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Abstract
This paper quantitatively studies the local welfare impacts of inter-city migration
in China. We structurally estimate a trade model with endogenous migration decisions
using data from 279 prefecture-level cities. The results suggest that inflows of migrant
workers increase welfare in the destination cities between 2000 and 2005 despite their
negative impacts on congestion and nominal wage. The positive local impacts of migration crucially depend on endogenous firm entry. Once the number of firms is fixed,
inflows of workers will instead lower the welfare in the destination cities.
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Introduction

Over the past several decades, China has witnessed the largest wave of migration in history.
Following the easing of restrictions on household registration (Hukou) in the post-Mao era, an
estimated 340 million individuals (Chan, 2011) — roughly the entire population of the U.S.
— have traveled thousands of miles away from their hometowns in search for a better life.
Migration at this scale is bound to stir up debates on migration policy, and at the center of
the controversy lies the critical question of local impacts: will the residents in the destination
cities benefit from the influx of migrants? Local impacts matter because if the residents at
the receiving cities suffer from immigration, then further reforms on labor mobility will be
politically much less viable despite the gains at the national level. Unfortunately, the local
impacts of immigration are often unclear. On the one hand, migrants might bring prosperity
to their new homes as they introduce fresh entrepreneurial ideas and increase labor supply.
On the other hand, however, migrants also compete with the locals for jobs, contribute to
congestion, and push up the housing prices. In this paper, we study the local impacts of
migration through the lens of a general equilibrium framework. We quantitatively show that
the benefits of migrants outweigh the detriments in the destination cities, and thus further
liberations of migration barriers in China will improve not only the aggregate productivity
but also the local welfare in the receiving cities.
To analyze the local impacts of migration, we introduce endogenous migration decisions
into a quantitative trade model along the lines of Melitz (2003), Eaton et al. (2011), and
di Giovanni and Levchenko (2012). In our model, individuals choose locations depending
on real wage and congestion dis-utility, origin-destination specific migration barriers, and
idiosyncratic preferences. The real wage and congestion dis-utility in each city, in turn, is
determined jointly with the population distribution across cities in the spatial equilibrium.
The inflows of workers affect local welfare in both directions. Migrants drive down the local
welfare by depressing wage rate and raising congestion dis-utility; at the same time, they
also contribute to local welfare by reducing the price level in the local goods market, as they
dampen the production costs and induce more firm entries. Moreover, the local impacts in
each city further depend on the migration flows into and out of their neighboring cities as
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well through inter-city trade. In the end, the local impacts of migration remain a question
to be answered by the data.
We quantify the model to 279 prefecture-level cities in China in two steps. In the first
step, we digitize the road, railway, and waterway atlas from the Sino Map Press and estimate
the geographic frictions in moving goods and people across the country following Allen and
Arkolakis (2014). Conditional on the estimated geographic costs, we then jointly estimate
the other parameters using Simulated Methods of Moments (SMM) in the second step. The
parameters governing migration frictions and congestion disutilities are identified by the data
moments related to the bilateral migration flow matrix between 2000 and 2005, such as the
city-specific inflow, outflow, and stay rates. The parameters related to firm entry costs and
internal trade costs are identified by the variations in the number of firms across cities and
the volume of inter-city trade. We bootstrap the standard errors and show that the data
moments can tightly pin down the parameters in our model. In the end, our estimation
successfully captures both the targeted moments and several untargeted features in the data
as well, such as the GDP distribution across cities.
Our main finding is that the local impacts of migration are positive, and all the destination
cities benefit from the population inflow. This result comes from the comparative statics
between two spatial equilibrium in 2000 and 2005. Our benchmark estimation captured
the condition of the Chinese economy in 2005 and the bilateral migration flows between
2000 and 2005. To counterfactually simulate the spatial equilibrium in 2000, we increase
the migration frictions to revert the bilateral migration flows and thus exactly recover the
population distribution in the year 2000. In both the data and our simulation, individuals
migrate from the small and inland cities to the large and coastal cities, leading to a more
concentrated population distribution across space. Over the five-year span, 40 out of 279
cities received net population inflows that are equal to 9.1 percent of their initial population.
The influx of migrants has led to a 4.4 percent increase in real income among the 40 cities.
At the same time, migrants also result in higher congestion disutilities that partially offset
the gain in real wage; the welfare in these cities increases by 3.7 percent after considering
congestion disutility, suggesting the additional congestion costs account for 1 − 3.7/4.4 ≈ 16
percent of the gain in the real wage.
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The key mechanism behind the positive local impacts is firm entry and exit. The number
of firms in each city is endogenously determined by the free entry and exit condition and is
responsive to migration flows in our model. The inflows of workers 1) lower the wage rates
and at the same time, 2) increase the demand in the local goods markets. The two forces
both work to increase the expected profits of potential entrants and lead to more firms and
varieties in the local market, which is a mechanism commonly found in trade models following
Krugman (1980). Residents in the destination cities, in turn, benefit from more varieties at
lower prices. In our analysis, the extensive margin of firm entry quantitatively dominates
all the negative impacts, leading to positive local impacts. The mechanism of firm entry is
also the fundamental difference between our model and the model in Tombe and Zhu (2017).
Using an Eaton-Kortum model without the extensive margin, Tombe and Zhu (2017) find
negative relationship between population inflow and real wage, the opposite of our finding.
To compare our results, we simulate another counter-factual in which we exogenously fix
the number of firms in each city. The local impacts of migration turn negative and the
population inflows instead lower the real wage and welfare in the destination cities in the
“no entry/exit” simulation, indicating that the extensive margin of firm entry is the driving
force behind our differences. To empirically examine the relationship between the inflow
rate, the per capita GDP, and the number of firms in the data, we construct model-based
instrument variable for city-specific inflow rates in the data using counter-factual simulations
following Allen et al. (2014). We find that consistent with our quantitative results, cities that
received net population inflow indeed enjoy both higher per capita GDP and the number of
firms in the data.
After evaluating the local impacts of the existing migration flows, we focus on the largest
cities and evaluate the implications of the city-specific migration barriers. We first show
that the most populous cities indeed enact additional migration barriers as compared to the
national average. The barrier into Shanghai is 22 percent higher than the national average,
followed by Guangzhou (12 percent) and Beijing (6 percent). The migration barriers result
in a 0.7 to 3.6 percent loss in the national welfare. In the case of Beijing and Guangzhou,
removing the barriers also lead to 7.4 to 18.9 percent gain in local welfare. However, in
Shanghai, the largest city in China, completely removing the barriers might not be desirable,
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as it will attract as much as 6 million additional migrants into the city. The resulting surge
in the congestion disutility dominates the gain in the real wage, leading to a 6.9 percent loss
in the local welfare of Shanghai. The diverging impacts of migration barriers at the national
and the local level highlight the political difficulties of further reforms on labor mobility.
Lastly, we show that inter-city migration amplifies the welfare gains from international
trade. We counter-factually simulate the model with a 10-percent reduction in international
trade barriers. The trade liberalization leads to a 20.0 percent increase in aggregate income
and induces 7 percent of the entire population to migrate, mainly from inland to coastal
cities. The gains from trade are 147 percent higher than that without internal migration.
Migration amplifies gains from trade through local wage rates. Without migration, the
increased labor demand in the coastal cities following liberalization quickly pushes up the
local wage rates, which throttles firm growth in the local markets. With migration, the
inflows of workers dampen the wage rates in the coastal cities, which enable further growth
of the local firms and lead to higher gains from trade at the aggregate level. Our results add
to the recent works on gains from trade following the work of Arkolakis et al. (2012). We
show that allowing for factor movements across space can amplify the gains from trade by a
wide margin beyond what is often captured by the overall openness.
Our paper is closely related to the literature on the internal migration in China. Tombe
and Zhu (2017) study the impact of migration on aggregate productivity. Fan (2015) studies
the effects of international trade on skill premium and inter-city migration. Our paper
instead focuses on the local impacts of migration in the destination cities. To better answer
the question of local impacts, we deviate from the existing works in the modeling choices.
Both Tombe and Zhu (2017) and Fan (2015) build on an Eaton-Kortum trade model which
does not allow for firm entry and exit; we instead start with a Melitz framework that allows
for such a channel. We also show that the extensive margin delivers a strikingly different
quantitative result as compared to the literature. With endogenous firm entry and exit, we
find that all the destination cities benefit from inflows of workers. Once we shut down the
extensive margin, our results revert back to those in Tombe and Zhu (2017) that destination
regions suffer from immigration.1 To this end, our paper highlights the overlooked extensive
1

Fan (2015) studies the immigration as a result of trade liberalization, not the reduction in migration
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margin in studying the local welfare impacts of migration.
Our second major difference from the literature is the introduction of geography. Tombe
and Zhu (2017) focus on the province-level analysis and thus do not introduce transportation
network into their model. Fan (2015) uses city-to-city distance as a proxy to measure the
migration costs. We are the first to bring comprehensive Chinese transportation networks
into the analysis following the methods in Allen and Arkolakis (2014). Taking into account
the actual traffic networks allows us to fit the trade share by transportation mode in the
data, and thus brings a more accurate estimation of the trade costs. These are essential to
the local welfare changes in many cities, as the local wage and price level depend on inter-city
trade through the transportation networks. In our baseline estimation, the top beneficiaries
of the internal migration are not the largest cities such as Beijing and Shanghai, but their
neighbors that can be easily accessed by transportation. These neighboring cities enjoy the
productivity boom in the large cities through inter-city trade, and at the same time, are
spared from the surges of congestion disutility in the large cities. Such insights can only be
obtained when transportation networks are incorporated into the analysis. Moreover, the
estimated geographic costs matrix among 279 Chinese cities can be easily adapted to other
studies on the Chinese economy.
Our paper is also related to broader literature on trade and migration, such as Artu et
al. (2010), di Giovanni et al. (2015), Fajgelbaum et al. (2015), Caliendo et al. (forthcoming),
and Caliendo et al. (2018). Our framework builds on di Giovanni et al. (2015) and introduces
endogenous migration decisions similar to Artu et al. (2010) and Tombe and Zhu (2017).
Caliendo et al. (forthcoming) also study the role of frictions in labor and goods mobility
in a dynamic setting. They introduce a methodology to carry out counter-factual studies
without estimating the level of labor mobility frictions. Different from their work, we model
and estimate the migration frictions directly. We do so because we study the variations
of the frictions across cities and the resulting welfare impacts, which depend on the level
of migration frictions. The downside of our approach is that our model is static, and the
costs as in Tombe and Zhu (2017) and our paper. Although in principle the model of Fan (2015) can also
be used to study the local impacts of migration, Fan (2015) did not discuss the local impacts of migration
in his paper. We conjecture that the model in Fan (2015) should deliver similar results to Tombe and Zhu
(2017) as they are both based on the Eaton-Kortum model without firm entry/exit.
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computational load of the counter-factual simulations, which we solve by introducing a new
algorithm. We contribute to the quantitative trade and migration literature by introducing
a fast and stable estimation algorithm. Models following Melitz (2003) that allows for firm
entry are computationally heavy to solve. We overcome the computational difficulty by
implementing a new iterative Particle Swarm Optimization (PSO) algorithm. Our algorithm
utilizes solutions within a neighborhood to speed up the computation, and at the same time,
avoids local minimums by iteration. The algorithm can be easily implemented in parallel,
which allows us to estimate our model structurally.
Lastly, our work is also broadly related to the literature on the Chinese economy (Chow,
1993; Brandt et al., 2008; Hsieh and Klenow, 2009; Song et al., 2011). Our work highlights
the local impacts of internal migration. We argue that despite the potential negative impacts
regarding congestion, the residents in the large cities still benefit from the influx of migrant
workers, and further reductions in entry barriers are desirable in at least the case of Beijing
and Guangzhou. We also highlight the interaction between labor mobility and export-led
growth that is being pursued by many local governments. We show that lower frictions in
labor mobility will enable the coastal cities to better benefit from international trade, and
lead to gains from both trade and migration.
The rest of the paper is organized as follows. Section 2 presents the theoretical model.
Section 3 describes our quantification strategy. Section 4 discusses the main results. Section
5 concludes.

