
portion of migrants who had converted their Hukou registration place to the local place

by the last wave of the survey:

L Zz ]]_{dl = l, edui = %} . ]]-{hki,ao 7& l} . ]]_{hkl’T = l}
hedu = S 1{d; = I, edu; = edu} - 1{hk; ., # I}

The conversion rate is allowed to vary by the educational level of the migrant applicant
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across location types. This captures the variation in the success rate of the conversion
process across educational levels and regions, and reflects the general tendency of Hukou
policies to attract talent, but with different intensity across regions.

An alternative measure of mobility restriction in the Chinese context that has been
used in recent literature (Khanna et al. (2021)); Imbert et al. (2022); Gao et al. (2023))
is the Hukou stringency index proposed by Zhang et al., 2019. The index measures the
ease of obtaining a local Hukou based on the migrant’s employment (job and length,
contribution to pension system, etc.), educational background (high-tech migrants are
more welcome), local investment, and real estate purchase. The more difficult it is to
obtain the destination’s Hukou, the higher the index. The index is highest for the capital
of China, followed by the other major cities. The index can take a maximum of two values
for each location - one before 2014 and one from and after 2014 - and remains fixed for
the duration of each time interval. A drawback of the stringency index in my analysis
is that it mostly has variation only for city locations, not for town locations as I have
defined them.

The Hukou conversion rate has the advantage that it can capture the variation in
destination restrictiveness as well as migrants’ willingness to convert their Hukou status
to local, and this helps to estimate preference parameters on the sample of destinations
that are less restrictive and have little variation in the stringency index.

The gains from migration come mainly from the urban income premium. To capture
this gain, the labor income of rural parents across locations is predicted using the following
specification:

Inwje; = 07, - ap + 05, - €] + 07« + 65 + €5,
where the dependent variable is the log of the labor income of the parent who chooses
location j* within type j, in real terms (1000 CNY, 2010), superscript ? denotes the
parent, a is age included as a set of age dummies, and e is educational attainment level.
Location and time fixed effects are also included. The return to education is allowed to
differ by education level and location type to capture the fact that returns to education

would be higher in more developed urban locations and for more educated individuals.
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5.3 Model Estimates

In this section, I present the model parameter estimates, while the effects on choice

probabilities are discussed in the next section in the counterfactual exercises.

Table 3: Alternative-Specific Regressors Estimates from Conditional Logit Regression on
School Location Choice.

Origins without

All Origins Secondary School

6,12)  [12,15)  [15,18]  [12,15)  [15,18]
School-Location-Specific Variables
No. Primary Schools (Work = R) 0.001
(0.020)
No. Primary Schools (Work = T) -0.008
(0.029)
No. Primary Schools (Work = C) -0.775%**
(0.108)
No. Secondary Schools (Work = R) 0.065 -0.025 -0.035  -0.014
(0.071)  (0.052)  (0.203)  (0.160)
No. Secondary Schools (Work = T) -0.094 -0.130 -0.728  -0.525
(0.095) (0.079)  (0.488)  (0.291)
No. Secondary Schools (Work = C) -0.429 -0.487  -1.091  -1.959*

0.286)  (0.385) (0.667) (0.901)

Word Score, z (Work = R) -0.530***  -0.161  -0.529* -0.501**

(
0
(0.110)  (0.093)
(
(

(
Word Score, z (Work = T) 0.099 0.257* . .
0.122)  (0.117)  (0.225)  (0.202)
Word Score, z (Work = C) 0.081 0.301* 0.126 0.023
0.143)  (0.119) (0.257) (0.222)
Edu. Expenses (Work = R) -0.067* -0.074 -0.077  -0.022  0.243**
(0.032)  (0.039)  (0.054) (0.114)  (0.091
Edu. Expenses (Work = T) -0.006 -0.059 -0.098 -0.038 0.165
(0.033)  (0.041)  (0.056) (0.115)  (0.092)
Edu. Expenses (Work = C) 0.007 0.002 -0.063 0.042 0.200*
(0.036)  (0.045)  (0.059) (0.117)  (0.096)
N 995745 109,174 103,753 45591 43,420
Log-likelihood -26916.2  -13669.1 -15268.1 -5779.4 -6231.9

a. Cluster(individual level)-robust standard errors in parentheses.
b. * p < 0.05, ** p < 0.01, *** p < 0.001.

c. Sample: rural households.

d. Time variable: two year waves. Data 2010-2022 pooled.

e. Test scores are the z-scores adjusted for age and gender.

f. Monetary units are in logs and are deflated to CNY 2010.

Table |3|shows the results for the alternative-specific variables from the lower nest. The
parameter estimates from the conditional logit regression are informative about the signs
of the effects of changing the regressor. The negative coefficients on education expenditure
when the parents’ place of work is rural suggest that as the expected expenditure for a
potential school location increases, this location is chosen less. The magnitude of the

coefficients suggests that households are more sensitive to education expenditures when
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parents work in rural areas, and less sensitive when they are households from origins
without a secondary school, where they have no choice but to send the child out of their
hometown if they want the child to be enrolled. The negative coefficients on expenditure
in all specifications when the place of work is rural suggest a clear tendency for children
from households with more limited budgets to be sorted into cheaper, and therefore more
likely to be inferior, schools. Coefficients for the individual-specific regressors from the
lower nest can be found in tables[A3] [A4] and in the Appendix.

Table [4] shows the results from the upper nest. The negative coefficients on housing
price confirm that households avoid high costs. And although regions with high hous-
ing prices tend to be the more restrictive regions, we still observe negative coefficients
on the conversion rate, suggesting that settlement restrictions are not effective in con-
trolling migration flows and that they simply cause migrants to concentrate in the most
restrictive and congested cities. The effect of income is significantly positive for the
subsample of households from an origin without secondary education. The coefficients
on the individual-specific variables confirm the selection into migration on the level of
parental education and the sorting into different migration destinations on all observed
demographic characteristics. Having more children reduces the probability that parents

will work outside rural areas, and even more so that they will work in cities.
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Table 4: Conditional Logit Regression on Work Location Choice.

