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Abstract

Rural-urban migrants in China appear to prefer nearby destination cities. To gain
a better understanding of this phenomenon, we build a simple model in which migrants
from rural areas choose among potential destination cities to maximize utility. The
distance between a destination city and the individual’s home village is explicitly in-
cluded in the utility function. Using recent survey data, we first estimate an individual’s
expected income in each potential destination city using a semi-parametric method, con-
trolling for potential self-selection biases. We then estimate the indirect utility function
for rural-urban migrants in China based on their migration destination choices. Our
findings suggest that to induce an individual to migrate 10 percent further away from
home, the wage paid to this migrant has to increase by 15 percent. This elasticity varies
very little with distance; it is slightly higher for female than male migrants; it is not
affected by the migrant’s age, education, or marital status. We interpret these findings

and discuss their policy implications.
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1 Introduction

China has a residence registration (hukou) system, originally designed to control the move-
ment of people within the country. Each family has a registration record, a so-called hukou,
which specifies the residency status of each individual in the household. It gives a person the
right to live and work in a jurisdiction and access local public goods such as public education
and health care. Prior to the economic reform, the hukou system was strictly enforced. A
person with a rural hukou could move to a city and work in urban sectors only under very
specific situations, which required lengthy and complicated bureaucratic procedures. The
quota of such moves was very tightly controlled.

Soon after the inception of the economic reform, the rigid hukou system was found
incompatible with the rapid expansion of the urban economy and the increased demand for
cheap labor in urban sectors. Since the mid-1980s, this system has been gradually relaxed
and the controls have been weakened (Chan and Zhang, 1999). Most importantly, it has
become much easier for a person with a rural Aukou to obtain a permit to live and work in
a city. As a result, China has experienced a massive migration from rural to urban areas in
the past three decades. The share of urban population rose from 18 percent in 1978 to 50
percent in 2010. By the end of 2008, there was a total of 225 million rural-urban migrants.!

Three stylized facts of this rural-urban migration emerged in recent years. First, shorter-
distance migration is much more common than longer-distance migration. For example,
migrants in coastal cities mostly come from rural areas in local or nearby provinces. Rela-
tively few rural people in the West or North migrate to coastal provinces in the East and
South, although they have much more to gain economically from such long-distance migra-
tion. Poncet (2006) documents that migration flows decrease significantly with the distance
between origin and destination locations; intra-province migration flows are higher than
inter-province flows and migration to adjacent provinces is more common than migration
to provinces further away.? Our own survey data on rural-urban migrants in 15 cities show
that about half of them come from rural areas within the local province.

Second, the earnings of these migrants vary substantially, depending on where they have
migrated. Table 1 shows the average monthly earnings for rural-urban migrant household
heads in the 15 top destination cities. This average varies widely across cities. On the
top is Shanghai, where the average migrant makes 2,338 yuan a month. At the bottom
is Chongqing, where the average is only 1,297 yuan, 45 percent lower. One might wonder
whether these variations simply reflect different characteristics of migrants in different cities.
The right column of Table 1 reports regression adjusted monthly earnings, controlling for

gender, age, education, and experience in urban sectors. The variation pattern is the same:

!These migrants hold a rural hukou but live and work in cities. They are generally referred to as nong
min gong, meaning “farmers-turned workers” in Chinese.

2Some other studies such as Lin et al. (2004) and Bao et al. (2009), although not exactly focusing on
the same question, have also noted a negative relationship between migration flow and distance.



Table 1: Average monthly earnings of migrant household heads in 15 top migration desti-
nation Cities, 2008

. Average monthly earnings Average monthly earnings
City . .
(yuan) (yuan), regression adjusted
Bengbu 1,778.31 1,761.68
Chengdu 1,751.30 1,685.26
Chongqing 1,296.64 1,300.19
Dongguan 1,445.46 1,430.70
Guangzhou 1,631.90 1,689.94
Hangzhou 2,254.95 2,246.65
Hefei 1,933.50 1,895.45
Luoyang 1,412.14 1,409.34
Nanjing 1,834.70 1,849.22
Ningbo 1,681.06 1,682.63
Shanghai 2,338.00 2,385.93
Shenzhen 1,859.85 1,818.25
Wuhan 1,551.69 1,528.91
Wuxi 1,748.05 1,824.82
Zhengzhou 1,396.08 1,394.77

Statistics in this table are our own calculations based on a sample of 4,434 migrant household heads between
20 and 60 years old. The first column reports the simple average in each city. For the second column, we first
regress monthly earnings on gender, age, years of schooling, urban experience (years since first migrated out
of rural area), and city fixed effects, and then use the estimated coefficients to predict the average earnings

in each city for the person with all independent variables set equal to sample means.



rural-urban migrants have very different income levels in different cities.

And third, due to an increased cost to attract migrant workers from far inland to coastal
regions, there has emerged a trend that labor-intensive industries move from coastal to inland
China to take advantage of the cheaper labor there. This trend has become so pervasive
that many observers call it an “inward-moving wave.” A 2010 survey reveals that 21 percent
of coastal manufacturers were considering relocating to inland regions.®> The most salient
example is perhaps Foxconn, a contract manufacturer that hires more than 400,000 migrant
workers in the coastal city Shenzhen and manufactures many renowned products such as
iPod, iPad, and iPhone. In 2010, Foxconn announced the plan to construct new plants in
inland cities such as Zhengzhou, Wuhan, and Chengdu; it would move the majority of its
operations out of Shenzhen.

We argue that a simple phenomenon—migrants who grew up in rural China are reluctant
to move far away from their birthplaces—helps explain all these three stylized facts. Partly
because these migrants tend to avoid long-distance migration, we observe shorter-distance
migration more often. It is for the same reason that migrant earnings are far from being
equalized across cities; for cities with limited surplus labor in nearby rural areas, higher
wages are necessary to attract migrant workers from remote regions. Originally, the labor
intensive industries, especially those contract manufacturers, were highly concentrated in
coastal regions, taking advantage of preferential policies in coastal economic development
zones as well as the lower transportation costs for international trade. In recent years, the
preferential policies have become ubiquitous and the transportation infrastructure in inland
areas has improved substantially. As a result, the cost of hiring migrant workers has become
a more prominent factor in firms’ locational decisions, which explains the “inward-moving
wave” of labor-intensive industries.