2

The Model

Our model follows the multi-country trade framework in di Giovanni and Levchenko (2012).
We apply the model in a multi-city context and introduce an individual migration decision
and labor market dynamics similar to Tombe and Zhu (2017).
The economy contains a mass L̄ > 0 of individual workers, and J > 1 geographically
segmented cities, indexed by j = 1, 2...J. The initial population distribution is {L0j }. Labor
mobility across cities is allowed but is subject to frictions, which are specified later. There
are two production sectors in each city j, namely, tradable and non-tradable sectors, which
6

are denoted as sectors N and T , respectively. Individual workers obtain utility from the
consumption of a CES aggregate of intermediate goods produced in both sectors. Specifically,
the utility function of an individual worker in city j takes the following form:
"Z
Uj =

y (k)

ε−1
ε

εα "
# ε−1
Z

y (k)

dk

k∈ΩN
j

ε−1
ε

# ε(1−α)
ε−1
dk

− C(Lj ),

0 < α < 1,

k∈ΩT
j

where ε represents the elasticity of substitution among all varieties and y(k) is the quantity
of variety k. Ωsj denotes the set of available varieties in city j and sector s. α captures the
expenditure share on varieties produced in sector Nj . Note that while all the varieties in ΩN
j
are produced locally, the varieties in the set ΩTj can be either locally-produced or “imported”
from other cities via inter-city trade. C(Lj ) represents the congestion disutility from living
in city j, where Lj is the population size of city j. We assume that
C(Lj ) = ρ · (Lj )φ ,
and restrict ρ > 0 and φ > 0 so that congestion disutility is increasing in city size.2
The production of intermediate variety k in city j, sector s is linear in input bundles,
which we denote as bsj :
qjs (k) =

1 s
b (k),
a(k) j

where a(k) is the firm-specific input bundle requirement, and bsj (k) is the input bundle, which
is, in turn, a Cobb-Douglass combination of local labor and all of the available intermediate
goods from sectors N and T :
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β
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s ) 1−βs
! ε(1−η
ε−1
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.

It is straight-forward to micro-found the congestion disutility in our model by introducing fixed factors in
each location and a housing market. We abstract from this in the baseline due to the additional computational
loads it introduces. The abstraction is not costly to our model fit, as we can match the city size distribution
and the bilateral migration flows reasonably well without the fixed-factors as shown in Section 3.4.
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In the equation above, `sj (k) is the employment of firm k and y(k 0 ; k) amount of variety k 0 used
in the production of k. The firm utilizes all of the locally available intermediate goods from
sectors N and T as inputs. β s and η s are the relative weight of labor and intermediate goods
in the production function respectively. In the tradable sector, the relative contributions of
labor and intermediate goods from sector N and T to production are β T , (1 − β T )η T and
(1−β T )(1−η T ), respectively. Similarly, in the non-tradable sector, the relative contributions
of the three inputs are β N , (1 − β N )η N and (1 − β N )(1 − η N ), respectively. The price of an
input bundle in city j and sector s is the solution of the cost minimization problem:
csj = wjβs

h

PjN

ηs

PjT

1−ηs i1−βs

,

where wj is the wage rate in city j, and PjN (PjT ) is the ideal price index in the N (T) sector,
which, in turn, are based on a continuum of varieties available in each city and sector.
Each firm produces a unique variety, and firms compete in a monopolistic competitive
market. Firms are heterogeneous in input bundle requirements for producing one unit of
output. In other words, firms with higher productivity need fewer input bundles to produce
one unit of output. Firms first need to pay fes units of input bundles to enter sector s and city
j. They then randomly draw their input bundle requirement a from a distribution function
G(a) from the following Pareto distribution:
1
G( ) = 1 − (aµ)θ ,
a
where 1/µ denotes the maximum input requirement that a firm may draw. θ represents the
tail index.
With the realized productivity, firms choose the markets to serve. For a firm from city j
to serve the market in city i, a fixed operating cost fij in the unit of input bundles in city
j must be paid.3 Moreover, the standard iceberg trade cost assumption applies to tradable
intermediate goods here. To deliver one unit of intermediate goods from city j to city i,
firms must ship τij ≥ 1 units from city j.
3

Firms in the non-tradable sector only need to decide whether to serve the local market or not.
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2.1

Firm’s decision

We characterize the firms’ optimization problem in detail in this subsection. Let Xis be the
total expenditure in city i on goods produced in sector s. The standard CES utility function
yields the following demand function for goods k and sector s in city i:
qis

Xis
(k) =
(Pis )1−ε



ε−1 1
1
s
ε τij cj a (k)

ε
.

A firm with input bundle requirement a in sector s and city j will serve city i if and only
if the profit can cover the fixed operation cost:
πijs (a) ≥ fij csj ,

(1)

where πijs (a) is the solution to the following profit maximization problem:
πijs (a) ≡ max
psi (k) qis (k) − a (k) τij qis (k) csj
s
pi (k)

ε
ε−1 1
1
Xis
s
.
s.t. qi (k) =
(Pis )1−ε
ε τij csj a (k)
Standard results apply: firms charge a constant markup, and the resulting sales revenue
is proportional to (a(k))1−ε :
ε
τij csj a (k) ,
ε−1

1−ε
Xis
ε
s
s
Rij (k) =
τij cj a (k)
.
Pis1−ε ε − 1
psi (k) =

Moreover, by setting the inequality in equation (1) to be equal, we can derive the cutoff
asij below which the firm in city j will serve city i:
ε − 1 Pis
asij =
ε τij csj



Xis
εcsj fijs

1
 ε−1

.

We assume that free entry holds in both sectors. The free entry condition in city j and
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sector s can be expressed as:
"
E

J
X


1 a (k) < asij

i=1



Xi
εPi1−ε

!#
1−ε
ε
τij csj a (k)
− csj fij
= fe csj .
ε−1

Intuitively, the condition requires that the expected profit generated from all i = 1, 2, · · · , J
cities equals to the fixed costs of entry in city j.
Finally, the ideal price index in city i and tradable sector is the aggregation of prices of
varieties sourced from all the other cities:
1
# 1−ε
1−ε Z aT
J 
X
ji
ε
a1−ε dG (a)
IiT
,
τji cTi
PjT =
ε
−
1
−∞
i=1

"

where IiT is the measure of firms that entered the tradable sector in and city i. In the case
of non-tradable goods, the price index is based on the varieties produced locally:

PjN =

2.2

"

ε N
c
ε−1 j

1−ε

IjN

Z

aN
j

1
# 1−ε

a1−ε dG (a)

.

−∞

Migration Decision

The migration decision depends on three components in our model: the indirect utility, the
idiosyncratic preference, and the bilateral migration friction. The indirect utility of living
in city i, which we denote as Ui , comes from the equilibrium of the model conditional on
population distribution. The indirect utility depends on the real wage rate and the congestion
disutility:

Ui =

αwi
PiN

α 

(1 − α)wi
PiT

(1−α)
− C (Li ) .

In addition to the indirect utility, each worker also draws an idiosyncratic preference shock
toward each city {ιi }Ji=1 , where ιi is i.i.d across locations and individuals. We assume that
ιi follows a Gumbel distribution with CDF:

 ι 
i
F (ιi ) = exp − exp −
,
κ
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where κ is the shape parameter.
Lastly, moving from city j to i incurs origin-destination specific costs in the unit of utility,
which we denote as λij . The costs of migration enclose not only the financial costs of moving
but also the various policy barriers that deter migration such as Hukou, working permits,
and other bureaucratic red tapes. Combining the three elements discussed above, a worker
living in city j will migrate to city i if and only if living in city i provides him with the
highest utility among all J cities, that is,
Ui + ιi − λij ≥ Uk + ιk − λkj , ∀k = 1, 2, ..., J.
It is straightforward to show that conditional on Ui , the fraction of population that
migrates from city j to city i is
U −U −λ

exp( i κj ij )
mij = J
.
P
Uk −Uj −λkj
exp(
)
κ
k=1

The above equation is similar to the one used in Tombe and Zhu (2017) and is related to
the “gravity equation” in international migration flows such as Grogger and Hanson (2011)
and Ortega and Peri (2013). Our functional form assumes that the bilateral migration flows
are positively related to the indirect utility in the destination city and negatively related
to the bilateral frictions, which depend on the distance and policy barriers in our context.
Both of these assumptions are strongly supported by the data in the context of international
migration.

2.3

Equilibrium

Definition: Given a series of fixed costs, entry costs, trade costs, and migration costs
J
{fij , fe , τij , λij } in each city and sector, the equilibrium contains a series of prices {wj , pTj (k), pN
j (k)}j=1 ,

and a sequence of quantities {IjT , IjN , Lj , qjT (k), qjN (k)} such that the following conditions
hold:
(a) Individual workers maximize their utility by choosing locations and consumption bundles
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of goods from both sectors.
(b) Each intermediate goods producer maximizes its profits by choosing its price and quantity of output.
(c) The free entry condition holds in each city and sector.
(d) Goods market clearing:
XiN = αwi Li + (1 − βN ) ηN XiN + (1 − βT ) ηT XiT ,
XiT = (1 − α) wi Li + (1 − βN ) (1 − ηN ) XiN + (1 − βT ) (1 − ηT ) XiT .

(e) Labor market clearing:
J
X

Lj = L̄.

j=1

3

Quantification

We quantify the model into 279 Chinese cities plus 1 location representing the rest of the
world (ROW). All 280 locations can trade with each other. Individuals can migrate among
the 279 Chinese cities subject to frictions, but they cannot move between China and the
ROW. In the rest of this section, we first outline the estimation of the geographical structure,
both within China and between China and the ROW, and we then describe the empirical
issues in estimating the parameters related to the population distribution and bilateral migration flows. Lastly, we put the geographical structure and the population data together
to calibrate and estimate the parameters of the model.

3.1
3.1.1

Estimating the Geographic Costs
Geography within China

As of 2005, there were 334 prefecture-level divisions in China. We focus on a selection of
279 prefecture-level cities in this paper because of data restrictions: our sample contains all
of the cities in both the Chinese City Statistical Yearbooks and the One-Percent Population
12

Survey carried out in 2005 (thereafter 2005 Micro Survey). Our sample, as shown in Figure
1, is representative: the 279 cities cover over 98 percent of the total population and over 99
percent of the total GDP in China in 2005. The vast majority of cities in China proper are
in our sample; those missing are mainly the cities in Tibet, Xinjiang, and Inner Mongolia
and various autonomous cities dominated by ethnic minorities in southwest China.
We follow the approach in Allen and Arkolakis (2014) to estimate the matrix of geographic
costs among the 279 cities, which is denoted as {T (i, j)}. Our estimation involves three steps.
We first propose a discrete choice framework to evaluate the relative costs of trade using
different transportation modes. Second, we measure the shortest distance between city pairs
using different transportation modes. Third, we combine the first two steps and structurally
estimate the parameters the govern the relative costs of using different transportation modes,
and then arrive at the estimated geographic costs matrix.
Suppose that there are M transportation modes indexed by m = 1, 2...M . For any pair
of origin city j and destination city i, there exists a mass one of traders who will ship one
unit of the good. The traders choose a particular transportation mode to minimize the costs
incurred from shipping. Each trader k is subject to mode-specific idiosyncratic costs, which
are denoted as νkm . νkm is i.i.d across traders and transportation modes, and follows a
Gumbel distribution Pr(eν ≤ x) = e−x

−θT

. The costs from j to i under mode m for trader

k, tkm (i, j), take the following form:
tkm (i, j) = exp(ψm dm (i, j) + fm + νkm ),

(2)

where dm (i, j) is the distance from city j to i using transportation mode m. ψm is the modespecific variable cost, fm is the mode-specific fixed cost, and νkm is the trader-mode specific
idiosyncratic cost. The specifications above allow us to express the fraction of traders from
city j to i using transportation mode m, which is identical to the fraction of trade flows
under mode m as:
exp(−am dm (i, j) − bm )
,
PM
n=1 (exp(−an dn (i, j) − bn ))