Origins without

All Origins Secondary School
(6,12) [12,15) [15,18] [12,15) [15,18]
Work-Location-Specific Variables
Inclusive Value (Work=R) 0.457*** 0.690*** 0.558***  0.731***  (0.918***
(0.112) (0.069)  (0.092)  (0.128)  (0.127)
Inclusive Value (Work=T) 0.095 0.554*** 0.567* 0.639* 0.864***
(0.219) (0.163)  (0.104)  (0.292)  (0.129)
Inclusive Value (Work=C) 0.738*** 0.332 0.663*** 0.731 0.880***
(0.115) (0.266) (0.129) (0.390) (0.143)
Income 0.073 0.120 -0.047 0.489*** 0.249*
(0.054) (0.068) (0.069) (0.104) (0.101)
Housing Price -0.019** -0.046*** -0.005 -0.069*** -0.008
(0.007) (0.011) (0.010) (0.021) (0.017)
Conversion Rate -0.782%** -1.010***  -0.936*** -1.132*** -1.136***

(0.090) (0.115)  (0.113)  (0.193)  (0.188)

Work Location: Town

Age (Parent) 0.017 -0.008 -0.005 -0.201* -0.126
(0.041) (0.062) (0.067) (0.099) (0.114)
Age-sq. (Parent) -0.000 0.000 0.000 0.002* 0.001
(0.001) (0.001) (0.001) (0.001) (0.001)
Completes 9-yr Edu. (Parent) 0.481*** 0.304*** 0.025 0.177 -0.040
(0.059) (0.074) (0.073) (0.116) (0.115)
No. Children (Parent) -0.153*** -0.080 -0.132* -0.107 -0.142
(0.036) (0.046) (0.052) (0.077) (0.086)
Constant -2.261** -1.602 -1.081 2.853 2.242
(0.785) (1.427) (1.641) (2.258) (2.716)
Work Location: City
Age (Parent) 0.548*** 0.474** 0.446** 0.381 0.270
(0.094) (0.154) (0.169) (0.262) (0.225)
Age-sq. (Parent) -0.006™** -0.005** -0.004* -0.004 -0.003
(0.001) (0.002) (0.002) (0.003) (0.002)
Completes 9-yr Edu. (Parent) 1.122%* 1.167* 0.826***  1.133***  1.126***
(0.101) (0.122) (0.119) (0.188) (0.195)
No. Children (Parent) -0.716***  -0.707**  -0.381***  -0.781***  -0.494***
(0.070) (0.085) (0.090) (0.136) (0.143)
Constant -12.366***  -12.736*** -12.525**  -10.133 -7.917
(1.856) (3.392) (4.023) (5.817) (5.283)
N 43,335 21,594 20,658 9,627 9,156
Log-likelihood -9981.1 -4780.3 -4866.1 -2020.8 -1975.5

a. Cluster-robust standard errors in parentheses. Clustering is at the individual level.

b. * p < 0.05, ** p < 0.01, *** p < 0.001.

c. Base category: Working in Rural. d. Sample: rural- Hukou households.

e. Time variable: two year waves. Data 2010-2022 pooled.

f. Income is in logs of CNY, house price is in k CNY. Monetary units are deflated to 2010 CNY.
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6 Counterfactual Exercises

This section presents the results of counterfactual exercises that explore policies that could
increase the welfare of rural households with children, or at least achieve the government’s
existing goals for the rural population (e.g., controlling migration flows and effectively
managing the composition of migrants in urban areas) without harming rural children
and families.

The effects of counterfactuals in which rural households receive subsidies for educa-
tion expenditures are evaluated; these policies are typically intended to improve children’s
welfare by making schooling more affordable and accessible["| Although the 9-year com-
pulsory education in China does not charge tuition and other fees, education expenses are
not limited to that, and many local rural governments have provided subsidies for the cost
of school lunches, boarding fees, commuting fares, and so on. Subsidies for rural children
can also be provided at the parents’ migration destination. Urban education subsidies
have also been implemented by major megacities and many other cities in China to fa-
cilitate greater urbanization and assimilation of migrants, and to improve the welfare of
migrant children by making urban education more affordable and accessible.

Several counterfactual exercises are then conducted to explore the effects of education
subsidies at origin and destination: (1) all education expenditures spent in rural areas
are subsidized by 20%; (2) all education expenditures spent in urban areas are subsidized
by 15%; (3) all education expenditures spent in urban areas are subsidized by 10%; (4)
education expenditures are subsidized by the percentages in the respective areas listed in
(1)-(3) only when the migrant parent and child are not separated, that is, when the child
is enrolled at the migrant parent’s place of work. Scheme (4) is a universal subsidy plan,
which is a combination of the first three local subsidy plans on the targeted sample: the
rural households. The reduction percentages are set to be different to reflect the reality
that prices are higher in towns and highest in cities.

Panel A of Table |5 shows the baseline predicted location choice probabilities using the
model estimates and actual data. For the location choice probabilities, parents are more
likely to migrate out of the hometown as the child grows up. Panel A of Table [6] shows
the baseline predicted probabilities of parent-child separation. If the parent’s location
of work and the child’s location of school don’t match, the child is considered separated

from the parent. A child is most likely to be separated from its town-migrant parent

13The effects of an agricultural income shock and a house price decline are also evaluated, although
neither predicts a significant effect.
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Table 5: Predicted Choice Probabilities of Parental Migration

Age Group
Work Age [6,12) Age [12,15) Age [15,18]
Location
A. Baseline
Rural 0.233 0.323 0.524
Town 0.721 0.257 0.332
City 0.046 0.421 0.144

B. Edu. Ezpenses Subsidy: Rural Areas (20%)

Rural  0.24 (+3.1pp.)  0.332 (+2.9pp.)  0.527 (+0.5pp.)
Town 0.715 (-0.9pp.) 0.257 (+0.1pp.) 0.331 (-0.5pp.)
City 0.045 (-1.3pp.) 0.411 (-2.2pp.) 0.142 (-0.9pp.)

