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Abstract This research examines the effects of urban rail

transit (URT) on city growth measured by the increases in

population, gross domestic product (GDP) and employ-

ment rate. Forty cities which have URT systems by the end

of 2019 in China are taken as investigated sam-

ples. Research data related to URT extent, population,

GDP, employment rate and five types of control variables

which are individual, people’s living, economic, science

and education, and infrastructure are utilized and their

applicability is verified. Panel data models are applied to

analyze the effect of URT on city growth, and the

robustness of the model estimation results is assessed. The

study further analyzes the heterogeneity in the effects of

URT systems on cities with different economic develop-

ment levels. The estimated results indicate that the opening

and expansion of URT have a positive effect on the pop-

ulation of the city. URT promotes the development of the

urban economy and increases employment opportunities.

Nevertheless, because of population migration, URT has

little effect on the employment rate. In addition, the posi-

tive effect of URT on urban growth is most obvious for

cities with a relatively high level of economic

development.

Keywords Urban rail transit � City growth � Panel data
models � Robustness tests � Heterogeneity analysis

1 Introduction

Urban rail transit (URT), as a vital part of urban public

transportation, is generally regarded as a commodity with

positive externality. It has become an important tool in

promoting city growth [1, 2] and makes it more convenient

for people to travel within the city [3], which increases

urban economic activity and thereby promotes the overall

development of the city.

However, not everyone thinks that the introduction of URT

into cities is a rational choice. URT is a durable good and

needs magnanimous investment [4]. The Urban Rail Transit

Association conducted a survey of 12 cities in China and

found that the ratio of revenue to expenditure for URT lines

was only about 54.00%, which means that the URT project

cannot be profitable even if URT lines are already in opera-

tion. The costs of URT are so high that URT projects require

many subsidies to maintain normal operations [5]. Opponents

of URT believe that the costs of introducing URT are far

greater than the value brought by URT. In order to justify

these subsidies, proponents of URT frequently argue that

URT can promote urban growth [6]. To determine whether it

is worth investing in URT projects, the spillover effects of

URT on city growth are widely studied by scholars and

policymakers worldwide [7, 8, 10].

Saxe et al. [11] applied ordinary least squares (OLS) to

identify the spillover effect of the Sheppard Subway Line

on the net greenhouse gas emissions within the city. Mul-

tiple regression cannot capture the heteroscedasticity and

autocorrelation of random interference terms, which may

cause estimation bias. Borck [12] creatively used a quan-

titative equilibrium model and found that a large invest-

ment in public transit could decrease pollution by 0.017.

However, difference-in-differences (DID) and spatial

econometric models have been the most common models
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applied to investigate the spillover effects of URT on air

quality in recent years [13, 14]. The operation of URT can

ameliorate a city’s air quality, but the railway construction

process has a great negative impact on the environment

[15]. Li et al. [4] demonstrated that the reduction in air

pollutants resulting from the expansion of URT could

generate economic profits by improving citizens’ health

conditions. Xiao et al. [16] applied a spatial DID method

which added DID terms into spatial econometric models,

and pointed out that URT also influences various air pol-

lutants in diverse ways.

Compared with time series and cross-sectional data,

panel data not only can capture the impacts of URT within

one city, but also can identify the differences among the

impacts of URT in different cities which significantly

reduces the problem of endogeneity. Gibbons and Machin

[17] found a positive relationship between URT and

property prices by analyzing panel data for London from

1997 to 2001. Similarly, Arum and Fukuda [18] applied a

panel data model considering individual effects and con-

cluded that public transit played an important part in

determining residential land values. The hedonic model,

which is the panel data model in real estate, has gradually

become the main model for analyzing the changes in real

estate prices [19]. Owing to the introduction of URT, the

real estate industry and city amenities are vigorously

developed [20–23]. Moreover, Trojanek and Gluszak [13]

examined 34,274 sets of housing price panel data from

2008 to 2015 in Warsaw and claimed that URT could affect

property prices even before it was put into operation.

To date, studies on the impacts of URT on population,

gross domestic product (GDP) and employment rate as

measures of city growth are relatively rare, although some

achievements have been reported [24–26]. The panel data

model and DID model are widely used in these studies.

Population can be affected by URT in diverse ways [27].