(3)

where am = θT ψm and bm = θT fm .
We next estimate the mode-specific distance matrix dm (i, j). We use three modes of
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transportation: road, water, and railway. For each model, we identify the location of the
existing infrastructure using the high-resolution transportation maps from the 2005 China
Maps published by Sino Map Press. Each scanned raster image has 4431-by-4371 resolution,
so each pixel roughly corresponds to a 1.3km-by-1.3km square. We then assign a cost value
to every pixel on the map to indicate the relative difficulty of traveling through the area
using a specific transportation mode. For example, on the map to measure normalized road
network costs, we assign pixels with no road access a cost of 10, pixels with highways a cost
of 2.5, pixels with national-level roads a cost of 3.75, and pixels with provincial and other
types of road access to be 6.0. All of the costs are chosen to roughly reflect the differences
in speed limits under Chinese law.4 We normalize the pixels with navigable waterways,
including open seas, to a cost of 1, and all other pixels with a cost of 10 following Allen and
Arkolakis (2014). To construct the raster for normalized railroad cost, we assign all pixels
with rail road access a cost of 1, and all the other pixels a cost of 10. Lastly, we identify the
central location of each of the 279 cities on the raster maps and apply the Fast Marching
Method (FMM) algorithm between all pairs of cities i and j to obtain a normalized distance
between them for each transportation mode, dm (i, j).
Given the mode-specific distance matrix, we next estimate the cost parameters {am , bm }
in Equation 3. Following Allen and Arkolakis (2014), we estimate these parameters by
matching the fraction of trade volume in each city that goes through transportation mode
m in the data. The city-mode-specific trade volume comes from two data sources. The
China City Statistics Yearbook 2005 reports the quantity shipped in metric tons in each city
under transportation mode m.5 To infer the trade flows in monetary values, we also need
to estimate the value per ton of goods that goes through mode m. To do this, we turn
to the transaction-level custom dataset for China which reports the value, quantity, and
mode of transportation for the universe of Chinese imports and exports. In 2005, the results
from 22.82 million custom transactions indicated that the goods shipped via railroad and
sea command low values at only 408 and 489 RMB per ton, respectively. The goods shipped
4

On average, the speed limit on highways is 120 KM/H, that on national-level roads is 80 KM/H, and
that on provincial-level roads 50 KM/H.
5
The total quantity shipped in city i by mode m in the data includes goods shipped from city i to all
other cities and the those delivered to city i from all other cities as well.
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via road are valued much higher at around 2,450 RMB per ton. Combining the quantity
and value information, we construct the fraction of trade volume under each transportation
mode in all cities.
In the model, the total trade volume of city i by transportation mode m, denoted as
Vm (i), equals

Vm (i) =

J
X

exp(−am dm (i, j) − bm ) +

j=1

J
X

exp(−am dm (j, i) − bm ).

j=1

The fraction of trade volume under transportation mode m in city i, sm (i), can thus be
expressed as:
Vm (i)
.
sm (i) = PM
m0 =1 Vm0 (i)

(4)

We estimate {am , bm } using a non-linear least squares routine to minimize the distance
between the simulated {sm (i)}Ji=1 and the data counterpart. We search over 100,000 initial
points for {am , bm } to avoid local minimum. In the end, our estimated {am , bm } is able to
capture the main feature of the data, as presented in Table 1. In the data, the vast majority
of intercity trade is carried out via road transportation (76.3 percent), and the same applies
in our model (75.4 percent). We are also able to capture the relative weight of rail and river
transportation with error margins at around one percentage point.
We follow the estimations in Allen and Arkolakis (2014) and set θT to 17.65.6 Given
{am , bm } and θT , the discrete choice framework implies that the average geographic costs
from city j to i can be obtained as follows:
1
T (i, j) = Γ
θT



1
θT



!− θ1
X

T

exp(−am dm (i, j) − bm )

,

(5)

m

where Γ(·) is the standard Gamma function.
6

The estimation of θT requires bilateral trade flow data, which do not exist in the case of China. However,
directly using the value estimated from the U.S. data is innocuous. Equation (5) shows that θT serves two
purposes. Firstly, it scales T (i, j). When we use T (i, j) to estimate the bilateral trade and migration costs in
the next section, we use the Chinese data to discipline the scale of the matrix, and thus directly adopting θT is
harmless. Secondly, θT also serves as the elasticity of substitution between different modes of transportation,
as both am and bm are linear functions of θT . The elasticity is inherent to the transportation technology,
and thus is unlikely to vary across countries.
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Of the three modes of transportation, the estimated T matrix mostly depends on the
distance on the road network. The significance of the road network is because all the cities
in our sample have direct access to the national road system, and the vast majority of intraChina trade also goes through the road network. As seen in Figure 2, the trade costs increase
with distance as measured in dm (i, j) regardless of the transportation mode. However, in
contrast to road transportation, geographical costs vary significantly between city pairs with
similar rail or waterway distances. Traveling by river or coastal sea has the largest variation,
mainly because many Chinese cities do not have direct access to any navigable waterway.
Empirical works often use physical distances between cities as proxies for transportation
costs, implicitly assuming that city pairs with similar physical distance also share similar
difficulties in transportation. Indeed, the geographic costs increase with physical distance.
as seen in the last panel of Figure 2. However, conditional on a given physical distance, the
variations in geographic costs are large and increasing with physical distance. For example,
the geographical costs for city pairs 1,000km apart could range between 1.15 and 1.37; for
pairs 3,000km apart, the variations can range between 1.54 and 2.0. The large variations
indicate that physical distance is, at best, a noisy proxy for the costs of transportation.
However, the extent to which using geographical distances can refine the existing empirical
findings remains an open question to be explored by future research.
3.1.2

Geography between China and the World

We collapse 148 trading partners of China into the location of the rest of the world (ROW).
The choice of trading partners is again, because of data restrictions: all of the countries included in the World Development Index (WDI), COMTRADE, and our sea distance database
(which we discuss later) are in the sample. We estimate the geographical distances following
a similar strategy as described above with a few modifications.
First, we assume that the ROW and China can only trade through water transportation.
This assumption is again because of data restrictions: while shipping route data between
seaports in the world are widely available, much less can be obtained for the other two modes
of transportation. This assumption is also innocuous: records from Chinese customs indicate
that on average, over 80 percent of international trade measured in value and over 90 percent
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measured in weight goes by sea.7
We then measure the waterborne distance between the ROW and every coastal city in
China. We start by collecting shipping route data from www.sea-distances.org. For each
country k, we pick its largest port and then measure the shortest shipping distance between
this port and a coastal city i in China, which is denoted as rik .8 The distance between ROW
and the coastal city i is then:

dsea (i, ROW) = ξ ·

" 148
X

P148
k=1

!

Λk
j=1

Λj

#
· rik .

ξ converts nautical miles, which is the unit of rik , to the units used in dsea (·) for waterborne
transportation in China.9 The terms in the square brackets are the average shipping distance
between all of the ROW ports and the coastal city i weighted by the trade volumes between
country k and China. Lastly, we use Equation (5) again with the dsea (i, ROW), assuming
the distances in the other two modes to be equal to infinity, to compute the Tij between any
coastal city in China to the ROW.
For inland city j in China, we first measure its distance to the nearest coastal city, i(j),
with the estimated T matrix above and assume that the inland city will trade with the ROW
through the nearest coastal city. Therefore, the geographic distance between any inland city
j and the ROW is Ti(j),j · TROW,i(j) , where Ti(j),j is the distance between inland city j and its
nearest coastal city and Trow,i(j) is the distance between the coastal city i(j) and the ROW.
See the appendix for more details on extending the geography to include the ROW.

3.2

Population and Migration

In addition to the geography data, we also need the initial population distribution in a given
year, and the bilateral migration flows between the initial year and a later year to discipline
7

The authors’ calculation using custom data from China between 2000 and 2005.
For countries facing multiple oceans or with long coastlines, such as the U.S., Canada, and Russia, we
pick multiple ports facing different directions and take the average. The shortest shipping distance is the
minimum distance across different routes: direct route, going through the Suez Canal, the Panama Canal,
or the Strait of Gibraltar.
9
We compare the distance in nautical miles between Guangzhou, Shanghai, and Dalian to the respective
distances in dsea (·) matrix computed above. We then define ξ as the average across the three ratios.
8
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the model. For the initial population distribution, we use the year 2000 distribution over
the 279 cities from the 2000 population census. For the between-city migration flow, we rely
on the 2005 micro survey, which recorded the current location and the location in 2000 for
each respondent. Conceptually, it is straightforward to construct both the initial population
distribution in 2000 and the bilateral migration matrix between the two years using the
information above. However, directly using these data will lead to problematic estimates
due to the changes in city boundaries.
The primary challenge in our data construction is that the official definitions and boundaries of cities changed significantly between 2000 and 2005. In our sample of 279 cities, the
geographic boundaries of 12 cities are re-drawn, rendering them incomparable between the
two data sources. Moreover, 49 new prefecture-cities are established between 2000 and 2005,
and therefore they did not exist as prefecture-level administrations in the 2000 census. To
solve these problems, we construct a geographically-consistent dataset of city populations
between 2000 and 2005 based on the city boundary in 2005 (“2005-cities” hereafter). The
official records from the central and provincial governments contain information on how subcity administrative units (counties) are grouped into new cities or how they are re-assigned
between existing cities. We use these records to map counties in 2000 to their respective cities
in 2005. We then reconstruct the populations of 2005-cities based on this county-city mapping and the population of each county in 2000 population census. The implicit assumption
of our re-construction exercise is that the boundaries of the counties remained unchanged
between the year 2000 and 2005, which, to our best knowledge, is correct. The resulting
data set is the first geographically-consistent population panel data at the city level.
To incorporate ROW in our population data, we add the total population of the 148
trading partners of China as the raw population of the ROW.10 We allow for potential
differences in total factor productivity (TFP) between the ROW and China by introducing
a parameter to measure the relative efficiency between Chinese and ROW workers. In the
10

The population data source is World Development Indicators,2000.
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end, the initial population used in the benchmark simulation is


L2000






=





`1
`2
..
.
`279
A · `ROW







,





where `i , i = 1, · · · 279 are the population of the Chinese cities in 2000 that we constructed
above, `ROW is the total population of the 148 trading partners, and A is the relative TFP
that we estimate later.

3.3

Quantifying the Structural Parameters

Our parameter space contains the following structural parameters:
{, θ, µ, βN , βT , ηN , ηT , α, κ, fe , A},
and three origin-destination-specific matrices {fij , λij , τij }. We calibrate some of the parameters based on the common approaches in the literature, and structurally estimate the
rest.
3.3.1

Calibration

 is the elasticity of substitution among all of the intermediate goods in the final goods
production, and θ is the tail index of the firms’ productivity distribution. In our model, the
firms’ employment follows a power law distribution with a tail index of θ/( − 1). We follow
di Giovanni and Levchenko (2012) by setting  to 6 and θ to 5.3 so that the tail index of
employment distribution is 1.06, the value documented in Axtell (2001).
The values of βN and βT reflect the share of labor in total output, and we calibrate them
using China 2002 Input-Output Table. We use the basic flow tables of 42 industries and
compute βN = 0.47 and βT = 0.33 as the ratios between the total wage bills and the total
output in the non-tradable and tradable sectors, respectively. ηN and ηT are the share of
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non-tradable intermediate goods in non-tradable and tradable sectors, and we also calibrate
them using China 2002 input-output table. The data suggest that ηN = 0.42 and ηT = 0.22.
Similar to what di Giovanni and Levchenko (2012) documented using U.S. data, intermediate
goods from non-tradable sectors play a larger role in the production of other non-tradable
goods in the Chinese data as well. In contrast to the U.S. data, non-tradable goods are
overall less important in both sectors, probably because many services industries, such as
finance and consulting, are relatively less developed in China. α governs the expenditure
share on non-tradable goods. We set it to be 0.61, the share of total consumption of nontradable goods, which is computed from the final use table in the input-output table from
the same year.
For the fixed operating costs matrix fij , we first turn to the 2005 micro survey and
approximate 1/fii by using the fraction of entrepreneurs in each city among all working
population. Following di Giovanni and Levchenko (2012) we set the off-diagonal elements,
fij , as the sum of the two diagonal elements fii and fjj . At this stage fij matrix is not yet
in the unit of local labor, and to convert it to the correct unit, we again follow di Giovanni
and Levchenko (2012) by scaling the entire matrix with a factor ζ. We set ζ to ensure
interior solutions in all of the counter-factual simulations. We summarize all of the calibrated
parameters and their corresponding targets in Table 2.11
3.3.2

