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Abstract

Numerous empirical studies have documented a strong association between
social networks and individuals’ migration decisions. Few papers formally anal-
yse how social networks affect both migration decisions and labor market out-
comes formally. In order to understand how social networks affect individuals’
migration decisions and labor outcomes, I develop and estimate a dynamic pro-
gramming (DP) model for the joint decisions of repeat and return migration,
social network investment decisions and labor market outcomes. I use data on
internal migration between rural and urban areas in China. The model distin-
guishes between the two channels: migration cost and search frictions through
which social networks may affect migrations. On one hand, social networks may
have a direct effect on migration costs. On the other hand, social networks may
have an indirect effect on labor outcomes by the impact on job arrival rate. The
estimation results show that social networks affect both channels. Individuals
with networks have almost twice job arrival rate than those without networks.
At the same time, social networks can reduce 10% of migration cost on average.
To achieve the same government goal, policy simulations show that the govern-
ment has to spend more to offset the effect of lower investment in social networks.
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1 Introduction

A strong association between social networks and migration decisions has been consis-
tently documented in numerous empirical studies. In most of models, migration deci-
sions are based on potential labor market outcomes. Social networks are often viewed
as an important factor which may affect these outcomes. However, there are com-
peting findings about how social networks affect individuals’ labor market outcomes.
For example, social networks may provide access to better jobs (Munshi (2003); Edin,
Fredriksson, and Aslund (2003)) or to less desirable ones (Borjas (2000); Chiswick and
Miller(2005)). Although some researchers point out that individuals with social net-
works in destination places are more likely to migrate (i.e. Munshi (2003)), there are
few papers to analyse how social networks affect individuals’ migration behavior and
their labor market outcomes formally.

The existing migration literature suggests two alternative mechanisms through
which social networks may affect migration decisions and migrants’ labor market out-
comes. First, social networks may reduce migration costs (e.g., Carrington, Detra-
giache, and Vishwanath (1996); Munshi (2003)). Social networks decrease individuals’
migration reservation values so ones with networks are more likely to migrate. On the
other hand, social networks provide information about labor markets and then increase
the probability of getting jobs in the destinations (e.g., Kono (2006); Goel and Lang
(2012); Buchinsky, Gotlibovski, and Lifshitz (2012)). It also implies that ones with
social networks are more likely to migrate.

Although both of the two mechanisms can explain why ones with networks are more
likely to migrate, they may derive different implications about migrants’ earnings. Un-
der the first explanation, individuals with social networks have lower migration costs.
It means that migrants with networks may have lower earnings compared to those
without networks. However, if social networks will reduce the search frictions, it im-
plies that migrants with networks will have higher earnings than those without. Since
these two potential mechanisms have different implication about migrants’ earnings,
understanding which mechanism(s) is the key determinant of migration will help the
government to implement migration policies more efficiently.

To understand how social networks affect individuals’ migration decisions and labor
market outcomes, I construct and structurally estimate a dynamic model of the joint
migration choices including repeat and return migration, unemployment, social net-
work investment decisions of men. In the model, social networks may affect migration
behaviours and labor market outcomes through two channels: migration costs and job
arrival rates in urban areas. Also, social networks can be determined endogenously by
social network investment.



Compared with most research considering social networks as exogenously given
or choosing to use natural experiment or quasi-natural experiment to deal with the
endogenous problem of social networks, this paper endogenizes individuals’ social net-
work investment!. Individuals will make choices of investing their social networks by
comparing the monetary loss from network investment and the benefit from increasing
the probability of having social networks. Modelling social networks with endogenous
investment is help to understand how individuals change their investment decision and
ultimate their migration and labor market outcomes. It is also essential to endogenize
social networks when evaluating the government policies.

The current internal rural-urban migration in China provides a nice background
to examine the role of social networks in a labor market with frictions. As shown
in Hare and Zhao (2000), Meng (2000) and Zhao (2003) social networks are strongly
correlated with rural-urban migration in China. Zhang and Zhao (2011) find social
networks affect migrants’ subsequent labor market outcomes. More than 140 million
rural people migrated to urban cities by 2008, this fraction is 32% of the total number
of rural laborers?. However, the government aims to increase the urbanization rate to
60% by 2020, which means that an additional 100 million rural people need to migrate
to urban cities. The model developed in this paper can be used to evaluate several
types of policies that might be used to answer this desired outcome.

This paper is the first study to examine the role of social networks through both
channels (i.e. migration cost and search frictions) in order to explain the mechanisms
underlying the observed correlation between migration and networks. It is also the
first study to allow individuals endogenously to invest their social networks. At the
same time, it is also the first study to consider rural-urban migration in China in a
dynamic setting with frictions.

Besides the impact of social networks, the model in this paper contains a num-
ber of mechanisms through which individuals’ migration decisions are affected. First,
this model allows individuals to accumulate human capital within a search framework.
Individuals’ earnings reflect their characteristics that may be either observed (e.g., ed-
ucation) or unobserved (e.g., ability) to the econometrician. Earnings also reflect their
location-specific human capital accumulation (i.e. urban and rural), which I model as
a learning by doing process in which human capital is accumulated based on location
specific work experience.

Second, individuals’ earnings are also affected by frictions in the urban labor mar-

1 Goel and Lang (2012) consider to examine how social networks affect labor outcomes but they do
not allow agents to have their own decisions to invest social networks. They use difference-in-difference
strategy to avoid endogenous issues.

2rural laborers mean the adults whose ages are between 16 and 60.



ket. They do not automatically have a job if they migrate, instead they need to search
for one. Depending on the outcome of the search process, individuals may choose to
stay in urban areas or return to rural areas. Allowing for the possibility of return and
repeat migration leads to a dynamic model.® Failure to account for the dynamics of
job search, and return and repeat migration may lead to biased estimates and invalid
inference.

In this paper, I estimate the model by maximizing the likelihood function. From
the estimation results of exogenous and endogenous social network models, I find ac-
tually networks affect on both migration costs and job arrival rates. Individuals with
networks have almost twice job arrival rates than those without. Social networks also
can reduce 20% of migration costs. To analyse the role of these two channels, decom-
position studies show that migration decisions are more influenced by whether social
networks reduce search frictions. In the endogenous model, if social networks do not
affect both channels, only 17% of rural people will migrate. If allowing social networks
only affect migration costs, addtional 2% of people will migrate. If allowing social
networks increase job arrival rate, additional 10% of rural people will migrate. The
exogenous model has the similar findings.

The decomposition results also show how individuals respond to the impact of so-
cial networks by network investment. When social networks affect both channels, the
network investment rate is 26%. If social networks only lower migration costs, the
investment rate decrease to 6%. When social networks’ impact is only through job
arrival rate, individuals’ network investment fraction is 23%.

Since the government tries to increase the urbanization rate to 60% by 2020, I try
three different policies to achieve the same goal (i.e. 60% urbanization rate). The
simulation results show that lump-sum transfer will spend less for the government.
When I compare the two different models, I find the government has to spend more if
individuals can endogenously invest their social networks. The reason is that individ-
uals do not invest more for their networks and the government has to spend more to
offset the effect of lower network investment.

The rest of this paper is organized as follows. Section 2 provides a review of rel-
evant literature. Section 3 presents the data. In Section 4, the model is described
and identification condition and estimation methods are given. Estimation results and
counter-factual studies are shown in Section 5. Section 6 concludes.

