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aSchool of Economics, Shanghai University, 200444 Shanghai, China
bRegional Economics Applications Laboratory (REAL), University of Illinois at

Urbana–Champaign, Urbana, IL 61801, USA
cDepartment of Economics, University of São Paulo, Av. Luciano Gualberto, 908,

São Paulo, SP, Brazil

URL: tme18tc@gmail.com (Menger Tu*)

Preprint submitted to Elsevier December 15, 2021

Electronic copy available at: https://ssrn.com/abstract=3986727



The Impact of High-speed Railway on Labor Spatial
Misallocation– Based on Spatial Difference-in-Differences Analysis

Abstract

Existing studies neglected to assess the resource allocation effect of high-speed railway

(HSR). This paper examines the impact of HSR on labor spatial misallocation in China

by applying a modified spatial difference-in-differences approach, which identify lo-

cal treatment effect, spillover effect on treated and untreated regions. The study finds:

(1) Opening HSR alleviates not only the local labor misallocation but also the misallo-

cation in surrounding areas to a greater extent, including cities with HSR (treatment

group) and without HSR (control group), which contributes to the overall productiv-

ity increase. The spillover effect of HSR is larger than the direct effect. (2) The largest

spillover effect occurs in adjacent areas near 350 km apart, while the spillover effect

disappears beyond 500 km. (3) The direction and magnitude of HSR effect depend

on the urban scale. For large-scale cities, the impact of opening HSR is greater versus

small-scale ones.

Keywords: high-speed railway, spatial difference-in-differences, labor spatial misalloca-

tion

JEL Classification: R40;R15

1. Introduction

At the beginning of the 21st century, China embarked on an ambitious program

of high-speed rail (HSR) network construction, aiming to promote regional economic

convergence and balance efficiency and equity (Chen and Haynes, 2015). By the end

of 2018, China had more than 29,000 km of HSR, ranking the first in the world. Com-

pared to traditional transportation modes, the HSR has narrowed the spatial distance,

which could more effectively enhance the connectivity between cities and improve the
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free flow of labor across regions. However, some scholars believe that the opening

HSR has intensified the ”siphon effect”, which benefits the central cities at the sacrifice

of the peripheral ones (Hall, 2009; Cao et al., 2013; Vickerman, 2015; Zhang and Tao,

2016) . The main reason for the controversy is that the existing studies focus only on

the local economic effect and neglect the impact of HSR on the aggregate outcome of

the nation. Moreover, the connectivity of HSR undoubtedly makes its impact cross-

regional. Therefore, ignoring the spatial spillover effects would also underestimate the

impact of HSR.

Given the relationship between resource allocation and overall economic, we be-

lieve that it is most appropriate to assess the overall economic effect of HSR by study-

ing its impact on resource misallocation. Under the ideal market mechanism, produc-

tion factors would shift to the higher efficient department and prompt the equivalence

of marginal revenue across diverse sectors, thus attaining Pareto Optimality(Hsieh and

Klenow, 2009; Banerjee and Moll, 2010). Once the obstacle appears in the free move-

ment, the effective allocation of factors will be lost, which will lead to a decline in over-

all economic growth (Hsieh and Moretti, 2019). In China, many factors hinder labor

mobility across regions, leading to market segmentation and severe labor misalloca-

tion at space, such as government intervention, administrative monopoly, household

registration system, and high housing price. In addition, the extent of labor spatial mis-

allocation determines aggregate output loss (Hsieh and Moretti, 2019). Therefore, it is

essential to evaluate the HSR’s effect on the aggregate economy from the perspective

of labor misallocation.

The aim of this paper is to contribute, at a methodological level, to evaluating the

aggregate economic impact of the HSR program. First, we identify the impact of HSR

on aggregate economic output from the perspective of labor spatial misallocation, thus

adding a new understanding about HSR’s policy effect. Second, compared to the pre-

vious studies, this article takes the spillover effect of HSR into account. We distin-

guish the spillover effect of HSR on the treated region and the non-treated region by

adopting a modified spatial difference-in-differences (DID) approach. This allows for

2
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a more accurate and complete assessment of the direct and indirect effects of HSR than

traditional spatial specifications. The few studies using spatial DID only emphasize

their own treatment effect and spillover effect within the treatment group, ignoring

the spillover effect on the surrounding non-treated region (Delgado and Florax, 2015).

In fact, the results may also be biased if this part of the effect is not controlled for.

Third, we estimate the scope of the spatial spillover effect by setting different distance

cut-offs as the definition standard of the spatial weight matrix cells. This provides a

practical reference for the layout of HSR.

This article is organized in seven sections, including this introduction. Section 2

includes a literature review and presents the study’s theoretical background. In section

3, we present the empirical dataset and strategies used in the analysis. In section 4,

we show the empirical results of the regression. In sections 5 and 6, we process the

heterogeneity analysis and robustness check, respectively. The final section presents

concluding remarks.

2. Related literature and mechanism analysis

2.1. Literature Review

Research on resource misallocation can be divided into two categories: one set

of studies mainly focus on the measurement of the degree of resource misallocation

and the impact of resource misallocation on economic growth (Olley and Pakes, 1996;

Hsieh and Klenow, 2009; Aoki, 2012; Bartelsman et al., 2013). The most representative

is the research of Hsieh and Klenow (2009). By setting the C-D production function

with the constant return to scale, they construct an analysis framework of exogenous

output and capital distortion to measure the degree of resource misallocation accu-

rately. They find that China’s overall economic efficiency would increase by 30% to

50% if there were no resource misallocation. Another set of studies highlight the in-

fluencing factors of resource misallocation. The existing literature mainly attributes

the causes of resource misallocation to market factors (imperfect financial market and

distorted labor market price) and institutional factors (policy intervention and policy

3
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distortion). For example, Moll (2014) believes that the credit constraint caused by the

imperfect financial markets in backward countries is the main reason for enterprise re-

source misallocation. Bernard et al. (2019) find that the state-owned enterprises with

low productivity can get more credit, which is a critical factor distorting China’s man-

ufacturing resource allocation. It can be seen that many studies focus on resource mis-

allocation across enterprises or industries, while the research on misallocation across

regions (spatial misallocation) is still scarce. In China, due to the local protection and

market segmentation, the resource misallocation at space is more severe. Therefore,

the study of labor misallocation from the spatial perspective is of more significance to

China’s overall economic growth.