Estimation

We jointly estimate the other elements of the parameter space, {τij , λij , κ, fe , ρ, φ, A}, with
structural estimation. We first reduce the dimension of the space by reducing the two
matrices, τij and λij , to a few parameters, and then estimate these parameters with SMM
following the ideas in McFadden (1989) and McFadden and Ruud (1994).
We first simplify the τij matrix with the geographic costs matrix estimated from the
11

Interior solution here means aij <= 1/µ, where 1/µ is the theoretical upper bound of the unit cost
distribution. We calibrate ζ such that the number of entering firms is about twice the size of the number of
operating firms in the benchmark model to guarantee that not all firms that enter choose to operate.
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previous section, T . We assume that the iceberg trade costs take the following form:



τ̄ · Tij
, if i 6= ROW and j 6= ROW


τij = τrow · τ̄ · Tij , if i = ROW or j = ROW




1
, if i = j
The first line assumes that the iceberg trade costs between Chinese cities are proportional
to the geographic costs matrix up to a scale parameter τ̄ . This assumption is based on
the widely documented fact in the trade literature that physical distance reduces bilateral
trade. The second line specifies the trade costs between Chinese cities and ROW. As national
borders usually introduce significant costs to international trade, we allow for an additional
international trade barrier, τrow , to capture the border effect.12 The above simplifications
reduce the estimation of the entire τij matrix down to the estimation of two scalars: τ̄ and
τrow .
We model the migration costs matrix λij as:

 λ̄ · T  · δ , i 6= j
ij
i
λij =

0
,i = j
The migration costs contain two parts. The first part, λ̄ · Tij , is symmetric between i and j
and proportional to the geographic trade cost Tij . All else being equal, it is easier to move
to nearby cities because of the ease of travel and the similarities in language, cuisine, and
climate. The literature estimating the “gravity equation” of international migration, such
as Grogger and Hanson (2011) and Ortega and Peri (2013), also found that the physical
distance significantly reduces the migration flow, and thus shall be considered as part of the
frictions to migration. The caveat of directly using the geographic cost matrix (T ) is that the
matrix is estimated from the traffic volumes of goods instead of passengers, and moreover,
we have omitted air transportation altogether. However, directly using the T matrix is still
largely innocuous for two reasons. First, the relative importance of the road, railway, and
waterborne transportation for passengers are roughly the same as for goods. For example,
12

See McCallum (1995) and Anderson and van Wincoop (2003) for examples.
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in 2005, 91.5 percent of passenger transportation goes by road, followed by 6.7 percent by
railroad and 1 percent by waterway.13 The ranking is the same as the goods transportation
as seen in Table 1 and the magnitude is similar as well. Second, air transportation for
passengers is negligible and only constitutes less than 0.8 percent of total traffic between
2000 and 2005, according to China City Statistical Yearbooks.
The second part of λij is the destination-specific migration cost, δi . A large part of
migration costs in China comes from the policy barriers that prevent entry in the form of
the Hukou system, which often varies greatly across cities. For example, while migrants
applying for Hukou in Beijing and Shanghai are required to have a college degree and pass
certain income thresholds, these restrictions are absent in smaller cities. The destinationspecific barriers quantify the relative difficulties of moving to certain cities, and we later use
the δi terms to carry out counter-factual policy experiments. For computational reasons, we
cannot separately estimate δi for each of our 279 cities. Instead, we focus on “tier-1” cities
with populations higher than 10 million: Beijing, Shanghai, Guangzhou, and Shenzhen.
In the end, the vector of the 12 parameters to be estimated by SMM is
Θ = {τ̄ , τROW , λ̄, κ, fe , ρ, φ, δBeijing , δShanghai , δGuangzhou , δShenzhen , A}.
b such that
Our estimation strategy is to find the vector Θ
0
b = argminΘ [S − S(Θ)]
b
c [S − S(Θ)]
b
Θ
W
.

(6)

b
S is a vector of data moments that we explain in detail later in this section, S(Θ)
is the
counter-part moments generated by the model, which depends on the input parameter Θ, and
c is the weighting matrix.14 The model is computationally heavy to evaluate, and therefore
W
we use an iterative particle swarm optimization (PSO) algorithm to take advantage of largescale parallel computing power in solving the minimization problem. We provide the details
of our algorithm in the appendix.
13
14

The data source for passenger traffic is the same as goods traffic: China City Statistical Yearbooks.
In the benchmark model we use the identity matrix as weighting matrix.
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Non-Population Based Moments The S vector contains 20 data moments that are
important in disciplining the Θ vector. We can broadly separate the moments into those
based on the bilateral migration matrix, and those that do not. We first discuss the moments
that do not rely on the bilateral migration data.
The first element in the S vector is the average intercity-trade-to-GDP ratio. We estimate
the overall volume of intercity trade using the Investment Climate Survey in China from the
World Bank (2005). This survey covers 12,500 firms in 31 provinces of China, and it asks
the firms to report the percentage of sales by destination: within the city limit, within the
province, within China, and overseas. On average, 62.5 percent of the total sales of the firms
surveyed come from outside of their home city, and thus we use this as the internal-trade-toGDP ratio. This data moment helps to identify τ̄ , the magnitude of the iceberg trade costs
matrix.
The second moment is the average number of firms in the largest 20 cities by population.
We estimate this to be around 84,400 based on the Second Economic Census carried out
in 2004.15 This statistics identifies fe , which captures the fixed costs of firm entry in the
unit of input bundle. We assume that this parameter is the same across cities. Inherently,
it captures the cost paid to reveal one’s ability as an entrepreneur, which is unlikely to be
affected by the differences in infrastructures and institutions across cities. In equilibrium,
the costs of input bundles differ across cities, and thus the de facto costs of entry in the unit
of the numeraire vary across cities.
The next two moments focus on international trade. We target 1) the trade openness
of China in 2005, defined as (exports + imports)/GDP, and 2) the relative size between
China and the ROW in 2005. The first moment can be obtained from the National Bureau
of Statistics and is around 59.4 percent. The second moment is based on the data from
WDI, which states that the 148 trading partners combined are around 21.32 times larger
than China as measured in GDP. These two moments help identify the international trade
barrier, τrow , and the relative productivity, A.
15

We interpret “legal entities” as firms.
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Population-Based Moments The other moments in the S vector depend on the bilateral
migration flows between 2000 and 2005 that we have constructed in the previous section.
We denote the migration matrix M in the data as follows:


M2000,2005

`11

`12 · · ·

`1J







 `21 `22 · · · `2J 


= .
..
..
..  ,
.
 .
.
.
. 


`J1 · · · · · · `JJ

(7)

where `ij indicates the population flow from city j to city i between 2000 and 2005, and
J = 279 is the number of Chinese cities. Note that the summation of each column of the
matrix gives the population distribution across cities in 2000, while the summation of each
row produces the population distribution in 2005. We denote the population distribution
vector in these two years as L2000 and L2005 , respectively. We focus on the following groups
of moments based on this matrix.
We first target the overall magnitude of intercity migration as captured by the aggregate
stay-rate, which is the proportion of the population that choose not to move:
PJ
Aggregate Stay Rate = PJ

i=1 `ii

i=1 L2000 (i)

.

As higher costs of migration deter overall migration flow and lead to a higher aggregate
stay rate, this moment helps us to pin down the overall costs of migration, λ̄. At the
aggregate level, we also target the Pareto tail index of the city size distribution in 2005 to
capture the overall shape of the population distribution.
In addition to the aggregate stay rate, we also target the stay rates by groups of cities.
The stay rate in city i, defined as:
Stay Ratei =

`ii
L2000 (i)

,

measures the propensities to emigrate out of the city. Cities with low stay rates are the
popular origins of the migrants. Stay-rates differ significantly across cities in the data. For
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example, fewer than 0.01 percent of the individuals living in Beijing in 2000 migrated out
to other cities in 2005, but the emigration rate for some smaller cities can be as high as
49 percent. The variations in stay rates reflect the basic pattern of bilateral migration in
China: people moving from smaller inland cities to larger coastal ones. To capture this salient
feature, we rank cities by their population in 2000 and group cities into four categories: top
10, top 20, top 40, and all of the others. We then target the average stay-rates within each
group of cities separately. In a similar vein of logic, we also target the standard deviation of
city-specific stay-rates, both across the entire nation and within each of the four groups of
cities to capture the within-group variations in stay rates.
Our last group of data moments are based on the inflow rates into city i, which is:
PJ
Inflow Ratei =

j6=i `ij

L2005 (i)

.

Different from the stay rate, the inflow rate reflects the popularity of the city as a destination
among migrants. We use the inflow rate information in two ways. First, we target the
correlation between the logarithm of the city population in 2000 and the city-specific inflow
rate. This moment captures the feature in the data that cities with higher initial populations
usually have higher inflow rates as well. Secondly, we also target the inflow rates of the four
cities on which we have imposed destination-specific entry barriers, δi : Beijing, Shanghai,
Guangzhou, and Shenzhen. In addition to the identification of δi , the inflow rates of the
largest cities also help us to identify the parameters governing congestion disutility, which
is not directly observable in the data. Our identification comes from the assumption that
congestion only becomes a severe discomfort in the large cities, and it can thus be inferred
from the changes in the populations of these cities. All the data moments are summarized
in Table 3. All of the estimated parameters, along with the standard errors, are reported in
Table 4.16
The Jacobian Matrix and Identification. We compute the elasticity of all the targeted
moments with respect to the parameters around the baseline estimation to highlight the
16

The standard errors are estimated with 200 repetitions of bootstrapping. See the appendix for the details
of the bootstrapping algorithm.
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source of identification. Table 5 reports the results. The elasticities are approximated by 0.1
percent local variations around the baseline.
The parameters affect the moment conditions in directions predicted by the model.
Higher migration frictions (λ̄) lead to higher stay rate at both the national level and across
all groups of cities. Higher congestion disutility (φ and ρ), especially higher congestion elasticity (ρ) with respect to population throttles migration into the large cities as well. Higher
frictions of firm entry (fe ), in addition to reducing the number of firms, also discourage
population inflows into the large cities and aggregate migration, because the benefits of migration depends positively on new firm entries. City-specific entry barriers barely affect any
aggregate moments but are instrumental to the inflow rates into the city in question. As
expected, the parameters governing ROW mostly affect the relative size and openness of
China. Interestingly, both the internal and international trade barriers (τ and τrow ) affect
the population of the coastal cities such as Shanghai, Guangzhou, and Shenzhen with an
elasticity between 4.0 to 6.7 through trade-induced migration. The impacts of these trade
elasticities on Beijing, a non-coastal city, are much smaller with an elasticity between 0.3 and
0.8. Overall, the elasticity matrix highlights the fact that many moments are determined by
parameters governing different aspects of the model in general equilibrium, and thus a joint
estimation procedure based on simulations is a necessity in disciplining the parameters of
the model.

