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%is study investigates the time-varying coupling relationship between expressway traffic volume and manufacturing purchasing
manager index (PMI). First, for the traffic volume and manufacturing PMI time-series data, unit root stability test and Johansen
cointegration test are applied to determine the stability of single sequence and the long-term stable correlation between variables,
respectively. %en, a time-varying vector autoregressive model (TVP-VAR) is developed to quantify the time-varying correlation
between variables. %e time-varying parameters of TVP-VAR are estimated using the Markov chain Monte Carlo (MCMC)
theory. Finally, the model is validated using examples from China. In the numeric example, three variables, i.e., expressway car
traffic volume, expressway truck traffic volume, and manufacturing PMI, are selected for analysis. Results show that there is a
positive interaction between expressway traffic volume (both car and truck) and manufacturing PMI. Express traffic volume
slowly promotes the development of manufacturing industry. However, with the reform policy of road freight structure in China,
the promotion effect of truck traffic on manufacturing PMI in the past two years has decreased significantly. Moreover, as affected
by the China demand-led economic development model in recent years, the stimulus effect of manufacturing PMI on expressway
passenger traffic volume has increased year by year. And, while the expressway freight structure remains stable, truck traffic
volume is hardly affected by fluctuations in manufacturing PMI.%ese research results are helpful for policy makers to understand
the time-varying coupling relationship between expressway traffic volume andmanufacturing development and finally to improve
the expressway management level.

1. Introduction

Expressway is the critical infrastructure for modern eco-
nomic and social development and is also the important
foundation for the construction of transportation mod-
ernization [1–3]. By the end of 2019, the expressway in China
reached 149,600 km in mileage, ranking first in the world.
Traffic volume of the section reached 27,000 passenger car
unit per day (pcu/d). %e fast-developing process of the
expressway has played a positive role in promoting the
sustained and rapid growth of manufacturing economy [4].
During the coronavirus pandemic (COVID-19) period in
2020, China’s expressway vehicle tolls were waived until May
5, and under such condition, traffic volume has increased by

20% compared with the same period in the last year. Clearly,
the increase in traffic has helped the resumption of work and
production in economic recovery period. However, existing
methods cannot dynamically measure the promotion effect
of expressway traffic on manufacturing economy. %e
mutual relationship between expressway traffic and
manufacturing economy needs in-depth study.

In recent years, many researchers have analyzed the
impact of expressway on economic development of
manufacturing industries. %eir results showed a positive
impact of expressway capital stock on gross domestic
product (GDP) [5]. For example, areas with high traffic
mileage have higher manufacturing and employment levels,
and there is a positive lagging correlation between road
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attributes and manufacturing [6]. From the perspective of
spatial dependence and heterogeneity, the impact of im-
proving transportation infrastructure on manufacturing
agglomeration is also positive [7]. Moreover, transportation
infrastructure has a typical spatial nonlinear diminishing
effect on manufacturing agglomeration [8].

Expressway traffic volume is one of the most important
indicators for operation analysis. Many researchers have
proved that expressway traffic volume is closely related to
GDP growth. Within years, this relationship gradually
strengthens [9, 10]. Results of the cointegration test showed
that there is a long-term equilibrium relationship between
the freight volume and the output value of primary, sec-
ondary, and tertiary industries [11]. %ese results indicate
that expressway traffic volume is strongly related to the
development of national economy [12].

Current investigations generally have the following
problems. ① Traffic volumes of private car and truck are
not analyzed separately. Current studies only analyze the
correlation between overall traffic volume and
manufacturing economy. ② Time-varying characteristics
of this relationship are ignored in current studies, despite
the relationship between expressway traffic and
manufacturing economy changes month by month. ③
Long-term and stable relationships are usually not con-
sidered.%erefore, there is an urgent need to investigate the
time-varying and long-term effect of expressway traffic on
manufacturing economy.

%is article applies the time-varying analysis method in
econometrics to examine the long-term inter-relationship
between time-varying economic index of manufacturing
industry and expressway traffic (including private car and
truck). %e promotion effect of manufacturing activity on
expressway traffic, as well as the promotion effect of ex-
pressway traffic manufacturing activity, is quantitatively
analyzed. %erefore, their long-term mutual promotion
effect can be observed. %is research is conducive for policy
makers to deepen the understanding of social and economic
promotion functionality of expressway development.