Besides, we also note that considerably fewer studies are concerned about how to

alleviate resource misallocation. Some scholars have studied the mitigation effect of in-

dustrial agglomeration on resource misallocation based on new economic geography

(NEG) (Ji et al., 2016). However, according to NEG, transportation cost and accessibil-

ity could also influence the factor movement across regions and spatial distribution of

economic activities (Helpman, 1998; Krugman, 1991). Asturias et al. (2014) find that

the transportation infrastructure can affect resource allocation by influencing enter-

prise market control and industry concentration in India. Ghani et al. (2016) suggest

that India’s golden quadrant highway upgrading project improves the resource alloca-

tion efficiency across industries by facilitating sharper industrial sorting between the

major core cities and the areas along the highway. However, most previous studies

have focused on the impact of the highway on resource misallocation across indus-

tries or enterprises. Exploration into the role of HSR remains scarce, especially with

reference to spatial misallocation.

In fact, the research on the economic effect of HSR has been concerned by many

scholars, but the controversy about HSR has never stopped. This mainly stems from

the impact of opening HSR on the economy to small cities along the line. Some stud-

ies argue that the operation of HSR improves the accessibility between cities, driving

the production factors of peripheral cities along the line to flow to central cities, which

4
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promotes the economic growth of central cities but inhibits the economic development

of peripheral cities in turn (Sasaki et al., 1997; Givoni, 2006; Hall, 2009). Taking China’s

sixth railroad speed increase as an example, Qin (2017) finds that HSR reshapes the

economic landscape of cities along HSR lines by reducing transportation costs. The

empirical results show that the lower transportation costs introduce the shift of eco-

nomic activities from the counties along the route and concentrate on the central cities,

which results in a 3%-5% decrease in GDP and GDP per capita in the counties along the

route. However, some studies have found that the opening HSR drives the diffusion ef-

fect from central cities to surrounding places, which is conducive to regional economic

growth (Jedwab, 2016; Baum-Snow et al., 2017). Ahlfeldt and Feddersen (2017) find

that HSR in Germany has contributed to regional economic growth along the route by

increasing inter-city accessibility, strengthening economic agents links between cities,

promoting market access and market potential, and facilitating the diffusion of knowl-

edge & technology. There are two reasons for this argument: first, most current studies

have primarily focused on the impact of HSR on regional economic development or

regional net welfare increases (Rietveld and Bruinsma, 1998) while ignoring the role

of HSR on overall economic growth. Second, the spatial spillover effect of HSR on the

economies has been neglected, thus underestimating the economic effects generated by

HSR. Resource allocation efficiency is one of aggregate economic growth paths. We at-

tempt to fill this gap by exploring the impact of HSR on resource allocation and HSR’s

spillover effect.

2.2. Mechanism Analysis

As a fast transportation infrastructure, the impact of HSR on cities along the route

is mainly in the form of increased accessibility, connectivity, and transitivity (Liu et al.,

2020). However, most studies only focus on improved accessibility on regional eco-

nomic development (Hall, 2009; Kim and Sultana, 2015) while ignoring the connectiv-

ity and the transitivity. In fact, the role of connectivity and transitivity has gradually

emerged with the expansion of the HSR network. Based on these three characteristics,

5
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this paper analyzes the mechanism of the impact of HSR on labor spatial misallocation.

First, the most direct effect of opening HSR is to reduce transportation costs and

break the labor market segmentation, which increases urban accessibility. The cities

with HSR expand the scope of the labor market and improve the matching efficiency of

supply and demand with regard to the labor force, thus alleviating the local labor mis-

allocation. In addition, the construction of HSR stations in peripheral cities improves

their inherent location disadvantages, enabling them to undertake the industrial trans-

fer and diffusion of the core area better, which realizes the complementary and recon-

figuration of intercity factors. At the same time, the continuous rational allocation of

intercity factors promotes the improvement of labor productivity in peripheral cities

and eventually forms an overall convergent development pattern.

Second, the commuting convenience of HSR drives urban integration, which has

weakened the role of border barrier between cities. The way people live and work

has gradually changed as a result. For example, the job-dwelling separation mode has

emerged, in which people work in one city and live in another, with a ”pendulum”

commute between cities via HSR (Chen et al., 2016; Heuermann and Schmieder, 2014).

By this mode, labor can enter the high-productivity cities without the impediment of

high housing prices, thereby improving the efficiency of labor allocation between cities.

Third, the rapid expansion of the HSR network strengthens the connections be-

tween nodes, between nodes and domain faces, and between domain faces, which gen-

erates more prominent indirect effect than direct effect. For cities connected to the HSR

network, HSR significantly improves the interconnectivity between high-productivity

cities and low-productivity ones by considerably reducing time distance, which miti-

gate the labor misallocation for both types of cities. For cities that are not connected to

HSR network, on the one hand, the transitivity of HSR and other transportation infras-

tructure allows the labor force in those cities to move to destinations through nearby

HSR hubs, thus improving labor allocation (Xu, 2017). On the other hand, HSR in-

creases the speed and scope of information diffusion and dissemination (Dong et al.,

2019; Lin, 2017), which facilitates the knowledge and technology spillover from core

6
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regions to peripheral areas. This also helps peripheral areas to improve production

and resource allocation efficiency.