3More than 45% rural migrants had the experience of return and repeat migration.



2 Literature Review

There are two findings consistently found in the migration literature. The first find-
ing is that individuals with social networks are more likely to migrate for rural-urban
migration in China (i.e Hare and Zhao (2000); Meng (2000) and Zhao (2003)). The sec-
ond finding is that social networks affect migrants’ subsequent labor market outcomes.
For example, Zhang and Zhao (2011) examined the correlation between social-family
networks and self-employment. They find social-family networks increase migrants’
employment probability in urban cities. However, little is known about the role of so-
cial networks in China in determining subsequent labor market outcomes like earnings,
job arrival rates, spells of job search.

In current migration studies, most of them consider that heterogeneous migration
costs explain why some individuals migrate and some do not. However, there are few
formal studies to examine whether social networks affect migration costs. Carrington,
Detragiache, and Vishwanath (1996) build a dynamic model to analyse the phenomena
that more black people migrated from South to North of US when they faced a smaller
wage gap in Great Migration period. They claim that although the income gap was
larger before 1930s, black people did not have social networks in North part of US
and migration costs were large. They show that social networks can influence indi-
viduals’ migration decisions since they might have lower migration costs if they have
social networks in the destination place. However, they do not quantitatively examine
how social networks affect migration costs, and assume that each individual has homo-
geneous social networks. They do not distinguish search frictions from migration costs.

Besides the friction of existing migration costs, search frictions in the destination
labor markets will also affect individuals’ migration decisions. Gemici (2011) com-
pares migration behaviours between married couples and singles in a dynamic model
of household migration with bargaining between family members. In her model, she al-
lows that there exists uncertainty in labor market and individuals’ migration decisions
are influenced by search frictions. She finds that migration of married couples occurs
much more in response to the earning of men than to the earning of women, as women
have lower wage offers, and a lower arrival rate of offers. Buchinsky, Gotlibovski, and
Lifshitz (2012) examine the effect of a few alternative national migration policies on
the regional location choices and labor market outcomes of migrant workers. In their
paper, they estimate a dynamic programming discrete choice model with incorporating
stochastic job offers and job terminations. But these studies do not consider how social
networks affect the search frictions.

My study is also related to several papers that have analysed that individuals with
networks are more likely to have a better labor market outcomes. Munshi (2003) follows
Carrington, Detragiache, and Vishwanath (1996)’s idea to examine how social networks



affect Mexican migrants to the US. Since the size of social networks is endogenously
determined, he uses last period rainfall as the instrument and finds that individuals
are more likely to be employed and to hold a higher paying non-agricultural job when
the size of network is exogenously larger. However, this study assumes that the prob-
ability of being employed in the destination can be independent with the individuals’
duration at the destination which rules out individuals can endogenously invest their
networks and try to reduce search frictions. The theory paper, Kono (2006) shows that
workers with social networks have fewer information deficiencies because they can use
referral channels to find a job. Therefore, individuals with social networks will have
higher wages than those without. However, from the empirical analysis results, it is
not clear whether social networks could have a positive effect on individuals’ wages.
For example, social networks may provide access to better jobs (Munshi (2003); Edin,
Fredriksson, and Aslund (2003)) or to less desirable ones (Borjas (2000); Chiswick and
Miller(2005)).

Goel and Lang (2012) examine how social networks affect immigrants’ labor mar-
ket outcomes. In their model, the mechanism is that social networks can increase the
probability to get a job offer. To avoid the endogenous problem of the size of social
networks, they employ the difference-in-difference approach.

3 The Background, Data and Preliminary Exami-
nation

3.1 The Background of Rural Urban Migration in China

Since 1958, the Chinese central government began to restrict the mobility of the pop-
ulation. From 1958 to 1983, only the rural people who have the job offer in urban
cities or recruitment letter from universities could migrate from rural to urban areas.
The central government began to allow rural urban migration but rural agents have
to provide food for themselves between 1984 and 1988*. Although the government
released the restriction of migration, it was still hard for rural individuals to migrate
since it was not easy to have enough food stamps to support themselves. This migra-
tion policy had been prohibited between 1989 and 1991. After 1992, the government
began to encourage rural urban migration and since 2000, the government started to
reform household registration system to encourage more rural individuals to migrate.
For example, in 2007, 12 provinces in China had cancelled the rural household regis-
tration, which means that rural individuals can have the same household registration

4At that time, it was planned economy in China. The amount of food for each individual is planned
by the government. People need to use food stamp to exchange food.



as urban households in these provinces.”

The government policy has a significant effect on agents’ migration decisions. Ta-
ble 1 gives the inter-provincial migration in China from 1990 to 2005. There are
9.2 million people who migrate inter province between 1990 and 1995 and this number
increases into 32 million between 1995 and 2000 and 38 million between 2000 and 2005.

3.2 Data

This study uses the first three waves (2007-2009) of the China Household Income
Project (CHIP) panel survey. This database is planned to be a five-year panel survey
in China with the goal of studying issues such as the effect of rural-urban migration on
income mobility and poverty alleviation, the state of education and health of children
in migrating families.

Three representative samples of households were surveyed, including a sample of
8000 rural households, a sample of 8000 rural migrant households , and a sample of
5000 urban households in 9 provinces. The 9 provinces in the survey cover the most
important provinces of the migration origin and destination in China. Figure 2 gives
a map of the 9 provinces. Table 1 shows that from 2000 to 2005 more than 68% of
migrants moved into those 9 provinces while 52% of migrants moved out of those 9
provinces (NBS 2002, 2007).

In the analysis, I use the CHIP rural male samples, which contain information on
work experience, job search durations, work locations, earnings, the presence of social
network and social network investment decisions. Using this data, I can construct
the location choices, job search duration, and work status for the individuals who are
between 16 and 60 years old for the three year period.

I do not use the migration sample in this paper. First, the response rate in the mi-
gration data is quite low. Attrition rate is above 70% to build three years panel data.
Second, I cannot follow the history of migrants work experience using the migration
samples. For example, migrants who return to their home towns are not surveyed. In
contrast, using the rural sample data, I can build the full history of the work experience
for three years no matter where the agents are located.

The total number of individuals for the 8000 households is 33,396 with 16,583 males.
After restricting age to be between 16 in 2007 and 60 in 2009, the sample size shrinks
to 11,385. In the data, there are 1030 observations missing the information on fertility

5These 12 provinces are Hebei, Liaoning, Jiangsu Zhejiang, Fujian, Shandong, Hubei, Hunan,
Guangxi, Chongqing, Sichuan and Shanxi.



decisions or marital status. There are 1099 observations with missing work experience
information during 2007 to 2009. The sample used for estimation includes 9,256 males
in 6400 households. The panel is balanced except the social network investment choices.
Only the first two years’ data contain the information about social network investment.

Social networks are defined as the presence of friends or relatives who living in ur-
ban areas, contacted by households. The social network investment are the monetary
values of gifts to their friends or relatives. In the survey, people will answer whether to
give gifts to your friends or relatives and also give the monetary values of gifts. In the
data, the gifts could be given to the friends or relatives who living in rural areas. At
the same time, individuals may build social networks through other channels (i.e. call
each other, take care of friends’ children or older family members). These two possibles
bring the two side measurement errors of the variable social network investment. Es-
timation section provides details to show how to deal with measurement error problem.