3.4

Model Fit

We evaluate the fitness of our quantification on both the targeted and the untargeted moments. Table 3 that reports the 20 targeted moments also summarizes the model fit in the
last column. Overall, our model can match the data moments with relatively small discrepancies. For most of the moments, the relative differences between the model and the data are
smaller than 5 percent. On average, the difference between the model and the data moments
is 10 percent.
We also check the fitness of our model by examining the untargeted moments in the data:
the population and GDP distributions in 2005 and the entire bilateral migration flow matrix
between 2000 and 2005. These results are summarized in Figure 3.
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Our baseline model matches the population distribution for 2005 in the data. The model
prediction and the data consistently line up along the 45-degree line with a correlation
coefficient of 0.838 as shown in Panel (a) of the figure. Similarly, we are also able to match
the city-level GDP with a correlation of 0.86, as shown in Panel (b). Most importantly,
our calibration strategy captures the bilateral migration flow between all city-pairs as well:
the correlation between the model and the data is 0.659, as seen in Panel (c). We have
assumed the bilateral migration matrix to be proportional to the geographical trade costs,
which might seem to be oversimplifying at first glance. However, the model fit validates our
assumption, as we can capture the bulk of variations in the data after all. The goodness-of-fit
also suggests that when individuals do prefer neighboring cities and cities located along main
traffic networks as migration destinations. The downside of our fit is that we tend to underpredict when the migration flow in the data is relatively small. The bias is probably because
our targeted moments are geared towards the larger cities, and therefore the larger migration
flows. Given that we only target several moment conditions for the migration matrix, we
view these discrepancies as an affordable price to pay for our parsimonious quantification
strategy.

4

Quantitative Results

We discuss our results in this section. We first evaluate the local and national impacts of
existing migration flows. We then turn our attention to the largest cities and use counterfactual experiments to understand on the impact of current policy barriers. Lastly, we study
how migration interacts with internal and international trade liberalization.

4.1

The Local Impacts of Migration

We study the local impacts of inter-city migration between 2000 and 2005 by comparing our
baseline model in 2005 to a counter-factual simulation in which the population distribution
is numerically identical to that in the year 2000. In the counter-factual simulation, we set the
migration cost multiplier λ̄ to a sufficiently large value so that individuals will not migrate
from their initial locations in 2000. This is equivalent to sending all of the migrants in our
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benchmark model back to their 2000 locations. We compare the results to our benchmark
quantification to study the impacts of intercity migration between 2000 and 2005.17
Before we turn to the welfare impacts, we first highlight the key pattern of intercity
population flow: workers migrate from small to large cities. The concentration into large
cities shows up both in the data and in our simulation as shown in Figure 4. The population
of the largest cities such as Beijing and Shanghai grew by around 15 percent, and the
population of Shenzhen almost doubled during the period in both the data and the model.
In contrast, smaller cities generally lose population. 233 out of the 279 cities experienced
emigration in the data; similarly, in our model 239 cities lost population. The concentration
of the population into the already populous cities is the essential feature of the data that
drives most of our results, as we will describe in detail later. Interestingly, the pattern
of migration found here – from smaller and less productive locations to larger and more
productive ones – is also reflected in cross-border migrations as documented in di Giovanni
et al. (2015).
Our key finding is that the local impacts of migration are positive: all the cities that
received net population inflow enjoy higher real wage and welfare due to immigration. Between 2000 and 2005, 40 large cities received net population inflow; most of these cities are
either coastal cities in the east or the provincial capitals in the landlocked provinces. On
average, the population in all 40 “receiving” cities increases by 9.1 percent, and the real wage
rates increase by 4.4 percent as shown by the first two panels in Figure 5. The gains from
migration are higher in cities with higher inflow rates. The city with the most significant
population inflow rates, Shenzhen (88 percent), also experienced the largest gain in the real
wage, 45 percent.
The inflows of workers into the large cities indeed impose additional congestion disutilities
in the destination; however, the cost of congestion is small relative to the gain in the real
wage. The surge in population leads to congestion disutility that offsets 16 percent of the
17

Our comparative statics exercise does not assume that the population distribution in the year 2000
is an equilibrium distribution. Instead, the comparison between the counter-factual and the benchmark
only assumes that the migration frictions in 2005 are lower as compared to those in 2000, and the lowered
migration frictions induced additional migration flows between the two years. For this reason, our results
shall be interpreted as the implications of the migration flows between the two years, not as the implications
of existing stocks of migrants in 2005 as in Tombe and Zhu (2017).
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gain in the real wage, leaving the receiving cities with (1−0.16)×4.4 ≈ 3.7 percent of the gain
in welfare as shown in the bottom two panels in Figure 5. In the largest cities, the surge in
congestion disutility indeed offsets a more substantial fraction of real wage gain. For example,
the population of Shanghai increased from 14.5 to 16.8 million in our model, leading to a real
wage increase by about 9.4 percent. The population growth, at the same time, imposes an
additional congestion disutility equal to around 6.6 percent of the pre-migration real wage,
wiping out 6.6/9.4 ≈ 70.2 percent of the economic gain. Similarly, congestion disutility
offsets the real income growth in Beijing by 31.1 percent, and in Shenzhen by 29.7 percent.
Nevertheless, even in the most crowded cities, residents still stand to benefit from population
inflow after considering congestion.
The mechanism of firm entry and exits drives the positive local impacts of migration. The
number of firms operating in each city is endogenously determined in equilibrium and thus
responds to population movements. Population inflows reduce nominal wage and enlarge the
market size, which in turn support more firms and varieties in equilibrium. A higher number
of varieties in the goods market lowers the ideal price index and thus benefits the locals, which
is the “love of variety” mechanism from Krugman models. The extensive margin of firm entry
dominates the negative impacts of population inflow. To highlight this point, we carry out
another counter-factual simulation in which we fix the number of firms in each city to their
levels in the year 2000 and then repeat the benchmark exercises by decreasing λ̄. Without
firm entry, inflows of migrants instead lower real income and welfare in destination cities as
shown in Figure 6. The negative local impacts of migration in the figure are similar to the
findings in Tombe and Zhu (2017), which abstract away from firm entry. The sharp contrast
of the results with and without firm entry underscores the importance of this mechanism in
understanding the local impacts of migration.18
The geographic location of the cities also matters. Figure 7 plots the top 10 winners and
losers regarding welfare. Several cities among the top beneficiaries list gain from migration
not because they are the prime destinations of the migrants, but because of their advantageous locations. Tianjin, Suzhou, Hangzhou, and Foshan are only several hundred kilometers
18

Using geography and culture distance as instruments for openness to immigration, Ortega and Peri
(2014) found that immigration leads to higher per-capita income in the context of international migration,
which is similar to our finding in the case of China.
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away from the “star” cities like Beijing, Shanghai, and Shenzhen. These “neighbor” cities
are the most direct recipients of the productivity spillovers in the booming “star” cities,
and at the same time, they are spared from the surging congestion disutility in the “star”
cities. Wuhan and Nanjing are not next-door neighbors of the largest cities; however, they
are among the most strategically placed cities in China. Wuhan sits at the crossroad of the
Yangtze River that connects the western inland provinces with the eastern coast, and the
Beijing-Guangzhou railway, which connects the northern and the southern economic hubs of
China. Similarly, Nanjing sits at the crossroad of the Yangtze River and the Great Canal,
and it is also on the Beijing-Shanghai railway. Their strategic locations allow them to gain
from the productivity booms in the “star” cities similar to the “neighbor” cities.
Cities lose from migration mainly due to two reasons: they either lose population to
large coastal cities in the east, or they are located in remote positions, which in turn deny
them easy access to the productivity spillovers from the east. The top “loser” in Figure
7 is Xinzhou, followed by Lvliang and Yulin, which are all located in the remote western
frontier of China proper. A combination of the two reasons applies to all of the losing cities
to different degrees. However, when interpreting the negative impacts on the origin cities,
we have omitted remittance from migrants to home due to the lack of data at the city level.
This implies that the negative impacts in our paper are closer to their upper bounds, and in
the real world those impacts are partially compensated by the inflow of remittance.
Empirical Tests on the Local Impacts In the previous part, we show that the local
impacts of migration are positive, mainly through the mechanism of firm entry and exit. In
this part, we provide empirical evidence for this result by studying the relationship between
the inflow rate, per capita GDP, and the number of firms at the city level. The starting
point of the estimation is a simple regression to single out the relationship between inflow
rate and the outcome variables in a city:
outcomei = β0 + β1 Ln\
(Pop.)i + β2 Xi + εi ,
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(8)

where outcomei is either the percentage change of per-capita GDP or the percentage change
of the number of firms in the city i.19 Ln\
(Pop.)i is the percentage change in population, which
is equivalent to the inflow rates as defined in the previous sections, and Xi is a vector of citylevel controls, which includes the initial population, GDP, and the location on the traffic
network measured by the remoteness index that we have estimated. Directly estimating
equation 8 using OLS leads to bias in β̂1 due to the classic endogeneity issue: unobserved
variables buried in εi might drive the population change and the outcome variables at the
same time; reverse causality is another concern as the population movements might be driven
by the changes in economic conditions as well.
To tackle the endogeneity issue, we construct an instrument variable (IV) for the inflow
rates in the data. Following the work of Allen et al. (2014), we use a model-based IV.
We simulate our model to generate the IV in the following steps. In the first step, we start
from a candidate vector of the key parameters {κIV , feIV , λ̄IV , τ̄ IV , φIV , ρIV } and simulate the
model to generate a baseline distribution of population.20 We then decrease the friction of
0

migration to λ̄IV to generate migration flow between the cities, and back-out the simulated
inflow rates from this exercise. We use the simulated inflow rate as the instrument variable
for the observed inflow rate in the data. The model-based inflow rates meet the exclusion
constraint. Unlike the baseline estimation, none of the key parameters in the IV-simulation
are based on the actual population flow in the data by design. The simulated population
flow is not subject to reverse causality either, as they are only driven by the changes in λ̄IV .
Lastly, the changes in migration friction (λ̄IV ) can only affect the economic outcomes through
population movement by the design of the model. Similar to Allen et al. (2014), our modelbased IV are functions of the initial population and the bilateral matrix of geographic costs.
Since we control for the initial population and location in our estimation, the identifying
assumption is that the interaction between the changes in λ̄IV and the initial population
19

The percentage change of per-capita GDP comes from the city statistical yearbooks. The changes in the
number of firms come from the first and the second economic census. We define the firms as “legal entities”
(Fa Ren), the same as in the quantification part.
20
In the IV simulation, we use {κIV = 0.003, feIV = 2, λ̄IV = 0.5, τ̄ IV = 1.5, φIV = 3, ρIV = 150}. Note
that we purposefully avoid using the baseline estimation, as those parameters are disciplined by the inflow
rate in the data. We have experimented with various candidate parameters for IV simulation, and the results
0
are similar to those presented in Table 6. We later reduce the migration friction, λ̄IV = 0.02 to generate
the bilateral migration flows.
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and the location of the other cities are not correlated with the error term, εi .
We find that higher inflow rates indeed lead to higher per-capita GDP and a higher
number of firms in the destination cities. The first four columns of Table 6 report the OLS
estimate. The simple OLS estimates already suggest that cities that received net population
inflow enjoy higher growth rates in both per-capita GDP and the number of firms. The next
four columns of the table report the IV estimate. The F-statistics in the first stage of the IV
regressions is all in the high range, indicating that the model-based inflow rates are strongly
correlated with the data. The point estimates of the IV regressions are also significantly
different from the OLS results, suggesting that the OLS estimates are probably biased due
to the endogeneity issue. Based on the IV regression, we find that a one-percentage-point
increase in the inflow rates increases the growth rate of per-capita GDP between 1.5 and
3.0 percentage, and the growth rate of the number of firms between around 1 percent. The
empirical results validate our quantitative finding of a positive local impact of migration; it
further highlights the importance of incorporating the extensive margin of firm entry and
exit into the analysis of migration, the central message of our paper.
Aggregate Impacts of Migration Before we turn to the city-specific migration barriers,
we briefly discuss the aggregate impacts of the existing migration flows between 2000 and
2005. At the aggregate level, the migration pattern described above increases the national
real wage by about 12 percent, which is about 22.2 percent of the economic growth.21 The
gain in real wage comes from several channels. First, the marginal product of labor is
usually higher in larger cities, and thus, moving workers into those cities leads directly
to real economic growth. Second, concentrations of the population in large cities increase
consumption demand and lower the marginal costs of production by reducing the costs of
labor in local markets. This leads to more firm entry in large cities, increasing the number of
varieties available and lowering the ideal price index. Third, the economic boom in the large
cities can also benefit all of the other cities through intercity trade: consumers in the other
cities benefit from the decreased prices of the goods produced in the large cities, and firms
benefit from the lowered costs of intermediate goods. Similar to the local impacts, the surge
21

Over the same period, the real GDP of China increased by around 54 percent in the data according to
Penn World Table 8.1. 12/52 ≈ 22.2
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in congestion dis-utility at the aggregate level also imposes a sizable cost, partially offsetting
the aggregate gains in real wage. The surge in congestion disutility offsets around 17.8
percent of the gain in real wage, leading to a 9.86 percent increase in national welfare. The
aggregate result in our paper is on par with Tombe and Zhu (2017) which finds a welfare
gain of 8.5 percent. The similarity in aggregate welfare between our results and those in
Tombe and Zhu (2017) suggests the the margin of firm entry is not quantitatively important
at the aggregate level.