3. Data and Research Method

3.1. Data description

The information on the opening date of HSR is mainly extracted from China Rail-

way Statistical Yearbook. China’s HSR era began in 2008, which opened the first HSR

line with a speed of 350 kilometers per hour (218 mph). Since then, according to the

medium and long-term railway development plan, China’s HSR network has gradu-

ally formed the spatial layout of ”four north-south corridors and four East-West corri-

dors”. By the end of 2016, the network had covered 177 cities associated with a mileage

of more than 23,000 kilometers (14,291 miles). Chinese cities with HSR in the given

years are presented in Figure 1.

Figure 1. Cities with high-speed rail in China from 2008 to 2016

To ensure the integrity and availability of data, we mainly use the data of 280

prefecture-level cities from 2004 to 2016. The socio-economic variables are derived
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from China City Statistical Yearbook, such as employment, capital, local financial rev-

enue, and government expenditure.

3.2. Method and Variable Description

3.2.1. Method

The root of our work is the difference-in-differences approach (Ashenfelter, 1978),

a basic tool for evaluating treatment effect, which has been widely applied to study

the policy influence. In its benchmark form, the model considers that the operation of

HSR affects the labor misallocation through the interaction between time dummy and

treatment term. The equation is set as follow:

Mit = α0 + βHSRit + σXit + λt + µi + ξit (1)

Where Mit is the dependent variable representing the degree of labor misallocation.

The HSRit is a dummy variable, which represents a city had operated HSR in the year

t or not. Xit is the vector of a set of control variables at the city level, and ξit is an i.i.d

error term. In the meantime, we control for the time and individual fixed effect with λt

and µi, respectively.

The traditional DID must follow the SUTVA (stable value of the treatment unit

assumption) hypothesis, which means that the treatment units do not affect other

non-treated units (Rubin, 1978). However, there is no obvious physical barrier in pol-

icy spillover, and the implement of a program in a region might influence its neigh-

bors (Verbitsky-Savitz, 2012). In other words, using traditional DID would violate the

SUTVA, which leads to the biased estimation of the policy effect for the treatment re-

gion. We follow Chagas et al. (2016) by introducing the spatial DID approach to ad-

dress this problem. Hence, the spatial lag term, which consists of a weight matrix and

policy variable, is added to the model:

Mit = α0 + βHSRit + θWHSRit + σXit + λt + µi + ξit (2)

8
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Where the new term θWHSRit captures the spillover effect of opening HSR. W is a

spatial weight matrix, which is constructed by the geographical distance across cities1.

The term θWHSRit indicates the average spillover effect of the opening HSR on

neighboring cities, but the spillover effect might be different between treated and non-

treated regions (Chagas et al., 2016). So we try to measure the spillover effect on treated

and non-treated respectively by decomposing the spatial weight matrix2. Thus, the

modified specification is as follows:

Mit = α0 + βHSRit + θ1WT,THSRit + θ2WNT,THSRit + σXit + λt + µi + ξit (3)

Where WT,THSRit represents the spillover effect of opening HSR on neighboring cities

with HSR. As such, WNT,THSRit means the spillover effect on cities without HSR.

Table 1 shows the policy effect of classical DID and two spatial DID approaches.

Table 1. The policy effects of classical DID and spatial DID

Policy effect Classical DID Spatial DID Decomposed Spatial DID
Direct effect a a a

Indirect effect — b b1/b2
Neighboring treated group a a+b a+b1
Neighboring control group 0 b b2

3.2.2. Variable Description

The dependent variable is labor spatial misallocation, which represents the devia-

tion degree between the optimal labor input proportion and the actual labor input pro-

portion (Hsieh and Klenow, 2009). If the deviation degree is greater than 1, it means

that the urban labor input is insufficient. Otherwise, the urban labor input is excessive

1The elements of W are shown: Wij =

{
1/dij if i 6= j

0 if i = j

where dij is the geographical distance between city and calculated by their latitude and longitude.

2The spatial weight matrix W = WT,T + WNT,T + WT,NT + WNT,NT . While WNT,THSR = 0
and WNT,NTHSR = 0, so they are removed from the decomposed specification.

9

Electronic copy available at: https://ssrn.com/abstract=3986727



if the value is less than 1. In this paper, we use the absolute value of deviation minus

1 to measure the degree of urban labor spatial misallocation (Mit). If the value of Mit

is large, it means that the spatial labor misallocation of the target city is severe. See

Appendix 1 for the specific calculation process.

The explained variable, HSRit, is a dummy variable that takes the value of one if

the city had operated HSR in the year t, and zero otherwise. According to the definition

of the European Union in 1996, HSR refers to a rail service with trains that the speed

of the new-built lines exceeds 250 km/h (155 mph) or 200 km/h (124 mph) on the

upgraded lines (Givoni, 2006). This rule is consistent with China’s definition of the

Administration of Railway Safety, and we choose the standard of 200 km/h (124 mph).

We also control a series of variables that affect the allocation of labor resources, such

as urban productivity, FDI, industrial structure, government intervention, financial de-

velopment, housing price. Table 2 reports the statistical description of variables.