Beyazit [28] analyzed the quantitative changes in popula-

tion and employment before and after the Istanbul Metro

was put into operation and pointed out the increases in

population and employment. However, these increases may

have been caused by influencing factors other than URT. In

order to justify the causal relationship between URT and

city growth, Calvo et al. [29] used OLS and found a pos-

itive relationship between URT and population. On the

basis of this work, Gonzalez-Navarro and Turner [6] built

an updated panel data model after solving the problems of

confounding dynamics and omitted variables, and reported

that URT had economically nonsignificant effects on the

population after examining 632 of the largest cities in the

world. This conclusion seems to be contrary to previous

studies, but in fact, when the research perspective expands

to the world, the characteristics of some countries would be

ignored, so that the results obtained are not applicable to all

countries. To date, few studies have concentrated on the

impact of URT on populations in developing countries,

which is a main focus in this study. Moreover, URT has a

positive effect on the economic development of the city

[30] by affecting GDP and employment [31]. Zhang [5]

applied a DID model and showed a positive effect of URT

on GDP growth, while this effect was much larger in

megacities with populations of more than 6.150 million. In

addition, it makes sense to study the impact of URT on

GDP per capita, which can reflect changes in the living

standards of citizens.

At present, most studies focusing on the externality of

URT are empirical, which means that although the positive

spillover effects of URT are observed, the underlying

mechanism driving these changes has not yet been found.

Furthermore, when applying the panel data model, studies

typically regard city effects as fixed effects, without dis-

cussing their applicability, and ignore time effects.

Therefore, this research uses the panel data model and

considers city and year effects to investigate the causal

relationship between URT and city growth.

The rest of this paper is organized as follows. The data

are collected and preliminarily analyzed in Sect. 2. Sec-

tion 3 presents the method for data verification and the

panel data models. Section 4 analyzes the applicability of

the data and the regression results, verifies the robustness

of the results, and discusses the heterogeneity. The con-

clusions of this study and relative policy recommendations

are provided in Sect. 5.

2 Data Description

Investigating the spillover effect of URT within a country

can effectively reduce problems with endogenous variables

[32]. Since 2011, the State Council, the Ministry of

Industry and Information Technology, and other depart-

ments have successively established policies to support and

standardize the development of URT in mainland China.

The past decade has witnessed rapid development of URT,

with the URT operating kilometers nearly quadrupled from

1708.400 km in 2010 to 6902.500 km in 2019, and growth

is expected to continue at a high pace over the next few

years. Thus, mainland China provides a good sample for

studying the externality of URT. Forty cities that had

established URT by the end of 2019 were selected as

studied cities. Figure 1 shows the distribution of these

cities. The density of the studied cities is relatively high in

southeastern China because of the unbalanced and inade-

quate development. As a result, it is necessary to analyze

the heterogeneous effects in the remainder of this study.

With respect to city growth, which is the explanatory

variable in this study, city variables including population,
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GDP and employment rate are introduced, as shown in

Table 1. Compared with resident population, registered

population can reflect the population change more accu-

rately. Furthermore, real GDP is a more accurate measure

of the level of the urban economy than nominal GDP.

Consequently, this study selects registered population, real

GDP and urban employment rate as the population vari-

able, GDP variable and employment rate variable, respec-

tively. These data derive mainly from the National Bureau

of Statistics website.

In addition to using dummy variables to measure the

scope of URT as the main explanatory variable, this study

adopts operating kilometers, which is the length of URT

lines in operation in the city, as the measurement of URT

extent, as shown in Table 1. These data are collected

manually from 2010 to 2019. Each observation is defined

as a city-year [6]. URT data mainly derive from the China

Urban Rail Transit Annual Report.

