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With growing uncertainty about the evolution of the global landscape, it is of great practical significance to explore the nonlinear
dynamic adjustment relationship among the world oil market, the global bulk shipping market, the stock market, and economic
growth in China. /is paper applied the TVP-SV-VAR model and selected quarterly data from 1998 to 2020 to explore the
dynamics. /e results indicated that the impact intensity of BDI on China’s economy had a “positive” to “negative” change in
different lag periods. /is was mainly due to the fact that the negative impact of higher freight prices on China’s economy
outweighed the positive impact of higher trade volumes on China’s economy. /e impact intensity of BDI on GDP had a distinct
medium- to long-term effect. A positive BDI shock had a dampening effect on stock prices in the short and medium term, while a
positive BDI shock could promote stockmarket prosperity in the long-term perspective./e impulse responses of SSE and GDP to
BDI showed that the external shipping market shocks to China’s stock market and economic growth gradually became smaller
over time. For impulse response at three different time points, the impact intensity of the BDI to GDP varied at different time
points, with the largest shock during the financial crisis in 2008, followed by the shock during the oil price crash in 2014, and the
smallest during the COVID-19 epidemic. /is demonstrated that the external shipping market’s influence on Chinese economic
growth and stock market has gradually weakened over time, illustrating the enhancement of Chinese risk-resilience capacity.

1. Introduction

With the further advance of economic globalization and the
rapid development of international trade, the scope and
degree of international trade markets increasingly have
extended and strengthened. Meanwhile, the surging demand
for maritime trade derived from the international trade
market has made the global shipping market increasingly
prominent. Dry bulk transport, including coal, iron ore, and
grain, is the mainstay of the international shipping industry,
which is related to the basic survival demands of nations, the
basic material guarantee for the survival of the countries, and
the essential condition for maintaining the standard of living
desired by the nationals. /erefore, in a certain sense,
compared with container transport, general cargo transport,
and liquid bulk transport, the dry bulk market, which is
responsible for the transportation of major raw materials

and materials, plays an increasingly crucial role in the in-
ternational shipping market and international trade. /e
Baltic Dry Index (BDI) is an international authoritative
index for measuring international shipping conditions, the
barometer and wind vane of the international shipping
market, the leading index reflecting international trade
conditions, and the microcosm of the global economy. In
2008, when the BDI reached a record high, a large number of
investors were attracted to the maritime industry. /e fi-
nancial crisis broke the gold rush and shipping rates
plummeted. /e slump and depression in the shipping
industry had continued until 2013, when the shipping
market was rejuvenated, and the BDI returned to 2000.
However, in 2014, the Ebola virus ravaged the whole of
Africa. /e Danish Poyan Oil Company applied to the court
for bankruptcy, the supply of ships and bunker oil was
seriously affected, and the BDI began to decline precipitously
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in themarket downturn./e shippingmarket then went into
a slow recovery, yet its upward trend was dampened by the
sudden onset of COVID-19. /e main factors influencing
the fluctuation of the BDI include global GDP growth rate,
global demand for iron ore and coal transportation, global
demand for grain transportation, global supply of ship
tonnage, average international bunker price, war, and nat-
ural disasters. Among them, fuel oil prices, economic, cli-
mate, and unexpected events have a more profound impact
on BDI. Firstly, fuel costs can account for 40% of a ship’s
operating costs. Drastic changes in oil prices may cause a
certain degree of disturbance to the BDI. Secondly, from the
trend of BDI over the years, the bulk freight rate is deter-
mined by the relationship between supply and demand, but
the concentration of dry bulk transport industry is low, and
the change of the supply side (effective capacity) is relatively
slow. /erefore, the short-term fluctuation of the BDI is
mainly dominated by the demand side (transport demand),
which is greatly influenced by the change of economic
prosperity. In terms of the major regions connected by BDI
routes, key routes from China and the United States are
included. In recent years, China, as a major demander of
bulk dry bulk cargoes, has seen a growing demand for
imports of bulk raw materials, most notably iron ore and
coal, which rank among the highest in terms of seaborne
imports. /us, as a bellwether of trade data for trade-active
countries, the BDI is closely related to the trade volume and
GDP growth of China and the US and, even more so, reflects
the degree of economic prosperity in China. In addition,
other contingencies at the supply and demand level can also
phase in freight rates, such as the financial crisis and
COVID-19.

As a result, the shipping market is dependent on the oil
market and on international trade. As the world’s largest
trading country, the interaction between the oil market and
shippingmarket has a profound impact on investor sentiment
and trade volume, ultimately exacerbating China’s macro-
economic fluctuations. Especially, in recent years, against the
backdrop of structural changes in internal supply and de-
mand, sharp fluctuations in oil prices and frequent unex-
pected events, the BDI fluctuates frequently and its influence
on China’s economy should not be underestimated./e stock
market acts as a macroeconomic barometer, and the mac-
roeconomic functions profoundly affect the stock market
volatility. Many scholars have confirmed the existence of a
positive correlation between the BDI, the US stock market,
and the US dollar index, but there are rare studies on the
mechanism of the influence of the BDI and the Chinese stock
market. Against the background of increasing economic
uncertainty, it is of great practical significance to study the
linkages among the world oil market, global shipping market,
China’s stock market, and economy. /ere have been nu-
merous excellent reviews in the literature of the two-two
relationship among the oil market, shipping market, stock
market, and GDP, but studies which include the world oil
market, global shipping market, Chinese stock market, and
GDP in the same system are little investigated. Furthermore,
there are only few studies that consider the nonlinear dynamic
linkage between the variables./us, this paper attempts to use

the TVP-SV-VAR model to analyze the nonlinear dynamic
adjustment relationship among the world oil market, global
shippingmarket, Chinese stockmarket, and economic growth
and fully explore the inner influence mechanism between the
variables. Only by identifying the potential shock effects of the
world oil market and global shipping market, can we clarify
the direction and path of policy adjustment based on the
driving factors, thus effectively preventing the impact of oil
prices and ocean freight rates, while reducing the possibility of
unexpected shocks to Chinese economy and stock market. In
addition, this paper examines the linkages and shock effects
between markets under the major emergencies of the “fi-
nancial crisis,” “international oil price crash,” and “COVID-
19,” in order to provide useful scientific reference for industry
insiders.