There are many possible reasons as to why rural-urban migrants prefer shorter-distance
moves. When an individual migrates to a city far from her birthplace, she will be dis-
connected from her social-family network, a most reliable source of emotional, physical,
psychological, and sometimes even financial support in rural communities. She may have
to live in an unfamiliar environment with different weather, food, and culture. She may
feel isolated and insecure, and worry about being discriminated. For all of these reasons,
one would be willing to give up some income in order to stay closer to home. Using recent
survey data on a representative sample of 5,000 rural-urban migrant households in 15 cities,
we empirically investigate this tradeoff between migration distance and expected income.

We build a simple model in which migrants from rural areas choose among a set of
destination cities to maximize utility. The distance between a destination city and the
individual’s home village is explicitly included in the utility function. We first estimate
an individual’s expected income in each potential destination city using a semi-parametric

method, controlling for potential self-selection biases. We then estimate the indirect utility

3See http://finance.ifeng.com /roll/20100917/2631649.shtml (viewed on February 19, 2011).



function for rural-urban migrants in China based on their migration patterns. We try
different specifications including the conditional logit, nested logit, and mixed logit. We
interact personal characteristics with migration distance and city characteristics to allow for
heterogeneous preferences.

Our findings suggest that to induce an individual to migrate 10 percent further away
from home, the wage paid to this migrant has to increase by 15 percent. This elasticity
varies only slightly with distance; it is a little higher for female than male migrants; it is
not affected by the migrant’s age, education, or marital status. We discuss various policy
implications of these findings.

The rest of the paper is organized as follows. Section 2 presents a simple model of
migration destination choice. Section 3 describes the data we use and the construction of

key variables. Section 4 presents empirical results. Section 5 concludes.

2 A Model of Migration Destination Choice

2.1 Basic setup

Consider a group of individuals who have decided to migrate from rural to urban areas. An
individual ¢ may choose to live and work in any of the J cities.* If living in city j, individual

i faces the following utility-maximization problem

max Uj; = Cf‘jCH%HDigﬁ exp [g (X;) + & + nij]

(1)
s.t. Cij + ijij = Iij

- Cj; is i’s consumption of a tradable composite good in city j; its price is the same
everywhere and normalized to 1.

- H;j is i's consumption of a non-tradable composite good (including, e.g., housing) in
city j; its price in city j is pj.5

- D;; is the distance from 4’s home village to city j.

- Xj is a vector of characteristics (e.g., quality of air or public facilities) of city j; g is a
nonparametric function that we will not estimate here.

- &; captures unobserved characteristics (e.g., migrant-friendliness) of city j.

- m;; is 4’s idiosyncratic component of utility, assumed to be independent of migration
distance and city characteristics.

.y S
- I;j 1s ¢’s income 1n city j.

“In our empirical analysis, we will focus on household heads only, assuming that they are the decision
makers.

°In addition to housing, many other goods can be considered as nontradable in China, which is especially
true for rural-urban migrants who do not have urban hukou. For example, depending on local regulations,
rural-urban migrants may or may not have access to the heavily subsidized public schools and healthcare
system in a city. So these migrant households pay very different prices for education and healthcare in
different cities.



Note that we include the migration distance in the utility function to capture the psy-
chological costs associated with long-distance migration. We expect that migration distance
causes disutility, thus the parameter § (with a minus sign in front of it) is expected to be
positive.

Given the Cobb-Douglas utility, in any city j, ¢’s demand for the tradable and non-
tradable goods will be

acli; X ag I

* —

Y o+ ag’ v

ac +amg pj’

Plug these demand functions into the utility function to get the indirect utility

v = (0o (e LN pos o x0) g ]
i ac +ag ac +ap p; N e

= 013D, exp[—annp; + g (X;) + & + i) -

ac ap
— ac ag _ - 1 .
where § = (ac+aH> (aCJraH) and o = ac¢ + ay. Rescaling by 5, we rewrite the

indirect utility function as
Vij = I5D;" exp[—ay Inp; + g (X;) + & + nyj] - (2)

Denote WTP; (i’s marginal willingness to pay) as the amount of money ¢ is willing to
give up in order to live closer to home village. From equation (2), this willingness to pay

equals the marginal rate of substitution between migration distance and income, i.e.,

OVij/0Dy; B I

WTP; = — = — .
QVW/M'U [0 DL]

Taking the natural log of equation (2) and holding the utility level constant, we could also

interpret g as an income-distance elasticity:

é_ alnlij ~ AI@J/IU
« N OlnDij - ADU/DU

That is, to induce an individual to migrate 1 percent further away from home, one needs to
B

offer this person an income that is = percent higher. Our goal in this paper is to empirically
estimate a and 3 so that we can calculate this elasticity and the willingness to pay. To
avoid cluttering notations, we treat 0 as a constant for the moment. Later we will allow 3
to vary with distance or individual characteristics in some of our empirical specifications.

Individual i’s income I;; is not observed for every city j. Following Timmins (2007) and
Bayer et al. (2009), we decompose log income into a predicted mean and an idiosyncratic
error term:

In Iij =In IAZ'J' + €ij5- (3)



We will estimate In fij based on individual ¢’s characteristics and the earnings of migrants
in city j, controlling for potential self-selection biases. This estimation procedure will be
explained in detail in the next section on data and variables.

Following Timmins (2007), we assume that the price of the non-tradable good varies
with city characteristics. For example, if a city has a fast growing-economy, low pollution,
low congestion, and low crime rate, then one has to pay more for the non-tradable goods in

order to live in the city. Specifically, we assume a flexible function
Inpj =h(Xj) +¢ (4)

where h is a nonparametric function and €; an error term.

Substitute equations (3) and (4) into (2) and take natural logs to get
InVi; = alnl; — Bln Dyj + 6; + vy (5)

where 0; = g (X;) — apgh (X;) — age; + & and v;; = ag;j + n;;. Note that everything in 6;
is fixed at the city level, so we may treat ¢; as a city fixed effect.

To facilitate estimation, we assume that v;; follows an i.i.d. type I extreme value dis-
tribution, making this baseline specification a standard conditional logit model (McFadden,
1974). Tt follows that individual ¢ chooses city j with probability

exp(oz In fij —B1n Dij+9]~)
Zizl exp(a Ini;s—B31In Dis+95> ’

Pr(InVj; > In Vi Vk # j) =

Therefore, the probability that every migrant ¢ is living in city j as observed in the data is

given by
A KRij
exp(alnl;j—B1nD;;+0;)

J
L= E[jgl 2;1:1 exp(aln fis—ﬁln Dis+95) ’ (6)

where x;; is an indicator function that equals 1 if individual 7 is observed in city j. We
will estimate {a, 3,61, ...,0;} by maximizing this likelihood function.® Note that if any set
of parameters maximizes the likelihood function, then adding a constant to every 6; will
also maximize the likelihood function. That is, the absolute scales of {6,...,0;} are not
identified. In practice, we will set #; = 0 (for the city of Guangzhou) and interpret each of
the estimated 0; as the difference from 6 .