2. Methods

Over the course of modern macroeconomic analysis, the
time-varying vector autoregressive model (TVP-VAR) is
often used to explore the time-varying interaction of eco-
nomic variables on macroeconomic issues [13]. %e TVP-
VAR model was originated from the vector autoregressive
model (VAR), which is a large-scale simultaneous equation
model pioneered by Sims in 1980 [14]. %e VAR model can
simulate the feedback mechanism between variables when
analyzing the relationship between variables. However, the
model did not distinguish the specific meaning and variable
types of each equation. %e VAR model is also constructed
based on the lag value of the explained variable and the lag
value of other variables. Such facts cause the model to ignore
the influence of contemporaneous value of different
variables.

Contemporaneous correlation refers to the correlation
between the current disturbance term and the explanatory

variable. In order to analyze the contemporaneous corre-
lation between variables, Blanchard and Watson [15] con-
structed a structural vector autoregressive model (SVAR)
with structural characteristics. While, in SVAR, the coeffi-
cients of equation variables are fixed over time, suggesting
that the action mechanism between variables is relatively
fixed. %is model setting lets the model violate the fact that
the actual interaction between variables will fluctuate over
time. In recent years, Primiceri [16] proposed a TVP-VAR
model with random fluctuations. %e model adds time-
varying coefficients and variance-covariance matrix to the
SVAR model. %us, the interaction intensity and the time-
varying transmission mechanism between variables can be
observed. Based on the work of Primicer, Nakajima [17]
proposed a set of estimation methods for the TVP-VAR
model.

%e basic VAR model can be written as

yt � B0 + B1yt−1 + B2yt−2 + · · · + Bpyt−p + ut, (1)

where p represents the lag order and t � p + 1, p + 2, . . . , n.
yt, yt−1, . . . , yt−p refer to a set of k × 1endogenous variables,
which are composed of manufacturing PMI and traffic
volume of expressway private car and truck. B0 is a k × 1
vector of constants, B1, B2, . . . , Bp are coefficient matrices
and represent the intertemporal correlation, and ut is the
structural shock at time step t and satisfies the following
criteria [18]:
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E utut
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(2)

Originated from the VAR model, the SVAR model
considers the contemporaneous effect between variables in
order to capture the variables’ instantaneous structural re-
lationship. %e SVAR model can be structured as

Ayt � B0 + B1yt−1 + B2yt−2 + · · · + Bpyt−p + ut, (3)

where A, B1, . . . , Bp are k × k time-invariant coefficient
matrices and represent the intertemporal correlation. A

represents the contemporaneous correlation, and B1, . . . , Bp

represent the intertemporal correlation. B0 is a k × 1 vector
of constants.

Generally, A is supposed to be a lower triangular matrix
in order to reduce the computational complexity without
affecting the inference results:
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. (4)

SVAR can be converted into the following induced form:
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yt � F0 + F1yt−1 + F2yt−2 + · · · + Fpyt−p + A
− 1


u

εt, ε ∼ N 0, Ik( ,

(5)

where Fi � A− 1Bi, for i � 0, 1, . . . , p. u is the disturbance
term in the diagonal form. By defining Xt � Ik ⊗
(1, yt−1′ , . . . , yt−p

′ ) and β � (F0, F1, . . . , Fp)′, where ⊗ rep-
resents Kronecker product, equation (5) can be transformed
into

yt � Xtβ + A
− 1Σuεt. (6)

In the SVAR model, coefficients in formula (6) remain
unchanged over time. By allowing coefficients and error
terms to change over time, SVAR can be extended to the
TVP-VAR model:

yt � Xtβt + A
−1
t Σtεt, (7)

where βt, At, andΣt are time-varying coefficients. %e k ×

(k − 1)/2 elements in At can be further stacked into a
vector at � (a21,t, a31,t, a32,t, . . . , ak(nk−1),t)′. Similarly, the
diagonal matrix Σt is transformed into a
vectorσt � (σ1t, σ2t, . . . , σkt)′. %erefore, ht � (h1t, . . . ,

hkt)′ and hjt � ln σ2jt for j � 1, . . . , k. According to the
work of Primieri [16], parameters in equation (7) obey the
first-order random walk process:

βt+1 � βt + υt+1, at+1 � at + ςt+1, ht+1 � ht + ξt+1, (8)

where υt ∼ N(0,Ωβ), ςt ∼ N(0,Ωa), and ξt ∼ N(0,Ωh) are
new disturbance items. Under the assumption that coeffi-
cients are uncorrelated, the variance-covariance matrix of all
perturbations in equation (7) can be written as
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%e above calculation process assumes that the time-
varying coefficient follows a first-order random walk
process. According to the research of Engle and Watson
[19], when an individual receives new information and
adjusts the estimation process of equation state, this
fluctuation should follow the random Wandering process.
Secondly, the random walk process allows the greatest
degree of structural parameter changing. %is feature al-
lows the TVP-VAR model to capture subtle disturbances.
Moreover, the random walk process can reduce the cal-
culation difficulty and the number of calculations, thereby
preventing the model from overfitting. Many studies have
also proved that the traffic flow variability can be described
as a Markov random process with random fluctuations. At
the same time, according to the estimation of Primiceri
[16], results of the TVP-VAR model are insensitive to
assumptions.

For the TVP-VAR model, we use the Markov Chain
Monte Carlo (MCMC)method under the Bayesian inference
framework to estimate the unknown parameters.

Parameters are first assumed to be constant as in the
SVAR model. %en, the least square method is applied to
calculate prior initial values of βols, aols, hols, V(βols), and
V(aols). Replace the variance of hols with Ik. Initial values
can be obtained as

β0 ∼ N βols, 4V βols( ( ,

a0 ∼ N aols, 4V aols( ( ,

h0 ∼ N hols, 4Ik( .

(10)

%e variance part is multiplied by 4 in order to capture
more uncertain information and to prevent prior parameter
constraints from being too tight.

%e hyperparameters are independent of each other and
follow inverse-Wishart distributions. %en, according to
Primiceri [16], set its prior distribution as follows:

Ω−1
β ∼ W 1 + kβ, rβ 

2
· 1 + kβ  · V βols(  

− 1
 ,

Ω−1
a ∼ W 1 + ka, ra( 

2
· 1 + ka(  · V aols(  

− 1
 ,

Ω−1
h ∼ W 1 + kh, rh( 

2
· 1 + kh(  · Ik 

− 1
 ,

(11)

where kβ, ka, and kh represent the latitude of βt, at, and ht,
respectively. For the n-dimensional p-order lag SVAR
model, compute kβ � pk2, ka � k(k − 1)/2, and
kh � k(k − 1)/2. In addition, rβ, ra, and rh are set as 0.01, 0.1,
and 0.01, respectively, based on the parameter setting de-
fined by Koop and Korobilis [20].

After obtaining the initial value, divide the parameters of
different categories into different parameter blocks so that
different parameter blocks have greater independence.%en,
sample the conditional posterior of each part, and finally,
form the conditional posterior distribution of all parameters.
Finally, dynamic parameters of each simultaneous equation
in the TVP-VAR model is obtained based on the Monte
Carlo simulation technology, in which a balanced distri-
bution of Markov process is constructed.

In order to explain the contemporaneous correlation
between variables and to investigate their feedback mech-
anism, this study uses impulse response to quantify the
magnitude of influence between explanatory variables. %e
impulse response is performed by first fixing perturbations
of all other explanatory variables and then allowing the value
or the standard deviation of one explanatory variable to
deviate one unit from its original value. %e newly obtained
value of the explanatory variable is called the impulse re-
sponse [21]. %rough impulse response analysis, dynamic
influences between unclear variables can be well explained
and quantified. %e analysis also facilitates the comparison
of shockmagnitude between variables.%e impulse response
explains the synchronous correlation between variables and
the dynamic influence of lag. %rough impulse response
function, mutual influences between variables can be
quantitatively captured. In the paper, impulse response
function is applied to analyze the influence degree between
expressway traffic and manufacturing PMI.
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3. Data Description

Expressway traffic can be classified into passenger cars (small
and medium passenger cars and coaches) and trucks (small
trucks, medium trucks, large trucks, extralarge trucks, and
containers) according to data collection samples of national
expressway. While sensors on some road sections will also
collect traffic data about motorcycles and tractors, we con-
sider traffic volume of passenger cars and trucks only since
these two types of traffic can intuitively reflect the develop-
ment of expressways in recent years. %us, three types of
variables, i.e., traffic volume of private cars, traffic volume of
trucks, and manufacturing PMI, are analyzed in this paper.