2. Literature Review

2.1. *e Effect of the Oil Market on BDI, Stock Market, and
Economic Growth. As a leading indicator of global shipping
costs and a unit of measurement of commodity trading
volume, the BDI was closely related to fluctuations in the
world oil market. On the one hand, crude oil price was
transmitted directly to the BDI through global shipping and
transportation costs. On the other hand, changes in inter-
national market factors such as the global economic cycle,
business cycle, and major emergencies would act on both the
BDI and the international crude oil market at the same time,
thus triggering a synchronized volatility trend in both
markets [1]. /ere was a significant cross-correlation be-
tween the BDI and crude oil price, and the short-term
multiple fractal characteristics were stronger than the long-
term ones [2]. In accordance with this, Arigoni et al. [3]
structured different scenarios of the effects of high and low
BDI and oil prices and found same conclusions.

Oil price shocks have a significant impact on factor
inputs in the production sector as well as onmacroeconomic
performance. In terms of macroeconomics, theoretical
studies have shown that the positive shock of oil prices
affects the input of relevant downstream production sectors
through the cost channels of upstream raw materials and
then affects the output [4–6]. In this process, imported
inflation caused by oil prices directly affects the economy,
triggering the reverse adjustment of the monetary and fiscal
policies, which further indirectly affects the economic
growth. As the largest oil importer, the Chinese economy
cannot avoid the shock of international oil prices. Existing
research studies have attempted to explore the response of
Chinese economy to oil price shocks. Cheng et al. [7], based
on a GARCH model, showed that uncertainty of oil price
had a negative impact on China’s real GDP. Zhao et al. [8]
established a DSGE model to confirm that the influence of
different types of oil price fluctuations had different ap-
proaches on economic growth, and rising oil prices driven
by demand would produce long-term negative effects on
China’s GDP. Kim et al. [9] found that Chinese economy
had a time-varying response to the oil price shock.

As far as the stock market was concerned, the causal
relationship between the international crude oil market and

2 Complexity



the stockmarket largely depended on the development stage,
energy structure, global crude oil market, and other factor
endowments [10, 11]. /e existing research studies showed
that crude oil market was the Granger cause of stock market
volatility [12, 13]. Phan et al. [14, 15] empirically demon-
strated that the introduction of oil prices could significantly
improve the accuracy of stock price forecasts. In addition,
most studies showed that the two were preceded by a
nonlinear time-lagged effect. Wen et al. [16] further sug-
gested that oil price shocks had a negative effect in the short
run but would turn positive in the long run. Ding et al. [17]
used a SVAR model to prove that international crude oil
price fluctuations had a significant Granger effect on in-
vestor sentiment in the Chinese stock market, and investor
sentiment was contagious by international crude oil price
fluctuations with an average lag of about 8 months.

2.2. *e Effect of BDI on the Stock Market and Economic
Growth. Numerous studies have analyzed the volatility
spillovers and linkage mechanisms among the BDI, stock
market, and economic growth. Existing research studies
showed that the BDI had a long-term cointegration rela-
tionship with the US stock market Standard and Poor’s Dow
Jones Indices. Changes in the BDI could help explain the
Dow Jones Indices [18]. Alizadeh and Muradoglu [19]
further demonstrated that using the BDI for predicting other
stock market fluctuations could significantly improve
forecast performance. Besides, Lin et al. [20] confirmed that
the BDI had a significant time-varying volatility spillover
effects on commodity and stock markets by using the VAR-
BEKK-GARCH-X model. Given the volatility spillover re-
lationship among the BDI, commodity, and stock market,
the BDI was closely related to global trade volatility; thus, the
research related to the Baltic Dry Index (BDI) as a leading
economic indicator was a hot issue in academic research
[21–23]. A large number of scholars have favored the BDI as
a leading indicator for predicting the macroeconomy
[24, 25].

In summary, there has been a large amount of literature
examining the two-two relationship among international oil
markets, shipping markets, stock markets, and economic
growth, providing evidence of their correlation and giving a
factual and theoretical basis for the in-depth study of this
paper. However, on the one hand, there are relatively few
studies that include oil markets, stock markets, shipping
markets, and GDP in the same system, and furthermore,
there are only a few papers that consider the nonlinear
dynamic linkages between the variables. On the other hand,
the relationships among variables may present different
results depending on the country, region, sample range,
system changes, and methodological selection. Conse-
quently, this paper employed the TVP-SV-VAR model to
explore the nonlinear linkages between different markets
and Chinese economic growth, which could theoretically
enrich the current relevant studies and provided factual
evidence for the nonlinear linkages between different
markets and the Chinese economy in practice.

