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Network Effects among Rural-to-Urban Migrants in China

ABSTRACT

Using data from 22 provinces in China, this paper analyzes the effect of origin-based migrant
networks on wages among rural-to-urban migrants, with particular attention to potential
endogeneity problem. Heckman’s two-stage method is used to correct for sample-selection.
Natural disaster in the village of origin is used as an instrumental variable to deal with other
potential estimation biases. The results presented here verify significant network effects on
wages of migrants.

KEYWORDS
Network effects; Internal migration; Labour market; Endogeneity; Instrumental Variable;
Heckman two-stage method

1. INTRODUCTION

Social networks are important for the analysis of migrants because they can be expected to influence
migration decision-making as well as its outcomes. Although the role of social networks in migration
has been widely studied (e.g., Banerjee 1983, 1984; Bauer et al. 2002; Boyd 1989; Carrington et al.
1996; Curran et. al. 2005; Curran & Rivero-Fuentes 2003; Fawecett 1989; Gurak & Caces 1992; Haug
2008; Massey et al. 1993, Massey 1987, Munshi 2003; Palloni et al 2001; Ritchey 1976; Taylor 1986;
Uhlenberg 1973; to name a few ), sociological analyses of how networks influence internal migration
under state socialism are very scarce. In contemporary China, labour migration from rural to urban
areas influences the lives of hundred millions of people. A conservative estimate from the National
Bureau of Statistics of China (NBSC) indicates that the total rural-to-urban migration flow had
reached 0.14 billion in 2007.

The effects of social networks on labour market outcomes among migrants are expected to be strong
since they are newcomers at the destination (Borjas 1992). Recent China studies mainly focus on the
network effects on migration decision-making (e.g., Hare and S Zhao 1999; Mallee 1999; Meng 1999;
Zhao 1999a, 1999b, 2003; Bao et al. 2007; Lu et al. 2008). Little is known about the role of migrant
networks in determining labour market outcomes. This paper thus aims to assess whether a migrant’s
wage at the destination is positively influenced by the size of her migrant network. The core
hypothesis motivating this study is that larger networks lead to better wages. In this study, network
size is measured by the number of fellow villagers who migrated to urban areas in the year before the
survey year.



Notice that the measure of network size to be used is not based on administrative boundaries at the
destination but on the origin villages. Migration studies (e.g., Munshi 2003 and Rainer and Siedler
2008) often use this strategy as most network relationships among immigrants at hosting areas are
based on kinship, friendship, and especially belonging to a common origin (e.g., Massey et al. 1987).
This strategy is even more applicable in China mainly for two reasons. First, migrant networks in
China are mainly based on kinship and common village/township (see e.g., Zhao 2003; Rozelle et al.
1997). Second, most labour migrants cannot permanently settle down in cities and circular migration
is the dominant form of rural-to-urban migration (e.g., Zhao 2003; Hare 1999). This makes village of
origin a pivotal site facilitating the spread of job-related information among fellow villagers.

Although it is intuitive to expect that migrant networks will bring about benefits, identifying the
causal effects is not easy with observational data. For example, estimation bias would occur in the
presence of selection to migration on the basis of unobserved ability. Omitted village-specific or
destination-specific factors would bias the estimates as well. In addition, the suspected causal
relationship between wages and migrant networks can be mutual, leading to simultaneity problem. To
systematically deal with sample-selection and other potential estimation biases, this paper estimates
and compares an OLS model, a Heckman’s two-stage model and an 1V-Heckman model using natural
disaster as the instrumental variable (IV). To the best of my knowledge, this is the first application of
the 1V-Heckit methodology in sociological analyses. The result of the empirical analysis demonstrates
that the size of migrant networks significantly improves the wages of its member migrants.

The rest of the paper is structured as follows: Section 2 conducts a brief review of the literature on
labour migration in China and provides the theoretical background to the analyses. Section 3
addresses the models and pays close attention to identification strategies used to correct for
endogeneity biases. Section 4 describes the data and definitions of relevant variables. Section 5
presents estimation results and Section 6 proposes interpretations. Finally Section 7 concludes.

2. BACKGROUND

Large scale internal labour migration began in the late 1970s when China launched its reform and
opening-up policy. The rapid economic growth from 1980s fuelled the transition of the labour force
out of agriculture. In the new millennium, the annual rural-to-urban migration flow (out of township)
increased from around 0.09 to 0.14 billion. The magnitude and rapid growth of internal migration
from 2000 to 2007 are illustrated in Figurel *.
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Figure. 1. Rural-to-urban migration flow in China by year

2.1 Determinants of Rural-to-Urban Migration

The prime determinants of migration decision can be classified into two types, namely push and pull
factors. In particular, the expected wage gap between sending and hosting areas is the major pull
factor, while surplus rural labour is often viewed as the major push factor (see e.g. Todaro 1969;
Harris and Todaro 1970; Robinson and Tomes 1982). The income gap between rural and urban China
after the reform and opening-up had been narrowed in the early 1980s and then widened again since
1985 onwards (Zhao 2003; Carter 1997). In 2007, the income ratio between rural and urban areas
reached 3.33, which is the highest since the late 1970s ? . Rural-to-urban migration in China is also
driven by regional income gaps. This is reflected in the facts that by 2004 more than 53 per cent of
rural-to-urban migration was interprovincial and 30 per cent of rural migrants went to three coastal
provinces, namely Guangdong, Zhejiang and Jiangsu (Liang 2006, 2001).