Given our focus on o and (3, we do not intend to estimate how observed city character-

istics in X affect 6; through functions g and h.” In this baseline specification, we dump

5The conditional logit approach is commonly used for the analysis of migration choice. See, for example,
Davies et al. (2001) and Poncet (2006), both of which use aggregate data for their empirical analysis. In
contrast, we use individual level data to estimate the model here.

"Conceptually, function g determines how various city characteristics enter an individuals utility function;
together with other parameters in the utility function, it determines how much this individual is willing to
pay for the city characteristics. Function h, in contrast, shows how much an individual has to pay for these
city characteristics. It reflects how much marginal local residents are willing to pay for the city characteristics



the effects of both observed and unobserved city characteristics into the city fixed effect. In
alternative specifications below, we will allow the preference for observed city characteristics

X to vary across individuals and take the differential effects out of the city fixed effect.

2.2 Alternative specifications of the model
2.2.1 Nonconstant disutility of migration distance

The distaste for migration distance () is not necessarily a constant. We shall allow it to
vary with distance or individual characteristics.

First, it is likely that the marginal disutility from long-distance migration will decline
eventually. For example, if a migrant is only 100 km away from home village, then moving
away for another 100 km may incur a substantial psychological cost. However, if the migrant
is already 2,000 km away, another 100 km perhaps means very little. We explore this

possibility by specifying 3 as a piecewise function:

B = B1lgr + Palge + B3lgs + Balga (7)

where 1gn,n € {1,2,3,4}, is an indicator function that equals 1 if D;; is in the nth quartile
of the distribution of migration distance. Substituting this function for 3 in the likelihood
function (equation (6)), we can estimate {«, 1, (2, 33, 84,01, ..,05} through maximum
likelihood.

Second, one might expect # (and thus WTPF;) to vary with individual characteristics
such as gender, age, education, and marital status. To explore this possibility, we explore an
alternative specification in which 3 is assumed to vary across individuals and is determined
in the following way:

Bi = bo + b1G; + baA; + b3 E; + by M; (8)

where G is individual ¢’s gender (=1 if male); A; is i’s age; F; is i’s years of schooling; and
M; indicates whether individual i is married. Again, substituting this function for § in the
likelihood function (equation (6)), we can estimate {«, bo, b1, b2, b3,bs,01,...,0;} through

maximum likelihood.

2.2.2 Differential preferences for observed city characteristics.

In addition to 3, the preferences for observed city characteristics may also vary with indi-
vidual characteristics. For example, younger migrants may have a stronger preference for
larger cities because such cities offer a wider range of life opportunities. Similarly, better

educated migrants may have a stronger preference for high-amenity cities. Specifically, we

(market demand for X) as well as the cost of maintaining such characteristics (supply of X).



assume that individual ¢’s utility from K different characteristics of city j is
K
Q=6+ [Clkz <G¢X]l-€> + cok (Ain) + c3k (Eszk> + cak (MzX]k)} (9)
k=1

where G;, A;, E;, and M; are the same as defined above, X]’.C is city j’s characteristic k, and
¢; is the average utility derived from all such characteristics of city j. Notice that when we
estimate the baseline model by maximizing the likelihood function given in equation (6), we
essentially assume cij = ... = ¢4 = 0 and let ¢; be captured by the city fixed effect ;. Here
we relax the first assumption but ¢; is still unidentifiable due to the inclusion of the city
fixed effects. Therefore, we estimate the parameters by maximizing the following likelihood

function

~ ~ K4
E . Hﬁ exp[alnIij—ﬁlnDij—i—(Qij—Ej)—i-Hj] ’
o | 2:5:1 exp[alnfl-sfﬁlnDiSJr(QiSfES)JrGS] )
where we substitute equation (9) for €;; and may replace 3 with the right-hand side of
equation (7) or (8), depending whether and how we allow the parameter 3 to vary. Although
we can estimate the parameters ¢y, ..., cq, for all k, they are not our focus; our main purpose

here is to gain a better understanding of how the distance coefficient § varies with distance

or individual characteristics.

2.2.3 Nested logit

The conditional-logit setup in the specifications above assumes the independence from irrel-
evant alternatives (ITA).® This might be violated given that some of the destination cities
in our data are physically close to each other and in the same region (e.g., Dongguan, Shen-
zhen, and Guangzhou in the Pearl River Delta region). So we try the nested logit as an
alternative specification.

Rewrite the log indirect utility as

K
InV;; = aln.fij — BInD;; + Z [Clk (G,X]k) + Cok (Ain> + C3k (ElX]k) + ¢4k (MZXjk)}
k=1
J
+ Z Oskij + vij
s=1
= \I/Z'jT + Vij (10)

8Let Pi; be the probability of individual i choosing city j. ITA means that P;;/P;; is independent of the
characteristics (and even the existence) of any city other than j and k.



where
\I’ij = (hlfij,—lIlDij,GZ'X]-I,AiX;,EiX;,MiX},...,GiXJK,AiX]K,EiXJK,MiXJK,IQ“,...,Iﬁ)iJ>

and T = (Oé, ﬁa €11, €21, €31, C41, ---C1K, C2K , C3K , C4AK , 613 ey 0])
Let N be the number of destination regions (“nests”) and B,, the set of destination cities
in region n. Following McFadden (1978), we now assume that v;; follows a generalized

extreme value (GEV) distribution with the cumulative density function

- [_ Ei\;l (ZjeBn e_m‘j/An),\n]

where the parameter \, is a measure of the degree of independence in unobserved utility

among the alternatives in nest n.? Then for any j € B,,, the probability of i choosing j is

An—1
exp(Wi; T/ M) [X s, exp(Wis T/An)]
Am
=1 [ ge B ©XP(¥ig T/ Am))]

Pr(iinj € By,) =

Therefore, T can be estimated through maximizing the likelihood function

I = H ﬁ IJ—V[ {exp(\I/ijT//\n)[zseBn exp(qjisT/)\n)]Anﬂ }Iﬂ'jn |

by
i j=1n=1 Cme1 [ X genm XP(¥ig T/ Am)]

The indicator function k;j, takes value one if i chooses city j and j is in region n, and zero

otherwise.