Expressway traffic volumes of passenger cars and trucks
are collected by continuously spaced traffic survey stations in
the China National Traffic Survey Data Collection System.
At present, about 2,200 continuous traffic survey stations are
deployed on expressways throughout the country. %ese
traffic survey stations transmit data to the traffic survey
system in real time at 5-minute intervals. %e data accuracy
is over 90%. %is paper uses the China National Traffic
Survey Data Collection System to extract expressway pas-
senger car and truck traffic volume.

Monthly manufacturing PMI data are obtained from
questionnaire surveys of sample companies. %e index
covers multiple aspects of manufacturing economic activi-
ties and has shortest lag period among all macroeconomic
series data. Overall, manufacturing PMI reveals the devel-
opment trend of manufacturing industries in detail. %us,
the index provides an important basis for the country’s
macroeconomic regulation and guidance of business op-
erations. Generally, the higher the manufacturing PMI, the
better the economic trend of manufacturing industry. %e
department of China National Bureau of Statistics regularly
releases the PMI of China’s manufacturing industry on the
first working day of each month.

In order to analyze the stable and long-term contem-
poraneous relationship between expressway traffic and PMI,
this paper selects expressway passenger car and truck traffic
volume and manufacturing PMI data from January 2010 to
December 2019 on a monthly basis. It should be noted that
the TVP-VAR model explains the interaction between
variables by capturing the fluctuations of explanatory var-
iables. %erefore, the dimensionality reduction of data will
not affect the calculation results under the condition that the
time-series trend remains unchanged. For expressway
passenger car and truck traffic volume, divide them by 1000
and take the arithmetic square root. For manufacturing PMI,
divide them by 10 and take the arithmetic square root.
Figure 1 shows the over-time trend of expressway passenger
car and truck traffic volume and manufacturing PMI.

3.1. Data Test. In order to test whether there is a long-term
stable correlation between passenger car and truck traffic
volume and manufacturing PMI and to ensure that the
causal relationship between variables is not a pseudore-
gression, it is necessary to conduct data stability tests and
cointegration relationship tests on the three variables [22].

3.2. Stationarity Test. Stationarity test is to verify whether
time series of one variable is stationary. In this paper, the
augmented Dickey-Fowler test (ADF) and the unit root test
are used to determine the stability of a single variable. Table 1
presents the test results.

%e results show that, at 5% significant level, the original
ADF test values of passenger car traffic, truck traffic, and
manufacturing PMI are all greater than the critical value,
indicating that the time series of three variables are not stable
at the original level. Under the condition of first-order
difference, the ADF test values of passenger car traffic, truck
traffic, and manufacturing PMI are all less than the critical
value at 5% significant level, suggesting that the time series of
three variables are stable. Such result further supports the
cointegration relationship test.

3.3. Cointegration Relationship Test. %e cointegration re-
lationship test is to verify the long-term correlation between
traffic volume (i.e., passenger car and truck) and
manufacturing PMI. A VAR model is established for the
three variables. Lag order of the three variables is determined
to be 1 through the Akaike information criterion (AIC).
Table 2 shows the cointegration test results of the three
variables under the condition of first-order difference.

Trace and maximum eigenvalue tests in Table 2 shows
that the three variables have at most 2 long-term stable
correlations when 5% critical value is considered. %erefore,
there is a long-term and stable correlation between pas-
senger car, truck traffic volume, and manufacturing PMI.
%e test data can be used for TVP-VAR analysis.

4. Results and Analysis

%e three variables, i.e., traffic volume of expressway pas-
senger car, traffic volume of truck, and manufacturing PMI,
are substituted into the TVP-VAR model. C represents
expressway passenger car traffic volume. T represents ex-
pressway truck traffic volume. P represents manufacturing
PMI index.%e lag order is set as p � 1 according to AIC test
results. In impulse response analysis, time lags of 1 month, 2
months, 3 months, and 6 months are considered in order to
measure the short-term, midterm, and long-term interac-
tions between variables. In model estimation, least squares
algorithm is conducted 4000 times for prior sampling and
parameter initialization. %en, 40,000 iterations of Markov
chain Monte Carlo simulation are carried out. Figure 2
shows the final calculation result.

Figure 2 shows the time-varying impulse response be-
tween the three variables in China from 2010 to 2019 under
time lags of 1 month, 2 months, 3 months, and 6 months. In
the figure, x- and y-axis represent month and the magnitude
of impulse response, respectively. A positive impulse response
indicates a positive influence between the two variables, while
a negative one represents a negative influence relationship.
Moreover, the greater the absolute value of impulse response,
the more significant the impact. Taking response of T to C in
Figure 2(b) as an example, the result represents the time-
varying influence of expressway passenger car traffic volume
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Table 2: Cointegration test of expressway passenger car, freight traffic, and manufacturing PMI.