The surplus labour in rural China is argued to be one of the push factors (Zhao 1999a and 1999b;
Chen et. al 2008). In addition, a sizable literature on determinants of internal migration in China finds
that a set of individual characteristics (e.g., health, age, gender), household and village level attributes
(e.q., shortage of farmland, local rural taxation policy, distances to cities) matter for migration as well
(see e.g. Jalan and Ravallion 2000; Zhao 2003; Cai 1996; Hare, 1999; see also Z Zhao2003 for a
review). Importantly, many studies show that migration is selective on age and gender. Yet it is not
clear how important self-selection based on unobserved factors such as earnings ability may be.

2.2 Village-Based Migrant Networks and Job Searching

Whether a market economy or a transitional economy under state socialism, it has long been
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recognized that many persons find jobs through their contacts or relatives (Granovetter 1974,
Montgomery 1991). As for international migrants, origin-based social networks provide job-search
assistance by relaying useful job leads and reducing searching costs (Massey et al. 1993; Massey 1987;
Banerjee 1983, 1984; Taylor 1986, etc). This is also the case for internal migration in China.
Especially, migrants in China have limited ties with the urban communities and little access to
institutional support at the destination so they have to heavily rely on their origin-based networks to
find jobs (e.g., Solinger 1999; Zhao 2003; Rozelle et al. 1997). Surveys show that 70 per cent of rural-
to-urban migrants found jobs though the network of village-based friends or relatives (Meng 2000).

Like migrants elsewhere (e.g., Morris 2002), rural-to-urban migrants in China often become part of
the underclass in destination cities. They are mainly concentrated in low-skill construction,
manufacturing, and service sectors in which “chain employment” is often preferred by employers °.
Getting jobs through referrals of earlier migrants has led to close relationships between certain
occupations, hosting areas and sending areas. In general, migrants from a specific village tend to be
concentrated in terms of geography and occupational types. This pattern has been also reported in
international migration studies (see e.g. Aldrich and Waldinger 1990).

2.3 Temporary Return and Circular Migration

With international migration, individuals typically move to the hosting country to save up to buy a
house or to invest in a business (Massey et al. 1987). Having achieved these “goals”, many tend to
return. In the context of internal migration in contemporary China, Murphy (1999) finds that on
average one third of migrants go back to their native places. However, this type of return behaviour is
temporary as most rural households regard migration as a short-term arrangement (Zhao 1999).
Permanent returnees are very few in China because migrants tend to move out again after returning
(Hare 1999; Zhao 2003).

Why do migrants choose not to permanently settle down in a given city given the tremendous rural-
urban income gap? The first reason is the presence of the Household Registration System inherited
from the planned-economy era. Despite migrants being de facto urban residents, there are very few
channels (e.g. being formally recruited by state-owned enterprises or military demobilization) by
which migrants could transfer from “agricultural” to “non-agricultural” residential status (Wu and
Treiman 2007). A second reason is the lack of incentive of giving up farmland. Since farmland cannot
be sold and the process for renting is quite complicated, peasants are reluctant to give up farmland
(Roberts 2000).

Since permanent migration can be extremely difficult, the dominant pattern of internal migration in
China is thus characterised by circular migration and temporary return. According to Hare (1999),
labour migrants in China tend to have little attachment to destination cities and return home frequently
during a year. An average migrant is reported to return home two to three times annually. Surveys also
show that the majority of migrant workers spend less than 9 months in hosting cities ( Zhao 1999). On
balance, this pattern increases the role of the village of origin, making it serve as an intermediary for
job leads to be transmitted among villagers at different locations. It is thus of special interest to assess

6



the role that a village-based network has on labour market outcomes among internal migrants in China.
However, so far little attention has been paid to this in existing literature.
3. MODELS AND IDENTIFICATION ISSUES

The basic specification of the model includes the size of migrant network as explanatory variable,
observed individual and village characteristics as controls (e.g., age, schooling years, gender,
experience in non-farm jobs, per capita net income of village, and the distance between the village to
the closet county seat, etc.). However, naively fitting an OLS model to estimate the network effects
can be problematic due to the presence of endogeneity. Hence, unobserved factors (e.g., individual
heterogeneity, omitted village attributes and unobserved labour market attributes at the destination)
also must be taken into account.

3.1 Sources of Endogeneity

To consistently estimate an OLS model, the explanatory variable of interest, the network size, should
be uncorrelated with village-specific unobservables and individual heterogeneity. This assumption,
however, is very likely to be violated due to various sources of endogeneity. This study is mainly
concerned with five potential sources of endogeneity bias. First, there might be sample-selection
based on unobserved abilities/skills in migration decision-making. If persons who are more “able” are
more likely to migrate, the sample this paper works with would be unrepresentative. Second, since the
data contain little information on the destination cities of migrants, the omitted destination factors
such as local labour market conditions may bias the estimates. Third, omitted village-level attributes
may bias the estimation as well. For instance, villagers from a common village may share a certain
unobserved ability or reputation. Fourth, the wages and the network size may be mutually determined,
leading to the simultaneity bias. For example, high wage of fellow villagers would encourage more
villagers to migrate. Fifth, measurement error normally attenuates the estimated effect down toward
zero.