Table 2 displays selective descriptive statistics of the sample used in estimation.
The average size of social networks is 6.8 persons. The size of social networks is self-
reported, which are more likely to be the number like 5, 10, 15. Figure 3 gives the
density of self-reported network size. To avoid this problem, I categorized the self-
reported size into 5 categories (i.e. 0, 1-6, 7-11, 12-21, and > 21). More than 30% of
individuals who live in households with no social networks in urban cities. In the data,
households report the monetary value of gifts they sent to their friends or relatives.
More than 60% of individuals try to invest their social networks in 2007 and around
77% invest in 2008.

All individuals finished their formal education. The average education year is 8.3
years. Since 1989, mandatory education in China is 9 years which is equivalent to
complete middle school (or finish primary school). More than 80% of individuals have
finished middle school or lower. Monthly earnings in urban areas are almost five times
the earnings in rural areas.

The definition of migration is whether the urban residence location is out of his
(her) rural hukou (household registration) county. Table 3 displays the descriptive
statistics between migrants and non-migrants. Migrants have better education levels
in general than non-migrants. The education levels are higher for the agents with net-
works than those without networks among both migrants and non-migrants groups.
The average age of migrants is 31, which means that migrants are much younger than
non-migrants. Non-married ones are more likely to migrate. Migrants with social net-
works have higher earnings than those without social networks. At the same time,
migrants with networks have a smaller variance of the earnings. Non-migrants’ earn-
ings do not have significant differences between the two group of individuals. Migrants
with networks have a slightly longer job search duration than those without.



3.3 Preliminary Examination

Before introducing the structural model, in this section, I examine several correlations
which are the important mechanism of this paper. Firstly, I document that there
exists the strongly correlation between social networks and migration choices and sub-
sequence labor outcomes.

Table 6 shows two examinations: the column 1 gives the correlation between mi-
gration choices and the size of social networks and the correlation between networks
and earnings are shown in column 2. From column 1, conditional on education levels,
marital status, number of kids and age, individuals with a larger size of social net-
works are more likely to migrate. Column 2 shows that employed migrants with social
networks have higher urban earnings than those without. From table 6, it is clear that
social networks are significantly correlated with migration decisions. Also, migrants
with networks have higher earnings even after controlling for education, marital status
and the number of children.

Since social networks are a key factor to impact individuals’ migration choices, indi-
viduals can invest their social networks to increase the size of social networks. Next, I
examine whether there exists a strong association between social network investments
and the size of social networks.

Table 4 gives the correlation between the mobility of social networks and social
network investment. Table 4 shows social network transition matrix conditional on
social network investment choices. The columns are the size of social networks in 2008
and rows are the size of social networks in 2009. From Table 4, when comparing the
numbers between part A and part B, if individuals live in the household that invest in
their social networks in 2008, the fraction of individuals keeps the same level or has
larger size of networks is bigger than individuals whose households did not invest social
networks in 2008. The Part C in Table 4 shows that individuals in households with
investments are more likely to have a larger size of social networks in the next period.
Most of under-triangle values are positive numbers.

Table 5 gives the examination results of the correlation between social networks and
network investment by the dynamic ordered probit model. The coefficient of social net-
work investment choices is positively significant which is consistent with the findings
in Table 4. That means if the individual invest his (her) social networks at the period
t—1, the probability of getting the larger size of social networks at period ¢ is increasing.

The central government migration policy affects individuals’ location choices. In-



dividuals in different cohorts show different migration patterns. Figure 5 shows that
the fraction of individuals who migrate to urban cities from 2007 to 2009 is increasing
linearly across different cohorts. Figure 6 examines average ages of individuals at the
first time migration across different cohorts. It shows a clear pattern that average ages
of first time migration are decreasing linearly with cohorts. Both figure 5 and 6 show
that individuals in different cohorts have different migration patterns. In the model, I
introduce the cohort effect in the migration cost function incorporating the government
policies by which different cohorts faced.

Next, since the government policies are changing over time, the natural question
whether the year effect is also an important factor. The survival analysis is examined
to see whether both cohort and the year effect affect average ages of individuals’ first
time migration. Table 7 gives the estimates with the assumption of the loglogistic
distribution. The coefficient of education shows that individuals with higher level
of education will migrate earlier. The year dummies are the time when the central
government made a big change about migration polices. The year dummies (1984-
1991) and (1992-2000) are not significant at 5% levels. Only the year dummy (2001-
2009) is significant. Comparing with cohort effects, year effects do not have a strong
impact on individuals’ migration choices.

4 Model

I model individuals’ migration decisions in a finite-horizon framework. To consider the
uncertainty regarding wage offers, the migration decision problem is incorporated into
a dynamic discrete time search framework. The decision period in this paper is one
month length. In each period, men receive flow utility associated with their current lo-
cations and incur a migration cost if rural individuals decide to migrate to urban cities.

The timing of decision process is important and emphasizes the effect of expecta-
tions on migration decisions. Individuals know their flow utility associated with the
current location and employment states. If they move from rural to urban areas, they
pay all migration costs which is known by individuals in the current period. If they
return from urban areas, they also need to pay return migration costs. Migration costs
are allowed to be different from return migration costs.

Individuals’ flow utility comes from their earnings, unemployment benefits, physic
values of living in home towns, and an additively-separable choice specific shock. Mi-
gration costs are specified as a function of marital status, the number of kids, the
presence of social networks (i.e. friends or relatives) in urban areas and individuals’
birth cohorts. The agent lifetime utility is given by current utility flow and the dis-
counted stream of expectation future utilities. Uncertainty in this paper comes from
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search frictions in urban labor market, the transition of earnings and idiosyncratic
shock to utility.

4.1 Objective

This paper tries to answer how social networks affect individuals’ migration behaviours
through two frictions: migration costs and search frictions in urban markets. Although
in this paper social networks do not affect individuals’ earnings directly, social networks
may affect earnings by changing job arrival rates in urban cities. Also, social networks
may lower migration costs which is commonly documented by migration literature.
Most migration literature state social networks can reduce migration costs but ignore
social networks may also decrease search frictions in labor markets.

The following toy example analyses why it is necessary to consider the impact of
social networks through two channels (i.e. migration costs and search frictions). Fig-
ure 7(a) gives the urban earnings’ population for rural individuals and the black line
is the migration cost. Only the individuals whose urban earnings are larger than the
migration costs want to migrate. If social networks only lower migration costs, for
example, in Figure 7(b), migrants with social networks have lower earnings compared
with those without social networks. However, if social networks only reduce search
frictions, Figure 7(c,d) shows that migrants with social networks have higher earnings
compared with ones without social networks.

These two mechanisms give the opposite predictions between social networks and
migrants’ earnings. The opposite predictions also consistent with empirical findings:
Munshi (2003) and Edin, Fredriksson, and Aslund (2003) find individuals with social
networks have better labor outcomes; Borjas (2000) and Chiswick, Lee, and Miller
(2005) support that migrants with networks have less desirable works.

This paper tries to consider both mechanisms (migration costs and search frictions)
and clearly analyses the role of social networks through these two different channels,
and examine how social networks affect migration and subsequent labor market out-
comes.