2.2.4 Mixed logit

Although we allow § to vary, we have imposed stringent functional-form restrictions on how
it varies. In this alternative specification, we treat the two key parameters, 0 and «, as
random variables across individuals. We assume that each follows a distribution but impose
nothing on how it varies across individuals. We estimate the distributions of 3 and « through
a mixed logit model.' We then use their mean values to calculate WT'P and the income
distance elasticity.

We again specify the indirect utility function as in equation (10), allowing for heteroge-

neous preferences for all city characteristics:

anij = \Ifij’f—i—vij. (11)

9As is well known, this nested logit model reduces to the standard logit model if A, = 1 V¥n (McFadden,
1978).

19The mixed logit model (aka random-coefficients logit) actually allows us to treat any set of parameters
in the utility function as random across individuals. However, assuming random preferences for other city
characteristics will necessarily change the city fixed effects specification. More specifically, because city
characteristics are all unique to each city, one has to drop some city fixed effects in order to add those city
characteristics; otherwise, there will be perfect colinearity.

10



The tilde on top of Y indicates that some coefficients are now random.

We assume:

(1) vij; follows an i.i.d. type I extreme value distribution; and

(ii) T has a density function f (T]A) , where A refer to the parameters of this distribution
such as the mean and covariance of T.1!

Then the probability of ¢ choosing j is

r(iing) = [ ZQXZ(XLPWT)) (T\A) dY.

Following standard practice, we will assume that the density f is normal or log-normal.
Given the high dimensionality of T, this probability generally cannot be solved analytically.
We thus approximate it through simulation (McFadden and Train, 2000; Train, 2009, ch.
6).

Given any value A, we will (i) randomly draw a value from f (T|A) and label it Y"

with the superscript indicating this as the rth draw; and (ii) evaluate the logit formula
exp(¥;; 1)

ST, exp(9.T) with this draw. Repeat (i) and (ii) R times and calculate the average

Bo exp(¥i; T7)
Pr(iinj) = 4 3%, Z"T(J\I’is?r)’
which is an unbiased estimator of the choice probability. A simulated log likelihood is then
defined as
xp(¥;; TT)
SLL Z Z K/Z] R Zr 1 ZJe pexp(j\I}HT”‘)
i j=1
where, again, x;; = 1 if ¢ chooses j and zero otherwise.
The value of A that maximizes this SLL is called a maximum simulated likelihood
estimator (MSLE). The estimate of A is then used to describe the distribution of T. We

need mean & and 3 to calculate WTP and the income distance elasticity.

'We may write T as the sum of its mean and a random deviation: Y = Y + or. Then the random-
coefficient indirect utility (equation 10) is InV;; = ¥,;; T + (¥;;0r + v;5). Note that the first term still has
constant coefficients Y. We may consider the whole second part (¥U;;0y +v;;) as the stochastic component of
the utility. Thus we can also derive the random-coefficient model by imposing conditions on the error term
of a constant-coefficient model. More specifically, consider the indirect utility function In Vj; = ¥4; T + p5,
where T is constant. Let us assume the error term has two components: p;; = ¥U;50y + v;;. The first part
is random, governed by a density function f (T|A), and the second part follows an i.i.d. type I extreme
value distribution. Then we have a model exactly the same as the random-coefficient logit. Indeed, it is
well-known that the random-coefficient and error-component specifications of the mixed logit model are
equivalent (Train, 2009, ch. 6). From the error-component interpretation, we immediately recognize that
this mixed logit does not requires the ITA assumed by the standard logit model. In fact, mixed logit can
approximate any substitution pattern among alternatives (McFadden and Train, 2000).

11



3 Data and Key Variables

For empirical analysis, we use a unique survey database on Rural-Urban Migration in China
(RUMIC). As part of a large research project, the database is being constructed by a team of
researchers from Australia, China, and Indonesia. They secured funding from various sources
to conduct a five-year longitudinal survey in China and Indonesia, 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 migrant families, and the assimilation of
migrant workers into the city.

We use the first wave of the survey data, for which the survey was conducted in 2008
and the data became available in 2009. In China, three representative samples of households
were surveyed, including a sample of 8,000 rural households, a sample of 5,000 rural-urban
migrant households, and a sample of 5,000 urban households. In this paper, our empirical
analyses use information mainly from the migrant sample. Since the migrants all came from
rural areas, 99.4 percent of them have a rural hukou, although they currently live in cities.

The migrants surveyed were randomly chosen from 15 cities that are the top rural-urban
migration destinations in China.'? Eight of these cities are in coastal regions (Shanghai,
Nanjing, Wuxi, Hangzhou, Ningbo, Guangzhou, Shenzhen, and Dongguan); five of them
are in central inland regions (Zhengzhou, Luoyang, Hefei, Bengbu, and Wuhan); and two of
them are in the west (Chengdu and Chongqing).

Figure (3) shows a map of China and highlights the 15 cities where the migrant survey
was conducted. It is important to note that these cities are scattered over different regions
in China. This implies that for a typical migrant in our database, the migration distance
to different destinations varies substantially. This large variation in migration distance,
together with the already mentioned variation in monthly earnings across cities, is crucial
for us to precisely estimate the income distance tradeoft.

Although our analysis in this paper focuses on household heads, the migrant survey actu-
ally collected information about every household member. It asked detailed questions about
the respondent’s personal characteristics, educational background, employment situation,
health status, children’s education, social and family relationship, major life events, income
and expenditure, housing and living conditions, etc. The resultant database contains more
than 700 variables. In terms of basic information of a household member, we know the per-
son’s age, gender, education level, current address, home address before migration, etc. For
information regarding employment experience, we know whether the person is self-employed
or a wage worker, occupation, monthly income, how he/she found the current job, what was
his/her first job, how he/she found the first job, etc.

Before implementing the maximum likelihood estimation, we need to calculate the dis-

12 A sampling procedure was very carefully designed to ensure that migrants in the database consti-
tuted a representative sample of all the migrants in the 15 cities. See the RUMiCI Project’s homepage
(http://rumici.anu.edu.au/joomla/) for detailed documentation of the sampling method.