These problems plaguing causal inferences are not new in social science. To get around them, a series
of strategies are available, provided sufficiently informative data is available (Cameron & Trivedi
2005, Angrist and Krueger 1991,1999 Morgan & Winship 2007; Morgan and Harding 2006). In the
sociological literature, Mouw (2006) is among the first to place emphasis on model identification
issues in estimating causal effects of social capital or network resources. The approaches that can be
used for alleviating these problems include fixed effects model, IV, propensity score matching, and
experiments or quasi-experiments, to name a few. In this paper | combine Heckman’s two-stage
approach and 1V approach together to systematically deal with the endogeneity problem.

3.2 Heckman Two-stage Approach

This paper uses the Heckman two-stage approach to address the bias resting on the unrepresentative
sample (Heckman 1979, Heckman and Robb 1985). The procedure of Heckit estimation is as follows:
in the first step, using all observations (in this study the whole sample including both migrants and
non-migrants), a probit or logit selection model (in this study the model of the migration decision) is
estimated. Then the inverse Mills ratio is computed for each observation. The second step is to use the

7



selected sample (in this study the migrants) and fit the substantive (wage) model where the inverse
Mills ratio is also included as a covariate to control for the selection factor.

To practically distinguish the sample selection from a misspecified model, however, at least one
variable that does not appear in the wage model is required to be included into the selection model as
an exclusion restriction (Wooldridge 2002, 2006; Cameron and Trivedi 2005). In this study, the size of
household labour force (i.e., the number of household members who are aged between 16 to 60) is
used as the exclusion restriction. That is, we assume that the size of household labour force influences
the household decision to send its members to urban areas, while it does not directly affect the wage at
the destination (see how household labour force positively affects migration in Chen et. al 2008 and
Zhao 2003)

3.2 Natural Disaster as an Instrumental Variable

Although Heckman’s two-stage method is useful for correcting for sample selection bias, it cannot
deal with other sources of endogeneity such as omitted destination factors or village-specific factors.
When using cross-sectional data, what is needed is an IV that influences the wage only by affecting
the size of village-based migrant network, and which is also uncorrelated with the error term. This
paper exploits the richness of data from 2002 Chinese Household Income Project Survey (hereafter
CHIPS2002) and uses the intensity of any natural disaster in the origin-village as an IV. Under certain
assumptions, the natural disaster can be seen as an exogenous shock to the size of outflow migrants
from the village because the occurrence and destructive power of natural disaster in a certain village is
random.

Although there are limited scholarly explorations on the association between migration behaviour and
the environment, the close relationship is intuitive (see Hunter 2005 for a review). To make the idea
clear, consider two villages of which village-A is exposed to a natural hazard while village-B not. It is
easy to see that the natural disaster would decrease the expected agricultural output of the households
exposed to it, and thereby encourage members of these households in village-A to migrate.
Consequently, being hit by natural hazards or not matters for the outflow migration from a given
village. This could be generalized to a proposition which states that the higher the intensity of a
natural disaster is, the more villagers are likely to move to urban areas during the following months.

Natural hazards are common in China. Around 70 per cent of rural households are hit by natural
hazards annually (Wang 2007) and the relationship between natural disasters and rural household
income is very close (Gong and Zhang 2008). Importantly, in 2002, major natural disasters occurred
in the first half of the year in China. From January to March 2002, drought hit 24 provinces and
deprived 15.9 million rural residents of drinking-water. From April to May, strong rainstorms
decimated the middle-and-lower reaches of Yangtze River *. Consequently, one has good reason to
conjecture that the number of village migrants in 2002 should be correlated with the destructive power
of the natural hazards that affected the village.

Some kinds of natural disasters might be regionally specific (e.g. earthquakes are more likely to affect
some regions in China than others). And, the destructive power of them in terms of agricultural output
may be different (e.g., floods influence agriculture more than earthquakes). The occurrence and
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intensity of natural hazards in a large region (e.g., southeast China, northwest China, or a province)
are thus not random in the long term. However, if region dummies or provincial dummies can be
controlled for, natural disasters in a very small tract such as a village in a given year can be
comfortably seen as random and thus uncorrelated with any individual heterogeneity and omitted
village-specific factors.

To be even more cautious about the exogeneity, the working assumptions are set up in such a way as
to make the 1V estimates as reasonable and cautious as possible: (i) Natural disaster in the origin-
village is assumed to not affect any labour market conditions at the destination. (ii) Omitted village
level factors are explicitly assumed to not be influenced by natural disaster within one year. (iii)
Unobserved individual heterogeneity (e.g., earnings ability, propensity to migration, desire for a richer
life, reservation wage), is assumed to be uncorrelated with the intensity of any natural disaster. This is
important especially because natural disaster may lower the reservation wage of a potential migrant.
Given the huge income gaps between rural and urban China, however, even the lowest wage levels in
cities are still attractive to villagers. This makes the reservation wage argument inapplicable in this
setting (see also Munshi 2003) .