Since the current Chinese government tries to encourage internal rural-urban mi-
gration, I can use the estimation results to do counterfactual analysis. For example, I
can compare different polices in terms of the government budgets to migrate a given
amount of rural individuals. This paper also examines whether it is possible to achieve
the target of urbanization rate (i.e. 60% in 2020) without the government intervention.
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4.2 Basic Structure
4.2.1 Earnings

Individuals receive their earnings which are functions of education and work experience
in rural and urban areas and location idiosyncratic shocks on earnings. The earnings
of individuals 7 in location j € {u,r} (wurban, r:rural) at time ¢ are described as

¢y = B1S; + Byexpl, + Blexpl; + Blexpy” + Blexpy” + G30; + <, (1)
where S; is education years. In this paper, individuals accumulate their human cap-
itals through learning by doing by location-specific work experience (i.e. rural exp”,
urban exp"). 6; is the type of individuals which is unobserved by econometricians. 6;
reflects the unobserved factor which may affect individuals’ productivity (i.e. ability).
Here work experience in rural and urban areas are dependent on the history of endoge-
nous decision {dik}',;;ll, which includes location, employment, and network investment
choices. Shock terms 5gt are i.i.d. across individuals, locations, and time and they are
normally distributed with mean zero and variance O'JQ-. Individuals know the current
period transient component. However, they do not know values of future transient
components but they know distributions.

The effect of social networks on earnings, especially in urban areas, is not reflected
directly from earning equations. However, social networks may affect earnings indi-
rectly. For example, individuals with social networks may have higher job arrival rates
which will increase reservation values of taking urban job offers. If so, individuals with
social networks may have higher accepted earnings; on the other hand, social networks
may reduce migration costs. Hence individuals with social networks are more likely
to migrate because of lower migration costs. It implies that individuals with social
networks may have lower reservation values of taking urban job offers compared with
those with fewer social networks. From the discussion above, the direction of how so-
cial networks affect earnings is not clear since social networks may play different roles
(i.e. lower migration costs and increase job arrival rates) at the same time.

4.2.2 Migration and Return Migration Costs

If individuals migrate from rural to urban areas, they have to pay migration costs.
One of key assumptions is that social networks in urban cities may affect their migra-
tion costs. In Carrington, Detragiache, and Vishwanath (1996), they build a dynamic
macro model to examine the role of social networks on migration decisions. They also
assume social networks reduce migration costs.

Migration costs M;; depend on the current period’s social network status, marital

status, the number of children, birth cohort and individuals’ type. Since individuals
have more information about their own home towns, I assume asymmetric migration
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costs: migration costs may not be equal to return migration costs. Migration and
return migration costs in this paper are specified as the equation 2-3:

My = 1" Lo, , + By'mary + By'childy + By cohort; + B5'0; + 3 (2)

RM; = By 1gn,, + B3 mary + B3™ childy + B, cohort; + 35™0; (3)

where 1, , is the indicator of the presence of social networks in urban areas at pe-
riod . In this paper, the variable of social networks shows the presence of contacting
relatives or friends who living in urban areas within the year. Migration costs may be
also relative to their birth cohorts, since they may perform differently to assimilate the
new environment and face different migration policies.

4.2.3 Job Arrival and Separation rate

This paper assumes that there exists search friction in the urban labor market. If rural
people migrate to urban areas, they have to search jobs from unemployment state.
Social networks may help individuals to reduce search frictions in urban areas. So the
job arrival rate \; in urban areas is parametrized as:

exp{filan,, + B5S; + B30}
L+ exp{Bilon,, + 535 + B36:}
In the urban labor market, a significant fraction of migrants do not have long

term contract for their jobs and firms have low costs to fire rural workers. To model
exogenous job separation, job destruction rate is parametrised as:

1+ exp{BS; + B30;}

Ait

(4)

Oit

()

4.2.4 Social Network and Investment Decision
Social Network Formation:

In the model, social networks are determined endogenously. Individuals can pay
social network investment 7, to keep connections with their friends (i.e. they may give
gifts to their friends or contact with their friends by phone, mailing). Social networks
are formed by the following dynamic ordered probit model:

sny, = Biinvi 1 + Bymary + Bychildy + Bilen,,_, + B50; + <5, (6)
where inv; ;_ is individual’s endogenous investment decision at period t—1. inv; ;1 =

1 means that she decides to invest her social networks at period ¢, otherwise inv; ;—; =
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0. She can increase the probability of having social networks by the investment choice
(i.e. giving gifts). 1.y, , is the indicator of social networks status in period ¢ —1. The
shock €}, is i.i.d. across individuals and time. Individuals cannot observe shock terms
es, but they know the distribution of shocks. Hence, they can increase the probability
of getting social networks by network investment inv; ;.

Investment Decision:

Social network investment decision here may increase the probability of getting
social networks. In this model, investment decision is discrete choice that depends on
the trade-off between the gain from increasing the probability of having larger size of
networks and the cost of investing.

4.2.5 The Value of Unemployment in Urban Cities

Values of being unemployed in urban areas are considered as a function of age, marital
status and the number of children. Elder people may get hard to assimilate to new
environment so they may have different evaluations of being unemployed in urban
areas. Marital status and the number of children will reflect net values between utility
of living with family and costs of living with family.

4 = Blagey + BSage? + BSmary + Bichildy, + B50; + €5 (7)

where &; is the value of unemployment in urban areas for individual ¢ at period
t which is a function of age, marital status, the number of children and the agent i’s
unobserved type.

4.2.6 Marriage and Fertility Transition Process

In this paper, I model individuals annually marriage and fertility transition process
by exogenous processes. Individual’s marital transition process is modelled by the
continuous duration model with loglogistic distribution. The survival function is:

Suri(t) = (1+ (eIt~ (8)

Here, Sur;(t) is the probability of being single at age ¢, S; is education year for
individual 7, and ~ is the parameter of logogistic distribution. Then, conditional prob-
ability of getting married at period t:

Sur;(t) — Sur;(t + 1)
Sur;(t)

Pr(mar; = 1lmar;;—1 = 0) =
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The fertility decision is made based on the following equation:

it Blagey + Blage?, + Bl childy, + Bl child?, + BLS; + Blmary + €f, > 0
" 0 else
9)

This equation shows that fertility decision is a function of age, the number of
children, marital status and education.

4.2.7 Psychic Value

People may value their home towns differently and older persons may have deeper
homesick. At the same time, the utility from marriage and children may also affect
psychic value of living in rural areas. In this paper, the amenity of home location is
modelled by the following equation:

bu = Blagey + Bage? + Bymary + B childy + 526, (10)

4.2.8 State Space

The vector of state variables for individual 7 at time ¢ is denoted as H;;. State variables
for a given time ¢ includes age, education year, marital status, number of children, ac-
cumulated work experience in rural and urban areas, the presence of social networks
and social network investment at period ¢ — 1. Control variables include individuals’
decisions (i.e. migration, employment in urban areas, employment in rural areas, un-
employment in urban areas, return migration, and social network investment decisions).

I assume that the transition of state variables is Markov chain, and then H; ;4
depends on H;; and D;; only; no additional information is gained from the information
H; ;1 and the transition probability of state variables H; , is denoted as Pr(H; 11|H;¢, D).

The transition of social networks is given by the dynamic probit model. Work expe-
riences in rural and urban areas is determined by the action history Dy = {{d%}L,, invy},
where {d®}L,. k€ {1,---,6} (1: migrate, 2: employed in urban, 3: employed in ru-
ral, 4: unemployed in urban, 5: return migrate, and 6: social network investment).

