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Due to the increasing linkage of China and the US stock markets today, we constructed a TVP-VAR model to study the dynamic
spillover effects between the US stock volatility and China’s stock market crash risk. We found dynamic spillover effects are
constantly strengthening between US stock volatility and China’s stock market crash risk: when the US stock volatility increases,
China’s stock market crash risk increases. In addition, the gradual improvement of financial market openness in China, the short-
term capital outflow from China, and the depreciation of the RMB exchange rate will increase China’s stock market crash risk.
And, the impacts of short-term capital outflow from China are more significant. Further, the increase in China’s stock market
crash risk will lead to the decline of the US stock volatility, which may be due to the flight to quality.

1. Introduction

*eUS and China are the two largest economies in the world
today. *ere are already significant differences between the
two countries in many aspects of the economic field, but the
linkage of the two countries’ financial markets has gradually
increased. Influenced by the trade war between the US and
China in 2018, China and the US’s stock market had a more
than 3% daily decline numerous times, which triggered
panic in the global financial market. As an important
phenomenon in the stock market, stock market crash risk
will bring loss to investors and affect financial market sta-
bility. *e stock market crash risk is one of the important
factors which threaten the financial market stability. In 2019,
the US government restarted the more stringent trade policy
with China, further increasing the economic uncertainty
between China and the US. How the US stock market’s
volatility affects China’s economy, especially the impact on
China’s stock market crash risk, has become an important
research topic.

In recent years, China has been accelerating the reform
of the financial market. *e opening of the financial market

is important to improve China’s stock market’s investor
structure and efficiency. However, the financial market’s
opening will also increase the linkage between China’s fi-
nancial market and the international market, aggravate the
fluctuation of the financial market, which may lead to
systemic risk in the financial system, and then affect the
stable development of the economy. *erefore, this paper
studies the spillover effects between US stock volatility and
China’s stockmarket crash risk in the context of the financial
market opening. *e analysis of this problem will help us
understand the relationship between the two stock markets
to prevent China’s stock market crash risk caused by US
stock volatility.

In this paper, we use the Shanghai Composite Index
from January 2000 to January 2019 to calculate the negative
coefficient of skewness (NCSKEW) and the down-to-up
volatility (DUVOL) as proxy variables of China’s stock price
crash risk and volatility of the S&P 500 Index for the vol-
atility of US stock market. Simultaneously, considering the
openness of China’s financial market, this paper focuses on
the impact of short-term capital flow and RMB exchange
rates on China’s stock price crash risk. Under the financial
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market opening condition, this paper uses the TVP-VAR
model to study the dynamic spillover effects between US
stock volatility and China’s stock market crash risk by the
time-varying impulse responses. We find that the US stock
market’s volatility has an obvious time-varying impact on
China’s stock market crash risk, and the impact is gradually
increasing. When the US stock market fluctuates signifi-
cantly, China’s stock market crash risk increases, and the
short-term impact is bigger than the long-term impact.
Meanwhile, with the opening of the financial market,
China’s stock market crash risk increases due to the decrease
of short-term capital flow, the devaluation of the RMB
exchange rate, and the impact of short-term capital flow are
more significant. Finally, we further use the CSI 300 Index
and the Dow Jones industrial average for robust tests and
obtain consistent conclusions.

As a widespread and influential risk factor in the fi-
nancial market, crash risk is one of the main risks focused on
by all market participants. *is paper’s marginal contri-
bution is mainly in the following aspects: first, the negative
coefficient of skewness (NCSKEW) and the down-to-up
volatility (DUVOL) are used as proxy variables of China’s
stock price crash risk. Second, the dynamic spillover effects
between US stock volatility and China’s stock market crash
risk are studied regarding the financial market opening and
finds that the US stock volatility significantly affects China’s
stock market crash risk. Meanwhile, the decrease of short-
term capital flow and the RMB exchange rate’s devaluation
will increase China’s stock market crash risk, and the impact
of short-term capital flow is more significant. *ird and
lastly, the TVP-VAR model is used to study the dynamic
spillover effects between US stock volatility and China’s
stock market crash risk. All parameters of the TVP-VAR
model are time-varying so that it can capture dynamic re-
lationships over time.

*e remainder of the study is structured as follows:
Section 2 provides a brief literature review. Section 3 dis-
cusses the methodology. Section 4 describes the data and
conducts preliminary analyses. Section 5 discusses the
empirical results. Section 6 concludes the study.