C. Edu. Ezpenses Subsidy: All Towns (15%)

Rural 0.235 (+0.8pp.)  0.324 (+0.4pp.)  0.522 (-0.4pp.)
Town 0.72 (-0.2pp.) 0.26 (+1.1pp.) 0.336 (+1.2pp.)
City  0.046 (-0.5pp.) 0.416 (-1.0pp.) 0.142 (-1.2pp.)

D. Edu. Ezpenses Subsidy: All Cities (10%)

Rural ~ 0.236 (+1.5pp.)  0.327 (+1.4pp.)  0.526 (+0.3pp.)
Town 0.718 (-0.5pp.) 0.257 (+0.0pp.) 0.331 (-0.2pp.)
City 0.046 (-0.7pp.) 0.416 (-1.1pp.) 0.143 (-0.4pp.)

E. Edu. Expenses Subsidy: Working Location (20%/15%/10%)

Rural 0.24 (+3.1pp.) 0.333 (+3.1pp.)  0.529 (+0.9pp.)
Town 0.715 (-0.9pp.) 0.255 (-0.7pp.) 0.33 (-0.6pp.)
City  0.045 (-1.1pp.) 0.412 (-1.9pp.) 0.141 (-1.9pp.)

at primary-school age, and most likely to be separated from its city-migrant parent at
middle-school age. This is consistent with the sorting of parents migrating to towns and
cities and the fact that secondary school seats are more limited than primary school seats
in any area, especially in more developed regions.

Panels B through D of Table [5| show the predicted choice probabilities from the model
under counterfactual economies in which education spending is subsidized by 20% if the
child is enrolled at its rural origin, 15% if the child is enrolled in a town, and 10% if
the child is enrolled in a city. Panel E shows the result of a counterfactual that is a
combination of the first three. The former three regional subsidy plans will increase the
relative attractiveness of schools in the subsidized region, and when we compare across
panels, we see that the rural school subsidies have the largest effect on increasing the
chance that parents will stay in rural areas. And this suggests that parents do migrate
for better educational opportunities for their children, so that higher availability and
accessibility of schools at origin reduces migration. If we compare this result with the
model estimates for the Hukou conversion rate, which indicate that migration frictions

are not effective in controlling rural-urban migration flows as intended, we can see that, at
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Table 6: Predicted Probabilities of Parent-Child Separation

Age Group
Work Age [6,12) Age [12,15) Age [15,18]
Location
A. Baseline
Town 0.426 0.148 0.177
City 0.034 0.331 0.112
B. Edu. Ezxpenses Subsidy: Rural Areas (20%)
Town 0.422 (-0.8pp.) 0.15 (+1.7pp.) 0.18 (+1.6pp.)
City 0.034 (-1.4pp.) 0.323 (-2.3pp.) 0.112 (-0.3pp.)
C. Edu. FEzpenses Subsidy: All Towns (15%)
Town 0.424 (-0.4pp.) 0.146 (-0.9pp.) 0.173 (-2.3pp.)
City 0.034 (-0.6pp.) 0.327 (-1.0pp.) 0.111 (-0.8pp.)
D. Edu. Ezpenses Subsidy: All Cities (10%)
Town 0.424 (-0.4pp.) 0.149 (+0.8pp.)  0.178 (+0.8pp.)
City 0.034 (-0.7pp.) 0.327 (-1.1pp.) 0.112 (-0.1pp.)
E. Edu. Expenses Subsidy: Working Location (20%,/15%/10%)
Town 0.421 (-1.0pp.) 0.145 (-1.9pp.) 0.172 (-2.5pp.)
City 0.034 (-1.1pp.) 0.324 (-1.9pp.) 0.11 (-1.7pp.)

Table 7: Predicted Vocabulary Test Scores, Z-Score

Age Group
School Age [6,12) Age [12,15) Age [15,18]
Location
A. Baseline

Rural 0.026 0.03 0.024
Town 0.019 0.018 0.016
City 0.019 0.017 0.015

B. Edu. Ezpenses Subsidy: Rural Areas (20%)
Rural 0.026 (42.7%) 0.031 (+3.7%) 0.025 (+7.7%)
Town 0.019 (-1.2%)  0.018 (:2.1%) ~ 0.015 (-3.9%)
City 0.019 (-1.2%)  0.017 (-2.2%)  0.014 (-3.6%)

C. Edu. Ezpenses Subsidy: All Towns (15%)
Rural 0.026 (-0.5%)  0.029 (-1.1%)  0.023 (-3.1%)
Town 0.019 (40.9%) 0.018 (+2.0%) 0.017 (+5.8%)
City 0.019 (-0.5%)  0.017 (-1.0%)  0.014 (-3.1%)

D. Edu. Ezxpenses Subsidy: All Cities (10%)
Rural 0.026 (+1.3%) 0.03 (+1.8%)  0.024 (+3.8%)
Town 0.019 (-0.6%)  0.018 (-1.1%)  0.016 (-1.9%)
City 0.019 (-0.6%)  0.017 (-1.1%)  0.015 (-1.8%)
E. Edu. Expenses Subsidy: Working Location (20%/15%/10%)
Rural 0.026 (+2.4%) 0.03 (+2.0%)  0.024 (+3.0%)
Town 0.019 ((1.0%) ~ 0.018 (-0.7%)  0.016 (-0.5%)
City 0.019 (-12%)  0.017 (-1.9%)  0.015 (-2.6%)
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least in the short run, education subsidies are more effective in controlling migration flows
without harming children — as migration restrictions increase the likelihood of parent-child
separation of migrant households and do not reduce migration, while education subsidies
help reduce separation, as shown in Table [6]

Panel E of Table [5[ shows the largest effects of reducing migration of all the panels.
In this counterfactual economy, the relative attractiveness of schools in each region is not
as high as in the first three panels, which only subsidize the corresponding region. For
example, compared to the counterfactual shown in Panel B, where the relative attrac-
tiveness of rural schools is the highest of all because it’s the only subsidized region, all
regions are subsidized in the counterfactual shown in Panel E, albeit at different inten-
sities, but Panel E still predicts the highest probabilities of staying in rural areas. This
confirms that parents migrate for better educational opportunities for their children, since
the gains from migration in terms of children’s education are lower in C and D, and lowest
in E. And this can also be explained by the fact that the marginal effect of subsidies in
easing household liquidity constraints is higher for rural stayers. If we compare panel C
and panel E, or similarly, panel D and panel E, the relative attractiveness of the city is
lower in the panel E counterfactual, so it’s more intuitive that panel E predicts a larger
magnitude of decline in the choice probabilities of cities.