Other factors that might affect city growth are analyzed

as control variables to solve the problem of omitted vari-

ables, which eliminates the problem of endogeneity. The

specific content of these control variables is interpreted in

Table 2. Due to incomplete data acquisition, the missing

data are supplemented using the expectation maximization

algorithm. The high collinearity of explanatory variables in

the regression model may lead to increased variance in

parameter estimation, which leads to inaccuracy in

parameter estimation. Figure 2 shows the Pearson corre-

lation coefficients among the study variables. The color

shade of each square is directly proportional to the positive

correlation between the variables. The darker color block

indicates that the two variables have a higher linear cor-

relation, which would cause estimation bias. According to

Fig. 1 Studied cities with URT

lines put into operation

Table 1 Descriptive statistics of URT variable and city variables

Variables Mean value Standard deviation Maximum value Minimum value

URT variable Operating kilometers (U) 168.410 192.556 809.900 8.800

City variables Population (pop) 7.854 5.367 34.162 1.292

Population growth rate (pop_gr) 1.880 2.179 8.350 -3.149

GDP 1136.912 834.718 3815.532 279.100

GDP growth rate (GDPgr) 7.370 8.576 25.100 -16.690

Employment rate (emp) 96.073 2.502 99.702 80.730
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Fig. 2, variables with high collinearity are screened to

eliminate the interference caused by multicollinearity.

Figure 3 describes the quantitative relationship between

population and URT. Figure 3a presents the cross-sectional

relationship in 2019. The abscissa is the population in each

studied city, while the ordinate is the corresponding URT

operating kilometers. The slope of the fitting curve between

population and URT is positive and indicates that cities

Table 2 Specific content of control variables

Category Control variables Units

Individual City level (categorical variable) –

Economic Gross domestic product (GDP) Billion yuan

GDP growth rate (GDPgr) %

Proportion of added value of various industries in GDP (rp_in, rs_in, rt_in) %

People’s living Proportion of employees in various industries (pp, ps, pt) %

Employment rate (emp) %

Science and education Expenditure on science and technology (ste) Million yuan

Educational expenditure in science and technology (ee) Million yuan

Number of teachers at institutions of higher education (t) People

Number of higher education institution (s) Individual

Infrastructure Passenger volume by different modes of transport (p_vol, rp_vol, hp_vol, wp_vol, ap_vol) Million people

Cargo volume by different modes of transport(c_vol, rc_vol, hc_vol, wc_vol, ac_vol) Million ton

Fig. 2 Pearson correlation

coefficients among study

variables
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with larger populations are more likely to have a larger

URT network. The capital of China, Beijing, is chosen as

an example to further analyze the time series relationship

between population and URT, which is shown in Fig. 3b.

The solid line in Fig. 3b represents the change in popula-

tion, while the dotted line represents the change in the

extent of URT in Beijing from 2010 to 2019. Fig. 3b

reveals that both the extent of the URT network and the

population of Beijing contribute to the growth trend during

the period of investigation.

Figure 4 describes the relationship between URT and

GDP. The cross-sectional relationship is shown in Fig. 4a,

and the time series relationship for Beijing is presented in

Fig. 4b. It can be seen that there is a positive relationship

between URT and population. Similar to Fig. 4a and b,

Fig. 5a and b show the cross-sectional relationship and time

series relationship of URT and employment rate, respec-

tively. The method for calculating the employment rate in

this study is the ratio of employees to the sum of registered

unemployment and employees. Since the number of reg-

istered unemployed is generally less than the actual number

of unemployed, the calculation result for the employment

rate may be higher than the actual number. Nevertheless,

the employment rate calculated in this study still has cer-

tain reference value. It seems that there is no direct con-

nection between URT and employment rate.

Fig. 3 Relationship between population and URT

Fig 4. Relationship between GDP and URT
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3 Modeling Work

3.1 Data Verification

There are several urban clusters in China, including the

Beijing-Tianjin-Hebei Urban Agglomeration, Yangtze

River Delta Urban Agglomeration, and Pearl River Delta

Urban Agglomeration, which would cause spatial auto-

correlations among city variables. That is, the GDP, pop-

ulation and employment rate of the cities within the urban

agglomeration may interact with each other spatially.

Moreover, regression results would be biased if there are

high spatial connections between city variables in the panel

data.

As shown in Eqs. (1) and (2), Moran’s I and Geary’s C

are generally introduced to measure the degree of spatial

autocorrelation among variables. Moran’s I is between

-1.000 and 1.000. Moran’s I is greater than 0.000, indi-

cating that the variable has a positive correlation in space.

The absolute value of Moran’s I is directly proportional to

the spatial correlation of the variable. Geary’s C is gener-

ally between 0.000 and 2.000. Geary’s C of less than 1

indicates that the variables have a positive spatial corre-

lation. Geary’s C and Moran’s I move in the opposite

direction.