3. Methodology

Vector autoregression is a fundamental tool in econometric
analysis and is widely used. However, the coefficient and
variance in the traditional VARmodel are constant. In many
cases, the data generation process for economic variables
appears to have randomly fluctuating drift coefficients. In
addition, with constant changes such as institutional
changes and policy preferences, large structural abrupt
changes may occur in the economic system. At this time, the
estimated time-varying coefficient of the VARmodel may be
biased because it ignores the possible changes of volatility in
the disturbance. It is a great challenge to characterize and
interpret the dynamic adjustment characteristics between
observed variables, and thus, VAR is limited in use. In recent
years, in order to capture the potential time-varying nature
of the economic structure, random fluctuations are gradually
incorporated into the TVP-VAR model. /e TVP-SV-VAR
model sets all parameters as a first-order random walk
process, allows temporary and permanent deviations of
parameters, and enables us to capture the possible time-
varying properties of economic structure in a flexible and
robust way, which can well describe the nonlinear and
dynamic characteristics between variables. As a result, it is
more advantageous at the practical application level.

/e TVP-SV-VAR model is a variant of the traditional
VAR model. /e structural VAR model can be defined as
follows:

Ayt � F1yt−1 + · · · + Fsyt−s + μt, t � s + 1, . . . , n, (1)

where ytis a k × 1 vector of observed variables, A, F1, . . . , Fs

is a k × k matrix of coefficients, and μt ∼ N(0,ΣΣ) can be
described as a k × 1 structural shock. Assuming that the
coefficient matrix A is a lower-triangular, the recursive
method can be used to identify the structural relationship.
Equation (1) can be transformed into the following form:

yt � Xtβt + A
−1
t Σtεt, εt ∼ N 0, Ik( , (2)

where the parameter βt, matrix At, and Σtare all temporally
variable parameters. It is assumed that the parameters to be
evaluated follow the random walk process, which implies
that temporary and permanent shifts in the coefficients are
allowed./e drift coefficients can be used to capture possible
nonlinearity, such as gradual or structural changes./e error
term can be used to capture temporary shifts:

βt+1 � βt + μβt
, αt+1 � αt + μαt

,

ht+1 � ht + μht
,

εt

μβt

μαt

μht
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,

(3)

where t � s + 1, . . . , n, βs+1 ∼ N(μβ0,Σβ0), αs+1 ∼ N(μα0,
Σα0), and hs+1 ∼ N(μh0

,Σh0
). /e model is a nonlinear state-

space model considering the time variability of the
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perturbation term. /erefore, the maximum likelihood es-
timation requires repeated filtering for each set of param-
eters until the maximum value is reached, and the
calculation is too large. /is paper adopts the Bayesian
method and MCMC simulation to effectively estimate the
TVP-SV-VAR model so as to better depict the time-varying
characteristics of coefficients and random volatility.

4. Data and Preliminary Analysis

4.1. Variable and Data. /is paper focused on the nonlinear
dynamic relationship among the world oil market, the global
shipping market, the Chinese stock market, and GDP. /e
variables were selected as follows: (1) the selection of oil
prices: firstly, Brent price and WTI price are important
benchmark crude oil prices in the international oil market,
and both futures markets have good price discovery func-
tions. Numerous studies have shown that the price discovery
function of the WTI crude oil futures market is more
representative of the international benchmark crude oil
price level [26–28]. With the development of the global
economy, the advantages of Brent in terms of the scale of
global spot trade andmarket liquidity are gradually revealed.
Most of the findings have revealed that Brent plays an in-
creasingly crucial role in the international crude oil pricing
benchmark. Attanasi [29] proved that Brent futures market
dominated in the international crude oil price discovery. In
addition, Qingsong et al. [2] used multiple fractal trend
mutual analysis to prove that the BDI and Brent had strong
multiple fractal characteristics than WTI. /erefore, the
Brent spot price was chosen as a proxy variable for the crude
oil market in this paper; (2) the selection of stock price: the
Shanghai Composite Index and the Shenzhen Component
Index are two representative stock price indices in China. In
terms of the range of constituent stocks, the constituent
stocks of the Shanghai Composite Index are all stocks listed
on the Shanghai Stock Exchange, reflecting the overall price
movements of stocks listed on the Shanghai Stock Exchange.
/e Shenzhen Component Index is calculated by taking the
stocks of 500 listed companies, mainly information tech-
nology companies, as the representative of the market. As a
result, the Shanghai Composite Index is more representative
than the Shenzhen Component Index. In terms of research
on Chinese economic cycle and stockmarket, a large amount
of literature has used the Shanghai Composite Index to
represent the movement of stock prices [30, 31]. /is paper
also chose the Shanghai Composite Index to represent the
changes in stock prices in China. For the ease of description,
the SSE was used instead of the Shanghai Composite Index;
(3) the BDI index was adopted to represent changes in global
shipping prices, and quarterly GDP was utilized as a proxy
variable for Chinese economic growth.

For data processing, on the one hand, there were gen-
erally statistical problems such as too high lagged order and
more parameters to be estimated when modeling using daily
high-frequency data of BDI, Brent, and SSE, resulting in
biased estimation results. On the other hand, since the GDP
only had quarterly and annual data, in order to facilitate the
analysis and ensure sufficient sample capacity, the mixed-

frequency data were transformed into quarterly data with
the same frequency. /e data period was from the first
quarter of 1992 to the second quarter of 2020, and the data
were from the Wind database. In order to remove the effect
of seasonal variation, all variables were seasonally adjusted
using the X-12 technique. Next, a standardized treatment
that removed the long-term trend and divided it by the
standard deviation was applied to all variables in order to
portray the short-term volatility of the variables and to
remove the effects of the magnitudes.