Hypothesized no. of CE (s) Eigenvalue
Trace Maximum eigenvalue

Trace statistic 5% critical value Prob. Maxeigen statistic 5% critical value Prob.
None 0.3104 63.0907 29.7971 0.0000 43.4819 21.1316 0.0000
At most 1 0.1312 19.6088 15.4947 0.0113 16.4514 14.2646 0.0222
At most 2 0.0266 3.1574 3.8415 0.0756 3.1574 3.8415 0.0756
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Figure 1: Variation tendency of expressway passenger car and truck traffic volume and manufacturing PMI.

Table 1: Unit root test of expressway passenger car, freight traffic, and manufacturing PMI.
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Figure 2: Continued.

Journal of Advanced Transportation 5



2010.2 2012.1 2014.1 2016.1 2018.1 2019.12

4

3

2

1

0

Im
pu

lse
 R

es
po

ns
es

Month

×10-3

1 Month Lag
2 Month Lag

3 Month Lag
6 Month Lag

(c)

2010.2 2012.1 2014.1 2016.1 2018.1 2019.12

0.02

0.015

0.01

0.005

0

Im
pu

lse
 R

es
po

ns
es

Month

1 Month Lag
2 Month Lag

3 Month Lag
6 Month Lag

(d)

0.04

0.03

0.02

0.01

0
2010.2 2012.1 2014.1 2016.1 2018.1 2019.12

Im
pu

lse
 R

es
po

ns
es

Month

1 Month Lag
2 Month Lag

3 Month Lag
6 Month Lag

(e)

2010.2 2012.1 2014.1 2016.1 2018.1 2019.12

3

2

1

0

Im
pu

lse
 R

es
po

ns
es

Month

×10-3

1 Month Lag
2 Month Lag

3 Month Lag
6 Month Lag

(f )

Figure 2: Continued.
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on truck traffic volume. %e mutual relationship between the
three variables is discussed below.

%e response of P to C in Figure 2(c) has been positive
for ten years, suggesting that expressway passenger car traffic
volume has a positive impact on manufacturing PMI for a
long time. For example, an increase in passenger car traffic
volume on expressways will promote the development of
manufacturing. Longitudinal analysis shows that the impact
is highest when the lag is 1 month. As the time lags become
larger, the impact gradually decreases and stabilizes. %e
impact reaches almost zero when the time lag becomes 6
months. %e result indicates that the impact of expressway
passenger car traffic on manufacturing PMI will gradually
weaken as the lag time increases. Horizontal analysis of the

impulse response curve shows that the impact of expressway
passenger traffic volume on the manufacturing PMI grad-
ually weakened from 2010 to 2015. In 2016, the impact began
to rebound to a higher and stable position. Overall, the
positive promotion effect is still obvious although the in-
crease in expressway passenger car traffic has a decline
promotion effect on the development of manufacturing
industry.

Response of P to T in Figure 2(f) has also been positive
for ten years, suggesting that the increase in truck traffic
volume on expressways will promote the development of
manufacturing. Longitudinal analysis shows that the impact
of expressway truck traffic volume on manufacturing PMI is
basically similar to the passenger car traffic volume on
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Figure 2: Time-varying impulse response between traffic volume of expressway passenger cars, traffic volume of trucks, and manufacturing
PMI for different lag times. (a) Response C to C. (b) Response T to C. (c) Response P to C. (d) Response C to T. (e) Response T to T.
(f ) Response P to T. (g) Response C to P. (h) Response T to P. (i) Response P to P.
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manufacturing PMI.%e impact is highest when the time lag
is 1 month, and then, the impact gradually decreases. When
the lag enlarged to 6 months, the impulse response curve has
been steadily dropped to around 0, which indicates the
situation of no promotion effect. Horizontal analysis shows
that fluctuations of impulse response curves for lags of 1
month, 2 months, and 3 months are quite similar. Different
from passenger car traffic volume, the impact of truck traffic
volume on manufacturing PMI has dropped significantly
after 2018 due to the impact of transportation structure
reform policies, e.g., “revolution to rail and water to
revolution.”