4.3 Timing of the decisions

Individuals’ choices are made sequentially and also based on their current locations.
Here, before describing the value functions, I specify the timing of individuals’ deci-
sions.
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Marital and Fertility (Annual)

@hwks hit and networks@

Arrival and separation shocks hit

Earnings, migration cost,- - - shocks are drawn
Decisions are made

The Timing of Decisions

1. Individuals draw the marital and fertility shocks and then they make marital and
fertility decisions annually.

2. At the beginning of period ¢, the shock for social networks realised monthly and
then individuals observe their social networks at period ¢.

3. Job arrival and separation shocks hit.
4. Earnings, migration cost, and unemployment benefits shocks are drawn.

5. Following all of these shocks, location,employment and network investment choices
are made

4.3.1 Timing based on location

In this paper, individuals make decisions based on their locations. Let W (inv)
be the value of state j € {e,r,n} (e: employment in urban areas, r: rural, n: un-
employment in urban areas). invy is the indicator of network investment. Denote
V) = max{W/ (1), W2(0)}. T will describe the decision process separately:

If the individual is in a rural area, her earning e, is drawn from the distribution

G(e"). She knows her migration cost M;; and the value of unemployment in urban
area. Hence, the migration decision is made based on the following equation:

D?ig _ {1 ifl max{W"(1);; — My — v, W"™(0);y — M3} > max{W"(1);, — v, W};(0)}
! 0 else
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where v is the cost of network investment.

Network investment choice is made:

I 1 if maX{W”(l)it — Mit — U, Wr(l)lt — V} 2 maX{W”(O)it — Mit, WZ]:L(O)}
N =
' 0 else
If the individual is in an urban area, which means she has already migrated, her
choices are made based on the following conditions:

1. If she just arrived in urban areas, she has to be in the unemployment state for
one period (month) and gets unemployment value &;.

2. If she has already stayed for one or more periods in urban areas, she can get a
job offer with probability \;;, which is affected by the presence of social networks

Lo,

(a) If she gets a job offer, she will make a decision between three options, i.e.
unemployment in urban areas, taking the job offer, or return migration
(max{Vj}, Vi, Vi; — RM;}). Social network investment choice is made at
the same time.

(b) If she does not get a job offer, (with probability 1 — \;), she will select
between two options i.e. unemployment in urban area or return migration
(max{V}, Vi, — RMy}). Social network investment choice is made at the
same time.

3. If the individual works in urban city, the exogenous job separation happens with
probability ¢;;. She will choose to search job in urban areas or to return migrate
and network investment choice.’ If the separation shock does not hit her, she
will choose to keep the job, quit the job with unemployment in urban city or quit
the job and return to their home locations and network investment choice.

61 do not consider on-the-job search. The fraction of on-the-job search is quite low which is less
than 2% for who quit, switch jobs.
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4.4 Value Function

The Bellman equations for each of the three states are

. ) A
Wit (invy; Hy) = & — vinvy + ﬁE(maX{m?+l(Hit+l)v Viis1 (Hit11), Vitpy (Hie1)  Hit)

1— i
. +; E(max{Vi{ 1 (Hit41), Viggr (Hit1) }H Hie)
; ) d; 1—6;
Wiinv; Hu) = efy = vinvy + == Bmax{Vifys (Hiern), Vit (i) HHa) + 37—
E(max{Vij,1(Hitt1), Vit1 (Hitv1), Vi1 (Hieg1) HHit)
. . 1
Wii(invie; Hye) = ej — vinvi + ¢ir + mE(maX{ViZH(HitH), Vitrr (Hit1) —

Mip 1 (Higg1) Y Hi)

where, &; is relative expenditure and benefits in the state of unemployment in urban
areas. e, are earnings in urban areas and e}, are rural earnings. M;; is migration cost, 7 is
social network investment and ¢;; is psychic value.

The state variables H;; include education \S;, work experience in rural areas exp},, work
experience in urban areas exp;;, marriage indicator mar;, children number child;;, the pres-
ence of social network 1,,, and social network investment inv; ;1 at period ¢ — 1.

4.5 Identification

The model in this paper is a partial equilibrium model. I assume that the offered earn-
ings’ distributions are log normal. Based on the normality assumption, the variance
term of earnings’ distributions can be identified since we observe the accepted earn-
ings. The distribution of unemployment value shocks in urban cities is assumed to be
normality. The variance term of unemployment value shock o¢ can be identified from
the probability of returned individuals given the variances of earnings’ distributions
(i.e. 0", o).

Job arrival rates A can be identified by the variation of unemployment job search
duration in urban areas. Since the fraction of employed migrants who switch into
unemployment state can be observed, job separation rate ¢ can be identified once the
variance of o¢, 0" and o* are known.

Psychic value ¢;; of living in rural areas and migration costs M;; can be separately
identified. The reason is that agents only pay migration costs when they actually do
migrate while individuals have the utility of psychic value every period. This setting
is naturally to help to separate identify these two terms. Also, there exists a exclusive
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variable: birth cohort in migration cost function which also helps to identify migration
costs from the flow of psychic value. The discount factor p is not identified and I set
p = 0.0025 which is target to 3% (annul interest rate).

The unobserved type can be identified from the consistent behaviour observed from
panel data. For example, through earning equations, conditional on the same observ-
ables if two agents have persistent large earning gaps, it will provide the identification
of unobserved type. The loadings of unobserved type can be identified by the corre-
lated relationship of residuals after controlling for observables.

4.6 Objective Function and Solution Method

Individuals maximize their present discounted value of lifetime utility from the year
since which they finished their education to a terminal age, ¢ = T. Each individual
chooses a choice d¥, k € {1,---, K}. Denote the utility associate with the choice as u¥.
Then individuals choose the choice to solve the following maximized objective function

Vi (Hz‘t>3

1
Vie(Hy) = maxu?t(Hit) + ——E (Vg1 (Higy1) | Hir) (11)
Dk I+p

1t

The expectations operator E in equation(11) is taken with respect to the joint dis-
tribution of stochastic shocks 6f 15 €410 €11, Eppq and €7, ,the probability of receiving
a job offer, job separation, getting married, having a child and the probability of in-
vesting social networks.

The solution of the model in general is not analytic. Given the finite horizon, the
model is solved numerically through backward recursion on a Bellman equation. The
difficulty with this procedure is due to high dimensionality. Since the decision period
is monthly, there is computation burden in terms of computation time and memory.
To reduce the computation burden, I adopt an approximation method developed in
Keane and Wolpin (1994). Specifically, the Fmax functions are assumed to be a general
function of state space elements. In current version, I use the polynomial functions.
For example, in each step, at each ¢, I calculate the Emax functions for a subset of
state space and estimate a regression function as a polynomial in those state space
elements. Then using the predicted values from the regression to approximate the
alternative-specific value functions given by equation (11).
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4.7 Estimation
4.7.1 Likelihood

The model is estimated by the method of maximizing the likelihood function. For each
individual, the data consist of the set of choices and outcomes:

e Choices: location, employment, and social network investment (i.e. {Df : k =
1, K })

e Outcomes: earnings, presence of social networks and mobility

for all t € [tago7, t2009], Where togo7 is individuals’ age at the beginning of the year 2007
and togq9 is individuals’ age at the end of the year 2009.