Comparing the columns of Table 5] we see that among city-migrant parents, those with
middle school children are more affected than those with primary school children. This is
consistent with the fact that middle school seats are much fewer and more expensive than
primary school seats, which motivates households to move out of the rural area, either to
find a middle school or to earn more resources to finance the schooling. And we also see
that towns are very attractive to rural parents of middle-school-age children, that only
universal education subsidies can reduce their migration to towns, and that subsidies in
rural areas have very little effect on migration to towns, while subsidies in towns have
hardly any effect — towns are no substitute for towns for these migrant parents. For an
average rural village, there must be more towns than cities around it for migrants to
choose from, and migrants can trade the urban wage premium for less distance to travel
by choosing one of those towns over cities. If we also look at the parent-child separation
probabilities of town-migrant parents of middle school children shown in Table [0, we can
further see that although the rural-urban migration stock remains the same under rural
subsidy and city subsidy, the family separation increases in both cases — the parents don’t

leave the migrant destination, just send their children to the subsidized regions, while
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the town subsidy decreases the family separation of town-migrant families. Comparing
the second columns of Table [5] and Table [6] in contrast to the fact that town-migrant
parents are reluctant to return to hometown under the subsidy plans, the decrease in
the separation of city-migrant households can be attributed almost entirely to migrant
parents returning to hometown, this suggests that city-migrants are more sensitive to
liquidity constraints and children’s education expenditures.

Comparing the city-migrant parents of primary school children and middle school
children in Table[6] we see that the rural subsidy plan is more effective than the other two
local subsidy plans, even more effective than the universal subsidy, in terms of reducing
family separation, while this is not true for the households of high school children. This
can be explained by the large descrepancy and hence low substitutability between rural
and urban high schools, which is much larger than the regional difference in compulsory
education (primary and middle school).

The results shown in Table [7] complement the above interpretations, the results using
the math test are consistent with this table and can be found in the Appendix in Table[A§]
The town and city rows in Panels B and D can be explained by the fact that city and
town schools don’t produce different outcomes for children aged 12 to 15, which can be
confirmed by the AR(1) results in section [3| and the insignificant coefficients presented in
tabld3, and that the quality of city schooling is not sensitive to spending. In Panel B and
Panel C, a local subsidy can increase the word test score of the child in the subsidized
region, but in Panel D and Panel E, subsidizing students in cities or universally reduces
their academic performance but benefits children in rural areas, further confirming the
insensitivity of the quality of city schooling to spending, at least for migrants.

The counterfactual education subsidy exercises discussed in this section identify pat-
terns in how rural households respond to different subsidy schemes through migration and
family separation, and how this further affects children’s test scores. Rural subsidies are
the most effective of all subsidy schemes, including regional subsidies and the universal
subsidy, at reducing family separation and improving child outcomes without the cost of

causing more migration.

7 Conclusion

This paper examines the impact of parental rural-urban migration on children by model-

ing migration as a household decision and incorporating the decision on the location of the
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child’s school as part of the household’s migration decision. Using a nested discrete choice
model and estimating it with a panel data of Chinese rural households, the results con-
firm the selection into migration by socio-economic conditions and sorting into different
migration destinations, and show that rural parents migrate for better educational oppor-
tunities for their children and a wage premium, avoiding high costs but still concentrating
in the most restrictive and congested destinations. The results also show that migration
frictions are not effective in controlling migration flows, migrants are concentrated in the
most restrictive destinations, which is the opposite of the goal of institutional mobility
restrictions.

Counterfactual analyses suggest that education subsidies at the rural origin of mi-
grants are more effective than subsidies at the destination, or even a universal subsidy,
in reducing family separation and improving children’s school performance. And all ed-
ucation subsidies are more effective than mobility restrictions in controlling migration
flows. Not only are mobility restrictions ineffective in correcting the spatial misallocation
of labor, as these policies are intended to do, but more importantly, they are detrimen-
tal to the welfare of people of rural origin. This sheds light on how policymakers could
manage migration: instead of simply restricting mobility and leaving rural households to
bear all the costs of lack of local social services and family separation, it might be more
effective to identify and target the motivations for migration, an important one being chil-
dren’s education, while not harming the hidden but vulnerable group in labor migration:
children.

This paper extends the scope of modeling labor migration to household decisions,
allowing for the exploration of more dimensions of child inputs and outcomes than the
binary variable of leaving children behind in existing research. The rural-urban divi-
sion of the model (rural-town-city) is also more comprehensive and realistic to account
for regional variations brought about by rapid urbanization. The model is also general
enough to be applied to most developing contexts, which are likely to have mobility con-
straints, complicated and dynamic rural-urban classifications, and large internal migrant

populations vulnerable to labor market and macroeconomic shocks.
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Appendix A Additional Figures and Tables

In this section, I present additional figures and tables that are mentioned in the main text
but are not presented in the main text for space reasons, although they are complementary
to the main results.

Table shows the sample sizes of the CFPS data across waves by age of the sampled
individuals.

Figure plots the estimates for §;(a;), 7 € {migrated with parents, left behind},

from the specification

Yit = Qbyit—l + a(ait) + Z ﬁj (ait) : Djit + Xit7 + 5region + 5mother + Eit (Appendix A2)

J

along the child’s age.

Looking at the left panel of figure we see that the event of migrating with par-
ents has no significant effect before about age 15, which is roughly the age at which
compulsory schooling ends. Compared to non-migrant children, migrant children living
with their parents in urban areas are more likely to attend high school. Because parental
characteristics are controlled for in the regressions, this difference in test scores is less
likely to be the result of differences in the amount of help their parents provided for their
academic performance. Comparing the two panels, left-behind children are generally less
likely to attend school before high school age.