Moran
0
s I ¼

Pn

i¼1

Pn

i¼1

wij xi � xð Þ xj � x
� �

S2
Pn

i¼1

Pn

i¼1

wij

ð1Þ

Geary
0
s C ¼

ðn� 1Þ
Pn

i¼1

Pn

i¼1

wij xi � xj
� �2

2
Pn

i¼1

Pn

i¼1

wij

� �
Pn

i¼1

xi � xð Þ2
� � ð2Þ

Moreover, the instability of time series would lead to

spurious regression or spurious correlation. Accordingly,

unit-root tests are carried out to increase the credibility of

the results. The study data include 40 cities and 10 years,

belonging to short panel data. According to the character-

istics of the data, the Levin-Lin-Chu unit-root test (LLC)

and Im-Pearson-Shin unit-root test (IPS) are applied in this

study.

3.2 Model Establishment

A pooled panel data model, which is shown in Eq. (3), is

established to investigate the causal relationship between

URT and city growth.

Yit ¼ a0 þ a1Uit þ XT
itbþ eit ð3Þ

where Yit denotes the city variables of city i in year t, Uit

represents the extent of URT, Xit denotes the vector of

control variables, and eit represents the stochastic distur-

bance term. eit of each city i in the panel data may have an

autocorrelation between different years. In addition, eit may

have different probability distributions for different X.

Therefore, standard error is clustered in this study to solve

the autocorrelation and heteroscedasticity problems.

However, Eq. (3) considers panel data as cross-sectional

data, which ignores the heterogeneity among cities or years

that would be potentially associated with independent

variables and would lead to estimation bias. In order to

compensate for this deficiency, two main inference

Fig 5. Relationship between employment rate and URT
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problems—individual interference and time influence—

should be addressed to make the model more accessible.

The specific solution is to add city effects and year effects

into the model and then verify their necessity. City effects

principally derive from each city in the sample and remain

time-invariant, while year effects result from time and

remain unchanged with the cities.

By adding city effects li into Eq. (3), a city effects

model is established, which is shown in Eq. (4). li can be

considered either as a constant or as a random disturbance

term, which is rarely discussed in studies to date. This

study provides a new paradigm for such panel data models.

In the case of covðli;XitÞ 6¼ 0, the endogeneity of li
should not be ignored, so li should be regarded as fixed

effects. In order to make OLS available, li should be

eliminated. The first approach is to subtract the average of

the time for a given city i on both sides of Eq. (4), which is

shown in Eq. (5), so that li are eliminated through sub-

traction. This estimation approach uses intra-group devia-

tion information for each city, which means that the

estimated results remain unbiased even though

covðli;XitÞ 6¼ 0. However, the subtraction process also

eliminates other time-invariant variables which can be

observed, such as city individual variables. The second

approach is to consider city effects li as dummy variables

Di, which is described in Eq. (6). For each studied city, a

dummy variable is added to represent the characteristic of

the city. The significance of city dummy variables’ coef-

ficients is positively correlated with the need for adding

city effects into the model. The heterogeneity in each city

can be estimated through ci. However, too many dummy

variables need to be introduced when there are too many

cities in the sample.

In the case of covðli;XitÞ¼0, li should be taken as

random effects. The generalized least squares method is

used to estimate the city random effects model. In addition,

the Hausman test can be used to test the correlation

between li and Xit by determining whether the difference

between calibration results estimated by the city fixed

effects and city random effects models converges to zero,

through which a more rigorous model is obtained.

Yit ¼ a1Uit þ XT
itbþ li þ eit ð4Þ

Yit � Yi ¼ a1ðUit � UiÞ þ XT
itbþ li þ eit ð5Þ

Yit ¼ a1Uit þ XT
itbþ

Xn

i¼2

ciDi þ eit ð6Þ

On the basis of Eq. (4), year effects kt are added to

answer the question of whether unobservable effects

varying from years may still exist; thus the double effects

model, which is shown in Eq. (7), is established. The

estimation approach for this model is transforming year

effects kt into dummy variables Dt, which is shown in

Eq. (8). The significance of year dummy variables’ coef-

ficients is positively correlated with the need to add year

effects.