Table 2. Variables Description

Variables Variable name Index to explain

M Degree of labor misallocation Absolute value of(labor input ratio
in effective state/labor input ratio in distorted state -1)

HSR High-speed rail 1=high-speed rail; 0=no high-speed rail
FDI Foreign direct investment Foreign direct investment in nominal GDP
Ind The industrial structure The ratio of output value of the tertiary industry to that of the secondary industry

AGDP Real GDP per capita The logarithm of real GDP per capita
Fd Level of financial development The ratio of outstanding loans to GDP

Gov Government intervention Proportion of government budget expenditure in GDP
Hp House price The logarithm of the city house price after the CPI index adjusted

4. Empirical Result

4.1. Classical DID model result

4.1.1. Effect of HSR

Based on Equation (1), we first estimate the impact of opening HSR on labor spatial

misallocation by the traditional DID approach. In Table 3, column (1) is a panel data

regression with time and individual fixed effect. Column (2) adds several control vari-

ables in the specification on the basis of column (1). Both regression results indicate
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that the opening HSR could reduce the urban labor misallocation, which is in agree-

ment with Hu et al. (2020).

Table 3. Classical DID estimation result

M M

HSR
-0.0725***

(-5.236)
-0.0643***
(-4.7102)

control no yes
City FE yes yes
Year FE yes yes

Observation 3640 3640
Notes:t statistics reported in parentheses; *** p <0.01, **p <0.05, * p <0.1.

4.1.2. Solution to endogeneity

When using the DID approach, the operation of HSR for cities is supposed to be

an exogenous quasi-natural experiment. However, some scholars believe that the pol-

icymakers tend to choose cities that were expected a higher economic growth rate or

developed ones, which results in endogenous placement problems (Hodgson, 2018).

To deal with the endogenous issue, we construct the instrument variable based on

the principle which Faber (2014) points out that the placement of HSR depends on ge-

ographical development cost after eliminating the issue that considers the economic

condition. Terrain, geology, hydrogeology are the main factors that influence geo-

graphical development cost, and these geographical factors are exogenous strictly. We

firstly refer to Faber (2014) and Zhang (2018) by using geographic information data3

and the minimum spanning tree rule to construct the least cost path spanning tree

network. Then, we get the dummy variable about whether the prefecture-level city

should have HSR. Since the dummy variable is cross-sectional data, we multiply the

variable with the time dummy to construct a set of instrument variables (Duflo and

Pande, 2007).

3The data are sourced from a Geo-spatial cloud dataset founded by Computer Network Information
Center of Chinese Academy of Sciences. http://www.gscloud.cn/
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Table 4. IV Regression of HSR’s impact on labor misallocation

VARIABLES M
(second-stage)

HSR
(first-stage)

HSR -0.131*
(1.926)

IV *year2008 -0.013
(-1.49)

IV *year2009 0.010
(0.25)

IV *year2010 0.118**
(2.26)

IV *year2011 0.229***
(3.87)

IV *year2012 0.195***
(3.06)

IV *year2013 0.335***
(5.12)

IV *year2014 0.280***
(4.32)

IV *year2015 0.267***
(4.15)

IV *year2016 0.266***
(4.18)

control yes yes
City FE yes yes
Year FE yes yes

Observation 3185 3185
Kleibergen-Paap Wald rk F statistic 16.412

Hansen J statistic Chi-sq(8)=4.491
P-val = 0.8104

Notes:t statistics reported in parentheses; *** p <0.01, **p <0.05, * p <0.1.

Table 4 presents the result of instrument regression. Column 3 shows the first-stage

regression of IV on HSR. We find that the Kleibergen-Paap Wald rk F statistic is 16.412,

which is larger than the critical value 10 that Staiger and Stock (1997) propose. This

result rejects the assumption of weak IV, indicating that the IV we employ is appropri-

ate.

Column 1 presents the result of the second stage, which shows that the HSR could

mitigate the misallocation. It can be seen that after dealing with endogeneity, the im-

pact of HSR on alleviating labor spatial misallocation still exists, indicating the robust-

ness of the result. On this basis, we further consider the spatial effect of the HSR.

4.2. Spatial DID model result

4.2.1. Average spillover effect of HSR

In this section, we compare the results of three types of models. Column (1) in Ta-

ble 5 is the panel data regression with the traditional DID approach. Column (2) shows

the spatial lag of independent variable specification (SLX) suggested by Vega and El-
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horst (2015). This is our baseline case to perform the DID model in spatial econo-

metrics. Column (3) considers another spatial correlation (SDEM), including the lag

of error term. We choose the appropriate specification based on Lagrange Multiplier

(LM), LM robust tests, Akakike Information Criteria(AIC), Bayesian Information Cri-

terion(BIC), and Loglikelihood Value. The tests above indicate that we should employ

SDEM model (Anselin et al., 1996; Elhorst, 2014).

Table 5. Spatial DID estimation result

Classical DID
M

SLX-DID
M

SDEM-DID
M

HSR -0.0643***
(-4.710)

-0.0468***
(-3.2505)

-0.0497***
(-3.7490)

W ∗ HSR -0.418***
(-3.4538)

-0.3165**
(-2.2629)

control yes yes yes
W ∗ control yes yes yes

lambda 0.8734***
(36.259)

Moran’s I 0.0437 0.0417
P-Value 0.001 0.001
LM-lag 450.71 413.81
P-Value 0.000 0.00

LM-error 370.64 338.43
P-Value 0.000 0.000

Robust LM-lag 135.65 146.42
P-Value 2.2e-16 2.2e-16

Robust LM-error 55.577 71.054
P-Value 8.988e-14 0.000

AIC -298.1988 -308.2912 -489.451
BIC 1561.723 1570.23 1395.27

Loglik 449.099 457.146 548.726
City FE yes yes yes
Year FE yes yes yes

Observation 3640 3640 3640

Notes:t statistics reported in parentheses; *** p <0.01, **p <0.05, * p <0.1.