4.2. Preliminary Analysis

4.2.1. Unit Root Test. /e TVP-SV-VAR model requires the
observed variables to be stationary, and in order to prevent
the occurrence of pseudoregression, the unit root test should
be performed on each variable before modeling. In this
paper, ADF was used to check the stationarity of the vari-
ables. /ere are three main types, which include only the
Intercept term, Intercept and trend term, and None. In
general, as long as one type of unit root test passes (i.e., the
null hypothesis is rejected), the variable is considered to be
stationary. /e results are shown in Table 1. /e results
showed that the BDI, Brent, and SSE rejected the null hy-
pothesis at the 1% significance level, and GDP also passed
tests for “Intercept,” “Intercept and trend,” and “None” at
the 5%, 10%, and 1% significance levels, respectively. In
conclusion, all variables followed I(0) and could be further
analyzed empirically.

4.2.2. Parameter Test. /is article used OxMetrics 6 software
and the TVP-SV-VAR package written by Jouchi Nakajima,
a measurement economist at the Bank for International
Settlements, to estimate the model. According to the AIC,
BIC, and SC criteria, the optimal lag for the TVP-SV-VAR
was identified as 2. Next, to compute the posterior estimates,
we draw 10,000 samples using Monte Carlo Markov Chains
(MCMC). /e estimation results are shown in Table 2 and
Figure 1. Table 2 provides the distribution of posteriors, the
convergence diagnostics of Geweke, and inefficient factors
computed by using MCMC sampling. For the convergence
diagnosis, at the 5% significance level, the null hypothesis of
convergence to the posterior distribution was rejected,
implying that all parameters converge to the posterior
distribution of the MCMC simulation, and we achieved the
expected effect. Furthermore, the inefficient factors were
rather low, within 100./e inefficient factor of (Σh)2 was the
largest, as high as 97.65, which meant that there were only
102 (10000/97.65) irrelevant samples in 10,000 simulations.
/at was why the number of efficient samples for parameters
and state variables were sufficient. Figure 1 successively
reveals sample autocorrelations, sample paths, and posterior
densities of parameters for each row. /e sample autocor-
relations at the first row decreased rapidly and kept slightly
ranging around the 0 level, illustrating that the majority of
the sample was of low autocorrelation. /e second row
showed that the sample paths were stable without many
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extreme values, which meant that the samples produced
from MCMC were effective.

5. Empirical Results

/is section mainly relied on two types of time-varying
impulse response functions from the TVP-SV-VAR model
to analyze the nonlinear dynamic interactions among the
world oil market, the global shipping market, the Chinese
stock market, and economic growth. /e impulse response
was sorted into the impulse response at different periods
ahead and impulse response at different time points. Both
impulse responses are influenced by the same factors and
depict time-varying characteristics, but the impulse response
is represented from a different perspective. Firstly, we chose

shocks arising at 3 different periods ahead in terms of the
response of variables at every time point: 2-quarter, 4-
quarter, and 8-quarter, portraying short-, medium-, and
long-term phases, respectively. Next, we chose shocks
arising at different time points to describe the time-varying
impulse response: 2008Q4, 2014Q2, and 2020Q1, repre-
senting the three periods of the global financial crisis, the
international oil price crash, and COVID-19, respectively.

5.1. *e Effect of BDI on Stock Prices and GDP in China

5.1.1. *e Effect of Impulse Responses from Shocks at *ree
Different Periods Ahead. /e impulse response of GDP to
the BDI showed time-varying characteristics, as shown in
Figure 2(a). /e direction of the impulse response function

Table 1: /e results of unit root test.

Variables
Intercept Intercept and trend None

Statistics P values Statistics P values Statistics P values
BDI −4.5724 0.0003∗∗∗ −4.5421 0.0024∗∗∗ −4.6027 <0.0001∗∗∗
Brent −4.4513 0.0005∗∗∗ −4.4115 0.0035∗∗∗ −4.4810 <0.0001∗∗∗
SSE −5.5503 <0.0001∗∗∗ −5.5171 <0.0001∗∗∗ −5.5834 <0.0001∗∗∗
GDP −3.2930 0.0185∗∗∗ −3.3143 0.0713∗ −3.2511 0.0014∗∗∗
∗∗∗,∗∗, and ∗ show the significance at the 1%, 5%, and 10%, respectively.

Table 2: /e results of TVP-SV-VAR parameter estimation.