Yit ¼ a1Uit þ XT
itbþ li þ kt þ eit ð7Þ

Yit ¼ a1Uit þ XT
itbþ li þ

XT

i¼2

ctDt þ eit ð8Þ

4 Empirical Results

4.1 Applicability Analysis

Table 3 lists the results of the spatial correlation test of the

variables of interest in this study. The results indicate that

the degree of spatial correlation of each variable is basi-

cally zero, which means there is nearly no spatial corre-

lation in the panel data. However, variables such as U and

pop are related in space at the 10.000% significance level

(i.e., p value� 0.010). As a result, it is vital to take spatial

correlation into consideration when analyzing the robust-

ness of the estimated results of the panel data model to deal

with the problem of endogeneity in the variables of

interest.

Table 4 shows the results of the unit root test for vari-

ables of interest. The p values of the inspection coefficients

are almost all zero, indicating that the panel data do not

contain the unit root, which means that the study data are

stable in the time series. Therefore, the panel data model is

suitable for this study.

4.2 General Characteristics

Table 5 provides the primary estimated results for the

quantitative relationship between URT and population. The

main explanatory variable is the URT operating kilometers,

while the explained variable is population. In Table 5, the

Table 3 Spatial correlation test for variables of interest

Variable Moran’s I p value Geary’s C p value

U -0.078 0.069 1.107 0.048

ln U -0.074 0.094 1.076 0.046

Pop 0.014 0.088 0.905 0.159

ln pop 0.035 0.047 0.898 0.030

GDP -0.022 0.462 1.027 0.328

ln GDP 0.003 0.215 0.956 0.170

Emp 0.051 0.020 0.915 0.022
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numbers in parentheses are the p values for the corre-

sponding coefficients, and the asterisks indicate that the

corresponding data are unavailable. The parentheses and

asterisks in the subsequent tables after Table 5 in this study

have the same meaning. Column 1 presents the main

results for the basic panel data model using pooled

regression. Standard deviations are clustered at the city

level to avoid autocorrelation and heteroscedasticity

problems. Columns 2 and 3 reveal the results for the two

regression approaches with the city fixed effects model,

while column 4 presents the results for the city random

effects model. The p value of the Hausman test is 0.000,

which confirms that the city fixed effects model is more

consistent with the data than the city random effects model.

The results of the double effects model are illustrated in

column 5. In column 6, the variable of interest is replaced

by the dummy variable, which is equal to 1 if the city opens

URT and 0 otherwise.

Corresponding to column 3 of Table 5, Table 6 shows

the values of the city fixed effects and the corresponding

p values calculated using the second approach of city fixed

effects. The fixed effect of Shanghai is omitted because

Shanghai is labeled as the baseline group. The coefficients

of city dummy variables are significant at the 1.000% level

in most cities, so adding city effects into the model is

indispensable. In addition, corresponding to column 5 of

Table 5, Table 7 explains the year effects calculated by the

double effects model and the corresponding p values. The

year 2010 is labeled as the baseline group. None of the year

effects coefficients is significant at the 1.000% level,

indicating that there are no statistical correlations among

the studied years. Therefore, year effects should not be

considered. In summary, the city fixed effects model fits

the data best.

According to the city fixed effects model, columns 2 and

3 in Table 5 show that the opening and operation of URT

can significantly increase the urban population. In general,

a 10.000-km increase in the extent of URT would result in

a 30,000-person increase in population, which is significant

at the 1.000% level. The reason is that the low travel costs

and availability of efficient URT would allow citizens to

travel more conveniently within the city [29], and would

then promote the development of many aspects of the city

[5]. The development of the city is bound to increase the

attractiveness of the city, which will undoubtedly attract

more people to migrate to the city.

Table 8 provides the impacts of URT on the GDP and

employment rate by applying the city fixed effects model.

Columns 1, 2 and 3 present the effect of URT on GDP,

while columns 4, 5 and 6 describe the effect of URT on the

employment rate. Columns 1 and 4 estimate the city fixed

effects model using the first regression approach, while

columns 2 and 5 apply the second regression approach.

Columns 3 and 6 replace the variable of interest with the

dummy variables, respectively.