3.3 OLS, Heckit and IV Models

Building on the preceding discussion about model choice and identification strategies, three different
types of wage models are to be estimated, namely, the OLS, Heckit and I\VV-Heckit models.

First, the OLS model can be expressed by
Wig = g + BuSg + BaXeg + BaVo + (U e} (1)

where Wig is the wage income of the migrant, and i indexes the individual and g indexes the village.
Se denotes the size of the migrant network, X; denotes a vector of individual factors, and Ve isa
vector of observed village level factors. Uz is the combined effect of various omitted village level

factors and fiz is the combined effects of individual unobservables. Thus, Sz is the major

explanatory variable of interest and f1 denotes the network effect. Notice that one of the most
important premises for obtaining unbiased OLS estimates of 1 is that Cov [EH-'EIE-] =0 and Cov
[Ew “5] =0. However, these two assumptions do not hold in the context of this study because of the
potential presence of sample selection and other conventional endogeneity problem. As a result,
alternative models are needed.

The Heckit model is:

Wig = Bo + By + BaXig + BaVg + BaPig + {Ug + e} ()

where Pig is the inverse Mill ratio, a transformation of the predicted individual probability of
9



migration calculated from the following selection equation (probit estimation):

Pog = vo +¥aFig +vaS: +vaXig +vaVg + 1y (3)

where Fig is the household labour force which is not included in equation (2). As noted before, the

explanatory variables in equation (2) should be a strict subset of those of the equation (3).

Finally, based on the Heckit model, the IV model can be written as the following equation system :

Wig = Bo + B1Sg + BaXag + Ba Vg + Ba Py + U 4 ¢ ) 4)

Pig=7ve +¥abig + vaNg + ¥aXag + va Vo + pyg (5)
Se= Yo+ ¥aNg +vaXig +¥aVg + valfip + 1 (6)

where Ng is the intensity of the natural disaster and #z is the random error term in the equation
denoting how the network size is influenced. Notice that in equation (5) the endogenous explanatory

variable Sz is not included but the exogenous instrumental variable N: is included. The specification
of the equation systems can be referred to Wooldridge (2002) .

In the first step, we estimate the selection equation (5) by Probit and then calculate Pig (equation 5).

We then used Ne as an instrument for Sz The process is: given COV[UE-' Ns] = 0, Cov[ =g I";[.5';] =0,
and Cov [Nz, Se] # 0, we regress Sz on Nz and other exogenous variables in the first-stage

regression (equation 6) and get ¥ = 5 + ¥ Ng + FiXyg + ¥iVe + FiPFiz . Then in the second-stage

regression (equation 4) we use Se instead of Se to get consistent estimates of £1 since Se must not

be correlated with Yz and iz as long as the 1V is valid. Notice that the interpretation for IV estimate

can be complicated if the assumption that network effects are constant among migrants is relaxed.
This will be discussed in detail below.

4. DATAAND VARIABLES

The CHIPS 2002 was jointly conducted by the Rural Survey Group of National Bureau of Statistics of
China (NBSC) and the Institute of Economics of the Chinese Academy of Social Science (CASS).
The questionnaires were collected in February 2003 during the Chinese Lunar New Year. The
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advantage of doing so is that most outward migrants returned home to reunite with their family
members. The survey thus captures the information of most members of rural households. The CHIPS
2002 gathered detailed information on demographic, household and village characteristics of the rural
respondents. The data used in this study are from a sample of 37,969 individuals from 9,200
households, 961 administrative villages, 121 counties and 22 provinces®. The surveyed areas are filled
with grey in Figure 2. To focus on sample selection in migration decision and conventional omitted
variable problems, here we assume that returning home in the Lunar New Year is not selective.

Figure 2. Surveyed Provinces in CHIPS2002

Different criteria in defining the migrant population have been used in different national surveys in
China (Liang 2006). The CHIPS 2002 asked the respondent to report the days away from their family
in 2002 as well as the type of destination place. The precise questions read: “How many days did you
live outside this household in 2002?” and “Place of non-agricultural waged work: 1) within native
village; 2) out of native village, within native township; 3) out of native township, within native
county; 4) out of native county, within native province; 5) out of native province”. Exploiting this
information, this paper sets the duration criterion as 180 days and destination criterion as being away
from the township where the migrants were born ®. This is consistent with the criteria of NBSC and
previous migration studies (e.g., Zhao 2003; Chen et al. 2008). Thus, migrants are defined as
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individuals (none-student) with the “agricultural” hukou status who lived outside of their native-
township for more than 180 days in 2002.

This definition seems a bit arbitrary, but other definitions of migrant can and will be employed in
robustness tests to examine whether the empirical results are sensitive to alternative definitions. In
addition, all long-term out-of-township students, respondents younger than 16, and respondents older
than 60 are dropped from the sample. Finally, due to some other variables of interest with missing
values, the effective sample size ended up comprising 20,040 individuals from 8,308 households, 919
villages and 121 counties. Among them, there were 2,382 migrants from 1,800 households, 567
villages and 112 counties.