4.2

Migration Barriers and the Optimal City Size

After quantifying the local impacts of the migration flows, we turn to policy analysis and
focus on city-specific migration barriers in the largest cities. We first discuss the magnitude and identification of these migration barriers and then study their local and aggregate
impacts; lastly, we analyze the “optimal migration barriers” and the associated city size.
We focus on the largest four cities in China: Beijing, Shanghai, Guangzhou, and Shenzhen
throughout this subsection.
Our baseline estimation confirms that three out of the four cities, Beijing, Shanghai,
and Guangzhou (hereafter “BSG”) indeed enact additional migration barriers on top of the
national average of λ̄. The barrier to moving to Shanghai is 22 percent higher than the
national average, followed by Guangzhou (20 percent) and Beijing (6 percent). These cityspecific migration barriers are identified from the observed migration flows: the population
inflows into the BSG are too small in the data, given the advantages in real wage among BSG
as compared to an average Chinese city in the baseline model. The differences between the
model-implied and the observed population separate the magnitude of the additional entry
barriers from the other parameters. The relative size of the migration barriers also speaks
to the desirability of the cities as destinations: barriers into Shanghai (22 percent) being
higher than into Beijing (6 percent) implies that Shanghai is a more attractive destination
city among migrants than Beijing. The relative advantage of Shanghai might be rooted in
the real income differences between the two cities (in both the data and our model, Shanghai
has higher per capita output than Beijing), or the fact that the regions closer to Shanghai
are more populous than those surrounding Beijing, leading to a broader base of potential
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migrants.
Removal of the additional migration barriers in Beijing, Shanghai, and Guangzhou always
improves aggregate welfare, but not necessarily the local welfare. Setting the migration
barriers in BSG to the national average level (δ(·) = 1) would lead to between 23.5 and 108.1
percent population increase in these cities.22 The national welfare, as a result, increases
by between 0.7 to 3.6 percent due to the additional benefits of population concentration.
However, at the local level, the welfare impacts vary, as they depend on the changes in
real wage v.s. congestion disutility. In the case of Beijing and Guangzhou, local welfare
increases after the removal of barriers by 7.4 and 18.9 percent, respectively. The residents in
Shanghai, however, suffer a 7 percent welfare loss. The population of Shanghai would surge
to over 22 million if the additional barriers to migrate were removed. The resulting burden
of congestion disutility exceeds the gain in the real wage, leading to a loss of local welfare.
The case of Shanghai reveals the potential conflict between the local and national welfare,
which we will return to later in this section. The detailed results of these simulations are
reported in Table 7.
Contrary to Beijing, Shanghai, and Guangzhou, the migration barriers in Shenzhen are
1 percent lower than the national average. Intuitively, it means that without any policies
actively encouraging migration to Shenzhen, the economic advantages of Shenzhen are not
large enough to explain the surge in population over the period. In many ways, this is not a
surprise as Shenzhen is a city built from a tiny fishing village since the late 1970s, and it has
been one of the few cities that was actively encouraging immigration into its jurisdiction.
Setting δ to 1 in Shenzhen amounts to higher migration barriers, and would lead to a 43percent loss in population, and an 18-percent loss in local welfare as reported in the last
column of Table 7. The massive response of the population flow to a seemingly small change
in local barriers is mainly due to the particular location of Shenzhen: it sits within a greater
metropolitan area, the Pearl River Delta, which contains many large cities with comparable
levels of real wages, such as Guangzhou, Zhuhai, and Dongguan. Workers in this cluster of
cities are highly mobile, as the migration frictions within the Pearl River Delta are low and
22

Setting δ to 1 only decreases the migration barriers in these cities to the national average level. It does
not imply frictionless migration.
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the relative differences in real wages across cities are small. As a result, a small change in
entry barriers can easily affect the location choices of many workers.
Lastly, we show that the largest cities are all underpopulated relative to the level of
population that maximizes the national or the local welfare. To arrive at this conclusion, we
simulate the model with different values of δi while keeping all the other parameters fixed.
We compare the local and national welfare in city i across different values of δi to study
the optimal δi and the associated population. Figure 8 reports the results by plotting the
percentage change in welfare against the population in city i, which in turn depends on δi .
The population that optimizes the welfare in Beijing is 18 million, which is 50 percent higher
than the population in Beijing as of 2005 (12.6 million). If Beijing were to adopt this “local
optima”, the gain in the real wage would outweigh the loss in congestion disutility, leading
to a welfare gain of 9.44 percent. However, the population of Beijing that maximizes the
national welfare is significantly higher at 22 million. From the perspective of the central
government, the productivity spillover from the “over-population” in Beijing exceeds the
local costs of higher congestion, which justifies a higher population than the “local optima”.
The conflict of interest between the central and the local government highlights yet another
controversial and under-explored dimension of migration issues. The results from the other
cities are similar to those from Beijing, and we refer to readers to the others panels in Figure
8 for details.

4.3

Migration and Trade

In the last section, we study the interactions between migration and trade liberalization.
We first show that the interaction between internal trade and migration is weak because the
two serve as substitutes to each other. Internal trade liberalizations benefit smaller cities
and reduce the need for migration; at the same time, migration moves consumers closer
to the production centers, and thus reduces the need for internal trade. We then move
to international trade and migration and argue that migration amplifies the gains from
international trade.
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Internal Trade Overall, the interaction between inter-city trade and migration is weak.
We first show that inter-city trade only marginally affects migration. To do so, we perform
another set of counter-factual analysis in which we first shut down inter-city trade, and then
lower λ̄.23 Once the internal trade is shut down, the same reduction in λ̄ leads to a 12.5
percent migration rate, which is 4.8 percentage points lower than the baseline estimation.24
The reduction in λ̄, in turn, improves aggregate income by around 10.7 percent, which is only
1 − 10.7/12.01 ≈ 11 percent lower than the benchmark case with the intercity trade. The
weak link between internal trade and migration is mainly due to the substitutability between
the mobility of goods and population. Internal migration allows the consumers of tradable
goods to live closer to the site of production, reducing the need for intercity trade. This
substitutability implies that even if the intercity trade is completely absent, the gains from
migration will only be marginally affected. Similarly, in the other direction, the volume of
intercity trade is not responsive to migration frictions either. When we reduce the migration
frictions, the overall trade openness declined slightly in our model from 72.69 percent to
68.12 percent, again suggesting a weak interaction between trade and migration.
To further understand the effects gradual trade liberalization, we then simulate a counterfactual world in which the internal trade frictions, τ̄ , are lowered by 10 percent, and compare
the results to our baseline model.25 All of the other parameters are the same as in the
benchmark simulation. The results are reported in the four panels in Figure 9. Lowering the
internal trade barrier by 10 percent increases the aggregate real income by around 4.5 percent,
as shown in Panel (a). All cities benefit from internal trade liberalization mainly through
two channels: 1) the direct benefit from the reduced transportation costs, which is the same
as the “gains from trade” in a standard trade model, and 2) the indirect interactions between
internal trade and migration. To quantify the relative importance of the two channels, we
run another counter-factual simulation in which we reduce the internal trade barriers while
23

We first set both λ̄ and τ̄ to some sufficiently high value such that no migration takes place and internal
trade is shut down. We then restore λ̄ to its value in the benchmark model and study the aggregate impacts
of migration in an autarky economy.
24
The aggregate stay rate in Table 3 is 82.7 percent; this is equivalent to a 1 - 0.827 = 17.3 percent
migration rate.
25
To single out the effects of internal trade liberalization, we increase the international trade barrier, τrow ,
by 11.1 percent, so that the effective trade barrier between China and the ROW, τ̄ · τrow , is the same between
the counter-factual and the benchmark model.
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shutting down the migration channel.26 Internal migration plays a relatively minor role in
amplifying the gains from internal trade liberalization: without any migration, the overall
gain in the real wage is 4.1 percent, as shown in Panel (b) of the same figure. This implies
that 4.1/4.5 ≈ 91.1 percent of the gain is through the first channel, while the other 8.9
percent is the amplification from trade-induced migration. The relative insignificance of the
amplification effects is probably due to the small scale of the trade-induced migration flow:
when we reduce τ̄ by 10 percent, the aggregate stay rate drops slightly from 82.7 to 82.2
percent.
The insensitivity of internal migration to internal trade frictions is due to the spatial
distribution of the “gains from trade,” as shown in the third and the fourth panels of Figure
9. While all of the cities benefit from internal trade liberalizations, the small and inland
cities gain much more than the large and coastal ones. For example, as shown in Panel
(d) of the figure, the change in real income in cities such as Beijing and Shenzhen is only
around 2.6 percent, while the smaller cities can enjoy gains at around 9.0 percent. This is an
expected result from trade models following the works of Krugman (1980): small economies
usually benefit more from trade liberalization because, after liberalization, the number of new
imported varieties relative to the existing market size is more substantial in smaller cities,
leading to a steeper drop in the ideal price index. In other words, internal trade liberalization
tends to narrow down the gaps in real wages across space: the spatial inequality measured
by the coefficient of variation of the real wage across cities is 0.48 in the baseline model and
0.47 in the counter-factual. As a result, the need to migrate to large cities is mitigated in
the first place.
The fact that small cities benefit more than large ones also implies that internal trade
liberalization would not lead to a sharp increase in congestion disutility. Panel (a) in Figure
9 shows that this is indeed the case: the aggregate welfare gain is around 4.47 percent,
which is effectively the same as the aggregate income gain, indicating the negligible change
in congestion-disutility. Compared to the case of reductions in migration frictions in the
previous section, where around 17.8 percent of the gain in real income was offset by higher
26