The results reveal that URT has a positive effect on

GDP. A 10.000-km increase in URT operating kilometers

leads to a 2.914-billion-yuan increase in GDP, which is

significant at the 1.000% level. URT provides a more

convenient way for people to travel within the city and

saves travel time, so citizens can invest more energy and

time in creating value, thereby promoting the development

of the urban economy. Nevertheless, the regression results

show that the coefficient of URT to the employment rate is

Table 4 Unit root test for variables of interest

Variable LLC p value IPS p value

ln U -22.348 0.000 * *

Pop -16.577 0.000 -18.351 0.000

ln pop -15.418 0.000 -17.777 0.000

GDP -7.1705 0.000 -13.282 0.000

ln GDP -7.633 0.000 -1.901 0.028

Emp -15.023 0.000 -3.584 0.000

Table 5 The effect of URT on population

Dependent variable Pop

(1) (2) (3) (4) (5) (6)

U 0.005 (0.104) 0.003 (0.000) 0.003 (0.000) 0.003 (0.000) 0.002 (0.013) 0.151 (0.007)

R2 overall 0.792 0.313 0.997 0.355 0.478 0.227

R2 within * 0.436 * 0.427 0.384 0.145

R2 between * 0.326 * 0.362 0.373 0.251

City 40 40 40 40 40 40

Year 10 10 10 10 10 10

City-years 400 400 400 400 400 400

128 Urban Rail Transit (2022) 8(2):121–133

123



particularly small and nonsignificant, indicating that URT

has little or no effect on the employment rate. By analyzing

the elastic relationship between URT and city variables,

this study identifies the underlying reasons that URT has no

impact on the employment rate.

4.3 Robustness Tests

The robustness of the results estimated in Sect. 4.2 needs to

be tested from many aspects to verify the causal relation-

ship between URT and city variables. The first method

replaces the main explanatory variable to the logarithm of

the operating kilometers of URT, and the explained vari-

ables are substituted by the logarithm of population and

GDP. Then the coefficients of ln U stand for the elastic

relationship between URT and city variables. Some city-

years are discarded because URT is not put into operation

during these city-years and it makes no sense to calculate

the logarithm of zero. If the coefficient of ln U is still

positive and significant, it verifies the positive effect of

URT on city variables.

Table 9 lists the estimated results after changing the

variables. Columns 1 and 3 apply the first regression

approach of the city fixed effect model, while columns 2

and 4 show the results estimated by the second regression

approach. The results suggest that the elasticity coefficients

of URT to population and GDP are positive and significant

at the 1.000% level. A 10.000% increase in URT operating

kilometers leads to a 4.140% increase in population and a

2.710% increase in GDP. Nevertheless, URT does not

change the employment rate significantly. The results of

elastic analysis are consistent with the previous results.

However, the impact of URT on GDP is weaker than

that on population, which means that URT instead has a

negative effect on GDP per capita. From another per-

spective, combining the impacts of URT on population and

employment rate, although URT does not increase the

Table 6 City effects in the second approach of the city fixed effects

model

City ci p value City ci p value

Beijing -1.184 0.000 Nanchang -6.878 0.000

Changchun -4.580 0.000 Nanjing -6.507 0.000

Changsha -5.420 0.000 Nanning -4.443 0.000

Changzhou -7.501 0.000 Ningbo -5.754 0.000

Chengdu 0.131 0.810 Qingdao -4.114 0.000

Chongqing 20.634 0.000 Shanghai * *

Dongguan -8.995 0.000 Shijiazhuang -1.778 0.005

Dalian -6.383 0.000 Suzhou -5.293 0.000

Foshan -6.751 0.000 Shenyang -5.043 0.000

Fuzhou -5.005 0.000 Shenzhen -8.449 0.000

Guiyang -7.802 0.000 Tianjin -2.509 0.000

Guangzhou -4.923 0.000 Urumqi -9.052 0.000

Hangzhou -5.132 0.000 Wuhan -4.605 0.000

Harbin -2.634 0.000 Wuxi -6.619 0.000

Hefei -4.928 0.000 Wenzhou -2.931 0.000

Hohhot -9.092 0.000 Xi’an -4.217 0.000

Huai’an -6.101 0.000 Xiamen -9.357 0.000

Jinan -5.699 0.000 Xuzhou -1.275 0.053

Kunming -6.560 0.000 Zhuhai -10.152 0.000

Lanzhou -8.194 0.000 Zhengzhou -3.584 0.000

Table 7 Year effects in the double effects model

Year ct p value Year ct p value

2010 * * 2015 -0.336 0.043

2011 -0.046 0.593 2016 -0.307 0.113

2012 -0.127 0.284 2017 -0.345 0.080

2013 -0.184 0.119 2018 -0.327 0.150

2014 -0.193 0.124 2019 0.049 0.760

Table 8 The effects of URT on GDP and employment rate

Dependent variable GDP Emp

(1) (2) (3) (4) (5) (6)