Parameter Mean Std. dev. 95% interval Geweke Inef.
(Σβ)1 0.0229 0.0026 [0.0184, 0.0288] 0.890 5.80
(Σβ)2 0.0226 0.0026 [0.0182, 0.0284] 0.692 4.44
(Σα)1 0.0666 0.0208 [0.0382, 0.1184] 0.822 36.20
(Σh)1 0.6182 0.1454 [0.3684, 0.9318] 0.071 30.74
(Σh)2 0.9799 0.2776 [0.5439, 1.5799] 0.053 97.65
Note: Σβ and Σα are the values multiplied by 100.
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under different lag periods was basically the same. Specifi-
cally, it can be divided into three stages. /e first stage was
from 1998 to 2007. In this period, the impulse response of
GDP to the BDI varied widely. /e second stage was from
2008 to 2014, when the impact of the BDI on GDP was
relatively smooth. /e third stage was after 2015, when the
impulse response of GDP to the BDI began to reverse, and
the fluctuations became obvious. For the shock direction and
intensity, in the first stage, there was a shift from “positive”
to “negative” shocks. /is was mainly due to the gradual
increase in trade after the Asian financial crisis in 1997, when
the economies of all countries began to recover. And, with
China’s accession to the WTO, China had become the
world’s number one processing plant with its low cost and
promising market. China’s economy began to boom. In this
context, due to the economic recovery and the huge trade
volume, the freight rates in the shipping market remained
high, but the negative impact brought by the rise in shipping
freight rates did not offset the positive impact brought by
China’s accession to the WTO on the economic interests of
China. In other words, the positive impact of the increase in
“trade volume” on China’s economy was far greater than the
negative impact of the increase in “freight rate” on China’s
economy. After that, during the period of 2004–2007, under
the multiple drivers of the continuous growth of oil demand,
frequent emergencies, and speculation, the international oil
price began to enter the rising channel. Driven by the re-
covery of international trade demand and soaring oil prices,
the BDI also showed favorable fluctuations and began to rise
sharply, with the highest point breaking through 10,000
points, hitting a new historical high. After China’s accession
to the WTO, the volume of trade was huge, and the soaring
BDI undoubtedly formed a constraint on the development of
China’s outbound-oriented economy. /at is to mention,
the negative impact of the increase in “freight prices” on
China’s economy outweighed the positive impact of the
increase in “trade volume” on China’s economy. In the

second stage, the BDI produced negative shocks to GDP,
with a smooth impulse response and the strongest shocks.
After the 2008 financial crisis, the international oil price and
the BDI plummeted. At this stage, GDP had the greatest
response to the BDI shocks, indicating that the impact of the
BDI on GDP was more pronounced during the period of
increasing uncertainty in the international political and
economic situations. In the third stage, the impulse response
trend of GDP to the BDI began to reverse and to climb
upward. It still showed a negative correlation, but the in-
tensity of the shock gradually decreased./e impact of rising
freight rates on China’s economy stepped into a downward
channel, which may be related to China’s entry into the new
normal of economic development and the transformation of
the economic structure. /e nonlinear dynamic response
trends converged from different lag periods, but the lag 8
periods had the smallest shock strength, while the lag 2 and
lag 4 periods’ shocks were the strongest. As the lag period
continues to increase, the impact intensity of the BDI to
GDP gradually decreased.

/e impact of the BDI on the SSE Composite Index was
time-varying (BDI⟶ SSE), as shown in Figure 2(b).
Similar to the GDP response, the stock price response to the
BDI shock also showed a general trend from “positive” to
“negative,” but the difference was that the lag 8 period turned
to positive after a short period of negative range fluctuation.
For the perspective of different periods, the BDI mainly
produced negative impact on stock price under lag 2 and lag
4 periods. For lag 8 period, there was a shift from “positive”
to “negative” to “positive” impact on stock price, but it
mainly showed positive impact. /e results indicated that
positive BDI shocks had a dampening effect on stock prices
in the short and medium term, and the positive BDI shocks
promoted stock market prosperity in the long-term per-
spective. Rising ship freight rates may make shipping stocks
perform strongly, and there was a structural bull market.
However, rising transportation costs for bulk commodity
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Figure 2: Impulse responses from shocks at three different periods ahead: (a) BDI⟶GDP; (b) BDI⟶ SSE.
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trade raised the cost of imports, which may have affected
corporate performance. /us, in the short and medium
term, rising BDI dampened the stock market boom. From a
long-term perspective, the continuous rise of BDI signaled
the recovery and prosperity of the global economy, which
was conducive to the formation of stable economic growth
expectations for investors, further promoting stock market
prosperity. Similar to GDP, it can also be divided into three
stages: 1998–2007 (the impulse response function changed
greatly and was unstable), 2008–2014 (the impulse response
function fluctuated smoothly), and after 2015 (the impulse
response function started to climb). For the shock direction
and intensity, in the first stage, the impulse function under
different lag periods were successively from “positive” to
“negative.” In the second stage, the lag 2 and 4 period
impulse curves were less amplitude and basically stable, but
the impact intensity was the strongest, while the lag 8 period
impulse curve began to reverse, from “negative” to “posi-
tive.” In the third stage, whether in the short, medium, or
long term, the intensity of BDI shocks gradually converged.

5.1.2. *e Effect of Impulse Responses from Shocks at *ree
Different Time Points. Figure 3 reflects the potential impact
of BDI on Chinese stock market and economic growth at
three different time points. /e impulse response of GDP to
the BDI (Figure 3(a)) depicted that the direction of shocks at
three time points, 2018Q4, 2014Q2, and 2020Q1, were
consistent and largely negative. However, the shocks varied
in intensity at different time points, with the largest shock
under the financial crisis, followed by the oil price crash, and
the smallest shock under COVID-19. It indicated that the
impact of China’s economy on external shipping market
shocks gradually decreased over time; that is, higher freight
rates had a lower negative impact on the Chinese economy,
which may be related to the gradual decrease in the de-
pendence of the Chinese economy on foreign trade. From
the impulse response of SSE to the BDI (Figure 3(b)), we
found that the impulse response at different time points
showed a trend from “positive” to “negative” to “positive.”
/ere was a negative impact in the short and medium term,
but the long-term promotion effect was obvious, which
further verified the previous analysis. For impact intensity, it
also showed that the shock weakened over time and the
ability to resist risks increased.