We set λ̄ to a sufficiently high number, and start the model using the equilibrium population distribution
from the baseline model as the initial distribution. We then set τ̄ and τrow to be the same in the internaltrade-reduction counter-factual to simulate the results reported in Panel (b) of Figure 9.
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congestion disutility, our results suggest that reductions in internal trade frictions seem to
be more “efficient”.
International Trade Contrary to the previous exercise on inter-city trade, migration
greatly amplifies the gains from international trade liberalization. To do so, we simulate a
counter-factual world in which τrow is lowered by 10 percent, while all of the other parameters
are the same as in the baseline model. The results are reported in Figure 10.
Internal migration amplifies the gains from trade by around 147 percent. A 10-percent
reduction in the international trade barrier leads to a 20.0-percent increase in real income in
our baseline model with migration. In contrast, without migration, the same reduction in
trade barriers only leads to an 8.1-percent growth in real income, which implies that intercity
migration amplifies the gains from trade by 20.0/8.1 − 1 ≈ 147 percent. The amplification
works through the local wage rates. Reductions in trade barriers lead to the rapid expansion
of the firms in coastal cities. However, higher labor demand quickly pushes up the wage rates
in these cities, which in turn increases the marginal costs of production and throttles firm
growth. Migration mitigates the surges of local wage rates. With migration, higher wage
rates in the coastal cities attract workers from inland cities; the inflows of workers then shift
the labor supply curve outward and dampen the equilibrium wage rate in the coastal cities.
The additional labor supply brought by the migrants enables the exporting firms to grow
larger relative to the scenarios without migration and eventually leads to higher gains from
trade. In the other direction, migration is also much more responsive to international trade
liberalization than the internal liberalization. The reduction in international trade barriers
increases migration rate from 17.3 percent in the benchmark to 24.0 percent, leading to
further gains in real wage and welfare due to the concentration of population as discussed
in the previous section. The detailed results are reported in Figure 10.
Through the lens of international trade theory, almost all of the gains from trade come
from the reallocation of resources within the country: the neo-classical trade models usually
emphasize inter-industry reallocation dictated by comparative advantage, and the new trade
models following the works of Melitz (2003) highlight the gains due to cross-firm reallocation.
Our work shows that the spatial reallocation of production factors, a previously overlooked
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channel, quantitatively dominates the traditional channels. If we allow workers to migrate
to regions with better access to the international market, the surge of the equilibrium wage
rate, which usually works to limit the gains from trade, can be significantly mitigated. The
resulting amplification effects can generate a gain from trade to be more than twice of those
measured in standard trade models without migration. The spatial reallocation component
also pushes our model outside of the definition of Standard Trade Models as in Arkolakis
et al. (2012), which implies that the amplification effects of migration cannot be captured
merely by the overall openness of the country and the trade elasticity as shown in Arkolakis
et al. (2012).
Trade-induced migration is generally directed toward large coastal cities, as those cities
usually benefit the most from international trade liberalization. Panels (c) and (d) in Figure
10 highlight this pattern of welfare and real income gain. Despite the amplification effects
of trade-induced migration, a higher concentration of population among the coastal cities
takes a toll on the national welfare due to higher congestion disutility. National welfare only
increases by 16.4, implying that around 1 − 16.4/20.0 ≈ 18.0 percent of the gain in the real
wage is lost due to higher congestion disutility. The surge in congestion disutility is a sharp
contrast to the case of internal trade liberalization where the congestion disutility is virtually
unchanged.
The gains from international trade liberalization in our model are higher than what is
usually seen in the quantitative literature.27 We decompose the gains from international
trade into different channels in Table 8 to highlight the relative importance of the new
elements in our model. Shutting down the migration channel reduces the gains from trade
from 20 percent to 8.14 percent, and shutting down the firm entry reduces the gain to
5.91 percent. If we shut down both channels, the gains from trade in our framework are
comparable to the majority of estimates in the literature, at around 5.39 percent. The fact
that internal migration channel has such an enormous impact on gains from trade is mainly
due to its interaction with firm entry. Without the extensive margin, the gains from migration
are significantly reduced (5.91 percent) compared to the benchmark exercise. Workers no
27

For example, the closest counterpart to our model, di Giovanni and Levchenko (2013), under a similar
quantification with fat-tailed firm size distribution, found that a 10 percent reduction in variable trade
barriers on average increases welfare by 4.3 percent.
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longer anticipate more varieties and lower prices in the destination cities, and thus fewer
workers choose to migrate, and the gains from trade become limited. For example, with firm
entry, the reductions in τrow induces a 21 percent population growth in Shenzhen; However,
without firm entry, the same reduction in τrow only increases the population in Shenzhen
by 2.9 percent. The strong interaction between firm entry and migration also explains why
shutting down both channels has similar effect as compared to only shut down the entry
channel (5.39 percent v.s. 5.91 percent): without firm entry the migration flow is already
tiny, and thus further banning migration will not lead to a sizable change in real income. The
second column reports the gains from trade using welfare, instead of real wage, and arrives
at similar results. Note that under “no migration” the percentage gains in real wage and
welfare are slightly different, because congestion costs enter the utility function additively,
not multiplicatively in our model.

5

Conclusion

In this paper, we show that the local impacts of internal migration are positive in the context
of China. To do so, we extend a general equilibrium trade framework with endogenous firm
entry and migration decision. We find that all the cities that received migrants benefit from
the population inflow despite the negative impacts on congestion disutility. The key driving
force is the margin of firm entry, without which inflows of workers would lower the real
wage and welfare in the destination cities. We also argue that the largest cities in China are
underpopulated relative to the level that would maximize local or national welfare, and on
average, the central government would prefer a higher population concentration in the large
cities than the residents in these cities. Finally, we show that internal trade liberalization
and migration serve as substitutes to each other, and migration greatly amplifies the gains
from international trade as it alleviates the labor shortage problem in the coastal cities.
Certain caveats exist when interpreting our results, and future works can be done to
deepen our understanding of the issue. An explicitly modeled agricultural sector is absent
in the current setup. Moreover, the cities in our model are all ex-ante identical except for
the initial population size. A further extension could be made to incorporate an agricultural
40

sector with a city-specific land endowment as an input of production. This would enable us
to distinguish between rural-urban and urban-urban migration. Furthermore, it would also
be worthwhile in future works to explore a dynamic model with an endogenous migration
decision.
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Tables and Figures
Model
Average share by road 0.754
Average share by rail
0.152
Average share by river 0.094

Data
0.763
0.155
0.083

Table 1: Model Fit in Estimating Geographic Costs
Note: The table presents the average share of trade volumes via different modes across all of the cities.
The model results are based on equation (4). The data counterparts are computed from the Chinese City
Statistics Yearbooks and the Custom Dataset.

Para.

Targets

Para. Value

βN
βT
ηN
ηT
α
θ


labor share in non-tradable sectors
labor share in tradable sectors
non-tradable share in non-tradable sectors
non-tradable share in tradable sectors
expenditure share on non-tradable goods
Pareto index in emp. distribution
elasticity of substitution

0.47
0.33
0.42
0.22
0.61
5.3
6.0

Table 2: Calibrated Parameters
Note: The calibration targets for βs , ηs , and α come from the 2002 Chinese input-output table for 42
industries. The target for θ comes from Axtell (2001) and the values for  and ζ come from di Giovanni and
Levchenko (2012).
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Name
Num. Firms
Trade Share
Tail Index
Stay Rate
Std. Stay Rate
Corr(log(pop) inflow)
Stay Rate Top 10
Stay Rate Top 20
Stay Rate Top 40
Stay Rate Other
Std(SR) Top 10
Std(SR) Top 20
Std(SR) Top 40
Std(SR) Other
(Export+Import)/GDP
ROW/China Size
Inflow Rate Beijing
Inflow Rate Shanghai
Inflow Rate Guangzhou
Inflow Rate Shenzhen

Data

Model

Diff.

8.441 8.834
4.7%
0.625 0.681
9.0%
1.030 1.035
0.4%
0.881 0.827 -6.1%
0.090 0.076 -15.3%
0.360 0.385
7.1%
0.980 0.982
0.3%
0.970 0.970
0.0%
0.947 0.942 -0.5%
0.869 0.807 -7.2%
0.019 0.016 -16.5%
0.020 0.023 19.2%
0.039 0.038 -1.3%
0.091 0.062 -32.4%
0.594 0.565 -4.8%
21.320 21.486
0.8%
0.166 0.165 -0.3%
0.138 0.138 -0.3%
0.151 0.151 -0.3%
0.539 0.584
8.3%

Table 3: Model Fit: Targeted Moments
Note: The table reports all of the targeted moments in our SMM, the moments in the data, and their counter
parts in the model. For more details on the moments and the data source, see the main text. The third
column reports the differences between the data and the model in percentage points.
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Para.
κ × 1000
fe
λ̄ × 1000
τ̄
φ
ρ
τrow
A
δBeijing
δShanghai
δGuangzhou
δShenzhen

Value

S.E

2.140
2.780
14.373
2.135
3.472
193.977
0.098
0.121
1.060
1.225
1.122
0.986

0.016
0.087
0.121
0.070
0.017
2.117
0.003
0.001
0.006
0.007
0.005
0.006

Table 4: Parameters, Estimated
Note: This table reports the results of the estimation using SMM. The standard errors are computed
with 200-repetition bootstraps. κ is the parameter that governs the distribution of idiosyncratic location
preferences; fe is the fixed cost of entry; λ̄ is the scale of the migration frictions; τ̄ is the scale of the iceberg
trade costs; φ and ρ are the parameters governing the congestion disutility; τrow is the international trade
barrier; A is the relative TFP between China and the ROW; and δ· is the city-specific migration barrier.
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1.825
-0.568
-0.014
-1.318
4.911
-1.044
-0.145
-0.245
-0.473
-1.490
7.456
7.819
7.272
4.244
-0.490
-0.690
4.784
3.423
5.369
4.064

-3.715
0.743
0.039
0.760
-3.597
3.779
0.026
0.059
0.164
0.880
-2.308
-2.560
-2.998
-3.279
0.643
0.849
-3.673
-3.898
-3.606
-6.683

fe
-3.341
-1.048
0.064
0.858
-4.593
3.847
0.016
0.051
0.152
1.000
-0.168
-2.341
-3.154
-4.482
-1.478
2.953
0.284
-4.293
-6.612
-6.859

τ̄
5.265
-1.747
-0.050
-1.532
6.168
-11.893
-0.115
-0.204
-0.439
-1.753
8.387
6.476
6.262
5.273
-1.504
-1.961
6.447
11.730
1.573
17.316

φ
-0.430
0.143
0.004
0.124
-0.499
0.953
0.009
0.017
0.036
0.142
-0.691
-0.530
-0.509
-0.428
0.123
0.160
-0.525
-1.043
-0.110
-1.380

ρ
-2.973
-0.581
0.050
0.781
-4.105
4.007
0.019
0.054
0.157
0.907
-0.398
-2.460
-3.229
-4.022
-2.441
2.284
0.796
-4.044
-6.366
-6.705

τrow
0.461
0.100
-0.027
-0.120
0.640
-0.608
-0.003
-0.008
-0.024
-0.140
0.037
0.377
0.501
0.631
0.400
1.313
-0.125
0.656
1.034
0.987

A

Table 5: Elasticity Matrix around Baseline

-4.544
1.461
0.064
2.252
-9.403
5.495
0.172
0.311
0.666
2.573
-10.006
-10.851
-10.923
-8.358
1.263
1.715
-9.265
-7.697
-10.164
-12.127

λ̄
-0.283
0.108
0.007
0.092
-0.331
-0.574
0.005
0.017
0.037
0.104
-0.530
-0.802
-0.825
-0.277
0.110
0.093
-11.444
0.042
0.047
0.039

δbeijing
-0.288
0.095
0.003
0.075
-0.296
-0.519
0.014
0.020
0.036
0.083
-1.006
-0.684
-0.548
-0.316
0.082
0.115
0.062
-9.037
0.050
0.025

δshanghai
-0.205
0.041
0.002
0.070
-0.285
-0.470
0.002
0.007
0.017
0.080
-0.432
-0.281
-0.242
-0.234
0.028
0.062
0.039
0.027
-12.649
0.040

δguangzhou

-3.650
1.192
0.031
1.039
-4.134
10.909
0.084
0.138
0.284
1.192
-4.615
-3.547
-3.616
-3.452
1.011
1.356
0.590
0.376
1.019
-14.049

δshenzhen

Note: The table reports the elasticity between the moments and the parameters in our benchmark estimation. For example, the first element, 1.825,
means that if κ increases by 1 percent, then the “Number of Firms” moment increase by around 1.825 percent. We approximate the elasticities by
0.1 percent local variations around the benchmark estimation.

Num. Firms
Trade Share
Tail Index
Stay Rate
Std. Stay Rate
Corr(log(pop) inflow)
Stay Rate Top 10
Stay Rate Top 20
Stay Rate Top 40
Stay Rate Other
Std(SR) Top 10
Std(SR) Top 20
Std(SR) Top 40
Std(SR) Other
(Export+Import)/GDP
ROW/China Size
Inflow Rate Beijing
Inflow Rate Shanghai
Inflow Rate Guangzhou
Inflow Rate Shenzhen

κ

OLS
(3)

(4)

\
Ln(#.firms)

\
Ln(#.firms)

0.226***
(0.056)

0.314***
(0.012)

0.060
(0.062)
-0.007
(0.025)
0.050***
(0.018)
-0.139
(0.139)
-0.182
(0.265)

1.566***
(0.452)

0.461***
(0.021)

0.477***
(0.129)
0.162***
(0.054)
-0.091**
(0.040)
0.249
(0.195)
0.623
(0.456)

255

255

278

254

Ln
Inflow Rate

(1)


\
GDP
Pop.

0.379***
(0.093)

Ln(Initial Pop.)
Ln(Initial GDP)
Remoteness
Constant
N
F statistic (IV)

Ln

(2)


\
GDP

IV

Pop.