12



Figure 1: The Top Fifteen Destination Cities in China Where Rural-Urban Migrants Were
Surveyed
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Source: The Rural-Urban Migration in China and Indonesia Project Website

(http://rumici.anu.edu.au/joomla/index.php?option=com _content&task=view&id=49&Itemid=52),
with modifications. The rural-urban migrants are surveyed in the 15 cities that are highlighted
with blue rectangles. Urban households are surveyed in all the 18 cities on this map.
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tance from each individual ¢’s home village to every city j (D;;). We also need the predicted
income for each individual ¢ in each city j (In fij), which is not directly observed in the data.

For every migrant household head, the survey has asked about his or her home address.
This field of information is recorded in Chinese, which appears to have many errors because
the character-based language has different intonations and is prone to spelling errors. We
first clean the home address information down to the home county level. Using an on-
line data source, we find the latitude-longitude coordinate for each home county and each
destination city.'> We then use the Haversine formula to calculate the “great-circle distance”
(on the surface of earth) from the home county to each city.™

In theory, physical, cultural, and social distances perhaps all matter in one’s migration
decision. Here we use the physical distance only and assume that other relevant distances
are highly correlated with physical distance. Even for physical distance, one might argue
that railway or highway distance is more relevant. However, such information at the county
level is difficult to obtain and changes almost daily because China has been continuously
upgrading its transportation infrastructure. We therefore use the “great-circle distance” as
a proxy.

To generate In fij, we run a series of city-specific regressions of income on individual
characteristics. We use these estimates to predict In flj A simple OLS regression for each
city is likely to produce biased estimates because of sorting across cities. We follow a semi-
parametric approach to correct the potential selection biases. The methodology is developed
by Dahl (2002) and used by Bayer et al. (2009).'?

Consider the following model

Inlij = Ziv; + i

'3 The online data source is http://ngcc.sbsm.gov.cn/Mapquery/default.aspx, the website of the National
Geomatics Center of China.

YLet (lat;,long;) and (laty,longy) be the latitude-longitude coordinates of two locations j and k. Then
the shortest distance between j and k over the earth’s surface, d, can be calculated using the Haversine
formula (Sinnott, 1984):

Alat = laty —lat;
Along = long, — long;

{Sin (A;at)} : + cos (lat;) - cos (laty) - [sin (%)} ’

c = 2-atan2(\/&,\/1—a)
d = R-c

a

where R is the earth’s radius (with a mean value of 6,371 km). Note that angles need to be in radians.

15Tt has long been recognized that there is a problem of self-selection when estimating income for migrants.
See, for example, Nakosteen and Zimmer (1980), Robinson and Tomes (1982), and Falaris (1987). Falaris
actually considers self-selection in a multiple choice migration model, a situation similar to ours. He uses an
estimator proposed by Lee (1983). We decide to use the more recent semi-parametric approach developed by
Dahl (2002), because Monte Carlo simulations suggest that Dahl’s method is preferred to Lee’s (Bourguignon
et al., 2007).

14



where In [;; is log income for individual 7 in city j; Z; is a vector of individual characteristics;
and p;; is the error term. Further assume that In I;; is observed if and only if individual i
chooses city j among a total of J alternatives, which happens when a latent variable (e.g.,
utility) is maximized in j.

Dahl (2002) shows that one can obtain a consistent estimate of v; by the regression
Inlij = Zivj + ¢ (P, ..., Piy) + e

where Pj; is the probability of ¢ choosing j and % (-) is an unknown function that gives
the conditional mean F (u;k|-). Dahl (2002) introduces an “index sufficiency assumption,”
assuming that the probability of the first-best choice is the only information needed for
the estimation of the conditional mean. This dramatically reduces the dimension of the

correction function 1 and the above estimation equation becomes
Inlij = Zivj + 0 (Pij) + ey

Since i has indeed chosen city j, Dahl (2002) proposes to estimate Pj; nonparametrically
based on actual migration flows. The unknown function 1 can be approximated by polyno-
mial or Fourier series expansions.

Following this approach, for each destination city j, we use the information about all
the individuals who migrated to this city to estimate an equation for log income. Our goal
is to predict each migrant’s income in city j, regardless where she actually migrated.

The key to implementing Dahl’s method is to nonparametrically estimate the probability
of each individual migrating to her city. We first divide all the individuals into different “cells”
based on home province and education level. We identify the top eight home provinces in
our data and lump the rest of the provinces into an “other home provinces” category.'¢
Within each of the nine home-province groups, individuals are further divided into a “high-
education” group (with more than 9 years of schooling) and a “low-education” group (with
no more than 9 years of schooling). Thus we have put all the individuals into 18 different
cells.!” For each individual i in city j, we find the cell she belongs to. The estimated
probability of ¢ choosing j, Ej, is simply calculated as the proportion of all the individuals
in that cell who migrated to city j.

For each city j, we regress log income on a vector of individual characteristics and a

161t is not entirely arbitrary to choose the cutoff at the eighth largest home province. These eight provinces
actually cover all of the destination cities except Shanghai. Shanghai itself is a province-level jurisdiction.
However, only three migrants come from rural areas in Shanghai. The group is too small to be treated as a
separate one.

"There is a tradeoff between having more cells and the precision of estimated migration probability.
Because each individual can choose among 15 different destination cities, we need a reasonably large number
of individuals in each cell in order to have a good estimate of the probability. For this reason, we cannot
divide our sample into too many cells.
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second degree polynomial of ]%-j:
. .\ 2
In Iy = Zi7; + b Py + byz (Py) + 5

Included in Z; are age, age squared, gender, years of schooling, marital status, self-employment
status, and a constant.'® This regression only uses the information on migrants in city j.
We then use 9; to predict In fmj for every individual m in our sample. Note that we add
Pij and its square term to the regression only for estimating an unbiased 4;; we do not need
them when predicting income.

Finally, we have also collected information on destination city characteristics from the
Urban Statistical Yearbook of China.'® We construct nine variables at the city level, in-
cluding population size, per capita GDP, five-year average unemployment rate, per capita
elementary schools, per capita hospital beds, per capita public buses, per capita paved road
area, per capita green area (lawn, flower beds, etc.), and per capita air pollutants emitted
by industries. We will include these variables in some of our empirical specifications to allow

for differential preferences for observed city characteristics.

4 Empirical Results

We present empirical results in this section.