5.2.*e Effect of Brent on BDI, Chinese Stock Prices, and GDP

5.2.1. *e Effect of Impulse Responses from Shocks at *ree
Different Periods Ahead. According to the impulse response
of GDP to Brent at three different periods ahead, the impulse
response had significant nonlinear time-varying character-
istics, which largely depended on the Chinese stage of
economic development such as industrial structure opti-
mization and business cycle fluctuations (Figure 4(a)). /e
impulse response of GDP to Brent was mainly divided into
three stages, which were from 1998 to 2003 as the first stage,
from 2004 to 2012 as the second stage, and from 2012 to 2020
as the third stage. In the first stage, the impulse response

intensity from the short term, medium term, and long term
was small. According to China’s national conditions, this
paper considered that China was building the basic
framework of the socialist market economy system and was
in the initial stage. In this stage, the impact of the inter-
national crude oil market had limited impact on Chinese
economy. In the second stage, the impulse response intensity
of GDP to Brent from the short term, medium term, and
long term was more severe. /ere are two main reasons: the
first point was that basic conditions for Chinese economic
response to the international crude oil market have matured
during the initial improvement of the socialist market
economic system, such as the exchange rate system; the
second point is that the rapid development of Chinese heavy
chemical industry in this stage indirectly drove the demand
for crude oil. However, due to the limited element en-
dowments of crude oil, China was highly dependent on
international crude oil imports, which further intensified the
response of GDP to Brent. In the third stage, the impulse
response intensity from the short term was still intense;
however, the impulse response intensity from the medium-
term and long-term shocks gradually weakened. Based on
Chinese development characteristics, we found that China
had entered a stage of comprehensively deepening reform
and development since 2012, in which the optimization of
the industrial structure and economic development entered
a new normal. Besides, the tertiary industry had the rapid
development, and the proportion of energy-intensive in-
dustries has declined in this stage. /e response of different
industries to crude oil prices was heterogeneous in China,
among which the metal mining and processing industries
that used crude oil and its related products as power re-
sources had the greatest negative effects. /erefore, the
impulse response of GDP to Brent was blocked because of
industrial optimization and structural transformation to a
certain extent.

From the impact direction, the short-term impulse re-
sponse function of Brent to GDP was positive. In terms of
the direction of shocks, the short-term impulse response
function of Brent to GDP was positive. It showed that there
was a strong positive correlation between oil prices and
China’s economic growth, and higher oil prices stimulated
economic growth in the short run. China was in amedium to
high stage of development, with rapid industrial develop-
ment and a strong demand for oil. When world oil prices
rose, there was a time lag in decision-making in the in-
dustrial sector. /erefore, in the short term, rising oil prices
boosted economic growth. In the medium and long term, oil
prices affected economic development by influencing the
cost of upstream production of raw materials to affect the
downstream related production sector of factor inputs and
the consumption side of the product price level and ulti-
mately affected economic development. As a result, over
time, the industrial sector became aware of the increased
production costs associated with higher oil prices. Com-
panies started taking practical actions and reduced their
future production plans. /erefore, the existence of higher
oil prices in the medium and long term had a negative
impact on the economy. However, the impulse response of
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GDP to Brent turned from negative to positive. Oil price
growth had a positive relationship with economic growth in
this stage, which verified the research results of Du et al. [32]
and Mo et al. [33].

/e impulse response of SSE to Brent had obvious
nonlinear characteristics (Figure 4(b)). /e oil price affected
the stock market in two main aspects. On the one hand, oil
prices increased the cost of production, which affected
corporate performance and ultimately stock prices. On the
other side, it was transmitted through the intermediary
variable of sentiment. /e stronger the investor panic was,
the greater the awareness of short selling was, which neg-
atively affected stock prices. /e first phase was from 1998 to
2005. /e short-, medium-, and long-term impulse re-
sponses were positive, and the impact intensity gradually
reduced. /e stock market was in a growth period with a
strong speculative atmosphere, which combined with the
low oil price formed a positive stock market response to the

crude oil market shock. /e second stage was after 2006,
when China achieved full liquidity of the stock market, and
the stock market reform was basically completed. At this
stage, the impulse response function was negative in the
short and medium term but positive in the long term. In this
paper, it was argued that the positive oil price shock deeply
affected the production costs and investor sentiment of the
whole industrial chain and thus played a restraining role on
the stock market. So, the impulse response function in the
short and medium term was consistent with economic
theory. However, in the long run, Chinese economy had
maintained a medium-to-high-speed development all year
round, and oil prices had risen simultaneously with Chinese
economic growth. /erefore, the long-term impulse re-
sponse function conformed to the actual situation in China.

/e impulse response of the BDI to Brent can be divided
into two phases (Figure 4(c)). /e first phase was from 1998
to 2004. In this phase, the impulse response of BDI to Brent
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Figure 3: Impulse responses from shocks at three different time points: (a) BDI⟶GDP; (b) BDI⟶ SSE.
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Figure 4: Impulse responses from shocks at three different periods ahead: (a) Brent⟶GDP; (b) Brent⟶ SSE; (c) Brent⟶BDI.
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was positive in the short and medium term, but negative in
the long term. In the short term, positive fluctuations in
crude oil prices were transmitted through transportation
costs to the BDI, causing freight rates to rise, which was
consistent with the short- and medium-term impulse re-
sponse trends at this stage. But in the long run, the shipping
market was more depressed at this stage, and rising oil prices
played a restraining role on the shipping market. /e second
stage was after 2005. In this stage, the impulse response of
the BDI to Brent was positive in the short term, which was
consistent with economic logic. In the medium term, the
impulse response of the BDI to Brent had a negative impact.
In the long term, the impact was again positive. /is may be
due to the fact that the characteristics of oil as a commodity
gradually emerged, and it rapidly rose due to speculation,
unexpected events, and other factors, but the demand for
iron ore, grain, and other dry bulk transport was relatively
stable. /erefore, in the medium term, oil prices were
running counter to the BDI phenomenon.