The dependent variable is the daily wage of migrants in 2002 at the destination. This is calculated by
the reported annual wage divided by the days living at the destination. Due to the malpractice of local
government and loopholes in the legal system, the problem of wage arrears among migrant workers
has been severe in China, triggering social unrest and violence (see e.g. Li 2008; Hannan 2008). This
explains why one can find in Table 1 that the minimum waged income is actually zero. In the sample,
280 out of 2,382 migrants went home empty-handed in 2002. As Table 1 shows, the average daily
wage of the migrants is 12.5 RMB (yuan) and the maximum wage is 150 RMB. Excluding those
without pay in 2002, the average daily wage is 14.2 RMB which is in general consistent with some
previous studies ( Li 2008; Hannan 2008) ’.

Table 1 : Selected Descriptive Statistics

Migrants (N=2382) Non-Migrants (N=17658)

Mean Min Max S.D. Mean Min Max S.D.

Daily Wage 2002 (¥) 12.54 0 150 11.98 - - - -
Age 26.98 16 60 8.25 38.23 16 60 11.85
Age-Squared 796 256 3,600 532 1,602 256 3,600 903
Experience 4.00 0 38 3.58 2.00 0 43 4.75
Experience-Squared 28.74 0 1,444 71.35 26.61 0 1,849 103.70
Years of Schooling 8.14 0 16 2.19 7.02 0 16 2.67
Household Labour Force 4.80 2 11 1.38 4.44 1 2 1.35
Village Migrant Network Size 252 0 1,530 251 153 0 1,530 189
Per Cap. Village Income 98 1,860 0 13,980 1,026 2,079 0 13,980 1183
Village Population 2002 2081 186 8,815 1379 1,876 186 8,815 1233
Village Arable Land 2002 3,436 0 15,883 2808 3,566 0 25,463 2879
Distance from County (km) 27.07 1 140 20.61 24.27 5 160 21.11
Intensity of Natural Disaster A1 0 .85 13 0.12 0 0.9 .16
Freq. per cent Freq. per cent
Male 1,493 62.67 9,233 52.29
Female 889 37.32 8,425 47.71
Married 1,038 43.82 14,362 81.59
Unmarried/Single 1,331 56.18 3,240 18.41
Suburb of Large/Middle City 61 2.56 1,372 7.77
None-Suburb 2,321 97.44 16,286 92.23
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The size of the migrant network is the explanatory variable of central interest. Employing the origin
community as a “well-defined and well-established” social unit to construct the measure of migrant
network does have its advantages (Munshi 2003:551). Aside from capturing the feature of migrant
networks (i.e, highly village-based social ties), it offers the opportunity to instrument the explanatory
variable using natural disaster. The measure of network size is obtained from the responses of the
village heads to a question posed in the survey. Specifically, all the village heads were asked about the
number of outflow migrants in 2002 from her village. The precise question is “Approximate total
number of out-migrants working out of township for more than six months”.

Notice that although the head of a village in China is elected by villagers elder than 16, the township
authority plays an important role by naming the candidates and inspecting the election process. The
village head is thus required to report key statistics of the village regularly (e.g., migration, fertility,
and agriculture products) to the township government. More importantly, there is little motivation for
village heads to over or under report the number of migrants to the surveyors from academic
institutions. These facts suggest that the network size of migrants reported by village heads is
measured validly.

The individual level controls include the migrants’ age, age square, gender, schooling years,
experience, experience square, type of economic sector, and region dummies. Note that since it is the
off-farm experience that matters for the waged income at the destination, the experience variable is
measured by how many years migrants have worked in cities (i.e., 2003 minus the starting year of
working in cities). Although not reported in Table 1, rural-to-urban migrants are engaged in 18 types
of occupations. Among them, more than 60 per cent of migrants are engaged in the “industry” and
“construction” sectors. Also not presented in Table 1 is the distribution of migrants across 22 sending
provinces. As noted before, region dummies should be included in the model to assure that the natural
disaster can be seen as random. According to different natural/climate conditions and social-economic
development of villages of origin, the 22 provinces are classified into 5 regions, namely Metropolis
Suburb (Beijing and Shanghai as two municipalities), Eastern China, Southern China, Northern China,
and Inner (Western and Middle) China. The village-level controls include the per capita net income
(including both migrants and non-migrants) in 1998, the distances to the closest county seat, and a
dummy denoting whether the village is a suburb of a large/middle city or not. Including the lagged
mean income of the village is an attempt to proxy for unobserved village-level earning ability. The
distance to the closest county seat and being a suburb of a large/middle city both proxy for access to
beneficial job leads.