In column (2), we find that the coefficient of HSR is -0.0468, and it is significant

at the 5% level, which means that the opening HSR could improve urban local labor

misallocation. The coefficient of W ∗HSR is -0.418, and it is significant at the 1% level,

which indicates that the opening HSR could mitigate the labor misallocation of the

vicinity.

The spatial correlation could happen through other channels. Column (3) shows

the empirical result of SDEM specification. In this situation, the treatment effect is -

0.0497, which means that the opening HSR could decrease the extent of misallocation.
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The coefficient of treatment effect has no noticeable difference with the column (2).

However, the spillover effect of HSR decreases to -0.3165 because the spatial correlation

of unobserved heterogeneity in error term absorbs the impact in part. The parameter

lambda is positive at the 1% significant level which controls for random shocks to the

dependent variable.

4.2.2. Spillover effect to Treated and Non-treated Neighbors

The spillover effect in the previous analysis is an average effect, which ignores the

differences between non-treated and treated regions (Chagas et al., 2016). Drawing on

their work, we test the indirect effect of HSR on the treatment group and control group,

respectively. Table 6 shows the result that we distinguish the two sets of indirect ef-

fects. Column (2) and column (4) present the decomposed case for each specification.

The result of SLX-DID shows that the coefficient of the direct effect is -0.0607 after de-

composing the average effect, 30% larger than the average model. The indirect impact

on the neighboring non-treated region (-0.4289) is slightly larger than that of the adja-

cent treated region (-0.3975). This might be because the spillover effect of HSR is the

only effect influencing the region (Chagas et al., 2016).

Table 6. Modified spatial DID estimation result

SLX-DID SDEM-DID
(1) (2) (3) (4)

HSR -0.0468**
(-3.2505)

-0.0607*
(-1.9181)

-0.0497***
(-3.7490)

-0.0854**
(-2.8032)

W ∗ HSR -0.418***
(-3.4538)

-0.3165*
(-2.2629)

WT,T ∗ HSR -0.3975**
(-3.1164)

-0.2656*
(-1.8287)

WNT,T ∗ HSR -0.4289***
(-3.4842)

-0.3466**
(-2.444)

control yes yes yes
W*control yes yes yes

lambda 0.8734***
(36.259)

0.8747***
(36.648)

City FE yes yes yes yes
Year FE yes yes yes yes

Observation 3640 3640 3640 3640

Notes:t statistics reported in parentheses; *** p <0.01, **p <0.05, * p <0.1.

As for column (4), the direct effect becomes -0.0854 after decomposing the average

spillover effect, almost doubled versus column (3). At the same time, the coefficient of
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WT,T ∗HSR and WNT,T ∗HSR are -0.2656 and -0.3466, respectively. Both of them are

statistically significant. Combined with the direct effect, the total effect of the treatment

group reaches -0.3510. It is worth noting that the indirect effect on the non-treated re-

gion is 97% of the treatment group (-0.3466/-0.3510). This result indicates that the

opening HSR not only mitigates the labor misallocation of cities with HSR but also im-

proves the extent of misallocation to cities without it. For treated regions, the indirect

effect account for 75.67% of the total effect, which demonstrates that the improvement

effect of opening HSR on misallocation derived from indirect effect mainly and direct

effect in part. With regard to untreated regions, the influence comes from the spillover

effect of treated regions only.

In summary, whether it is local, neighboring treated cities, or neighboring non-

treated cities, the HSR plays a key role in alleviating the labor spatial misallocation.

We also find that the indirect effect of HSR is greater than the direct effect. For treated

regions, the role of HSR in alleviating labor misallocation derived from the location

advantages brought by the improvement of the local infrastructure and the connection

effect through linking other cities with HSR. For non-treated regions, they are mainly

affected by the siphon effect and transitivity of vicinities opened HSR. Consequently,

the labor force could reconfigure by means of HSR, which alleviates the spatial misal-

location.

5. Heterogeneity analysis

5.1. Distance heterogeneity

According to the First Law of Geography (Tobler, 1970), the spatial spillover effect

of HSR on labor misallocation may diminish with increasing distance between cities.

Therefore, we try to figure out the variation of the spillover effect by introducing dif-

ferent distance cut-offs as the definition of the weight matrix cells:
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Wij =


1/dij if dij ≥ d

0 if dij < d

Where dij is the distance between cities, is different distance cut-offs with the interval

of 50 km, such as d=(50km, 100km, 150km, ...).

Figure 2. The spatial attenuation of spillover effect

Figure 2 shows the coefficients of the W ∗ HSR at different distance cut-offs. It

reveals that the coefficient becomes larger until 350 km (218 miles) and then declines,

presenting a U-shape. The largest absolute value of the coefficient is approximately

1.77 when the distance reaches 350 km, while it becomes statistically insignificant when

the distance exceeds 500 km (311 miles). This result suggests that the HSR would

influence neighboring regions within 500 km, and the largest spillover effect appears

near 350 km. That is to say, labor mobility by high-speed rail is more convenient if two

cities are within 500 km of each other. In the meantime, the labor force living in the

neighboring cities without HSR can also migrate to other cities with high productivity

through the HSR station of the current city so as to alleviate the misallocation. When

distance is larger than 500 km, there is no obvious spillover effect. The reason might

be that when the distance is long, people tend to choose another transportation such

as airplane. The optimal distance is 350 km, which proves the one-hour commuting

circle on account of the fastest speed of HSR is 350 km/h (218 mph).
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5.2. Urban scale heterogeneity

Due to the difference in city scale, the diffusion and the backflow of production

factors are diverse between cities (Ureña et al., 2009). Whether the impact of opening

HSR on misallocation varies with urban scale? We employ the population and the ratio

of non-agricultural sector to represent the urban scale, which describes the supply and

the demand side of the labor force, respectively. Specifically, on the one hand, the

larger the urban population, the greater the market potential. The operation of HSR is

more conducive to attracting factor inflow, which benefits the improvement of resource

allocation efficiency of local and adjacent cities. On the other hand, the passenger

transport function of HSR mainly acts on the industry and service sectors. Therefore,

the larger scale of the non-agricultural sector is, the greater return of HSR will be.