2. Literature Review

Crash risk is essentially an extreme risk or tail risk. Rietz [1]
proposed that the determinant of equity risk premium is
the assumption of rare disasters, including economic re-
cession and war. Barro [2] found that the high equity risk
premium is due to the frequent occurrence of extreme
events from a global perspective. Bollerslev and Todorov
[3] found that the equity risk premium is compensation for
rare events. Gabaix [4] found that when a disaster occurred,
asset prices’ fundamental value decreased with time,
resulting in a time-varying risk premium. Gennaioli et al.
[5] found that investors are more worried about future
crash risk when there is a recent crash risk. Kelly and Jiang
[6] proposed dynamic power law to measure tail risk from
the left tail distribution of asset price. *ey estimated the
dynamic power law using daily asset returns. *en, they
found that abnormal asset return is high when the tail risk

is high. Based on the extreme value theory, Van Oordt and
Zhou [7] assumed the return followed a fat-tailed distri-
bution and used asset prices’ sensitivity to an extreme crash
event to measure tail risk. *ey found that tail risk could
predict asset returns, and when the stock market crash
occurred, assets with high tail risk had more losses. Chabi-
Yo et al. [8] used low tail dependence based on the copular
method to measure stock crash risk sensitivity and found
that stocks with high tail risk have higher expected returns
than stocks with low tail risk. *is effect could not be
explained by traditional risk factors, beta, downside beta,
coskewness, cokurtosis, and tail beta. Extreme events often
lead to a sharp decline in investor’ wealth, and investors
who have crash aversion will require higher risk com-
pensation for those stocks that are more prone to crash in a
crisis. *e existing literature studies the stock market crash
risk from the microperspective and not from the macro-
perspective. *is paper studies the relationship between US
stock volatility and China’s stock market crash risk from
the macroperspective.

Diamandis [9] found that Argentina, Chile, Brazil, and
Mexico have a strong linkage with the US stock market.
Korkmaz et al. [10] studied the spillover effects between the
markets of Colombia, Vietnam, Turkey, South Africa,
Indonesia, and Egypt. Li and Zhang [11] used the Dow Jones
Index and Shanghai Composite Index from 2005 to 2013 to
study the spillover effects and resonance effect of the stock
market in China and the US. Since the subprime mortgage
crisis in 2008, the US stock market has a short-term one-way
spillover effect on China’s stock market. *e US stock
market’s price change can predict the price of China’s stock
market, but there is no volatility spillover effect between
China and the US. Hou and Li [12] used the S&P 500 and CSI
300 stock index futures from 2010 to 2013 and found there
was a mutual influence between volatility and the influence
of the US stock market on China’s stock market was more
obvious. Asgharian et al. [13] used spatial econometrics to
study the impact of economic and geographical relations on
stock market linkage and found that the linkage of the stock
market gradually increased, the role of bilateral trade on
stock market linkage increased, and the role of distance on
stock market linkage weakened. Mensi et al. [14] used a
quantile regression method to study the influence of global
economic factors, such as commodity price, US policy
uncertainty, and stock market uncertainty (VIX on BRICS
stock market). *e study found that the uncertainty of
commodity price and the US stock market would affect the
BRICS stock market, but the US policy uncertainty did not
affect it. Diebold and Yilmaz [15] studied the stock market
returns and volatility spillover effects in 19 countries, which
showed a slow-growth trend in return, and the volatility
spillover effect can predict the crisis. Chevallier et al. [16]
applied Diebold and Yilmaz [15, 17] spillover model to study
the spillover effects among 14 countries and found that the
spillover effects of developed countries were more signifi-
cant; however, the interdependence of the ASEAN stock
market increased due to financial development and glob-
alization. *ey found that the Asia Pacific region had be-
come increasingly interconnected across markets, which
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could reduce the benefits of regional diversification strate-
gies and expose risk contagion. Yang and Hamori [18] find
US interest rates have a negative effect on the selected
ASEAN stock markets during expansion, and ASEAN stock
markets have a positive comovement with the US stock
market in both regimes. Existing literature mainly studies
the spillover effect between China and US stock markets
from risk spillover. *is paper focuses on the impact of US
stock volatility on China’s stock market crash risk and its
dynamic spillover effects.