The intensity of the natural disaster that serves as the 1V is measured by the percentage reduction in
agricultural output in the village. For each village surveyed by CHIPS 2002, the village head was
asked to answer the question “Was there any natural disaster during the year of 2002” and “If yes,
what was the percentage reduction in agricultural output as compared to an ordinary year?” For those
villages without the presence of any natural hazard in 2002, the variable is coded as zero representing
that there is no loss induced by the natural disaster. The village heads who could not provide accurate
figures were asked to provide rough estimates for the percentage reduction in agricultural output. As
can be seen in Table 1, the average percentage reduction in agricultural output among migrants is
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around 11 per cent with a maximum percentage of 85 per cent.
5. ESTIMATION RESULTS

The analysis begins with a standard OLS regression. However, as discussed above, the OLS estimator
may Yield biased estimates as the network size may be endogenous. Since the goal of this analysis is
causal inference, or identification of the mechanism of network effects, rather than to merely describe
the statistical association, it is necessary to seriously deal with the potential endogeneity problem . To
this end, the Heckman two-stage approach is employed to address sample selection problem. Since
there may still be simultaneity bias, conventional omitted variable bias and measurement error in
addition to sample selection, ultimate results are obtained from an 1\VV-Heckit model explicitly taking
into account both sample selection and the other endogeneity problems. The OLS, Heckit and 1V-
Heckit models, the estimated coefficients and p-values are presented in Table 2. When fitting models,
the wage and network size variables appear in logarithm form given that the skewness statistics for
them (4.46 and 2.52 indicating considerable right-handed skewness).

The first column of estimation results in Table 2 contains the OLS estimates °. The coefficient of the
network size variable is around 0.13 with an extremely small p-value (less than 0.001), suggesting
that migrants who came from a village with 8 per cent larger migrant network (outflow migrants) are
associated with 1 per cent higher wages. While the age and age square variables both significantly
influence wages at the 0.05 significance level, the directions of the two effects are different. This
implies a diminishing marginal effect of the age. Experience of working in cities is also an important
determinant of wages, yet its squared value is not statistically significant, suggesting no diminishing
return to experiences.

Also as expected, years of schooling do not seem to be related to the wages of the migrant workers.
This could be due to fact that the occupations that migrants take in contemporary China are extensive
but mainly low-skill and the average educational requirement is quite low. What is unexpected is the
role of gender. According to the empirical result, the wage difference between men and women is not
significant. This is probably because of the limited occupation choices as well as the ceiling effects in
terms of promotion among rural-to-urban migrants. On the one hand, they are mainly concentrated in
low-income jobs in which the gender difference in wage is marginal all else being equal; on the other
hand, the opportunities for them to be promoted within workplaces is very limited so that male
migrants do not have more advantages than women. Finally, in general the village characteristics do
not affect wages significantly.

The second column presents the Heckit estimates. When selection in migration on unobserved ability
is explicitly taken into account, the network effect increases from 0.13 to 0.23, and remains highly
significant with a p-value of less than 0.001. The partial effect of the latent selection factor (i.e., the
predicted probability of migration which proxies the unobserved factors influencing both migration
and incomes), is around 0.64 and significant at the 5 per cent level. These findings strongly suggest
that: 1) there is considerable selection based on unobserved individual ability when people make
migration decisions; and 2) more able rural residents tend to migrate than the less able ones,
everything else being equal. That is, the Heckit estimate of network effects reveals that the OLS
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estimate may have largely reflected the network effects among more able people who benefited less
from the origin-based networks. Of interest is why less-able migrants benefit more from village-based
migrant networks than more able migrants? This may be explained by the fact that migrants of higher
earning-ability are also more able to initiate social ties with urban communities at the destination.
Thus their job-searching rely less on village-based networks since the new ties built at the destination
generate more valuable job leads.

Table 2 : OLS, Heckit and 1V Models of Migrants’ Wage

Logged Wages as the Dependent Variable (N=2382)

Independents Variables OLS Heckit IV-Heckit
Logged Network Size 310 .228*** .584**
(0.000) (0.000) (0.039)
Age .0688*** .0499** .0502**
(0.001) (0.014) (0.024)
Age-Squared -.00101*** -00109***  -.00109***
(0.002) (0.000) (0.000)
Gender .0187 .0174 .0176
(0.695) (0.740) (0.750)
Years of Schooling .0124 .0191* .0172
(0.319) (0.098) (0.164)
Experience .0667*** .105%** 0767**
(0.001) (0.000) (0.017)
Experience-Squared -.00185 -.00387*** -.00303**
(0.052) (0.001) (0.039)
Per Cap. Village Income 1998 .0365 -.0197 -.0845
(0.316) (0.606) (0.165)
Distance to Closest City .00497**  .00782*** .00527*
(0.005) (0.000) (0.076)
Suburb of Big City -.0403 271 -.00428
(0.833) (0.189) (0.989)
Occupation Dummies YES** YES** YES**
Region Dummies YES YES YES
Constant 4.82%** 5.48*** -3.26**
(0.000) (0.000) (0.013)
Latent Selection Factor .64** .63**
(0.033) (0.047)
First stage F-statistic on IV 19.27
Hausman test of endogeneity p=0.046