Table 7 reports the result of heterogeneity in terms of population scale and industry

scale, respectively. Column (1) and column (3) are based on the regular spatial DID

approach. Column (2) and column (4) are based on spatial DID with decomposed

weight matrix.

Column (1) and column (3) show that the coefficient of HSR∗pop and HSR∗ ind are

-0.113 and -0.944, respectively, and both are significant at the 1% level. Meanwhile, the

coefficient of W ∗HSR ∗ pop and W ∗HSR ∗ ind are negative significantly. The result

demonstrates that for cities with a large population or low agricultural sector share,

the improvement of labor misallocation in the local and surrounding areas is greater

on account of opening HSR, which is consistent with the theoretical expectation.

It is worth noting that the corresponding coefficient of HSR is significantly posi-

tive, which indicates that opening HSR can alleviate the spatial misallocation of labor

only when the urban population scale and non-agricultural sectors scale reach a certain

level. The same situation happens on the indirect effect as well.

As such, the coefficients of HSR ∗ pop and HSR ∗ ind are still significantly negative

when we decompose the weight matrix, which column (2) and column (4) show. This

result is in line with regular spatial DID specification. In addition, the interaction terms

of the decomposed weight matrix with heterogeneous factors are negative at the 1%
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Table 7. Heterogeneity analysis results

population non-agriculture sector
(1) (2) (3) (4)

HSR 0.638***
(6.6541)

0.625***
(5.9502)

4.190***
(7.3669)

3.3674***
(5.6460)

HSR ∗ pop -0.113***
(-7.2637)

-0.114***
(-7.2287)

HSR ∗ ind -0.944***
(-7.4450)

-0.770***
(-5.7870)

W ∗ HSR 5.363***
(6.0819)

59.129***
(11.1391)

W ∗ HSR ∗ pop -0.956***
(-6.5815)

W ∗ HSR ∗ ind -13.246***
(-11.1975)

WT,T ∗ HSR 5.254***
(5.8530)

61.590***
(9.5484)

WNT,T ∗ HSR 6.228***
(3.8901)

51.455***
(7.9702)

WT,T ∗ HSR ∗ pop -0.932***
(-6.2232)

WNT,T ∗ HSR ∗ pop -1.097***
(-4.1986)

WT,T ∗ HSR ∗ ind -13.779***
(-9.5988)

WNT,T ∗ HSR ∗ ind -11.549***
(-8.0216)

control yes yes yes yes
W ∗ control yes yes yes yes

lambda 0.853***
(30.625)

0.853***
(30.707)

0.820***
(24.407)

0.818***
(24.026))

City FE yes yes yes yes
Year FE yes yes yes yes

Observation 3640 3640 3640 3640

Notes:t statistics reported in parentheses; *** p <0.01, **p <0.05, * p <0.1.

significant level as well, either for the treated or untreated regions, which indicates

that the indirect effect of opening HSR is larger for cities with large scale.

Specifically, by computing, we find that cities with a population scale larger than

2.68 million could improve their own labor misallocation. The spillover effect between

cities with HSR and the spillover effect from treated to non-treated cities could be gen-

erated as the population scale larger than 2.81 and 2.94 million, respectively. As for the

demand side (column 4), cities that the proportion of non-agricultural sectors reaches

79.45% could alleviate their own labor misallocation. The mitigating effect on neigh-

boring cities that HSR connected occurs when the non-agricultural share of cities ex-

ceeds 87.37% compared to 86.25% for neighboring cities without HSR.

From the analysis above, we find that the threshold of occurrence for direct effect is

lower than indirect effect. For both cases, about 80% of cities could mitigate their own

misallocation through HSR operation, whereas approximately 60%-70% of cities affect
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their surrounding areas only. Thus, cities with a large scale could mitigate their labor

misallocation on account of opening HSR, while just part of them could improve that

of the vicinity.

6. Robust test

To confirm the validity of the estimation results, we employ four strategies to pro-

cess the robustness test. Firstly, We perform parallel trend test. Secondly, in order

to eliminate the interference of other random factors on the results, we process the

placebo test by assigning HSR to cities randomly (Fu and Gu, 2017). Thirdly, we re-

move the core cities to avoid biased sample selection. The last strategy is to change the

spatial weight matrix.

6.1. Event study

The premise of the validity of the DID approach is to meet the common trend hy-

pothesis. We follow Lin (2017) by employing the event study method to test the parallel

trend assumption. The equation is as follows:

Mit = α0 +
5∑

m=1

βmFirstHSRi,t−m +
5∑

n=0

βnFirstHSRi,t+n + δXit + λt + µi + ξit (4)

Mit = α0 +
5∑

m=1

βmFirstHSRi,t−m +
5∑

n=0

βnFirstHSRi,t+n +
5∑

m=1

βmW ∗ FirstHSRi,t−m

+
5∑

n=0

βnW ∗ FirstHSRi,t+n + δXit + λt + µi + ξit

(5)

where is FirstHSRi,t a dummy variable which represents that whether the city opened

HSR in year first time. FirstHSRi,t−m and FirstHSRi,t+n are m-th lag and n-th ahead

respectively, which are dummy variable also. The coefficient of these terms represent

the difference between the treated group and the non-treated group in a given year.
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Table 8. Event Study result