Financial development and globalization have in-
creased the level of integration of the global stock market.
RMB exchange rates and short-term capital flow are
important parts of financial opening, which play a vital
role in the stock market. Koulakiotis et al. [19] used the
asymmetric threshold method to demonstrate the rela-
tionship between the US, Canada, and the UK exchange
rates and stock markets. *ey found there was a causal
relationship between both. Bahmani-Oskooee and Saha
[20] used a nonlinear ARDL method of the Cointegration
and Error Correction Model to analyze the impact of
exchange rates on nine countries’ stock markets in the
UK, Japan, Canada, and so forth. *ey found that the
impact of the exchange rate on the stock market was
asymmetric. Sui and Sun [21] found stock return had a
spillover effect between US and BRIC countries, and the
short-term foreign exchange rate had significant spillover
effects on stock return. Morales-Zumaquero and Sosvilla-
Rivero [22] used the C-GARCH and SVAR methods to
study the volatility spillover effects between the stock
market and the foreign exchange market. *ey found that
the stock market played a leading role in volatility
transmission, and the foreign exchange market was the
main reason for the long-term volatility of the stock
market. Kim and and Iwasawa [23] found the more short-
term capital flowed into the stock before the crisis, the
more prices declined during the crisis, which led to the
stock market’s instability. Wei et al. [24] applied the
nonlinear Granger causality test and GARCH-MIDAS
model and found no linear or nonlinear causality between
the growth rate of hot money and China’s stock market
return. *eir results indicate that China’s stock market
was not driven by hot money; however, hot money had a
significant positive impact on Cina’s stock market’s long-
term volatility. *e dependence between the long-term
volatility caused by hot money and the total volatility of
China’s stock market is time-varying. Taguchi et al. [25]
studied the impact of capital flows on stock prices in
different monetary systems. *ey found the external
capital flows directly impacted stock prices, except in the
transition economy. Capital inflow can also indirectly
increase the stock price by increasing the base money, but
it only worked under the peg regime, not under the
floating regime. Barroso et al. [26] found that the US
unconventional monetary policy affected Brazil’s capital
inflow, which channeled to exchange rate appreciation,
stock market price rise, credit growth, and consumption
increase. Gyntelberg et al. [27] studied the capital inflow
of foreign investors into the stock market had a

significant impact on the exchange rate, while the capital
inflow into the local government bond market had no
impact on the exchange rate. From the above, the RMB
exchange rate and short-term capital flow have a great
impact on the stock price (return or volatility), so this
paper puts them into the model of stock market crash
risk. Most existing studies are focused on the pairwise
relationship between the RMB exchange rate, capital flow,
and stock price, and the relationship among them is
concentrated upon the direction of international capital
flow. Limited studies are related to stock market crash
risk. *is paper studies the impact of US stock volatility
on China’s stock market crash risk under the condition of
the financial market opening.

3. Methodology

In this paper, the TVP-VAR model is used to study the
spillover effects between US stock volatility and China’s
stock market crash risk. VAR model was first proposed by
Sims [28] and became a standard econometric model in
macroeconomic literature. However, the hypothesis of its
fixed parameters made its explanatory power greatly con-
strained, and scholars gradually improved this deficiency.
Cogley and Sargent [29] proposed a VAR model with time-
varying coefficients, but the variance and covariance are
constrained. Later, Cogley and Sargent [30] put stochastic
volatility into the VAR model with time-varying coefficients
but still assumed that the synchronous relationship between
variables was constant. Primiceri [31] developed the VAR
model into a TVP-VAR model with time-varying intercept,
coefficient, variance, and covariance. Subsequently, the
model with time-varying coefficients and variances has been
widely used in macroeconomic research [32–34]. *e
TVP-VAR model is briefly introduced below.

3.1. VARModel. *e basic structural VAR model defined as

Ayt � F1 yt−1 + F2 yt−2 + · · · + Fs ys−1 + ut, t � s + 1, . . . , n,

(1)

where yt is the k× 1 vector of observed variables, and A, F1,
. . ., Fs are k× k matrix of coefficients. ut is a k× 1 structural
shock. By Nakajima et al. [35], we specify the simultaneous
relations of the structural shock by recursive identification,
assuming that A is lower triangular:

A �

1 0 . . . 0

a21 1 . . . 0

⋮ ⋮ ⋱ ⋮

ak1 . . . ak,k1−1 1

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠
. (2)