5.2.2. *e Effect of Impulse Responses from Shocks at *ree
Different Time Points. /e impact intensity of Brent on GDP
at different time points showed heterogeneity (Figure 5(a)).
From the impact direction, the impulse response of GDP to
Brent shifted from “positive” to “negative” in period 6
during the 2008 financial crisis and the 2014 oil price crash.
However, during the COVID-19 period, the impulse re-
sponse of GDP to Brent always remained positive. From the
impact intensity, the oil price shock to the Chinese economy
during the 2008 financial crisis was the strongest and most
harmful. Furthermore, the intensity impact of the oil price
on China’s economy in case of unexpected events gradually
diminished over time, and the intensity impact of the oil
price on China’s economy even turned positive during
COVID-19. /is may be related to China’s structural eco-
nomic transformation and environmental policies such as
“oil to gas.”

As economic globalization continued to advance, the
connection between markets was becoming closer, and the
interaction between the international crude oil market and
the Chinese stock market was strengthening, which was
reflected in a more intense impulse response of the stock
market to oil prices. Specifically, the impulse response trend
of SSE to Brent at different time points was similar
(Figure 5(b)). /e impulse response of the stock market to
Brent was predominantly negative. /e impact intensity was
the highest when the lag was two periods, and then, it
gradually changed from negative to positive and finally
converged to 0. /e results presented that the impact in-
tensities at different time points were heterogeneous. Brent’s
impact intensity on the SSE was the highest during COVID-
19 and the lowest during the financial crisis. /e impact
intensity of Brent on the stock market was stronger during
COVID-19 and the 2014 oil price crash than the impact
intensity of Brent on the stock market during the 2008 fi-
nancial crisis. In addition, as China’s stockmarket continued
to open up and develop over time, the stock market had
become more susceptible to investor sentiment and

economic uncertainty and had become more responsive to
major events. So, the impact intensity of oil price on the
stock market increased.

/e impulse response of the BDI to Brent exhibited
distinct time-varying characteristics (Figure 5(c)). /e im-
pulse response of the BDI to Brent reached a maximum in
the second period and then gradually weakened. /e results
showed that in the short run, the impact intensity of Brent
on the BDI during the oil price crash and financial crisis was
less than that of the COVID-19 period, and impact intensity
decayed to zero after the 14th period. During the 2008 fi-
nancial crisis, the impulse response of the BDI to Brent was
consistently positive, and the duration of Brent to BDI
shocks was longer.

5.3. *e Dynamic Nexus between GDP and the Stock
Market in China

5.3.1. *e Effect of Impulse Responses from Shocks at *ree
Different Periods Ahead. According to Chinese empirical
data, the impulse response of GDP to SSE had a significant
promotion effect (Figure 6(b)) at three different periods
ahead. From impact intensity, a prosperous stock market
boosted a prosperous economy. From the impulse response
of SSE to GDP (Figure 6(a)), the Chinese stock market and
the economic growth showed a positive correlation at three
different periods ahead before 2008. After 2008, it began to
reverse and showed a negative effect. /is may be related to
the successive introduction of countercyclical economic
policies after the financial crisis, which led investors to
gradually build up an expectation that the authorities would
implement austerity policies when the economy overheats.
In summary, there was a negative feedback adjustment
mechanism between the stock market and the economy in
China after 2008.

5.3.2. *e Effect of Impulse Responses from Shocks at *ree
Different Time Points. Figure 7(b) demonstrates that the
impulse response of GDP to SSE was positive at three dif-
ferent time points. Figure 7(a) demonstrates that the impulse
response of SSE to GDP at three different time points was
negative. It was further verified that there was a negative
feedback adjustment mechanism between the Chinese
economy and the stock market after 2008. And, the absolute
value of the impact intensity of GDP on the stock market at
different time points was greater than the absolute value of
the impact intensity of SSE on GDP. In other words, the
impact of the economy on the stock market was greater than
the impact of the stock market on the economy.

5.4. Variance Decomposition of SSE and GDP. Table 3 shows
the variance contribution of influencing factors to China’s
stock market. It can be seen from Table 3 that the main
reason for the change of China’s stock market was Brent,
which had a greater impact on the stock market than BDI.
Overall, the impact of the stock market on itself gradually
decreased over time. First, GDP had little effect on the stock
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market in the current GDP. As the stock market is a ba-
rometer of the macro economy, GDP in the current period
acted on the stock market by influencing investors’ expec-
tations. /erefore, the stock market was more influenced by
investors’ expectations of GDP. With the continuous ex-
tension of GDP lag period, investor expectations were
constantly strengthened, and the impact on the stock market
was also increasing. Second, Brent’s impact on stocks has
deepened over time. As oil is known as the blood of modern
industry, the industrial sector is highly dependent on oil. As
a traditional manufacturing country, China’s energy ex-
ternal dependence is high, and the fluctuation of oil price has
a profound influence on China’s economy. /e fluctuation
of oil price affects the performance of listed companies and

investors’ economic expectations, thus causing stock market
turbulence. Last, the contribution rate of BDI reached its
peak in the third phase. Since the BDI mainly measures dry
bulk shipments, they have less impact on the economy than
oil. /erefore, the impact of the BDI on the stock market
decreased slowly with the extension of the lag period.