Response of C to P in Figure 2(g) shows a positive impact
of manufacturing PMI on expressway passenger car traffic
volume. %at is, the increase in manufacturing PMI will
reversely stimulate the increase in expressway passenger car
traffic volume. For lags of 1 month and 2 months, sizes of the
impulse response curve are basically the same. %e reduction
in impulse response is smaller when the lag is 3 months. %e
impulse response of manufacturing PMI to expressway
passenger car traffic volume has gradually increased since
2012. %e figure further shows the following. ① %e devel-
opment of manufacturing industry will reversely stimulate the
increase of expressway passenger car traffic, and the stimulus
lasts for a long time. %e stable impact is about 2 months.②
In recent years, the development of manufacturing industry
has gradually stimulated expressway passenger car traffic
volume. %e convenient and fast travel conditions provided
by expressways make the role of “traffic first” stand out.

Response of T to P in Figure 2(h) shows a stable and an
almost constant impulse response. As the lag increases, the
increase in manufacturing PMI has significantly reduced the
stimulus effect on expressway truck traffic volume. Such
result means the development of manufacturing industry
will promote the increase of expressway truck traffic volume.
However, this promotion will not be affected by the degree of
manufacturing development.

5. Conclusions

In this paper, the TVP-VAR model is applied to explore the
time-varying interaction relationship among the three
variables of expressway passenger car and truck traffic
volume and manufacturing PMI. %e results can help policy
makers to better understand the mutual reinforcing rela-
tionship between China’s Expressway traffic volume and
manufacturing economy. Based on the mutual relationship,
in-depth suggestions can be given to the development of
China’s transportation and new infrastructure construction.
%e results can also allow government to make corre-
sponding policy measures for different development op-
portunities. Furthermore, this research is helpful for the
understanding the role of free expressway pass policy in
promoting the economic recovery of manufacturing in-
dustry during COVID-19.

Specifically, this article starts with China’s expressway
passenger car, truck traffic volume, and manufacturing PMI
index data from 2010 to 2019. %e TVP-VAR model is
applied to analyze the time-varying interaction between the

three variables. %e result shows that there is a long-term
and stable interaction between the traffic volume of pas-
senger cars and trucks on expressway and the manufacturing
PMI in China. And, the interaction relationship is asym-
metric. %e increased traffic volume during COVID-19
freeway period is of great significance to the resumption of
work and production in China. Other conclusions are briefly
discussed as follows:

(1) %ere is a long-term positive interaction between
expressway passenger car and truck traffic volume and
manufacturing PMI.%e increase in passenger car and
truck traffic volume on expressways will promote the
development of manufacturing. In turn, the devel-
opment of manufacturing industry will also increase
expressway traffic volume.%is mutual promotion has
a strong influence within 1 month. However, no in-
teraction impact is shown for half-year lag.

(2) %e increase in expressway passenger car traffic
volume has continued to stimulate the development
of manufacturing industry at a high level. %e in-
crease in the number of tourist trips is still significant
in promoting the manufacturing economy. At the
same time, under the influence of freight structure
adjustment policies, the promotion of the develop-
ment of manufacturing industry by expressway truck
traffic volume has declined after 2018. %e imple-
mentation effect of road transport structure ad-
justment policy is remarkable.

(3) In recent years, the stimulus effect of the develop-
ment of manufacturing industry on expressway
passenger car traffic volume has gradually increased.
%e economic development model led by domestic
demand has gradually been ineffective. Domestic
demand has gradually become the main driving
force, development orientation, and support for
economic growth. However, the stimulus effect of
the development of manufacturing on expressway
truck traffic has remained basically unchanged in
past decade. %at is, the structure of road freight
transportation in China is relatively stable and re-
liable, and it is less affected by policy factors.

%is article has some limitations. %is article only
considers the interaction between expressway passenger car
and truck traffic volume and manufacturing PMI. Other
relevant factors in the operation of expressways, including
road network mileage, road congestion, and adaptive traffic
volume, are ignored. However, considering these factors can
give a much more complete and detailed understanding of
the promotion effect of various indicators in the develop-
ment of expressways on manufacturing economy, in future
research, we will try to improve it.

Data Availability

%e data on the traffic volume of passenger cars and trucks
were collected by China National Traffic Survey Data Col-
lection System, so they are not free. Requests for access to
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these data should be made to the corresponding author
(sunshuo@tpri.org.cn). %e data on manufacturing PMI
were collected by China National Bureau of Statistics. People
can get these data from the official website.
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