U 2.895 (0.000) 2.895 (0.000) 178.132 (0.000) -0.054 (0.288) -0.054 (0.314) 0.041 (0.813)

R2 overall 0.761 0.966 0.228 0.137 0.818 0.072

R2 within 0.812 * 0.264 0.083 * 0.243

R2 between 0.757 * 0.221 0.303 * 0.013

City 40 40 40 40 40 40

Year 10 10 10 10 10 10

City-years 400 400 400 400 400 400

Urban Rail Transit (2022) 8(2):121–133 129

123



employment rate of the city, the number of employees

increases owing to population growth. Therefore, URT has

the ability to promote the development of the urban

economy and create employment opportunities. However,

the contribution of the population increased by URT to

GDP is lower than that of the original citizens. The fun-

damental reason lies in the flow of population. People

migrating to cities with URT usually do not have strong

consumption capacity. Moreover, the migration of the non-

working population such as older people and children

brought by the increased labor population owing to URT

has negative effects on the per capita GDP and employ-

ment rate.

Although it has been verified that the spatial relationship

between cities is not close, some results of spatial tests are

still significant at the 10.000% level. Spatial econometric

models (SEC) are usually regarded as efficient ways to

identify the spatial relationship among studied variables

[33]. Therefore, this study applies SEC as the second

method to avoid the interference of spatial correlation on

the estimated results. Four spatial econometric models,

including the spatial autoregressive model (SAR), spatial

error model (SEM), spatial autocorrelation model (SAC)

and spatial Durbin model (SDM), are introduced in this

study. In the case where the coefficient of U remains

positive and significant, the causal relationships between

URT and city variables are proved. The results of SEC are

shown in Table 8. According to the Akaike information

criterion (AIC) and Bayesian information criterion (BIC),

SDM fits the data best. Each coefficient of U in Table 10 is

positive and significant at the 1.000% level, which means

that the primary estimated results are robust.

In addition, a placebo test is carried out as the third

method to further verify the robustness of the results from

another perspective. There may exist other invisible influ-

encing factors unrelated to URT that increase the popula-

tion or GDP at the same time as the opening of URT. When

this happens, if URT does not have a substantial impact on

the explained variable, the p value of the coefficient of U is

still positive. In order to avoid the above situation, the

opening year of URT in each studied city is changed to a

set virtual URT opening year dummy variable. For each

city, the variable equals 0 before the virtual URT opening

year and 1 otherwise. If the coefficients of U change from

significant to nonsignificant, the causal relationships

between URT and city variables are reversely proved. On

the contrary, the coefficients of U remaining significant

means that it is the invisible factors that are responsible for

the positive relationships between URT and population or

GDP rather than URT.

Columns 1, 3 and 5 in Table 11 show the real effect of

URT, while columns 2, 4 and 6 reveal the virtual effect.

The coefficients in columns 2 and 4 are nonsignificant,

indicating that the regression results estimated by the panel

data models are robust.

4.4 Heterogeneous Attributes

Although the general impacts of URT on city growth have

been presented and proved, not all cities respond to URT in

the same way [9], so it is vital to discuss whether the

effects of URT on cities with different development levels

are heterogeneous. In mainland China, city level is a

standard measure that can reflect the comprehensive

development level of the city; thus cities are classified

according to city level in this study.

Table 12 illustrates the heterogeneous effects of URT on

population and GDP. Each column derives from the second

approach of the city fixed effects model. Columns 1, 2 and

3 present the results of the heterogeneous effects of URT

on population in first-tier, second-tier and third-tier cities,

respectively. Columns 4, 5 and 6 are similar to columns 1,

2 and 3 except that the explained variable is GDP.