Table 4 shows the variance contribution of GDP influ-
encing factors. As can be seen from Table 4, the main
influencing factor of GDP change was itself. With the
continuous extension of the lag period, the contribution rate
gradually decreased from 88.20% to 73.40%. In terms of
external factors, Brent’s contribution to the Chinese econ-
omy was the highest, at around 20%. As the lag period goes
on, the contribution of the stock market and BDI to China’s
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Figure 5: Impulse responses from shocks at three different time points: (a) Brent⟶GDP; (b) Brent⟶ SSE; (c) Brent⟶BDI.
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economy gradually increased, but their contributions were
generally low, which further demonstrated the importance
of oil to manufacturing-oriented China.

6. Conclusions

/is paper applied the TVP-SV-VAR model to analyze the
nonlinear and time-varying effects of the world oil market
and global shipping market on stock market and economic
growth in China./e study used quarterly frequency data for
the 1998Q1–2020Q2 period. /e empirical results provide
strong support for the presence of time-varying character-
istics between the variables under study as follows:

First, from the impact direction, the impacts of the
international shipping market on China’s economy in dif-
ferent lag periods show a “positive” to “negative” shift. /is
is mainly due to the gradual increase in trade after the Asian
financial crisis in 1997, when the economies of various
countries begin to recover. And, with China’s accession to
the WTO, China has become the world’s number one
processing plant with its low cost and promising market.
Against this backdrop, the negative impact of rising shipping
costs cannot offset the positive impact of WTO accession on
China’s economic interests; that is, the positive impact of the
increase in trade volume on China’s economy is far greater
than the negative impact of the increase in freight prices on
China’s economy. /en, as trade growth declines, BDI
fluctuations begin to have a negative impact on the Chinese
economy; that is, the negative impact of higher freight prices
on China’s economy outweighs the positive impact of higher
trade volumes on China’s economy. From the impact in-
tensity, the impact of the BDI on China’s economy and stock
market is more pronounced during the period of increased
uncertainty in the international political and economic
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Figure 7: Impulse responses from shocks at three different time points: (a) GDP⟶ SSE; (b) SSE⟶GDP.

Table 3: Variance decomposition of SSE.

Period SSE GDP Brent BDI
1 92.0898 0.0000 2.8734 5.0368
2 86.3341 0.3192 2.0115 11.3352
3 81.7636 0.7420 6.8049 10.6895
4 77.2484 2.6126 10.6633 9.4758
5 73.8604 5.3409 11.8618 8.9369
6 72.2636 7.2789 11.6972 8.7603
7 71.6974 7.8701 11.8249 8.6076
8 71.2704 7.7403 12.5623 8.4270
9 70.7282 7.6774 13.3012 8.2912
10 70.2546 7.8582 13.6581 8.2291

Table 4: Variance decomposition of GDP.

Period GDP SSE Brent BDI
1 88.1979 0.2228 11.5774 0.0019
2 80.8341 0.3045 18.4991 0.3623
3 77.3571 0.8465 21.4826 0.3138
4 75.5825 1.4968 22.5697 0.3510
5 74.8401 2.0422 22.5425 0.5752
6 74.4040 2.2692 22.4427 0.8841
7 74.1303 2.2880 22.3733 1.2084
8 73.8841 2.2835 22.3617 1.4707
9 73.6276 2.3354 22.3798 1.6572
10 73.4008 2.4142 22.4091 1.7760

Complexity 11



situations. From the lag period, the impact intensity of the
BDI on GDP has a distinct medium- to long-term effect as
the lag period increases and the intensity of the shock in-
creases. In addition, a positive BDI shock has a dampening
effect on stock prices in the short and medium term, while a
positive BDI shock can promote stock market prosperity in
the long-term perspective./e impulse responses of SSE and
GDP to BDI show that the external shipping market shocks
to Chinese stock market and economic growth gradually
become smaller over time, indicating that the ability to resist
risks increases in China.

Second, the impulse response of China’s economy and
securities market to the fluctuation of international oil prices
is affected by China’s economic development, energy
structure, major international emergencies, and the level of
oil prices, which has a nonlinear time-varying characteristic.
From the impact direction, the oil price has a strong positive
correlation with China’s economic growth due to the time
lag in decision-making in the industrial sector, and rising oil
prices can stimulate economic growth in the short-term.
Over time, the industrial sectors gradually realize the
problem of higher production costs caused by higher oil
prices, and companies start to take practical actions and
reduce their future production plans. In the medium to long
term, therefore, the existence of higher oil prices has a
negative impact on the economy. Furthermore, the intensity
impact of the oil price on China’s economy in case of un-
expected events has gradually diminished over time, and the
intensity impact of the oil price on China’s economy even
turned positive during COVID-19. /is may be related to
China’s structural economic transformation and environ-
mental policies such as the “oil to gas.” In addition, as
China’s stock market continues to open up and develop over
time, the stock market has become more susceptible to
investor sentiment and economic uncertainty and has be-
come more responsive to major events. So, the impact in-
tensity of oil price on the stock market has increased.

Last, after the 2008 financial crisis, the stock market
boom has promoted economic prosperity, and economic
prosperity has dampened stock market boom conversely,
which proves that there existed a negative feedback ad-
justment mechanism between the stock market and the
economy. Besides, the absolute value of the impact intensity
of GDP on the stockmarket at different time points is greater
than the absolute value of the impact intensity of the stock
market on GDP; i.e., the economy affects the stock market
more than the stock market affects the economy.
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