4.1 Descriptive statistics

Our analysis uses the data on 5,000 rural-urban migrant households in China. We focus on
the household heads only. Dropping those younger than 20 and older than 60, we end up
with 4,434 migrants, for which we present some descriptive statistics in Table 2.
Seventy-one percent of these migrants are male; 61 percent of them are married. The
average person is 32 years old, has 9.3 years of education, and makes 1,759 yuan a month.
The average log migration distance is 5.364; this distance has a wide range from 1.557 (4.75
km) to 8.309 (4,061 km). Fifty-five percent of these migrants are from the local province.
The average migrant first moved to a city 8.5 years ago. Note that this does not mean
that the person has lived and worked in the city for all these years. There might be some
time in between when the migrant returned to the home village for some reason and then
migrated out again later. It is also important to note that migrants do not necessarily settle
down after migration. Indeed, a quarter of the migrants in the sample are currently not in
their first migration destination provinces. That is, a migrant might first migrate to province

A, but later found a better job opportunity in province B and thus moved to B. Similarly,

18 A polynomial function also has a constant, but we cannot include it in the regression because of this
constant in Z;. It is impossible to separately identify both of them.

19We mainly use the 2008 edition of the yearbook, which reports information from 2007. For unemployment
rates, we also use four earlier editions so that we can calculate a five-year average.
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Table 2: Descriptive statistics for migrant household heads

Mean ‘ Std. Dev. Minimum Maximum
Male 0.709 0.454 0 1
Age 31.80 9.46 20 60
Years of schooling 9.26 2.45 1 20
Married 0.605 0.489 0 1
Monthly earnings 1,758.67 2,508.09 0 99,998
Log migration distance 5.364 1.153 1.557 8.309
From local province 0.554 0.497 0 1
Yeal.rs since first migrated out 8.49 6.47 0 45
of village
Still in first destination 0.747 0.435 0 1
province
Still in first job in urban 0.398 0.490 0 1
sectors

Statistics in this table are based on a sample of 4,434 migrant household heads between 20 and 60 years old.

many of these migrants also moved from one job to another; 60 percent of them are currently
not in their first jobs in urban sectors. This indicates that migrants indeed reoptimize as
new information or opportunities come up over time, which is important because we model

them as utility maximizers.

4.2 Regression results

We start with the baseline specification that only includes log income, log distance, and
city fixed effects. The results are in column (1) of Table (3). The coefficient is 1.05 for log
income and 2.09 for (negative) log distance, both are statistically significant at very high
levels of confidence. The estimated g is 1.99, which is also highly significant. This estimate
implies that income has to increase by 20 percent to induce the average migrant to move 10
percent further away from home, which seems to be very high.

Although our focus is not on the city fixed effects, it is important to check whether their
values make sense. Our reference city is Guangzhou, the third largest city in China and
the main manufacturing hub in southern China. All city fixed effects are negative; they are
all statistically significant except for Shanghai and Shenzhen. That is, if not for income
and distance reasons, most other cities are less attractive to migrants than Guangzhou.
The difference is the largest for Bengbu, Luoyang, and Chongqing, all inland cities in less
developed regions. All of these seem to make sense. We examine the simple correlation
between the city fixed effects and city characteristics. We find that the fixed effects are
positively correlated with population size, per capita GDP, per capita elementary schools,
per capita hospital beds, per capita public buses, per capita paved road area, per capita
green area, and that they are negatively correlated with five-year average unemployment

rate and per capita air pollutants emitted. These are all exactly as expected.
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Table 3: Regression results

1) (2) (3)
Variable | coefficient name Conditional Conditional Conditional
Log income | 1.050 1.055 1.093
g income | « (0.151) (0.151) (0.154)
_ 2.091 2.093
—Log distance | 5 or by (0.034) (0.156)
~Log distance*1¢g; | £1 ((2)84812)
~Log distance*1¢gs | (2 ((2)(1)4113?)
~Log distance*1¢g3 | (3 ((2)(1)23)
—Log distance*1g4 | G4 ((Q)ng)
~Log distance*male | by (_8()15252)
—Log distance*age | by (8882)
~Log distance*education | bs (_8 (?10(?)
—Log distance*married | by (88;‘12)
City fixed effects Yes Yes Yes
Log likelihood -6,699.71 -6,689.46 -6,693.60
Number of observations 99,820 59,820 59,820
1.979
(0.286) Female:
2.005 1.991
Post-regression estimation of 1.992 (0.289) (0.280)
5 (0.288) 1.992 Male:
(0.287) 1.879
1.954 (0.264)
(0.281)

Standard errors are in parentheses. There are 4,434 migrant household heads between 20 and 60 years old,
but 446 of which are not used in these regressions due to missing variables. The number of observations
equals the number of migrants (3,988) multiplied by the number of destination cities (15). For specification

B

(2), o is calculated separately for the four different quartiles of migration distance.
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In column (2) of Table (3), we estimate different values of  for different quartiles of
migration distance. They are more or less the same, ranging from 2.06 to 2.12. Because
these parameters are so precisely estimated, it turns out that 2.06 is statistically significantly
different from 2.12. However, the size of the difference is so small that it has little economic
significance. At the bottom of column (2), we also report the estimated g for different
quartiles. They are all close to 2. Therefore, it appears that the income-distance elasticity
changes very little with distance, which is somewhat surprising.

In column (3) of Table (3), we allow [ to vary with individual characteristics by adding
the interactions between log distance and individual characteristics. Only being male is
associated with a significantly lower 3. Other individual characteristics, including age,
education, and marital status, do not affect the coefficient of log distance. The estimated
g is 1.99 for female migrants, in contrast to 1.88 for male migrants. In other words, it
is relatively easier to induce male migrants to move further away from home than female
migrants.

In Table (4), we present results from three specifications parallel to those in Table (3);
the only difference is that now we allow for differential preferences over all observed city
characteristics. More specifically, we add interactions between individual and city charac-
teristics into the regression. We have four individual characteristics including gender, age,
education, and marital status; we have nine city characteristics including population size,
per capita GDP, five-year average unemployment rate, per capita elementary schools, per
capita hospital beds, per capita public buses, per capita paved road area, per capita green
area, and per capita air pollutants emitted. In total, there are 36 interaction terms added
to the regression.

Comparing the results in Table (4) and (3), we see that the biggest difference is the
coefficient of log income. It is now much higher: 1.4 as opposed to the earlier estimates that
are all below 1.1. The coefficient of log distance is still close to 2. Therefore, the estimated
g is lower now at about 1.5. That is, to induce a migrant to move 10 percent further away
from home, the income needs to increase by 15 percent. Similar to the results in Table (3),
this elasticity varies only slightly across different quartiles of migration distance, ranging
from 1.48 to 1.52. We again find a significant difference between male and female migrants:
whereas this elasticity is 1.57 for females, it is 1.45 for males.