We rewrite model (1) as the following reduced-form
VAR model:

yt � B1 yt−1 + B2 yt−2 + · · · + Bs ys−1 + A
− 1

 εt, εt ∼ N 0, Ik( ,

(3)

where Bi �A−1Fi, i� 1, 2, 3, . . ., s, and
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 �

σ1 0 . . . 0

0 σ2 . . . 0

⋮ ⋮ ⋱ ⋮

0 . . . . . . σk

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠
. (4)

σi (i� 1, . . ., k) is the standard deviation of the structural
shock. Stacking the elements in the rows

of the Bi (i� 1, . . ., s) to form β, which is sk2 ×1 vector,
and defining Xt � Ik ⊗ (yt−1′ . . . yt−k

′ ), the model can be
written as

yt � Xtβ + A
− 1

 εt. (5)

All parameters in equation (5) are time-invariant. In the
next section, we construct the model by allowing these
parameters to vary over time.

3.2. Time-Varying Parameter VAR. We consider a time-
varying parameter VAR (TVP–VAR) model specified by

yt � Xtβt + A
−1
t 

t

εt, t � s + 1, . . . , n, (6)

where the coefficients βt, the parameters At, and Σt are all
time-varying. We can consider many ways to model the
process for these time-varying parameters. Let at be a
stacked vector of the lower triangular elements in at and
ht � (h1t, . . ., hkt)′with h1t � logσ2jt for j� 1, . . ., k, and t� s+1,
. . ., n. As suggested by Primiceri [31], we assume that the
parameters in (6) follow a random-walk process as follows:

βt+1 � βt + uβt

at+1 � at + uat

ht+1 � ht + uht

· · ·

εt

uβt

uat

uht

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠
∼ N 0,

I 0 0 0

0 
β

0 0

0 0 
a

0

0 0 0 
h

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

,

(7)

for t� s+ 1, . . ., n, where βs+1∼N(uβ0, Σβ0, as+1∼N(ua0, Σa0)
and hs+1∼N(uh0, Σh0). *e shocks to the innovations of the
time-varying parameters are assumed uncorrelated among
the parameters βt, at, and ht. We further assume that Σβ, Σa,
and Σh are all diagonal matrices. *e drifting coefficients
and parameters are modeled to fully capture possible
changes of the VAR structure over time. Moreover, as
discussed by Primiceri [31], the random-walk assumption
can capture possible gradual (or sudden) structural change
in stochastic volatility.

4. Data and Summary Statistics

4.1. Data Source and Sample. *e stock market crash is
calculated with returns of the Shanghai Composite Index
and CSI 300 Index. *e US stock market’s volatility is es-
timated with the return of S&P 500 index (SPR) and the
return of Dow Jones industrial average (DJIAR) by the

GARCH model. We obtain S&P 500 volatility (SPV) and
Dow Jones industrial average volatility (DJIAV). *e capital
flow is the short-term international capital flow to China.
We select the average exchange rate of RMB to USD. *e
sample period is from January 2000 to December 2019. All
data is from the CSMAR, Wind, CEInet Statistics Database.

4.2. Stock Price Crash Risk. We measure stock price crash
risk, following Chen et al. [36] and Kim et al. [37, 38], with
the negative coefficient of skewness (NCSKEW) and down-
to-up volatility (DUVOL). Some adjustments and optimi-
zations are made to calculate the two variables. First, we
define the market return as Wt � ln(1 +Rt), where Rt is the
Shanghai Composite Index on t day. *e negative coefficient
of skewness (NCSKEW) is the ratio of the third moment of
stock market returns over the standard deviation of stock
market returns raised to the third power and then multiplied
by −1, as shown below:

NCSKEWt �
n(n − 1)

3/2
τW

3
τ

(n − 1)(n − 2) τW
2
τ 

3/2, (8)

where n is the trading days of stock Index in month t.
Adding a negative sign on the right side of the equation will
make the negative coefficient of skewness positively correlate
with the stock price crash. In other words, the higher the
negative skewness coefficient is, the higher the stock price
crash risk is.

We calculate the down-to-up volatility (DUVOL) as

DUVOLt � ln
nup − 1 downW

2
τ

ndown − 1( upW
2
τ
, (9)

where nup and ndown are the up and down days. For returns
in month t, we separate all the days with returns below the
monthly mean (down days) from those with returns above
the monthly mean (up days) and calculate the standard
deviation for each of these subsamples separately. *en, the
DUVOL measure is the log of the ratio of the standard
deviation of the down days to the standard deviation of the
up days. An increase in DUVOL corresponds to a stock
being more likely to crash and vice versa.