Let ¢(t) denote the combination between choices (i.e. migration, employment, re-
turn migration and network investment) and outcomes at each period ¢ and let ﬁl‘72007
denote as the state variables at the beginning of the year 2007. In this paper I assume
shock terms are i.i.d across individuals and time, so the probability of any sequence of
choices and outcomes can be written as follows:

Pr(c(ting), -+, c(tao00)| Hir) = T2 /PF(C(t)’Hm dit)Pr(Hao07]6;) f (6;) (12)
where 6; is the type of individual i.

To calculate the likelihood for each individual i, the whole history of decisions
should be known. However for some individuals, the decisions are only observed since
the beginning of the year 2007. It is necessary to know the whole history decisions to
construct the likelihood for those individuals. To solve the missing history problem,
this paper uses simulation method to infer individuals’ decision histories. Given the
whole histories of decisions are known, the conditional probability of Pr(c(t)|Hy, d(t))
are calculated. Likelihood function can be constructed based on the equation 12.

4.7.2 Initial Condition Problem

As T discussed above, to calculate the likelihood for each individual, I need the state
variables at the year 2007. The data provide the whole marriage history and fertility
history for each individual. However, I miss the information about working experience
in rural and urban areas for some individuals. To solve the missing history problem,
I use the simulation method. The basic idea is that I simulate the transient shocks
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and use the value function to simulate individuals’ sequential decisions until the time
goes to the year of 2007. Then I repeat this simulation procedure many times. After
that I calculate the probability of initial conditions for the individuals who miss work
experience information. The specific procedure is :

. For each individual, I draw randomly from the distributions of shocks and then

calculate the value function Vj;

Based on the value function, the decision D;; is determined and then update the
state variables based on the decisions.

Given the updated state space, new transient shocks are drawn and I simulate
this procedure until t gets to the age at the beginning of 2007.

Repeat the procedure from step 1 to step 3 for R times’, and then I can calculate
the probability of each potential state at the beginning of year 2007.

4.7.3 Estimation Procedure

The whole estimation algorithm is developed to incorporate the problem of initial
condition problem and to consider the exogenous stochastic process (i.e. marital and
fertility process). The whole procedure is described as following:

d.
6.

. Estimate the exogenous marital and fertility stochastic process and get the pa-

rameters ©;

Given O, and the initial guess for other parameters O, the approximation
method (i.e. Keane and Wolpin (1994)) is applied to calculate the value functions

For the individuals who miss work experience information, I draw the shock
terms, and simulate their choices for the missing periods.

Repeat the step 3 for R times and calculate the probability of potential initial
state

Calculate the likelihood and update the parameters O,

Repeat from Step 2 to Step 5 until parameters Oy converge.

“In my estimation, I simulate 500 times for each individual who miss work experience information.
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5 Estimation Results

I estimate two versions of models: the model assumes social networks are exogenously
given by dynamic probit process; the other model considers individuals can endoge-
nously increase their social networks through investing their networks. The current
estimates do not consider heterogeneous unobserved types.

The estimated parameters are reported in Table 8 (exogenous version) and 9 (en-
dogenous version). Married individuals have higher unemployment values in urban
cities and the ones with children more enjoy their lives in urban cities than those with-
out children. At the same time, the estimates about ages show that the unemployment
values have the hump shape. However, the coefficients describe that the age effects are
not big. Hence, the older people have lower flow utility values in urban cities and they
have higher psychic values for staying at rural areas. This finding is consistent with
data observation that migrants are much more younger than the individuals living in
rural areas.

In this model, social networks play a key role on two channels: migration cost and
job arrival rate. Table 10 displays the role of social networks through two channels.
Exogenous model estimates show that the average migration costs for the individuals
with networks is is 91.6% of the values for those without networks. The migration
costs of endogenous model are larger compared with exogenous model. Also, individ-
uals with networks will pay less around 10% of migration costs. From migration cost
equation, it is also found that the married and the individuals with children have larger
migration costs. Also, the older cohort individuals have larger migration costs. The
important thing to be pointed is that social networks can reduce the search frictions
significantly. The arrival rate for the individuals with networks (i.e. A = 0.19) is al-
most twice than those without (i.e. A = 0.10) in the exogenous model and there exists
similar finding about the endogenous model.

Since I try to maximize the likelihood function, I can use the estimates to simulate
individuals’ behaviours and to compare the simulated results with data moments. Ta-
ble 11 and 12 give the comparison between the current version model predicts and data
moments. From the comparison, the current estimates fit these moments reasonably
well . Next I will discuss the comparison.

Table 11 and 12 give the model fits about earnings and endogenous choices. The
estimation method used in this paper is maximized likelihood estimation. The mo-

ments reported in Table 11 and 12 are not the targets in the estimation.

Table 11 shows the comparison about the earnings’ moments. The column for data
gives the selected moments for both migrants’ and non-migrants’ earnings including
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the mean and variance of log earnings. The model predicts the earnings for both mi-
grants and non-migrants which fit the data quite well. The model also can capture the
earnings with networks are higher than those without networks.

Table 12 gives the model fit for choices. These two models can match the fraction
of the individuals with networks and the fraction of networks quite well. Here migrants
include the ones who have jobs and the agents with unemployment state in urban cities.
If examining the composition of the migrants, we may find that the exogenous model
captures the agents with networks will migrate quite well (i.e. 21.86% vs. 21.56% )
and under-predict the migration behaviour of individuals without networks (i.e. 7.14%
vs. 5.56%). The endogenous model has a little poorer performance to predict the
fraction of migrants with networks (21.86% vs. 19.59%) but has a better performance
to predict the fraction of migrants without networks. Compared with the real data,
the both models under predict the fraction of migrants without networks. Adding
unobserved type might help the model to fit the data since it may encourage the high
type individuals without networks to migrate and low type individuals with networks
prefer to stay in rural areas.

Table 13 gives the counterfactual simulation results for the exogenous model in
term of the role of networks (i.e. networks only affect job arrival rate, only affect
migration costs, or neither of two channels). The column of model gives the model
predicts about choices. The neither column shows the model prediction if social net-
works do not influence neither job arrival rate and migration costs. It shows that
without the effect of social networks, there are only 17.22% of individuals will migrate,
which is almost less than 10% compared to the model prediction. From the migration
cost column, if social networks only affect migration costs, there are only an additional
2.1% individuals who will migrate. The job arrival rate column shows that if social
networks only increase job arrival rates and have no effect on migration costs. There
are an additional 9.6% individuals who will migrate. These simulation results show
that reducing search frictions is more important compared to reducing migration costs.

Table 14 reports the simulation results for the endogenous model. The neither col-
umn shows that if social networks do not affect both channels only 11.48% individuals
will migrate. For the exogenous model, this number is 17.22%. Compared with these
two models, the endogenous model shows that social networks play an even larger role
in terms of migration choices. Since without networks, only 11.5% of people migrate.
The model results will tell us that individuals actually effectively use and invest social
networks to optimize their lives. When I disentangle the two channels, I get the similar
findings as those from the exogenous model. If social networks only affect migration
costs, there are additional 2% more people who will migrate. If networks only increase
job arrival rate, there are almost 12% more people who will migrate.
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6 Conclusion

This paper tries to understand how social networks affect individuals’ migration deci-
sions and subsequence labor market outcomes. I construct and structurally estimate a
dynamic model of the joint migrantion choices including repeat and return migration,
unemployment, social network investment decisions of men and allow agent accumu-
late their human capital through location specific working experience. In any given
period, an individual has to choose between migrating to the city, returning home,
labor supply and investment on social networks. In order to distinguish between the
two channels through which social networks affect migrations, I allow for the size and
presence of the social networks to have a direct effect on migration costs, as well as an
indirect effect on labor outcomes via their effect on job arrival rates. I then estimate
the model using dataset of Chinese Household Income Projects.