Tables [A3] and show the coefficients on the individual-specific regressors in

the lower nest estimation of the model. The coefficients differ by lower nest alternative,

Migrant Adults, ages 19-50 Migrant Parents of Children ages 6 to 18

City

City
2,545 (20.1%

8,448 (26.5%)

Town

Town 3,904 (30.9%)

9,690 (30.3%)

Figure A1l: Migrants and Migrant Parents by Type of Destination
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Table Al: CFPS Sample sizes

Number of sampled individuals aged

Wave  [0,5] [6,14] [15,18]  [19,50]
2010 3,614 4,986 1,980 19,151
2012 3,551 4,642 2,096 21,465
2014 3,597 4,572 1,952 21,332
2016 2,989 4,566 2,293 20,413
2018 2,240 4,821 1,603 18,278
2020 859 3,982 1,251 13,930
2022 55 3,542 1,244 12,572

Coefficients from AR(1) regression with mother FE on child's current status.

Dependent variable: Enroliment Indicator.

Effect of having migrated with parents
Nobs per age group: 725

Effect of being left behind
Nobs per age group: 146

"Rl ek
E /

-
3 - - -
= N / / £ e
s < /
-§ N / / ) —

e~~~ 8 RN /'~
— / = - o~_7 ~

Eo — — %o - ~
.% \’/\‘—’\\—__.// ol /\/\_——\/\
= s PR
PN =N AN =
= 4 N7 AN
s , -——— ==
o

1

1
1

1
Ve

Note: a. The base category of child's status is children of non-migrant parents. b. Control variables included
in the regressions: lagged outcome, child's gender, living province dummies, parents education, occupation,
and income. c. Point estimates are displayed along with their 95% confidence intervals.

Figure A2: Migration Outcome Gap on Enrollment Rate: Estimates for 8;(a;) from the
dynamic panel (Appendix A.2)
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Coefficients from fixed effects regression on child's current enroliment status
Dependent variable: Word Test Score, z-score
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Figure A3: Child’s Word Test Score Regression Coefficients

Coefficients from fixed effects regression on child's current enroliment status
Dependent variable: Math Test Score, z-score
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Figure A4: Child’s Math Test Score Regression Coefficients
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which total 13. Marginal effects are not calculated for these regressors because they are
reported for each of the thirteen alternatives, so there are 13 timesl13 = 169 effects for

each regressor.

Table A2: Regression for Predicting Alternative-Specific Variables

Dependent Variable

Income Edu. Expense Word Score Math Score
Constant 5.730%** 8.788*** 0.626*** 0.370***

(0.198) (0.247) (0.101) (0.103)
Year FE Yes Yes Yes Yes
County FE Yes Yes Yes Yes
Age FE Yes No No No
AgeComm FE No Yes Yes Yes
EduComm FE Yes No No No
Observations 123,881 42,652 19,578 18,847
R? 0.224 0.370 0.259 0.240

*p<0.05; **p<0.01; ***p<0.001. Standard errors in parentheses.

Time variable: two-year waves. Data 2010 to 2022 pooled.

Test scores are z-scores adjusted for age and gender, observed for children above 10.
Income and expenses are in logs of CNY deflated to 2010.
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Table A3: Individual-Specific Regressors Estimates from Conditional Logit Regression on
School Location Choice.

Origins without
All Origins Secondary School

[6,12)  [12,15)  [15,18]  [12,15)  [15,18§]

Work=R, Edu=T1

Age (Child) 0.164 1.040 1.323 1.644 1.870
(0.205)  (2.060)  (0.987)  (2.752)  (1.498)
Age-sq. (Child) -0.008  -0.035  -0.033  -0.057  -0.048
(0.012)  (0.079)  (0.030)  (0.106)  (0.046)
Male (Child) 0097 0.100  -0.015  0.216*  -0.014
(0.078)  (0.080)  (0.067)  (0.107)  (0.096)
Constant -1.884F  -8.689  -12.920 -12.639  -17.813

(0.856)  (13.364)  (8.090) (17.854)  (12.229)

Work=R, Edu=C1
Age (Child) -0.196 -2.631 2.394* 1.705 5.261**
(0.333) (3.340) (1.204) (4.870) (1.834)
Age-sq. (Child) 0.012 0.107 -0.063 -0.059 -0.143**
(0.020) (0.128) (0.036) (0.187) (0.056)
Male (Child) 0.094 0.088 -0.008 0.220 0.098
(

0.118)  (0.125)  (0.081)  (0.185)  (0.121)

Constant -0.737 14243 -22.937F  -14.236  -48.392%*
(1.375)  (21.673)  (9.912) (31.601)  (15.082)

N 225,745 109,174 103,753 45,591 43,420

Log-likelihood -26916.2 -13669.1 -15268.1 -5779.4  -6231.9

a. Cluster(individual level)-robust standard errors in parentheses.
b. * p < 0.05, ** p < 0.01, *** p < 0.001.

c. Base category: Work=R, Edu=R. d. Sample: rural households.
e. Time variable: two year waves. Data 2010-2022 pooled.
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Table A4: Individual-Specific Regressors Estimates from Conditional Logit Regression on
School Location Choice.

Origins without
All Origins Secondary School

6,12)  [12,15)  [15,18]  [12,15)  [15,18]

Work=T, Edu=R

Age (Child) 0.007  -1.824  -1.207  -4.034  -2.521
(0.144)  (2.149)  (1.737)  (3.758)  (3.600)
Age-sq. (Child) 0.000 0068 0035  0.153  0.072
(0.008)  (0.083)  (0.053)  (0.145)  (0.111)
Male (Child) 0.001 0.045 0117  0.104  0.457*
(0.058)  (0.082)  (0.107)  (0.140)  (0.204)
Constant 0.128  11.062  9.116°  25.099  19.642

(0.595)  (13.903) (14.112) (24.298) (29.182)

Work=T, Edu=T1

Age (Child) -0.036  -0.233  1.686 0.224 1.912
(0.238)  (2.865)  (1.479)  (4.764)  (2.640)
Age-sq. (Child) 0.002 0.009  -0.047  -0.004  -0.052
(0.014)  (0.110)  (0.045)  (0.183)  (0.080)
Male (Child) -0.007  0.080  -0.000  0.161  -0.222
(0.087)  (0.114)  (0.107)  (0.187)  (0.182)
Constant 0112 0.014  -15.773  -3.916  -18.769