4.3. Descriptive Statistics. *e descriptive statistics are listed
in Table 1. From Table 1, we find the median and mean of the
negative coefficient of skewness (NCSKEW) and down-to-up
volatility (DUVOL) were all larger than 0, which described
that from January 2000 to December 2019, the overall dis-
tribution of stock market returns in China skewed to the left,
and the extreme decline was common.

4.4.Correlations. *e correlations are listed in Table 2. From
Table 2, we find the negative coefficient of skewness
(NCSKEW) and down-to-up volatility (DUVOL) have a
strong correlation, and the correlation coefficient is 0.955,
which shows the two indicators are consistent in measuring
the stock price crash risk. In addition, there is a negative
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correlation between China’s stock market crash risk and the
US stock volatility and a positive correlation between short-
term capital inflow and exchange rate and US stock
volatility.

4.5. Unit Root ADF Test. *e unit root ADF test results are
listed in Table 3. In the following research, stable variables
will be used for model construction.

5. Results and Discussions

Next, we use the negative coefficient of skewness NCSKEW,
short-term capital inflow CF, the difference of the exchange
rate ΔE, and S&P 500 volatility SPV to construct the TVP-
VAR model and analyze the dynamic spillover effect of US
stock volatility on China’s stock market crash risk. *e VAR
model lag order is 1, which is determined by AIC and SC
criteria.

5.1. Parameter Estimation Results and Validation of MCMC
Algorithm. We estimate the TVP-VARmodel by OxMetrics
6. *e sample of the MCMC algorithm is set to 10000, and
the initial 1000 samples are discarded. Table 4 and Figure 1
report the estimation results for the selected parameters of
the TVP-VAR model. *e results show that the MCMC
algorithm produces posterior draws efficiently. Table 4
provides the estimates for posterior means, standard devi-
ations, the 95% credible intervals, the CD of Geweke [39];
and the inefficiency factors. From Table 4, we find the null
hypothesis of the convergence to the posterior distribution is
not rejected for the parameters at the 5% significance level
based on the CD statistics. *e inefficiency factors are very
low. All of them are less than 100, which indicates an

efficient sampling for the parameters in the TVP-VAR
model. Figure 1 shows the sample autocorrelation function,
the sample paths, and the posterior densities for selected
parameters. From Figure 1, we find the sample paths look
stable, and the sample autocorrelations drop stably, indi-
cating our sampling method efficiently produces uncorre-
lated samples.

5.2. Time-Varying Volatility. *e TVP-VAR model focuses
on the analysis of coefficients and variances that change with
time. Heteroscedasticity is an important feature of the TVP-
VAR model, which is different from the other VAR models.
Figure 2 shows the stochastic volatilities of the four variables.
In 2001, 2005, 2007, 2010, 2015, and 2018, the stochastic
volatility of stock market crash risk has great volatility. *e
S&P 500 SPV’s stochastic volatility fluctuated significantly in
2001, 2003, 2007, 2018, and slightly in 2010. *e stochastic
volatility of short-term capital flow fluctuated greatly after
the subprime mortgage crisis in 2007, and the stochastic
volatility of the exchange rate fluctuated greatly after China’s
stock market crash in 2015. All pivotal events are the US IT
bubble in 2001, the reform of China’s exchange rate system
in 2005, the subprime mortgage crisis in 2007, the US stock
market crash in 2010, the 2015 China stock market crash in
2015, and the US-China trade war in 2018.

5.3.Analysis andResults of ImpulseResponse atDifferent Time
Points. We choose 8-time points to study the dynamic
spillover effects between US stock volatility and China’s
stock market crash risk through internal and external shock.
*e external shocks are the events that had significant in-
fluences on the stock markets globally, especially the US
stock market, while the internal shocks are the events that

Table 2: Correlations.

NCSKEW DUVOL CF E SPR DJIAR SPV DJIAV
NCSKEW 1.000
DUVOL 0.947∗∗∗ 1.000
CF −0.003 0.039 1.000
E −0.014 0.004 0.371∗∗∗ 1.000
SPR −0.163∗∗ −0.165∗∗ 0.030 −0.064 1.000
DJIAR −0.180∗∗∗ −0.180∗∗∗ 0.034 −0.089 0.956∗∗∗ 1.000
SPV −0.004 −0.006 0.145∗∗ 0.128∗∗ 0.030 0.030 1.000
DJIAV −0.015 −0.027 0.143∗∗ 0.084 −0.024 −0.023 0.960∗∗∗ 1.000
∗ ∗ ∗p< 0.01, ∗ ∗p< 0.05, ∗p< 0.1.