The results show that social networks affect individuals’ migration choices and
subsequent labor market outcomes through both channels: reduce migration costs and
search frictions. Social networks can reduce 10% of migration costs and increase more
than 90% of job arrival rates. Compared with these two channels, reducing search
frictions play a larger role.

When compared with two structural models, I find that if allow individuals to in-
vest their own social networks, they can effectively response the status of their social
networks and try to invest or not to increase or keep their social networks.

To further examine the role of social networks, I will estimate the model with

considering network investment choice with unobserved types. Introducing unobserved
type would help the model to incorporate the sorting behaviour in terms of ability.
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Figure 2: Migration flows in China From 2000 to 2005
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Density of Social Networks in 2008

Density of Social Networks in 2007

Number of Friends and Relatives in Urban Areas in 2008

Figure 4: The Size of Social Networks in 2008
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Migration Ratio From 2007 to 2009
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Figure 5: Migration Fraction in Different Cohorts
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Earnings Density
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Table 2

Summary Statistics

male observation
network size 6.83 9256
(12.61)
network category 9256
0 31.81%
1(1<sn<6) 29.39%
2 (6 <sn<11) 12.52%
3 (11 < sn < 21) 9.76%
4 (>21) 6.52%
network invest 07 61.26% 8026
(0.49)
network invest 08 77.76% 7564
(0.42)
education year 8.28 9256
(2.14)
education level 9256
primary or less 18.34%
middle school 63.49%
high school 14.55%
college or above 3.62%
urban earnings in 2007  1343.43 5325
(1731.09)
urban earnings in 2008  1345.82 5532
(1427.93)
urban earnings in 2009  1598.15 5415
(1710.65)
rural earnings in 2007 275.32
(377.58)
rural earnings in 2008 298.17
(439.21)
rural earnings in 2009 299.81
(498.95)

1. Sn: the size of social networks.

2. Earnings have been adjusted by location price index and cpi
price index.

3. Earnings are in Chinese currency yuan which is closed to 1/6
of 1 U.S. Dollar.

4. Numbers with parentheses are standard deviations
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Table 3

Summary Statistics

Education

With Networks

Without Networks
Age

With Networks

Without Networks
Marriage

With Networks

Without Networks
Urban Earnings

With Networks

Without Networks
Rural Earnings

With Networks

Without Networks
Job Search Duration

With Networks

Without Networks

Total
8.28
(2.14)
8.37
(2.12)
8.03
(2.16)
38.86
(11.93)
39.01
(11.96)
38.40
(11.84)
0.78
(0.41)
0.79
(0.41)
0.78
(0.42)
1404.67

(1168.82)

1431.78

(1232.21)

1310.47
(909.06)
282.63
(477.38)
284.96
(480.50)
276.12
(468.48)
1.90
(3.08)
1.92
(3.09)
1.85
(3.06)

Migrants Non-migrants
8.63 8.01
(1.92) (2.25)
8.73 8.14
(1.93) (2.22)
8.38 7.73
(1.89) (2.27)
31.00 42.06
(9.16) (11.44)
31.01 42 .48
(9.12) (11.37)
30.97 40.90
(9.28) (11.55)
0.61 0.85
(0.49) (0.35)
0.61 0.86
(0.49) (0.35)
0.61 0.83
(0.49) (0.37)

1404.67
(1168.82)
1431.78
(1232.21)
1310.47
(909.06)
282.63
(477.38)
284.96
(480.50)
276.12
(468.48)
1.90
(3.08)
1.92
(3.09)
1.85
(3.06)

1. Numbers with parentheses are standard deviations
2. Earnings have been adjusted by location price index and cpi price index
3. Job search period unit is monthly
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Table 4

The Mobility of the Size of Social Networks from 2008 to 2009

A. If agents invested social networks in 2008

The size of social networks in 2008
in 2009 0 1 2 3 4
43.03% 13.07% 10.01% 10.32% 12.83%
36.99% 57.16% 30.86% 24.87% 19.71%
10.88% 14.83% 32.65% 21.15% 15.91%
4.19%  8.79% 19.20% 31.13% 20.43%
4.92%  6.15% 7.27T% 12.52% 31.12%

B~ w N — O

B. If agents did not invest social networks in 2008

in 2009 0 1 2 3 4

41.32% 18.65% 10.30% 8.95% 6.85%
39.85% 56.95% 39.09% 29.18% 24.66%
7.44% 14.06% 30.30% 26.07% 18.49%
4.13%  6.45% 15.15% 25.29% 23.29%
7.25%  3.89%  5.15% 10.51% 26.71%

= W N — O

The difference between A and B

2009 0 1 2 3 4

0 1.71%  -5.57% -0.29% 1.37% 5.98%
1 -2.8™%  0.20% -8.23% -4.31% -4.94%
2 3.44%  0.77%  2.34% -4.92% -2.58%
3 0.06%  2.34%  4.05% 5.84% -2.86%
4

-2.34%  2.26%  2.12% 2.02% 4.40%

1. column is the category of social networks in 2008

2. Part A is that the probability of network transition matrix from 2008 to 2009 if
agents did networks investment in 2008

3. Part B provides the information if agents did not invest their networks in 2008

4. Part C gives the difference between Part A and Part B
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Table 5

Ordered probit model

(1) (2)

investment 0.2587*** 0.0310
education
2 0.1029*** 0.0353
3 0.1879*** 0.0463
4 0.0761** 0.0728
sn(t-1)
1 0.5355*** 0.0313
2 1.0730*** 0.0429
3 1.3338*** 0.0467
4 1.5447** 0.0556
cut-off
1 0.0973 0.0674
2 1.4230*** 0.0690
3 2.0269*** 0.0702
4 2.7791** 0.0731
No. obs. 7359

1. dependent variable: the size of social networks in current
period

2. sn(t-1): the size of social networks in last period

3. column 1: estimates, column 2: standard errors

4. x significant at 10% level, ** at 5% level and * * * at 1% level
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Table 6

Probit OLS

Network Size
(1 <sn<6) 0.0240  0.0190
(0.023) (0.014)
2(6 < sn < 11) 0.0810  0.0240
(0.030) (0.017)
3(11 <sn<21) 0.0619 0.0805
(0.034) (0.019)
4(sn > 21) 0.0927  0.0934
(0.036) (0.022)
Education
Middle school 0.0296 0.0651
(0.030) (0.024)
High school -0.0800 0.1486
(0.039) (0.028)
College or above -0.0340 0.1455
(0.058) (0.044)

Marriage 0.0744  0.0363
(0.036) (0.020)
Num of Kids -0.0042 -0.0425
(0.015) (0.011)
Age -0.0029  0.0055
(0.001) (0.000)
Num of Obs 9060