Note: i) Standard errors are in parentheses and robust to heteroscedasticy;
ii)*p<0.1 **p<0.05 ***p<001
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Several important results are found in the third column which contains the IV-Heckit estimates. First
of all, the quality of the IV is good since it comfortably passed underidentification and weak-
identification test. As is shown at the bottom of the third column, the F-statistic for significance of the
IV in first-stage regression of the endogenous network size is 19.27 and significant at 0.05 alpha level.
In light of Stock and Watson’s (1997) rule of thumb that the first-stage F-statistic should be at least 10
for a single endogenous regressor, this implies a significant statistical association between the natural
disaster and village migration. It is noteworthy that the F-statistic is also larger than the relevant Stock
and Yogo’s (2003) weak IV critical value for (16.38 for one endogenous regressor and one V),
suggesting that the relevance of IV is sufficiently strong to reject the weak IV hypothesis with less
than 10 per cent relative bias toleration. This makes us fairly confident in the IV estimates. More
importantly, the Hausman endogeneity test indicates that we can reject the null hypothesis that there is
no systematic difference between the estimates from the OLS and the IV model. Since the IV
estimator always yields consistent estimates given a valid IV, coefficients estimated from it should be
more meaningful. This further suggests that the size of the migrant network is indeed endogenous.

Compared to the Heckit estimate, the effect of network size obtained from the IV model is
substantially higher. It increases from less than 0.23 to around 0.58. The standard error of the IV
estimate increases as well and the p-value increases from less than 0.001 to 0.039, which indicates
that the effect remains significant given the 5 per cent significant level. As for other controls and the
latent selection factor, no major changes are found in the partial effect. Consider two villages sending
migrants to the same city. All else being equal, migrants who came from villages with 2 per cent
larger migrant network receive around 1 percent higher wages. However, an issue arises that the larger
IV estimate of the network effects looks counter-intuitive. This is because one would expect that
correcting for the remaining part of estimation bias would lead to a mitigated IV estimate as compared
to the Heckit estimate. This will be discussed in the following section.

Before proceeding to the discussion of the IV estimate, the results should be examined to see whether
they are qualitatively robust with respect to changes in the definition of migration and differently
truncated samples to deal with wage outliers. To this end, migrants living out-of-native-village more
than 180 days, out-of-native-county more than 180 days, out-of-native-township more than 90 days
and out-of—native-township more than 240 days are examined respectively. In addition, considering
the potential outliers in terms of wages, we tried deleting observations in top 99 per cent, top 95 per
cent, bottom 99 per cent, bottom95 per cent quantiles from of the sample. Also, the sample without
those who report zero-wage is also used to see whether the analysis is sensitive to zero-wage.

As can be seen in Table 3, all of the estimates based on different definitions of migration (from
definition 1 to definition 4) show identical patterns compared to the estimates under “definition 0”
which are those repeated in Table 2, suggesting that the results are not sensitive to the definition of
migrants. Likewise, using differently truncated samples does not lead to any considerable changes in
estimates compared to the results from the “full sample” which is also repeated in Table 2. All of these
results suggest that the estimates in this study are robust.
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Table 3: Robustness Tests

Different Operational Definitions of Migrants

Definition0 Definitionl Definition2 Definition3 Definition4

Destination 00T ooV 00C 00T 00T
Duration >180 days >180days >180days >90 days >240 days
OLS estimates 131 151 127 .096 .139
p-value 0.000 0.000 0.000 0.002 0.000

Heckit stimates .228 214 .250 .154 .261
p-value 0.000 0.000 0.000 0.000 0.000

IV estimates .584 773 .619 1.058 .829
p-value 0.039 0.024 0.021 0.022 0.032

N 2382 2486 2135 2800 1975

Notes: OOT=0ut of township OO0V=0ut of village OOC=0ut of county

Different Working Samples (in terms of wages)

Top 99 per cent Top 95 per cent Zero-wage

Full samipe deleted deleted deleted

OLS estimates 131 137 .143 .0722
p-value 0.000 0.000 0.000 .0007

Heckit estimates .228 .194 .186 .2516
p-value 0.000 0.000 0.000 0.000

IV estimates .584 .605 731 .468
p-value 0.039 0.033 0.014 0.035

N 2382 2359 2254 2102

6. INTERPRETATION OF THE IV ESTIMATE

The IV-Heckit estimate suggests that network effects obtained from conventional Heckit model are
downwardly biased. One possible reason for this is that the omitted variable is positively correlated
with network size yet negatively correlated with wages, holding the latent selection factor and other
observed factors constant. Notice that to this point the effect of migrant networks has been assumed to
be constant across individuals and villages. However, this assumption may be too strong in the
context of rural-to-urban migration. It thus seems reasonable to interpret the IV estimate within the
framework of heterogeneous network effects.

If natural disasters influence migration mainly among villages/individuals benefiting from more
extensive networks, the 1V estimate would be higher than the Heckit estimate. This is simply because
the Heckit estimate applies to all villages/individuals while the 1V estimate mainly applies to the
subgroup of villages/individuals more affected by natural disasters. In the language of econometrics,
with the presence of casual effects heterogeneity, the IV estimate can be interpreted as a Local
Average Treatment Effects (LATE) (Imbens and Angrist 1994; Angrist et al 1996)™. For example,
Cards (1995) uses college proximity as an 1V to identify the returns to schooling. He reports larger IV
estimate than conventional OLS estimate, and accounts for it by arguing that the college proximity
affects schooling mainly among those children who have poorly educated parents and thereby benefit
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more from education.