(7)

(8)

\
Ln(#.firms)

\
Ln(#.firms)

0.995***
(0.241)

0.587***
(0.057)

3.072**
(1.199)
0.365***
(0.115)
-0.418***
(0.145)
-0.375
(0.399)
5.184***
(1.869)

0.397***
(0.030)

1.138**
(0.529)
0.079
(0.052)
-0.087
(0.068)
-0.383*
(0.229)
1.706*
(0.935)

255
43.626

255
11.280

278
45.139

254
11.273

Ln

(5)


\
GDP
Pop.

Ln

(6)


\
GDP
Pop.

Table 6: Inflow Rates, Number of Firms, and Per-Capita GDP
Note: this table reports the results of regressing the inflow rates on the log-difference of per capita GDP and
the number of firms. Initial population and GDP refers to the year 2000. The log-difference in per capita
GDP is between the year 2000 and 2005, and the number of firms, between 2004 and 2008 economic census.
The instrument variable in columns 5 to 8 is the model-based inflow rates.

Beijing

Shanghai

Guangzhou

Shenzhen

Baseline Barrier (δ(·) )
1.06
Baseline Population (Mil.)
12.61
Counterfactural Population (Mil.)
15.57
Change in Population
23.48%
Change in Real Wage
14.38%
Change in Congestion
108.02%

1.22
16.80
22.62
34.60%
18.82%
180.70%

1.12
9.53
19.83
108.09%
48.12%
1174.67%

0.99
15.57
8.83
-43.27%
-25.90%
-86.04%

-6.87%
0.72%

18.86%
3.57%

-18.31%
-2.54%

Change in Local Welfare
Change in National Welfare

7.39%
0.96%

Table 7: Removing City-Specific Entry Barriers
Note: this table reports the results of counter-factual simulations in which we remove the additional migration
barriers in each city by setting δ(·) in that city to the national average level of 1. Note that the exercise only
sets the migration barriers to the national average; it does not remove all the migration barriers. All of the
changes are reported as percentage changes.
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10% Reduction in τrow

∆ log(Real Wage)

Benchmark
0.2000
No Migration
0.0814
No Firm Entry
0.0591
No Migration and Firm Entry 0.0539

∆ log(Welfare)
0.1643
0.0842
0.0587
0.0557

Table 8: Decomposing the Gains from Trade
Note: The table decomposes the gains from lowering international trade frictions by 10% into two channels: migration and firm entry. In “No Migration” and “No Firm Entry” setting, the population and firm
distributions are set to be the same as “Benchmark” prior to the reduction in τrow .
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Legend
Missing
In Sample

Figure 1: Prefecture-level Chinese Cities
Note: This graph shows the 279 prefecture-level cities included in our sample. All of the cities that are
included appear both in the Chinese Statistical Yearbooks and the 2005 micro survey.
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(a) Rail Distance

(b) Waterway Distance

(c) Road Distance

(d) Physical Distance

Figure 2: Geographic Trade Costs by Transportation Mode
Note: The four panels above plot the estimated geographical costs matrix, T , against the mode-specific
measures of distance obtained by FMM. The last panel plots the T matrix against the physical distance
between two cities. The physical distance is measured as the great circle distance between city centers. The
physical distances are normalized such that the distance between Beijing and Tianjin (110.9 KM) is 1.
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Figure 3: Model Fit: Un-targeted Moments
Note: The graphs above plot the population, GDP distribution, and bilateral migration flows implied by
the model against their counter-parts in the data. In all of the graphs, the total population of China is
normalized to be 1, and we plot the logarithms of the population and migration flows. The data source for
both graphs is the 2005 mini survey.
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Figure 4: Population Change and Initial Population
Note: The figure plots the change in population between 2000 and 2005 against the initial population in
2000. Panel (a) is our benchmark simulation and Panel (b) is the data.
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Figure 5: Local Impacts of Migration
Note: The graphs above plot the change in real income and welfare between 2000 and 2005 due to inter-city
migration implied by the model. The difference between real income and welfare is the congestion dis-utility.
For more details, refer to Section 4.
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Figure 6: Local Impacts without Firm Entry
Notes: The graph plots the change in real income against the change in population in counter-factual without
firm entry. We fix the number of firms to the level in year 2000, and lower λ̄ by the same magnitude as in
Figure 5.
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(a) Top 10 Winners

(b) Top 10 Losers

Figure 7: Winners and Losers from Migration
Note: The two panels above plot the changes in the real wage and congestion costs as a percentage of welfare
before and after migration. The first panel plots the top 10 cities in terms of percentage change in welfare,
and the second panel plots the bottom 10 cities according to the same measure.
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Figure 8: Optimal City Size at the Local and National Level
Note: This figure plots the local and national welfare of Beijing, Shanghai, Guangzhou, and Shenzhen as a
function of population. The change in population is driven by the local migration barrier, δi . The welfare
in the benchmark model (the red solid line) is normalized to 1.
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Figure 9: Aggregate Impacts of Internal Trade Liberalization
Note: The figures report the aggregate impacts and the direction of population flows from lowering the
internal trade barrier, τ̄ , by 10 percent while keeping τ̄ · τrow the same as in the benchmark model.
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Figure 10: Aggregate Impacts of International Trade Liberalization
Note: The figures report the aggregate impacts and the direction of population flows of lowering the international trade barrier, τrow , by 10 percent while keeping all of the other parameters the same as in the
benchmark model.
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B

Solving the Model


In each city, we need to solve wj , IjN , IjT , PjT , PjN . Under the assumption that
 θ

type-I Pareto distribution, Pr a1 < y = 1 − yb , we can explicitly derive

PiN

1
=
bN




IiN

PiT

θN
θN − (εN − 1)


1
cN
i

θN 

 θ−1
N

1
N N
ci fii

1
a

follows a

− θN −(εN −1)
θN (εN −1)
XiN
εN
−1

−1)
θ

εN
εN − 1



N
 θN −ε (ε−1

N

N




 −1
 T − θT −(εT −1)
θT
θT (εT −1)
1
εT
θT
Xi
=
bT θT − (εT − 1)
εT − 1 εT
 −1

θT
T −1)
θT 
 θT −ε (ε−1

J
X
T
1
1
T
 .

Ij
T
T T
τ
c
c
f
ij
j
j
ij
j=1

(9)

(10)

The free entry condition in each city and sector gives:
XjN



ε N
c
ε−1 j

1−ε

θbθ a1+θ−ε
jN
θ θ
N
= cN
j fe + b ajN cj fjj
1+θ−ε

1−ε
εPjN

1−ε θ 1+θ−ε
C
J
X
X
θb aij
ε
XiT
T
T
τij cj
= cj f e +
bθ aθij cTj fij ,
1−ε
ε
−
1
1
+
θ
−
ε
εP
iT
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i=1

where ajN and aij are from zero-profit conditions:

ajN
aij

1
! ε−1
XjN
εcN
j fjj
1

 ε−1
XiT
ε − 1 PiT
=
,
ε τij cTj εcTj fij

ε − 1 PjN
=
ε cN
j

where
XiN = αwi Li + (1 − βN ) ηN XiN + (1 − βT ) ηT XiT
XiT = (1 − α) wi Li + (1 − βN ) (1 − ηN ) XiN + (1 − βT ) (1 − ηT ) XiT .
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(11)
(12)

Finally, trade balance requires XiT =

PJ

j=1

XjiT , so in each city i we have wi Li equal to

the following:

wi Li =

J
X
j=1

IiT τji−θT

θT −(εT −1)
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−
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T −θT
l=1 Il τjl

PJ



fjlT



h

wiβT

θ −(εT −1)
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T
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T

T −1)

i1−βT − θT −εT(ε−1
h
1−η
η
wlβT (PlN ) s (PlT ) T
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(13)


Given the initial distribution of labor Li , the labor supply in city i is LSi =

J
P

mij Lj

j=1

Then, the total demand for labor in city i is
LD
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Labor market clearing gives
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In total, we have 5 ∗ J + (J − 1) equations to solve for wj , IjN , IjT , PjT , PjN , Lj , where we
normalize the wage rate in Shanghai to be 1.

C
C.1

Numerical Implementation
Structural Estimation

In this appendix, we provide the details on how to estimate the structural parameters of the
model, or equivalently, to solve the minimization problem stated in Equation (6). Our entire
algorithm consists of two layers:
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A. The Inner Layer. The inner layer of the algorithm solves the model conditional on
all inputs, including the parameter of interest, Θ. The equilibrium conditions of the
model are a large system of non-linear equations. We solve the system with a standard
nested-loops algorithm:
Step 1. Start with an initial guess of the equilibrium population distribution. Conditional
on the guess, solve for the equilibrium number of entrants and operating firms
in each sector and city, product prices, and wage rates in each city.
Step 2. Conditional on the equilibrium results solved in the previous step, compute the
bilateral migration matrix and the implied equilibrium population distribution.
Step 3. Compare the initial guess with the implied population distribution. If the differences are below a certain threshold, exit the algorithm; otherwise, update the
initial guess with the implied distribution and iterate back to step 1.
B. The Outer Layer. The outer layer of the algorithm solves the minimization problem
conditional on the solutions provided in the inner layer. Conditional on an input vector
Θ, the inner layer finds the distance between the model and the data moments; the outer
layer will try to find the input vector Θ that minimizes the distance. We implement an
iterative particle swarm optimization algorithm (PSO) to solve the minimization problem.
At iteration t, the algorithm can be described as follows:
Step 1. Start with an initial input of the iteration, Θt .
Step 2. Define a subspace around Θt , and randomly draw n initial positions of Θ (particles) within the subspace. Denote the position of particle i as p(i).
Step 3. For each particle i, define a random neighborhood particle set and denote the
neighborhood set of particle i as b(i).
Step 4. Evaluate the model at each of the n particles. Denote the global best solution
as g∗, and the best solution within the neighborhood of particle i as b∗ (i).
Step 5. Update the position of each particle i as
p0 (i) = W1 ∗ p(i) + u(1) ∗ W2 ∗ g ∗ + u(2) ∗ W3 ∗ b∗ (i).
60

p0 (i) is the new position, p(i) is the old position, u(·) are uniformly distributed
random numbers, and W(·) are weights.
Step 6. Iterate between steps 3 and 5 until all of the particles converge to the same
position, or we can no longer improve g under certain stall limits.
Step 7. Check if the best solution from the previous step is an improvement over the
initial guess, Θt :
• If it is an improvement, reset the stall counter to 0 and update the initial
guess with the current best solution, then iterate starting from step 1 again.
• If it is not an improvement, add 1 to the stall counter, and restart from step
1 with the same initial guess, but different subspace and/or random seed.
Step 8. Exit if Θt cannot no longer be improved (stall counter exceeds stall limit).

C.2

Bootstrapping

We estimate the standard errors using a 200-repetition bootstrapping. In each repetition,
we bootstrap the following data samples to re-compute the target moment in equation 6:
1. The 2005 Micro-Census. This micro-census contains individual-level data. In each
bootstrap, we impose strata restrictions so that the number of observations in each
city equals that in the original data set. After the bootstrapping, we re-compute the
bilateral migration matrix, and thus all of the moments based on the matrix.
2. The Investment Climate Survey, 2005. This survey is carried out at the firm-level.
In the bootstrapping, we do not impose strata restrictions, and we thus directly re-draw
from the entire sample. After the bootstrapping, we re-compute the the internal-tradeto-GDP ratio.
3. The Second Economic Census, 2004. This census is at the firm-level. We first
aggregate up the count data to the city-level, and then bootstrap with the sample of
279 cities. In each bootstrap, we sort the cities and compute the number of firms in
the top-20 cities in the sample. In the corresponding bootstrapping estimation, we
pick the same 20 cities as in the specific bootstrapping sample to ensure consistency.
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After all of the bootstrapped moments have been computed, we apply the entire twolayer algorithm for each of the 200 samples to generate the bootstrapped distribution of each
estimated parameter. The standard errors of each parameter can be directly derived from
the bootstrapped distribution.
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