We have again examined the simple correlation between the city fixed effects and city
characteristics. Same as before, migrants appear to like cities with larger population, higher
GDP, and better infrastructure and public facilities; they dislike cities with higher unem-
ployment rates or severe air pollution. Although not presented in Table (4), some of the
results regarding the interaction terms are interesting to note. For example, female migrants
like larger cities, greener cities, and cities with lower air pollution more than male migrants;
male migrants prefer cities with more paved roads and more public buses more than female

migrants. Compared to less educated migrants, more educated ones dislike unemployment
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Table 4: Regression results

(1) (2) (3)
Variable | coefficient name Conditional Conditional Conditional
Logit Logit Logit
Lo a 1.391 1.396 1.414
og income (0.176) (0.176) (0.177)
_ 2.101 2.123
~Log distance | 3 or by (0.035) (0.209)
2.087
— 1 *
Log distance*1¢g:| 51 (0.047)
2.117
— 1 *
Log distance*1g2 | (2 (0.042)
2.103
— 1 *
Log distance*1gs | 33 (0.039)
2.068
— 1 *
Log distance*1ga | (4 (0.038)
-0.165
— 1 *
Log distance*male | b; (0.075)
0.002
— 1 *
Log distance*age | by (0.005)
0.002
— 1 * 1
Log distance*education | bs (0.014)
0.020
_ 1 * i
Log distance*married | by (0.086)
Dlﬁerentlal pr.efe.rences for Yes Yes Yes
city characteristics
City fixed effects Yes Yes Yes
Log likelihood -6,578.29 -6,569.34 -6,575.70
Number of observations 59,820 59,820 59,820
1.494
(0.190) Female:
1.516 1.571
Post-regression estimation of 1.511 (0.192) (0.196)
g (0.192) 1.506 Male:
(0.191) 1.454
1.481 (0.182)
(0.187)

Standard errors are in parentheses. In each specification, the interactions of individual and city characteristics
are included to allow for differential preferences. There are four individual characteristics (gender, age,
education, and marital status), nine city characteristics (population, per capita GDP, 5-year unemployment
rate, per capita elementary schools, per capita hospital beds, per capita public buses, per capita paved
road area, per capita green area, per capita air pollutants), and therefore a total of 36 interactions. There
are 4,434 migrant household heads between 20 and 60 years old, but 446 of which are not used in these
regressions due to missing variables. The number of observations equalsﬁthe number of migrants (3,988)

multiplied by the number of destination cities (15). For specification (2),  is calculated separately for the

four different quartiles of migration distance.
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more and care less about per capita GDP or elementary schools. Older migrants also care
less about elementary schools, perhaps because they do not have school-aged children any
more.

In Table (5), we present results from nested logit regressions. In China, Pearl River
Delta and Yangtze River Delta are the two leading commercial and manufacturing regions;
they have their distinctive identities because of their economic prosperity in the post-reform
era. For this reason, we lump all the cities in the Pearl River Delta region into one group
(including Guangzhou, Dongguan, and Shenzhen), cities in the Yangtze River Delta region
into the second group (including Shanghai, Nanjing, Wuxi, Hangzhou, and Ningbo), and
all other cities into the third group. We are assuming that migrants first decide whether to
migrate to the Pearl River Delta region, the Yangtze River Delta region, or the rest of the
country; they will then choose a destination city among those within a region. We again
allow the distance parameter to vary with migration distance or individual characteristics
in two separate specifications. In all regressions, we include city fixed effects and control for
differential preferences over observed city characteristics.

For all three nested-logit specifications, we test for ITA. In each case, it is rejected. That
is, the ITA assumption in the conditional logit regressions is very unlikely to hold. However,
the alternative nested logit specification has very limited effects on our key estimates. The
estimated g is still close to 1.5. It does not vary much across different distance quartiles.
Gender of the migrants still makes a difference: Whereas the ratio is 1.63 for females, it
is 1.49 for male migrants. Therefore, although these nested logit models seem to be more
reasonable than conditional logit models, they do not change any of our major findings.

Finally, in Table (6), we report regression results from mixed logit models. The two
key parameters, o and [, are assumed to be independently normal in column (1) and
independently log normal in column (2). The log normal assumption perhaps makes more
sense because we expect both a and 8 to be positive. Under both specifications, we assume
that other parameters are fixed. The estimated mean values of o and ( are similar from
these two specifications; they are slightly larger under the log normal specification. The
estimated ratio g (based on their mean values) is close to 1.5 in both cases, which is similar
to what we obtained from conditional and nested logit models.

Overall, we find our results are robust to alternative specifications. As long as we allow
for differential preferences for observed city characteristics, the estimated g is always close
to 1.5. Results from several specifications indicate that this elasticity is lower for male than
female migrants.

To give these results some concrete meaning, we do the following exercise. Let’s assume
that we want to induce every migrant to move 10 percent further away from home, which
for the average migrant is 38 km further away. This requires a 15.71 percent increase in
earnings for a female migrant or a 14.54 percent increase for a male migrant (based on results

in column (3) of Table (4)). In monetary terms, it means that the monthly earnings for the
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Table 5: Regression results

. . (1) (2) (3)
Variable | coefficient name Nested Logit Nested Logit Nested Logit
Log income | « 127l o i

8 (0.179) (0.186) (0.179)
_ 1.989 1.963
—Log distance | 5 or by (0.054) (0.207)
~Log distance*1¢g; | f1 ((2)8(7)(13)
~Log distance*1¢gs | (2 (?)822)
—Log distance*1¢g3 | (3 ((2)8291)
~Log distance*1gy | f4 ((1)?)2?)
—Log distance*male | by (_801%)
—Log distance*age | by (888?)
—Log distance*education | bs (882;1)
—Log distance*married | by (_(g)(());j)
Differential preferences for Yes Yes Yes
city characteristics
City fixed effects Yes Yes Yes
Log likelihood -6,551.78 -6,542.64 -6,548.39
p-value of LR test for ITA 0.000 0.000 0.000
(A =1) | ' '
Number of observations 99,820 59,820 59,820
1.520
(0.207) Female:
1.547 1.633
Post-regression estimation of 1.565 (0.210) (0.226)
8 (0.214) 1.530 Male:
(0.208) 1.493
1.511 (0.207)
(0.206)