If the IV estimate is to be interpreted as a class of LATE, we must raise the question about the
mechanism that explains how natural disasters influence migration and why networks effects differ
across villages/individuals. One possible mechanism is that that less able people (in terms of earning
ability at the destination) are more responsive to natural disasters since they have relatively lower
ability to compensate for losses due to natural disasters. That is, villagers of lower earning ability are
more likely to be “pulled” out from the villages by natural hazards. If this is the case, the IV estimate
can be interpreted as a weighted average network effect and the weight for less able migrants is
relatively higher. Since we know less able migrants benefit more from the origin-based networks, the
IV estimate mainly captures the network effects among them and it would then be higher than the
Heckit estimate™.

7. CONCLUDING REMARKS

The rural-to-urban migration in China since the late 1970s represents the largest labour flow ever
observed in the world. Despite the proliferation of research seeking to identify the mechanisms and
measure the magnitude of internal migration, little emphasis has been placed on probing the direct
causal effects of migrant networks on labour market outcomes at the destination. This paper explores
the causal effects of the size of migrant networks on wages among migrants in China. It complements
recent research on the labour market effects of migrant networks in market economies such as the U.S.
and Germany (e.g., Munshi 2003; Rainer and Siedler 2008). The major innovation of this paper is the
combination of Heckman’s two-stage method and IV approach. As far as the author knows this is the
first IV-Heckit application in a sociological analysis of network effects.

Controlling for the unobserved factors influencing migration decision, identification is achieved
through instrumenting the network size by the intensity of natural disasters occurring in the sending-
villages of the migrants. The empirical results show that the size of the migrant network significantly
improves the wages of migrants. This is consistent with findings reported elsewhere and implies that
the mechanism of job-search among migrants in the context of state socialism is similar to that in
other contexts. As compared to the OLS and conventional Heckit estimates, the I\V-Heckit estimates
are larger. These findings suggest the existence of casual effects of network size among at least a
subgroup of rural-to-urban migrants. In addition, estimates obtained from Heckit model are higher
than those from OLS model, and the wage effects of selection factors are positive. This suggests the
presence of positive selection in terms of unobservables (e.g., earning ability) in migration.

One potential criticism of this study is that the validity of the IV approach cannot be statistically
tested for. This might be one of the reasons why sociologists rarely use the IV approach. However, as
Morgan (2002) puts it when he calls for more attention to be paid to the IV approach, “within the new
literature on counterfactual causality, instrumental variables estimators have received substantial
attention from both statisticians and econometricians ... even fallible 1Vs can be useful for examining
patterns of causal effect heterogeneity.” Surely the results reported in this paper should not be
regarded as definitive. Yet the results and the identification strategy improve our understanding on the
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mechanism though which cohesive migrant networks influences wages of migrants.
Notes

1. According to National Bureau of Statistics of China (NBSC) the rural-to-urban migration is defined as
working outside of township more than one month in a year. Given the different definitions of migrant
population used in surveys and censuses, estimation of China’s migrant population varies. However, the
huge population and rapid growth is a stylized fact.

2. The data is cited from the 2008 state message of State Council of China titled as “Spurring steady
increase in rural incomes”.

3. See an introduction on chain employment in Grieco (1987).

4. The data are obtained from the 2002 Report on the State of Environment in China by Ministry of
Environmental Protection of the PRC.

5. The sampling-frame for CHIPS2002 is a subsample of the official rural household survey conducted by
the NBSC. The administrative village, as opposed to natural village, refers to a village which is legally
recognized and numbered accordingly by the government. That is, one administrative village may consist of
more than one natural village.

6. Since 1997 six-month duration has become the standard criteria for defining migrants and was used in the
recent Chinese Population Census by the NBSC (Liang 2006).

7. The conservative estimation of the average monthly wage of migrant workers in 2002 is around 500RMB
and optimistic estimation is around 700 RMB.

8. See the definition of mechanism in Hedstrom (2005) and the association between causality, mechanisms
and counterfactual framework in Morgan and Winship (2007).

9. Since villagers are “clustered” in villages, the observations of this study may not be independent. To
correct for the intra-village correlation, this study calculates clustered error terms when estimating OLS
model.

10. Importantly, interpreting IV estimates under the LATE framework should be on the condition that the
relationship between the IV and the explanatory variable is of monotonicity. That is, the natural disaster
should influence the village migration in one direction.

11. An alternative explanation can be that the distribution of marginal land (e.g. the lands get flooded most
easily within a village) is correlated with individual characteristics (the author wishes to thank Colin Mills
for proposing this). For example, the poorest or less able people live in the most marginal land and therefore
are more likely to be affected by natural disaster. And, the poorest most benefit from migration networks. In
addition, migration tradition of villages can also be a potential explanation because natural disaster would
“pull” more people from the villages with weak migration tradition, and these villages may have less able
villagers due to limited access to urban areas. Due to limited space, | have not included them into the paper.
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