1. The first column is the estimation results of pro-
bit model for migration choice

2. The results in column (1) are average marginal
effects

3. In Column (2), the dependent variable is urban
earnings for migrants with jobs

4. Standard errors are in parentheses

5. Sn means the size of Networks
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Table 7: Survival Analysis of the Age of First Time Migration

Coeflicient Standard Error

Education -0.0016 0.0058
Cohort
(1960-1969) -0.5852 0.0364
(1970-1979) -1.4855 0.0387
(1980-1991) -2.4451 0.0350
Year
(1984-1991) 0.1335 0.7340
(1992-2000) 0.1299 0.0842
(2001-2009) -0.1654 0.0348
Constant 4.1304 0.0544
~y 0.5718 0.0077

1. The first column is the estimation results of survival re-
gression with loglogistics distribution

2. The second column is the standard error

3. The omitted cohort dummy is the cohort (1949-1959)

4. The omitted cohort year dummy is the period before 1984
which is the period that rural-urban migration are prohibited
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Table 8: Estimation Results for Exogenous Model

Earning Equation(Urban)

edu year

expu

expr

expu? x 100

expr? x 100

constant
Earning Equation(Rural)

edu year

expu

expr

expu® x 100

expr? x 100

constant
Unemployment value

marriage

num of children

age

age? x 100

constant
Migration cost

social network

marriage

num of children

cohort

constant

0.0143
0.0040
0.0035
-0.0018
0.0001
6.4450

0.0087
0.0018
0.0057
-0.0037
-0.0005
4.1083

0.1068
0.7443
0.0014
-0.0354
0.0276

-1.6364
0.1534
0.0395

-0.1378

15.5154

Social Network Probit Equation
marriage
num of children
STy—1
constant

Psychic value
age
age? x 100
marriage
num of children
constant

Job arrival rate
social network
edu year
constant

Job separation rate
edu year
constant

Return Migration Cost
marriage
num of children
cohort
constant

loglike

0.0883
-0.0364
4.2777
-1.9191

0.0369
-0.0018
0.0013
-0.0870
0.0854

0.7409
0.0028
-2.2334

0.0005
-3.9982

0.8663
0.0798
-0.0034
8.7035
-37753.67

1: cohort is the year of birth-1948

2: social network is indicator variable.

3: experiences are monthly experience and age is annual age.
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Table 9: Estimation Results for Endogenous Model

Earning Equation(Urban)

edu year

expu

expr

expu? x 100

expr? x 100

constant
Earning Equation(Rural)

edu year

expu

expr

expu® x 100

expr? x 100

constant
Unemployment value

marriage

num of children

age

age? x 100

constant
Migration cost

social network

marriage

num of children

cohort

constant

0.0243
0.0040
0.0035
-0.0018
0.0005
6.3050

0.0087
0.0036
0.0075
-0.0037
-0.0005
3.9723

0.1068
0.7443
0.0014
-0.0004
0.0256

-1.6367
0.1536
0.0393

-0.1448

17.5154

Social Network Probit Equation
marriage
num of children
STy—1
NV
constant

Psychic value
age
age? x 100
marriage
num of children
constant

Job arrival rate
social network
edu year
constant

Job separation rate
edu year
constant

Return Migration Cost
marriage
num of children
cohort
constant

loglike

0.0890
-0.0361
3.7457
0.0907
-1.6841

0.0359
-0.0014
0.0013
-0.0870
0.0853

0.7349
0.0028
-2.2334

0.0005
-3.9982

0.8663
0.0798
-0.0034
8.7035
-26094.87

1: cohort is the year of birth-1948

2: social network is indicator variable.

3: experiences are monthly experience and age is annual age.
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Table 10: The impact of Social Networks

Exogenous Endogenous
Migration Cost Job Arrival Rate Migration Cost Job Arrival Rate
Social networks coefficient -1.64 0.74 -1.63 0.73
Average
With Networks 91.64% 0.19 106% 0.18
Without Network 100% 0.10 119.91% 0.10

Table 11: Model Fit: Earnings

Data Exogenous Endogenous

migrants

log(earnings) 7.1068 7.1447 7.1168

sd(log(earnings)) 0.2681 0.2504 0.3755
with networks 7.1229 7.1467 7.1190
sd(log(earnings)) 0.2695 0.2497 0.3767
without networks  7.0580 7.1365 7.1090
sd(log(earnings)) 0.2612 0.2528 0.3696

non-migrants

log(earning) 5.0310 5.0205 5.0070

sd(log(earnings)) 1.6292 1.6303 1.8262
with networks 5.0677 5.0334 5.0277
sd(earnings) 1.5418 1.6279 1.8213
without networks  4.9410 4.9908 4.9581
sd(earnings) 1.8318 1.6346 1.8337

1. Migrants include people who were born in rural areas and
resided in urban cities who can be employed or unemployed.
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Table 12: Model Fits: Choices

Data  Exogenous FEndogenous

social networks 72.30%  72.38% 71.99%
migrants* 29.00%  27.12% 25.59%
with networks 21.86%  21.56% 19.59%
without networks 7.14% 5.56% 6.00%
return migrants 0.67% 1.06% 0.77%
with networks 0.45% 0.80% 0.57%
without networks 0.22% 0.26% 0.20%
moving (rural to urban)  0.76% 1.18% 0.82%
with networks 0.54% 0.97% 0.69%
without networks 0.22% 0.22% 0.12%
job search duration 1.91 2.34 2.66

1. Migrants include people who were born in rural areas and
resided in urban cities who can be employed or unemployed.

Table 13: Counterfactual Results: Exogenous Social Networks

Social Networks just Affect
Exogenous Neither Migration Cost Job Arrival Rate

social networks 72.38% 72.38% 72.38% 72.38%
migrants 27.12%  17.22% 19.37% 26.82%
with networks 21.56% 12.06% 14.29% 20.76%
without networks 5.56% 5.16% 5.08% 6.06%
non-migrants 72.88%  82.78% 80.63% 73.18%
with networks 49.27%  60.31% 58.08% 51.61%
without networks  23.61% 22.47% 22.55% 21.43%
job search duration 2.34 2.68 2.55 2.51

1. Migrants include people who were born in rural areas and resided in urban cities
who can be employed or unemployed.
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Table 14: Counterfactual Results: Endogenous Social Networks

Social Networks just Affect
Data  Endogenous Neither Migration Cost Job Arrival Rate

social networks 72.30% 71.99% 71.99% 71.99% 71.99%
migrants 29.00% 25.59% 11.48% 13.43% 23.27%
with networks 21.86% 19.59% 8.15% 9.85% 17.48%
without networks  7.14% 6.00% 3.34% 3.58% 5.79%
non-migrants 71.00% 74.41% 88.52% 86.57% 76.73%
with networks 50.44% 52.40% 63.84% 63.14% 54.51%
without networks 20.56% 22.01% 24.67% 24.43% 22.22%
job search duration 1.91 2.66 2.94 2.79 2.8

1. Migrants include people who were born in rural areas and resided in urban cities who can be
employed or unemployed.

Table 15: Policy Simulation Results

Exogenous Model Endogenous Model
Policy Government Budget Policy Government Budget
(Yuan) (Billion Yuan) (Yuan) (Billion Yuan)

Unemployment Benefit 500 9.51 943 24.86
Migration Cost 421 1.87 703 3.77
Job Arrival Rate 0.14 0.30
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