VARIABLES M
(without spatial effect)

HSR
(with spatial effect)

pre5 0.0147
(-0.6682)

0.0153
(-0.765)

pre4 0.0164
(-0.9111)

0.0269
(-1.345)

pre3 -0.0012
(0.06316)

-0.0032
(0.16)

pre2 -0.0100
(0.5)

0.0042
(-0.21)

current -0.0365
(1.5208)

-0.0363*
(1.7286)

post1 -0.0545*
(1.9464)

-0.0517**
(2.35)

post2 -0.0735**
(2.2272)

-0.0647***
(2.8130)

post3 -0.1019**
(2.4262)

-0.0969***
(3.7269)

post4 -0.0998**
(2.0792)

-0.0788***
(2.7172)

post5 -0.0859
(1.5339)

-0.0513*
(1.9)

W ∗ prei no yes
W ∗ posti no yes

lambda 0.8801***
(27.5031)

control yes yes
W ∗ control yes yes

City FE yes yes
Year FE yes yes

Observation 3640 3640

Notes:t statistics reported in parentheses; *** p <0.01, **p <0.05, * p <0.1.

Based on table 8, we find that the coefficients of the m-th lag term are not significant

in event study, neither with spatial effect nor without. It means that there is no hetero-

geneous temporal trend of the labor misallocation changes between the treated and

non-treated group before opening HSR. These results prove that the common trend

assumption is tenable.

6.2. Placebo test

We draw on Li et al. (2016) by randomly generating experimental groups to im-

plement the placebo test. First, we employ random simulation 500 times to generate

500 sets of fake variables, HSRfake. Next, we replace the original variable HSR with

HSRfake to generate 500 simulation samples. Third, we conduct empirical analysis

based on benchmark specification to produce the direct effect and spillover effect.

Figure 3 shows the distribution of the estimated coefficient based on 500 simula-

tion samples. Panel A for direct effect and Panel B is spillover effect. It can be found
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Figure 3. Placebo test

that the distribution of the direct and indirect effect of HSRfake is concentrated in zero,

and the true value place at the end of the left tail of the simulation parameter distri-

bution, which reflects that the results of spatial DID regression are not caused by some

accidental factors.

6.3. Changing Sample

As the first-tier cities in China, Beijing, Shanghai, Guangzhou, and Shenzhen sig-

nificantly influence the economy and society of their vicinity. We remove these cities

from our samples to eliminate the effects of these samples themselves. The regression

result is attached in Table 9. It shows that the direct, average indirect, and the decom-

posed indirect effects of HSR are all significantly negative, which indicates that our

benchmark result is robust.

Table 9. Changing Sample

SDEM-DID
(1) (2)

HSR -0.0435**
(-3.2648)

-0.0744**
(-2.4363)

W ∗ HSR -0.34815**
(-2.4723)

WT,T ∗ HSR -0.3028*
(-2.0671)

WNT,T ∗ HSR -0.37355**
(-2.6193)

control yes yes
W ∗ control yes yes

lambda 0.8786***
(37.946)

0.8790***
(38.11)

City FE yes yes
Year FE yes yes

Observation 3592 3592

Notes:t statistics reported in parentheses; *** p <0.01, **p <0.05, * p <0.1.
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6.4. Using different spatial weight matrix

We replace the inverse geographic distance weight matrix with k-nearest weighted

by the inverse Euclidean distance matrix. The result is displayed in Table 10. All the

specifications demonstrate that the opening HSR could mitigate the labor misallocation

for their own and vicinity, which verifies the robustness of the spatial DID result.

Table 10. Using different spatial weight matrix

SDEM-DID
(5k-nearest weighted)

HSR -0.0495***
(-3.7741 )

-0.04174*
(-1.9563)

W ∗ HSR -2.333***
(-3.0537)

WT,T ∗ HSR -2.652**
(-2.5752)

WNT,T ∗ HSR -2.0925**
(-2.2623)

control yes yes
W ∗ control yes yes

lambda 0.37956***
(19.161)

0.379681***
(19.169)

City FE yes yes
Year FE yes yes

Observation 3640 3640

Notes:t statistics reported in parentheses; *** p <0.01, **p <0.05, * p <0.1.

7. Conclusion

This article attempts to answer whether HSR alleviates the labor spatial misalloca-

tion to assess the overall economic effect of HSR. Meantime, we also emphasize the

spatial spillover effect of HSR. Using China’s HSR program as a quasi-natural experi-

ment, the paper introduces a modified spatial DID approach to quantify three different

types of treatment effects, including own treatment effect, spillover effect within the

treatment group, and spillover effect from the treatment group to the control group.

The conclusions and policy implications are as follows.

Firstly, the urban labor misallocation could be alleviated through opening HSR. In

other words, the operation of HSR facilitates the flow of labor factors migrating to

high-productivity cities, where labor is more likely to find matching jobs. Previous

studies suggest that the siphon effect of HSR leads to the agglomeration of resources

in large cities, which is detrimental to the development of small cities. In fact, from the
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perspective of the resource allocation effect, the siphon phenomenon caused by HSR

is not necessarily harmful. On the contrary, it facilitates the efficient allocation of labor

among cities and contributes to the overall productivity. Policymakers should take the

resource allocation effect into account when planning the construction of HSR stations.

Secondly, the result of the spillover effect suggests that opening HSR alleviates the

labor misallocation in the surrounding cities (including the treated and non-treated).