(0.983)  (18.551) (12.111) (30.880) (21.590)

Work=T, Edu=C1

Age (Child) 0.022  -0.769 0414  -4387  -1.702
(0.553)  (6.283)  (2.726) (12.745)  (4.749)
Age-sq. (Child) 0.002 0.032  -0.005  0.171 0.061
(0.032)  (0.241)  (0.082)  (0.490)  (0.143)
Male (Child) -0.007  -0.083  0.039 0247 0.138
(0.190)  (0.233)  (0.211)  (0.462)  (0.368)
Constant -0.388 22127 -7.219  24.940  8.597

(2.325)  (40.752) (22.512) (82.591) (39.186)

Work=T, Edu=T2
Age (Child) -0.015 2.225 2.000 5.876 2.787

(0.277)  (3.401)  (1.844)  (4.148)  (2.397)
Age-sq. (Child) 0.001  -0.085  -0.055  -0.223  -0.077
(0.016)  (0.131)  (0.056)  (0.160)  (0.073)
Male (Child) 0.010 0.186 0.010 0.327  -0.049
(0.099)  (0.138)  (0.125)  (0.175)  (0.164)

Constant 20.217  -16.266  -19.036  -40.347  -26.106
(1.140)  (22.019) (15.158) (26.872) (19.668)

Work=T, Edu=C2
Age (Child) -0.051 3.104 1.829 5.490 2.554

0.389)  (4.917)  (2.098)  (7.185)  (3.341)
Age-sq. (Child) 0.003  -0.118  -0.046  -0.209  -0.060
(0.023)  (0.189)  (0.063)  (0.276)  (0.101)
Male (Child) 0.024 0024  -0.048 0169  0.014
(0.142)  (0.188)  (0.140)  (0.286)  (0.221)

Constant 0159  -22.481  -18.881 -38.343  -27.731
(1.600)  (31.874) (17.302) (46.575) (27.543)

N 225,745 109,174 103,753 45,591 43,420
Log-likelihood -26916.2 -13669.1 -15268.1 -5779.4  -6231.9

. Cluster(individual level)-robust standard errors in parentheses.
. ¥ p < 0.05, ¥** p < 0.01, ¥** p < 0.001.

. Base category: Work=R, Edu=R. d. Sample: rural households.
. Time variable: two year waves. Data 2010-2022 pooled.
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Table A5: Individual-Specific Regressors Estimates from Conditional Logit Regression on
School Location Choice.

Origins without
All Origins Secondary School

[6,12)  [12,15)  [15,18]  [12,15)  [15,18]

Work=C, Edu=R

Age (Child) -0.108  -0.607 0131  -4.256  -5.441
(0.242)  (3.288)  (1.799)  (7.310)  (3.866)
Age-sq. (Child) 0.007 0.024 0.002 0.170 0.174
(0.014)  (0.126)  (0.055)  (0.281)  (0.117)
Male (Child) 0.010 0.058 0.075 0.342 0.152
(0.104)  (0.131)  (0.142)  (0.269)  (0.341)
Constant -1.583 2725 -4.414 23439  39.605

(1.024)  (21.304) (14.737) (47.369)  (31.701)

Work=C, Edu=T1

Age (Child) 0.263 1.815 4.268 9.882 11.396
(0.530)  (6.015)  (3.852)  (9.270)  (5.955)
Age-sq. (Child) 20.010  -0.069  -0.124  -0.370  -0.331
(0.030)  (0.231)  (0.117)  (0.355)  (0.180)
Male (Child) 0297 0.081  -0.146  0.019 -0.563
(0.193)  (0.232)  (0.254)  (0.350)  (0.394)
Constant -5.135°  -13.502  -39.025  -69.194  -100.305*

(2.232)  (38.950) (31.627) (60.357)  (49.157)

Work=C, Edu=C1

Age (Child) 0.138 2225 3.382 2.133 1.712
(0.407)  (4.548)  (2.544)  (7.419)  (4.296)
Age-sq. (Child) 0012  -0.086  -0.095  -0.082  -0.039
(0.023)  (0.175)  (0.077)  (0.285)  (0.130)
Male (Child) 0121 -0.005  -0.022  -0.211 0.206
(0.159)  (0.181)  (0.185)  (0.288)  (0.305)
Constant 2,920 -15.740  -31.997  -16.661  -20.104

(1.719)  (29.467) (20.900) (48.064)  (35.422)

Work=C, Edu=T2

Age (Child) 0.311 2.800 1.861 9.554 -1.671
(0.501)  (6.776)  (3.853)  (9.008)  (4.823)
Age-sq. (Child) -0.018  -0.110  -0.052  -0.377 0.055
(0.029)  (0.261)  (0.117)  (0.349)  (0.146)
Male (Child) 0.250 0074  -0.117  0.518 -0.080
(0.179)  (0.270)  (0.266)  (0.364)  (0.325)
Constant 4840 -19.476  -19.260 -63.845  9.881

(2.085)  (43.782) (31.702) (58.011)  (39.621)

Work=C, Edu=C2

Age (Child) -0.594*  1.047 3.398 2.068 5.599
(0.302)  (4.263)  (2.388)  (6.782)  (3.595)
Age-sq. (Child) 0031  -0.042  -0.094  -0.08  -0.158
(0.018)  (0.164)  (0.072)  (0.262)  (0.109)
Male (Child) 0.132 0.080 0.071 0.281 0.151
(0.120)  (0.170)  (0.178)  (0.260)  (0.261)
Constant 0276  -7.773  -32.356  -15.246  -51.542

(1.236)  (27.550) (19.664) (43.710)  (29.646)

N 225,745 109,174 103,753 45,591 43,420
Log-likelihood -26916.2 -13669.1 -15268.1 -5779.4 -6231.9

a. Cluster(individual level)-robust standard errors in parentheses.
b. * p < 0.05, ** p < 0.01, *** p < 0.001.