Table 1: Descriptive statistics.

Variable Mean Median Max Min. Std. dev. Obs.
NCSKEW 0.0460 0.0403 2.8567 −2.7810 1.0706 240
DUVOL 0.0362 0.0890 3.3012 −3.2811 1.2063 240
CF −10.2659 −3.1964 34.9066 −117.1541 24.8748 240
E 7.1976 6.8480 8.2795 6.1043 0.8230 240
SPR 0.4620 0.7611 10.6047 −14.0604 4.0458 240
DJIAR 0.4174 0.9598 10.7723 −16.9425 4.1840 240
SPV 3.9364 3.5800 8.1291 2.4051 1.1631 240
DJIAV 4.0053 3.5626 9.9925 2.1000 1.5080 240
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happened in China or had significant influences on China’s
stock market.

*e time points of external shocks are September 2001,
August 2007, May 2010, and October 2018. In September
2001, the US stock market fell sharply due to the 9/11
terrorist attack and the IT bubble. In August 2007, US stocks
fluctuated greatly as the subprime mortgage crisis broke out.
In May 2010, a trader mistyped millions (m) into billions (b)
when he sold stocks, resulting in a sudden drop of nearly
1000 points in the US stock index. In October 2018, due to
the Trump government’s foreign trade frictions and the
China-US trade war, the US stock market had a significant
fluctuation.

*e time points of internal shocks are July 2005, August
2007, August 2015, and December 2018. On July 21, 2005,
the China central bank carried out a major reform of the
exchange rate system, making the RMB enter the appreci-
ation channel, and the Shanghai stock index started a bull
market. From July 2007 to 2008, the subprime mortgage
crisis significantly impacted China’s stock market, which led
China’s stock market to fluctuate dramatically. At the same
time, the RMB was pegged back to the dollar. From May to
June in 2015, China’s stock market plummeted, which had a
great shock to the market. On August 11 of the same year,
the RMB exchange rate was reformed for the second time,
which adjusted the middle quotation mechanism of RMB to
the USD exchange rate, further deepened the marketization
of the RMB exchange rate, and strengthened the interven-
tion of foreign exchange. Since 2018, the tax reform of the US
Trump government and soon after the “trade shock” on
China had a great impact on China’s macroeconomy, es-
pecially the crash of China’s stock market on December 28,
2018.

5.3.1. :e Impulse Response of External Shock at Different
Time Points. *e impulse response results of external shocks
at different time points are listed in Figure 3.When the shock
of the S&P 500 volatility is positive, except for September
2001, the impulse response of stock market crash risk at
three different external shocks points are consistent: all are
positive, reach the maximum value at the first or second
period, and then decrease to zero gradually.

When the shock of the short-term capital flow is positive,
except for September 2001, the impulse responses of stock
market crash risk at three different external shock points are
consistent, reach the minimum value at the first period, and
then increase to zero gradually. When the shock of the RMB
exchange rate is positive, the impulse responses of the stock
market crash risk at four different time points are all neg-
ative, after reaching the minimum value at the first period,
the impulse responses increase to zero. When the shock of
the S&P 500 volatility is positive, the impulse responses of
short-term capital flows in September 2001 and August 2007
are always positive, but the impulse response of short-term
capital flows inMay 2010 and October 2018 are still negative.
When the shock of the S&P 500 volatility is positive, the
impulse response of the RMB exchange rate changes at
September 2001, May 2010, and October 2018 fluctuates
around 0 which indicates the impacts are small. Conversely,
in August 2007, the impulse response of the RMB exchange
rate change is larger and gradually decreased to 0 after
reaching the maximum value at the third period. When the
shock of stock market crash risk is positive, the impulse
responses of the S&P 500 volatility at August 2007 and May
2010 are the maximum and gradually decrease to 0. But in
September 2001 and May 2018, the impulse responses of the
S&P 500 volatility are the minimum and gradually increase
to 0.