And the spillover effect is significantly larger than the local effect. This spillover mech-

anism may occur due to the connectivity and transitivity of HSR. For cities connected

to the HSR network, HSR shortens inter-city travel costs, which generate the cross-

regional impact. For cities that are excluded from the HSR network, the labor can

transfer to destinations through neighboring cities that opened HSR, thus obtaining

the effect of opening HSR. This result implies that the HSR project may have a broader

impact. Planners also need to consider the spillover effect of HSR and its impact on

the ”non-treated group”. Cities without HSR should improve their supporting trans-

portation infrastructure to connect with HSR cities and facilitate the movement of their

labor force and other factors.

Thirdly, our study also finds that the spillover effect of HSR exists only in a certain

range, which presents a U-shape curve with the increase of distance. Specifically, the

mitigation effect of opening HSR on the labor misallocation to neighboring cities in-

creases at first when distance below 350 km, then decreases, and disappears beyond

500 km. Therefore, planners need to consider the boundary of the affected city to op-

timize the layout of the HSR network. In general, the government should guarantee

that each city is located no more than 500 km from the nearest HSR station in order to

facilitate the free flow of labor, to mitigate the labor misallocation further. In addition,

the optimal decision of the distance is 350 km.

Finally, the direction and magnitude of HSR effect depend on the urban scale. In

our research, the local treatment effect, spillover effect within the treatment group, and

spillover effect from the treatment group to the control group occur simultaneously

when city’s population is larger than 2.94 or non-agricultural sector share exceeds
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87.37% which account for about 60% of cities opened HSR. The scale of the popu-

lation or non-agricultural sectors reflects the supply or demand of cities’ labor force.

Cities with larger labor supply or demand are better positioned to benefit from the

HSR project. When considering the HSR station, planners also need to carefully eval-

uate and study potentially relevant factors, such as the city’s population and industry

scale.
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Appendix Measurement of labor spatial misallocation

This paper consider a static allocation problem. The aggregate economy is com-

posed of n cities,indexed by i = 1,...,n. We assume Cobb–Douglas production technolo-

gies with the same factor elasticities in all cities:

Yi = AiKi
αLi

1−α (A.1)

Here Yi , Li , Ki and Ai are the real GDP, employment, capital stock and TFP in city i.

We assume that the aggregate GDP is a CES function of the city’s GDPs:

Y = (
n∑
i=1

θiYi
σ)

1
σ = AKαL1−α (A.2)

θi represents the weight of urban output in the overall economic production, and∑n
i=1 θ = 1. It shows that the total economic output of the whole economy is generated

by the coordination between urban output. σ is the elasticity of output substitution

between cities. α is capital output elasticity.

Let K =
∑n

i=1Ki and L =
∑n

i=1 Li be the total capital stock and total employment.

Let K = Ki
K

and L = Li
L

be the shares of capital and employment. According to the
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Eq.(A.1) and Eq.(A.2), we can get aggregate TFP, which is affected by the proportion of

factor inputs.

A =
Y

K1−αLα
= [

n∑
i=1

θi(AiK1−αLα)1−σ]
1

1−σ (A.3)

We need ensure that both aggregate output and urban output are maximised.

π1 = maxYi [PY −
∑n

i=1 PiYi]

π2 = maxKi,Li [PiYi − τ liwLi − rKi]

w and r are the price of labor and the price of capital in an ideal state without market

friction respectively. But Labor markets are not perfect mobile, and prices accepted by

cities can be distorted. τ li is labor wedges. Pi is the output price index of the city.

The first-order condition of total output profit maximization in π1 is:

pY 1−σθiYi
σ−1 = pi (A.4)

The first-order condition of city output maximization in π2 is:

(1− α)PiAiK1−αL−α = τ liw (A.5)

αPiAiK
α−1L1−α = r (A.6)

By maximizing π1and π2, We can get the proportion of urban labor input in a dis-

torted state:

L =
Li
L

=
θi

1
1−σ Ãi

σ
1−σ τ li

−1∑n
i=1 θi

1
1−σ Ãi

σ
1−σ τ li

−1
(A.7)

Here Ãi = Ai
τ li(1−α)

.

when τ li is equal to 1, we can get the proportion of urban labor input in the effective

state:

L? = L?i
L?

=
θi

1
1−σAi

σ
1−σ∑n

i=1 θi
1

1−σAi
σ

1−σ
(A.8)
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By the ratio of labor input in the effective state to labor input in the distorted state,

we can get the distortion degree of labor input in city i:

mi =
L?

L
(A.9)

If mi is closer to 1, it means that the actual labor input in the city is more ideal; if

mi is greater than 1, it means that the labor input in the city is insufficient; if mi is less

than 1, it means that the labor input in the city is excessive. so we use Mi to represent

the degree of labor misallocation in city i:

Mi =

∣∣∣∣L?L − 1

∣∣∣∣ (A.10)

The larger Mi is, the more serious the labor misallocation is.

To measure Mi, we need to have measures of city-level TFP(Ai), city weights(θi),

labour price wedge(τ li ).

In Eq. (A.4), θi can be obtained. Following Brandt et al. (2013), we choose average

of θi over the entire period of 2004–2016 as city weights. θi is set as follows:

θi =
1

13

2016∑
t=2004

PiYi
1−σ∑n

i=1 PiYi
1−σ

we can identify the wedge and TFP from Eq.(A.5) and Eq.(A.6).

τ li ∝
Yi
PiLi

Ai =
Yi

PiKα
i Li

1−α

The elasticity of output substitution between cities (σ = 1
3
) and output elasticity

(α = 0.45) were able to obtain directly from Brandt et al. (2013). GDP and capital stock

and employment are obtained from the China city Statistical Yearbook, respectively.

Employment is measured in terms of the number of urban workers. Real GDP is cal-
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culated using 2003 as the base period GDP through the GDP index of each city. The

capital stock is obtained by referring to Zhang et al. (2004).
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