c. Base category: Work=R, Edu=R. d. Sample: rural households.
e. Time variable: two year waves. Data 2010-2022 pooled.
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Table A6: Choice Probabilities: Nested Choices

Age Group
Work School Age [6,12) Age [12,15) Age [15,18]
Location  Location
A. Actual
R 0.582 0.547 0.368
Rural T1 0.063 0.108 0.204
C1 0.022 0.037 0.117
R 0.128 0.104 0.06
T1 0.049 0.051 0.066
Town C1 0.008 0.01 0.015
T2 0.034 0.031 0.042
C2 0.015 0.015 0.033
R 0.04 0.039 0.037
T1 0.009 0.01 0.009
City C1 0.014 0.018 0.02
T2 0.01 0.008 0.008
C2 0.026 0.022 0.021
B. Baseline Model Prediction
R 0.147 0.218 0.235
Rural T1 0.053 0.071 0.168
C1 0.033 0.034 0.121
R 0.165 0.092 0.082
T1 0.15 0.062 0.088
Town C1 0.127 0.025 0.038
T2 0.145 0.047 0.068
C2 0.135 0.031 0.058
R 0.016 0.109 0.046
T1 0.005 0.071 0.018
City C1 0.007 0.086 0.031
T2 0.006 0.065 0.017
C2 0.012 0.09 0.032
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Table A7: Predicted Choice Probabilities: Nested Choices

Age Group
Work School Age [6,12) Age [12,15) Age [15,18]
Location  Location
C. Edu. FEzpenses Subsidy: Rural Areas (20%)
R 0.155 (+5.5pp.)  0.23 (++5.2pp.) 0.246 (+4.5pp.)
Rural T1 0.052 (-1.0pp.) 0.069 (-2.1pp.) 0.164 (-2.7pp.)
C1 0.033 (-1.0pp.) 0.033 (-2.1pp.) 0.118 (-2.7pp.)
R 0.164 (-0.4pp.) 0.096 (+4.0pp.) 0.087 (+6.8pp.)
T1 0.149 (-1.1pp.) 0.061 (-2.1pp.) 0.085 (-2.8pp.)
Town C1 0.125 (-1.1pp.) 0.024 (-2.1pp.) 0.037 (-2.8pp.)
T2 0.144 (-1.1pp.) 0.046 (-2.1pp.) 0.066 (-2.8pp.)
C2 0.133 (-1.1pp.)  0.03 (-2.1pp.)  0.056 (-2.7pp.)
R 0.015 (-1.8pp.)  0.106 (-2.4pp.)  0.048 (+3.4pp.)
T1 0.005 (-1.1pp.) 0.07 (-2.2pp.)  0.018 (-2.9pp.)
City C1 0.007 (-1.1pp.) 0.084 (-2.2pp.) 0.03 (-2.9pp.)
T2 0.006 (-1.1pp.) 0.063 (-2.2pp.) 0.017 (-2.9pp.)
C2 0.012 (-1.1pp.) 0.088 (-2.2pp.) 0.031 (-2.8pp.)
D. Edu. Ezpenses Subsidy: All Towns (15%)
R 0.146 (-0.4pp.)  0.216 (-0.9pp.) 0.23 (-2.2pp.)
Rural T1 0.055 (+4.7pp.)  0.074 (+4.8pp.)  0.174 (+3.4pp.)
C1 0.033 (-0.4pp.)  0.033 (-0.9pp.) 0.118 (-2.2pp.)
R 0.164 (-0.4pp.) 0.091 (-0.9pp.) 0.08 (-2.3pp.)
T1 0.15 (+0.1pp.)  0.064 (+3.8pp.)  0.092 (+5.1pp.)
Town C1 0.126 (-0.4pp.) 0.025 (-0.9pp.) 0.037 (-2.3pp.)
T2 0.145 (+0. l])p) 0.049 (+3.8pp.)  0.071 (+5.0pp.)
02 0.134 (-0.4pp.)  0.031 (-0.9pp.)  0.056 (-2.3pp.)
R 0.015 (-0.4pp.)  0.108 (-0.9pp.) 0.045 (-2.3pp.)
T1 0.005 (-1.0pp.)  0.071 (-1.1pp.) 0.018 (+2.4pp.)
City  Cl1 0.007 (-0.4pp.)  0.085 (-0.9pp.) 0.03 (-2.3pp.)
T2 0.006 (-1.0pp.) 0.064 (-1.1pp.) 0.018 (+2.5pp.)
C2 0.012 (-0.4pp.)  0.089 (-0.9pp.) 0.031 (-2.3pp.)
E. Edu. Expenses Subsidy: All Cities (10%)
R 0.151 (+2.7pp.)  0.224 (+2.6pp.) 0.24 (+2.2pp.)
Rural T1 0.053 (-0.5pp.) 0.07 (-1.0pp.)  0.166 (-1.4pp.)
c1 0.033 (-0.5pp.)  0.033 (-1.0pp.) 0.119 (-1.3pp.)
R 0.164 (-0.2pp.) 0.094 (+2.0pp.) 0.084 (+3.3pp.)
T1 0.15 (-0.5pp.) 0.061 (-1.1pp.) 0.086 (-1.4pp.)
Town Cl1 0.126 (-0.5pp.) 0.025 (-1.1pp.) 0.037 (-1.4pp.)
T2 0.144 (-0.5pp.)  0.047 (-1.0pp.) 0.067 (-1.4pp.)
C2 0.134 (-0.5pp.) 0.031 (-1.1pp.) 0.057 (-1.4pp.)
R 0.015 (-0.9pp.)  0.108 (-1.2pp.)  0.047 (- L. 7pp.)
T1 0.005 (-0.5pp.)  0.071 (-1.1pp.) 0.018 (-1.4pp.)
City C1 0.007 (-0.5pp.) 0.085 (-1.1pp.) 0.03 (-1.4pp.)
T2 0.006 (-0.5pp.) 0.064 (-1.1pp.) 0.017 (-1.4pp.)
C2 0.012 (-0.5pp.) 0.089 (-1.1pp.) 0.031 (-1.4pp.)
F. Edu. Ezxpenses Subsidy: Working Location (20%/15%/10%)
R 0.155 (+5.6pp.)  0.23 (+5.5pp.) 0.247 (+4.9pp.)
Rural T1 0.052 (-1.0pp.) 0.069 (-1.9pp.) 0.164 (-2.4pp.)
C1 0.033 (-1.0pp.)  0.033 (-1.9pp.) 0.118 (-2.4pp.)
R 0.163 (-1.0pp.) 0.09 (-1.9pp.)  0.08 (-2.6pp.)
T1 0.149 (-0.6pp.) 0.064 (+2.8pp.)  0.092 (+4.8pp.)
Town C1 0.125 (-1.0pp.) 0.024 (-1.9pp.) 0.037 (-2.5pp.)
T2 0.144 (-1.0pp.)  0.046 (-1.9pp.) 0.066 (-2.5pp.)
C2 0.133 (-1.0pp.)  0.031 (-1 9pp ) 0.056 (-2.4pp.)
R 0.015 (-1.1pp.) 0.107 (-1.9pp.) 0.045 (-2.6pp.)
T1 0.005 (-1.1pp.) 0.07 (-1.9p ) 0.018 (-2.6pp.)
city  Cl 0.007 (-1.4pp.)  0.084 (-2.0pp.)  0.031 (+0.6pp.)
T2 0.006 (-1.1pp.) 0.063 (-1.9pp.) 0.017 (-2.6pp.)
C2 0.012 (-1.0pp.) 0.088 (-1.9pp.) 0.031 (-2.5pp.)
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Table A8: Predicted Math Test Scores, Z-Score