To summarize, from the impulse response analysis of
external shocks at different time points, that the US stock
volatility will increase China’s stock market crash risk reduce
the short-term capital flow and devalue the RMB exchange
rate. Short-term capital inflow and devaluation of RMB will
reduce China’s stock market crash risk. It is also found that
after the subprime crisis in 2007, the impact of US stock
volatility on China’s financial market has increased. *e
China-US trade war in 2018 has had a huge negative impact
on China’s financial market, which lead to China’s stock
market plummeting, short-term capital outflow, and the
RMB devaluation. And we find China’s stock market crash
risk has a relatively weak impact on US stock volatility,
which may be due to the flight to quality; when China’s stock
market crash risk increases, investors prefer safe assets.

5.3.2. :e Impulse Response of Internal Shock at Different
Time Points. *e impulse response results of internal shock
at different time points are listed in Figure 4.When the shock
of the S&P 500 volatility is positive, the stock market crash
risk at different time points decreases gradually to zero after
reaching the maximum at the first period, but impulse re-
sponse in August 2015 is relatively stable and decreases
slowly. When the shock of the short-term capital flows is

Table 3: Unit root ADF test results.

Variable ADF 1% 5% P Conclusion
NCSKEW −7.0362 −3.4591 −2.8741 p≤ 0.001 Stable
DUVOL −14.5749 −3.4590 −2.8740 p≤ 0.001 Stable
CF −3.5315 −3.4591 −2.8741 p≤ 0.001 Stable
E −1.0883 −3.4591 −2.8741 p≥ 0.05 Unstable
ΔE −9.6433 −3.4591 −2.8741 p≤ 0.001 Stable
SPV −3.6990 −3.4590 −2.8740 p≤ 0.01 Stable
DJIAV −3.6979 −3.4590 −2.8740 p≤ 0.01 Stable

Table 4: Estimation results of the selected parameters in the TVP-
VAR model.

Parameter Mean St. dev. 95% interval CD Inefficiency
(β)1
(sb1) 0.0225 0.0025 [0.0182,0.0280] 0.108 8.38

(β)2
(sb2) 0.0224 0.0027 [0.0181,0.0286] 0.573 14.48

(a)1 (sa1) 0.0403 0.0069 [0.0287.0.0556] 0.414 23.51
(a)2 (sa2) 0.0298 0.0037 [0.0236,0.0382] 0.970 15.30
(h)1
(sh1) 0.1959 0.0556 [0.1051,0.3192] 0.795 65.17

(h)2
(sh2) 0.5750 0.1470 [0.3343,0.9001] 0.282 58.76

Note. *e estimates of Σβ and Σα are multiplied by 100.
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positive, the stock market crash risk at different time points
increases gradually to zero after reaching the minimum
value in the first period. When the shock of the RMB ex-
change rate is positive, the stock market crash risk at dif-
ferent time points increases gradually to zero after reaching
the minimum at the first period. When the shock of the S&P
500 volatility is positive, the impulse responses of short-term
capital flow in July 2005 and August 2007 are always positive
and gradually decrease to 0. But the impulse responses in
August 2015 and December 2018 are always negative and
gradually increase to 0. When the shock of the S&P 500
volatility is positive, the impulse responses of the RMB
exchange rate in July 2005 and August 2007 change greatly,
while in August 2015 and December 2018, there is only a
small change. When the shock of stock market crash risk is
positive, the impulse responses of the S&P 500 volatility in
July 2005 and August 2007 are the maximum and gradually
decrease to 0. However, in August 2015 and December 2018,
the impulse responses of the S&P 500 volatility are the
minimum and gradually increase to 0.

To summarize, from the impulse response analysis of
internal shocks at different time points, we can conclude that
the US stock volatility will increase China’s stock market
crash risk, reduce the short-term capital flow, and devalue
the RMB exchange rate. Short-term capital outflow and the

RMB exchange rate depreciation will further aggravate
China’s stock market crash risk. *e impact of China’s stock
market crash risk on US stock volatility changed after the
subprime crisis in 2007; China’s stock market crash risk will
reduce US stock volatility. *e internal shock further ag-
gravates China’s stock market crash risk through short-term
capital outflow and RMB exchange rate depreciation.