Standard errors are in parentheses. We specify the nested logit model with three nests: (1) the Pearl River
Delta region, including Guangzhou, Dongguan, and Shenzhen; (2) the Yangtze River Delta region, including
Shanghai, Nanjing, Wuxi, Hangzhou, and Ningbo; (3) the rest of the country, including Zhengzhou, Luoyang,
Hefei, Bengbu, Wuhan, Chongqing, and Chengdu. In each specification, 36 interactions of individual and
city characteristics are included to allow for differential preferences (see the notes under Table (4) for more
detailed explanation). There are 4,434 migrant household heads between 20 and 60 years old, but 446 of

which are not used in these regressions due to missing variables. The number of observations equals the

number of migrants (3,988) multiplied by the number of destination cities (15). For specification (2),

calculated separately for the four different quartiles of migration distance.
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Table 6: Regression results

Y :
. . Mixed Logit Mixed Logit
Variable | coefficient name Independentlygnormal Independently logg normal
a, B o,
Mean: Mean:
1.620 1.724
Log income | a (0.216) (0.222)
Standard deviation: Standard deviation:
1.201 1.920
(0.412) (0.495)
Mean: Mean:
2.484 2.580
. (0.060) (0.079)
~Log distance | 3 Standard deviation: Standard deviation:
0.919 1.162
(0.070) (0.130)
Dlﬁerentlal pr'ef('erences for Yes Yes
city characteristics
City fixed effects Yes Yes
Log likelihood -6,520.13 -6,522.63
Number of observations 59,820 59,820
Post-regression estimation of 1.533 1.497
s (0.202) (0.192)

teristics are included to allow for differential preferences (see the notes under Table (4) for more detailed
explanation). There are 4,434 migrant household heads between 20 and 60 years old, but 446 of which are
not used in these regressions due to missing variables. The number of observations equals the number of
migrants (3,988) multiplied by the number of destination cities (15). These mixed logit models are esti-
mated using the Stata module MIXLOGIT. It is created by the economist Arne Risa Hole (available at

http: //www.sheffield.ac.uk/economics/people/hole/stata.html).
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average migrant need to increase by 261 yuan. For labor intensive industries, there is clearly

a great deal to gain by moving closer to rural regions with a large amount of surplus labor.

4.3 Further discussion

One wonders why rural-urban migrants in China are willing to forgo so much income in
order to stay closer to home.

The very first question one might ask is whether this willingness to pay reflects a higher
pecuniary cost associated with long-distance moves. Note that in our theoretical model,
we have completely ignored any monetary moving expenses, so part or all of such expenses
might be captured by the distance coefficient. However, upon closer examination, we find
that moving expenses in China are simply too low to be able to explain even a small part
of these migrants’ willingness to pay. A concrete example helps put this into perspective.
Consider a trip from Wuhan to Guangzhou by express train. The total distance is 1,069 km
and the ticket price for a “hard seat” is only 140 yuan.?® That is, on average it only costs
4.98 yuan to travel 38 km, which is close to zero compared to the 261 yuan a month the
average migrant is willing to pay.

A second potential explanation is the lack of information about job openings in faraway
cities. This could explain why long-distance migration flows are smaller than short-distance
ones. However, it itself does not explain why long-distance moves are generally associated
with higher earnings as shown in the data. Also, if the the lack of information is the reason
for a high income-distance elasticity, then firms should have incentive to advertise jobs in
regions with surplus labor instead of moving to those regions.?!

Yet another possible explanation is that the willingness to pay for staying closer to home
is really a willingness to pay for larger social networks. It is quite possible that in a city
closer to one’s home, a migrant tends to find many other migrants from the same rural area.
The proximity of their origin villages naturally forms a close bound among these migrants;
they tend to provide physical, psychological, or even financial support to one another. In
a city far away from one’s home, it is difficult for a migrant to find a similar supporting
network. For this reason, a migrant would appear to give up some income in order to stay
close to home.?? Empirically, it is rather challenging to isolate this social-network effect
from the pure migration-distance effect, a topic better left for future research.

Our own interpretation is that this high income-distance elasticity is a result of the

particular institutional context of rural-urban migration in China. Under the household

20Source of this information: http://open.baidu.com/train/search. It is the ticket price as of March 10,
2011; the price might be even lower in 2008 when our survey data were collected.

2! As argued by Schwartz (1973), if the negative effect of distance on migration destination choices is really
an information effect, then we would expect it to decrease (in absolute value) with education. However, we
find that education does not matter, which also suggests that the lack of information in remote regions does
not explain this income-distance tradeoff.

220f course this explanation assumes that earlier migrants tended to end up in nearby cities, which itself
needs an explanation. Otherwise it is simply a circular argument.
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responsibility system, all these migrant workers with rural hukou have access to some farm
land in their home villages, which is a fallback place in case jobs in urban sector are not
easily available (Yang, 1997; de la Rupelle et al., 2009). In addition, there are other benefits
tied to their rural hukou, which most of the migrant workers do not want to give up; and in
order to keep such benefits, they may have to return immediately upon request from local
authorities at their home villages. Due to the hukou system and other policy uncertainties,
rural-urban migrants tend to consider their moves temporary. As a result, many of them
have left their parents and children behind in home villages and thus they need to stay close

*4%] All these suggest

in case any emergency occurs. [***Further elaboration needed here.
that an overhaul of the hukou system is the key to releasing rural-urban migrants from the

strong hold of their home villages.

5 Conclusion

There has been a massive migration of population from rural to urban areas in China during
the past three decades. We draw attention to the fact that rural-urban migrants in China
prefer to live and work in cities close to their home villages, a tendency that helps explain
some important rural-urban migration patterns in China. In this paper, we attempt to
quantify the amount of income these migrants give up by staying close to home.

We build a simple model in which migrants from rural areas choose among potential
destination cities to maximize utility. The distance between a destination city and the
individual’s home village is explicitly included in the utility function. Using some recent
survey data, we first estimate an individual’s expected income in each potential destination
city by a semi-parametric method, controlling for potential self-selection biases. We then
estimate the indirect utility function for rural-urban migrants in China. Our findings suggest
that to induce an individual to migrate 10 percent further away from home, the wage paid
to this migrant has to increase by 15 percent. This elasticity varies very little with distance;
it is slightly higher for female than male migrants; it is not affected by the migrant’s age,
education, or marital status.

It remains unclear why rural-urban migrants in China so strongly prefer to stay close
to home. We suspect that it has very much to do with the specific institutional context in
China. Pinning down the exact reason behind this income-distance tradeoff is important. It
not only helps us better understand the rural-urban migration patterns in China, but also

has implications for urbanization policies in the country. We leave it for future work.
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