A horizontal comparison among the coefficients shows

that the ability of URT to increase population and GDP is

stronger in first-tier and second-tier cities than in third-tier

cities. Thus, the economic development level of a city is

positively related to the positive effect of URT. This result

is consistent with the previous conclusion. The opening and

expansion of URT within a city would attract more people

migrating to the city, and the increase in the population

would pose challenges to urban infrastructure and public

Table 9 Elastic relationship

analysis
Dependent variable ln pop ln GDP

(1) (2) (3) (4)

ln U 0.472 (0.000) 0.472 (0.001) 0.285 (0.000) 0.285 (0.000)

R2 overall 0.380 0.991 0.592 0.960

R2 within 0.301 * 0.715 *

R2 between 0.389 * 0.592 *

City 40 40 40 40

Year 10 10 10 10

City-years 243 243 243 243
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service. The urban infrastructure services are more com-

plete and more developed in first-tier and second-tier cities,

so URT can have a greater positive impact on city growth.

5 Conclusions

In this research, 40 cities which have operated URT by the

end of 2019 have been selected to investigate the effects of

URT on population, GDP and employment rate by

Table 11 Placebo test for URT on population, GDP and employment rate

Dependent variable Pop GDP Emp

(1) (2) (3) (4) (5) (6)

U 0.151 (0.007) 0.032 (0.430) 178.132 (0.000) 3.386 (0.898) 0.041 (0.813) 0.145 (0.250)

R2 overall 0.226 0.205 0.228 0.144 0.072 0.074

R2 within 0.145 0.129 0.264 0.209 0.243 0.245

R2 between 0.251 0.225 0.221 0.131 0.013 0.014

City 40 40 40 40 40 40

Year 10 10 10 10 10 10

City-years 400 400 400 400 400 400

Table 12 Heterogeneous effects of URT on population and GDP

Dependent variable lnpop lnGDP

(1) (2) (3) (4) (5) (6)

lnU 0.530 (0.012) 0.523 (0.000) 0.263 (0.013) 0.257 (0.000) 0.255 (0.000) 0.201 (0.000)

R2 overall 0.999 0.981 0.999 0.946 0.949 0.783

City 5 31 4 5 31 4

Year 10 10 5 10 10 5

City-years 50 180 13 50 180 13

Table 10 Estimated results of spatial econometric models

Dependent

variable

SAR SEM SAC SDM

Pop GDP Pop GDP Pop GDP Pop GDP
(1) (2) (3) (4) (5) (6) (7) (8)

U 0.002 (0.008) 25.916

(0.000)

0.002 (0.007) 26.381

(0.000)

0.002 (0.007) 26.428

(0.000)

0.002 (0.006) 26.960 (0.000)

d -0.332

(0.018)

-0.328

(0.360)

* * -0.192

(0.429)

0.573 (0.890) -0.468

(0.007)

-0.623(0.047)

g * * -0.360

(0.095)

-0.564

(0.023)

-0.193

(0.591)

-0.619

(0.098)

* *

AIC 144.864 6764.117 144.485 6759.740 146.274 6761.651 134.050 6745.14

BIC 176.796 6796.048 176.417 6791.671 182.197 6797.575 189.931 6801.021

Log likelihood -64.432 -3374.058 -64.243 -3371.870 -64.137 -3371.826 -53.025 -3358.570

City 40 40 40 40 40 40 40 40

Year 10 10 10 10 10 10 10 10

City-years 400 400 400 400 400 400 400 400
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establishing panel data models. Robustness tests are carried

out to verify the estimated results. The heterogeneous

effects of URT on city growth have also been analyzed by

classifying these cities in the sample according to their

level of economic development.

The results indicate that URT can increase population

and GDP and can create employment opportunities for the

city. However, URT has a negative effect on per capita

GDP and little effect on the employment rate. The positive

effects of URT on population and GDP are more apparent

in more economically developed cities. As a result,

although the opening and expansion of URT lines can

promote the development of the urban economy, the

increasing population it attracts would also bring great

challenges to urban infrastructure and public service.

Therefore, policymakers should adopt a cautious attitude

towards the introduction or expansion of URT. When

opening and expanding URT, supporting urban infrastruc-

ture should be synchronously developed. Moreover, poli-

cies should focus on attracting and developing industries to

provide more job opportunities at the same time. In addi-

tion, policymakers ought to give priority to the develop-

ment of URT in cities at a higher economic level to gain

greater benefits. URT can also affect other factors mea-

suring the development level of cities and living standards

of citizens, such as total factor productivity, which requires

further study.
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