5.4. Time-Varying Impulse Responses. *e results of time-
varying impulse responses are listed in Figure 5. When the
shocks of S&P 500 volatility for 1 month, 3 months, and 5
months ahead are positive, the impulse responses of China’s
stock market crash risk are highly consistent. *ey are
negative before 2003, increase continuously after 2003, and
maintain at a relatively high level in 2012–2018. When the
shocks of short-term capital flow and RMB exchange rates
for 1 month, 3 months, and 5 months ahead are positive, the
impulse responses of China’s stock market crash risk are
negative and highly consistent. *e shock for 1 month ahead
will greatly reduce China’s stock market crash risk, while for
3 months and 5 months ahead, the shocks have little impact
on China’s stock market crash risk and are relatively stable.
When the shocks of S&P 500 volatility for 1 month, 3
months, and 5 months ahead are positive, the impulse
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Figure 1: Estimation Results of Selected Parameters in the TVP-VAR Model. Sample autocorrelations (top), sample paths (middle), and
posterior densities (bottom).
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Figure 2: Posterior estimates for stochastic volatility of structural shock.
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Figure 3: Continued.
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Figure 3: *e impulse response of external shock at different time points.

2005.7
2007.8

2015.8
2018.12

εspv

0.01

0.02

0.03

5 10 150
ncskew

(a)

2005.7
2007.8

2015.8
2018.12

εcf

–0.02

0.00

5 10 150
ncskew

(b)

2005.7
2007.8

2015.8
2018.12

εde

–0.010

–0.005

0.000

5 10 150
ncskew

(c)

2005.7
2007.8

2015.8
2018.12

εspv

–0.10

–0.05

0.00

0.05

5 10 150
cf

(d)

Figure 4: Continued.
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Figure 4: *e impulse response of internal shock at different time points.
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Figure 5: Time-varying impulse responses.
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responses of short-term capital flow are highly consistent.
Before the subprime crisis in 2007, the impulse responses of
short-term capital flow were relatively small. But after the
subprime crisis, short-term capital flow declined signifi-
cantly, and the impulse responses of short-term capital flow
are more obvious for 3 months and 5 months ahead. When
the shocks of S&P 500 volatility for 1month, 3 months, and 5
months ahead are positive, the impulse responses of RMB
exchange rates are positive in 2005–2009 and fluctuate up
and down near 0 in the other years. When the shocks of
China’s stockmarket crash risk for 1month, 3 months, and 5
months ahead are positive, the impulse responses of the US
stock volatility are highly consistent. And, 2010 marks a
watershed because US stock volatility increased China’s
stock market crash risk before 2010 but decreased it after
2010, which may be due to the increase of global economic
uncertainty and the flight to quality.

To summarize, from the time-varying impulse response
analysis, we can conclude that US stock volatility increases
China’s stock market crash risk, and the impact strengthens
gradually. With the opening of China’s financial market,
short-term capital outflow and exchange rate depreciation
increase China stock market crash risk, and the impact of
short-term capital outflow is more significant. *e impact of
US stock volatility on short-term capital flow appears after
the subprime crisis in 2007, and the long-term impact is
significant. US stock volatility only affects the exchange rate
during the subprime crisis in 2007. *e impact of China’s
stock market crash risk on US stock volatility has changed
after 2010 and it is likely due to the opening of China’s
financial market, allowing short-term capital to flow out of
China easier and realize the flight to quality.

5.5. Robustness Test. In this paper, we first replace China’s
stock market crash with down-to-up volatility (DUVOL) for
another empirical analysis, and the results are highly con-
sistent with the negative coefficient of skewness (NCSKEW).
*en, we replace S&P 500 volatility (SPV) with Dow Jones
industrial average volatility (DJIAV) and get the same re-
sults. In addition, we use the unconditional volatility of the
US stock for the robust check, and we obtain similar results.
We also use the real effective exchange rate (REER) for the
robust check, and we obtain consistent results. *erefore,
our results are robust.

6. Conclusion

We used the TVP-VAR model to study the linkage between
US stock volatility and China’s stock market crash risk,
including the impulse response at different time points and
time-varying impulse responses and analyzed the dynamic
spillover effects between US stock volatility and China’s
stock market crash risk under the time-varying framework.
Our findings show that the US stock volatility has obvious
time-varying impacts on China’s stock market crash risk and
the impacts are gradually strengthening. When the US stock
market fluctuates significantly, China’s stock market crash
risk increases, the short-term capital will flow from China,

and the RMB will devaluate. Moreover, the short-term
capital outflow and RMB devaluation will increase China’s
stock market crash risk, and the impact of short-term capital
outflow is more significant. After the subprime crisis in 2007,
China’s stock market crash risk will reduce the US stock
volatility, which may be caused by the flight to quality.
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