Age Group
School Age [6,12) Age [12,15) Age [15,18]
Location
A. Baseline

Rural 0.05 0.063 0.055
Town 0.036 0.031 0.034
City 0.032 0.026 0.027

B. Edu. Ezpenses Subsidy: Rural Areas (20%)
Rural 0.051 (+2.2%) 0.064 (+2.9%) 0.058 (+4.8%)
Town 0.035 ((1.1%) ~ 0.03 (-2.2%) 0.033 (-2.8%)
City 0.032 ((1.1%)  0.025 (-2.2%)  0.027 (-2.7%)

C. Edu. FEzpenses Subsidy: All Towns (15%)
Rural 0.05 (-0.4%) 0.062 (-0.9%)  0.054 (-2.2%)
Town 0.036 (+0.7%) 0.031 (+1.9%) 0.036 (+4.0%)
City 0.032 (-0.4%)  0.025 (-0.9%)  0.027 (-2.2%)

D. Edu. Ezxpenses Subsidy: All Cities (10%)
Rural 0.051 (+1.1%) 0.064 (+1.5%) 0.056 (+2.4%)
Town 0.035 (-0.5%)  0.03 (-1.1%) 0.034 (-1.4%)
City 0.032 (-0.5%)  0.025 (-1.1%)  0.027 (-1.3%)
E. Edu. Ezxpenses Subsidy: Working Location (20%/15%/10%)
Rural 0.051 (+1.9%) 0.064 (+2.0%) 0.056 (+2.3%)
Town 0.035 (0.8%)  0.03 (-1.0%) 0.034 (-0.7%)
City 0.032 ((1.0%)  0.025 (-2.0%)  0.027 (-2.1%)
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Appendix B Alternative Counterfactual Exercises

Appendix B.1 House Price Drop

Housing costs are one of the major concerns of migrant settlement, and there is a two-
way relationship between housing prices and migration, given the dual nature of housing
as both a consumption good and an asset (Garriga et al., |2023)). Although the Chinese
government doesn’t have direct control over housing prices, it can influence the housing
market through land supply, mortgage rates, and other policies. Since 2020, China’s
housing price index has been declining (Rogoff and Yang, |2021} Liu and Tang, |2021)), with
the decline more pronounced in non-mega cities. The official figures (National Bureau
of Statistics of China, 2024) show that in September 2024, the new house price index
has decreased by 4.6% - 10.3% in major cities, and the existing house price index has
decreased by 7.6% - 12% in major cities. To capture this fact and to study its impact on
rural households, a counterfactual exercise of house price decline is conducted. The house
price decline is assumed to be 10% in cities and 15% in towns, which is in line with the
recent trend.

The predicted choice probabilities from the model under this counterfactual economy
are almost indistinguishable from the baseline (tables are all zeros and are omitted).
And it also confirm that, even with this substantial nationwide drop in house prices, the
effects on relocation are relatively small in magnitude compared to the effects of tuition
subsidies. And this result is also true for parent-child separation and test scores. One
possible explanation is that the homeownership rate among rural-urban migrants is 7.5%
(China 1% Population Survey 2005), so while the rental price is also affected by house
price volatility, this effect is limited for the low homeownership sample. Although small
in magnitude, the direction of the effects is consistent across the post-primary age groups,
telling us that under this general house price decline, city destinations become relatively
more attractive than town destinations, while some of the migrants who leave towns

choose to return to rural areas as the value of migration declines.

Appendix B.2 Agricultural Income Shock

Agricultural income shock is an important source of labor demand shock at the origin
of rural workers with migration opportunities. A negative agricultural income shock in

response to unexpected weather conditions reduces the opportunity cost of emmigration,
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but it also tightens the household budget constraint, which makes the overall effect am-
biguous, although it’s confirmed by the literature that in the practice of international
migration from the developing to the developed, the overall income elasticity of migration
is positive (Bazzi, 2017)). And the tightened budget constraint is more likely to be associ-
ated with parent-child separation: migration is motivated by the reduction in income, but
the probability that the household can only afford the migration costs of migrant workers
is higher compared to when liquidity constraints are not tightened.

The negative agricultural income shock is assumed to be 20% to mimic several regional
natural disasters that have occurred in recent years. The model’s predicted choice proba-
bilities under this counterfactual economy are almost indistinguishable from the baseline,
so the tables of all zeros are omitted here. This is possible because those most affected
by the negative shock are the most vulnerable group with the fewest opportunities to

migrate, thus reducing the magnitude of the overall effect.
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