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We investigate the spillover effect between crude oil future prices, crude oil spot prices, and stock index by using the multivariate
stochastic volatility model.+ese tests between eachmarket show the significant Granger causes of spillover effect. More andmore
evidences show that the crude oil price has been affected by other financial markets. +e oil future played an important role in the
energy market. WTI and Brent oil future have more spillover effect than INE oil future. +e result shows that S&P stock market is
more sensitive to the oil price than Shanghai stock market. +e cross-market spillover effect we found can give some advices for
the investor of oil and stock market. DIC test shows that DGC-MSV-t is considered effective and more accurate.

1. Introduction

Crude oil is the blood of modern industry and the most
financialized energy product. According to the report of
CNPC, China’s oil dependence on foreign sources reached
70.8%, with an increase of 1.2 percentage per year. It is
expected that China’s oil demand will continue to rise in the
future, and its dependence on foreign sources will remain
high for a long time. In addition, the report also believes that
the United States has achieved energy independence through
the development of domestic shale gas oilfields, and its
control and influence on the global oil market are increasing.
OPEC’s oil market share and influence are constantly being
squeezed and keep going down. +ere are many unexpected
factors in the crude oil price including geopolitical factors
[1, 2]. WTI and Brent Crude Oil Futures are the most
important pricing benchmarks for the US and European oil
markets. In 2018, Shanghai International Energy Exchange
(INE) established the first Chinese crude oil future trading
product. After two years, the INE has surpassed the Oman
and became the world’s third largest oil future product.
Crude oil prices are highly related to the national economy
[3, 4]. A lot of research studies show that spillover effect and

co-movement between stock and oil price exist in both
developed market and emerging market [5, 6]. Chen [7] has
given sufficient evidence to prove US market has one-way
spillover effect to China market due to the closed economic
and trading relations. +e commodity future market are
highly corrlated [8], spillover effect still exists even in the
Bitcoin market [9].

+e three oil crises in history have proved that the oil
trading market is extremely vulnerable to emergencies, such
as wars, terrorist attacks, and diseases. Clean energy also
brings more spillover to the crude oil price [10]. Luo and Qin
[11] have proved the oil price has a significant spillover to the
Chinese stock index. In addition, Boubaker and Raza [12]
have found that all BRICS stock markets have spillover or
subspillover from oil price. +e oil-importing and oil-
exporting countries are both affected by the spillover of cross
market [13–15]. A lot of work has been carried out using the
OVX index to find the volatility spillover of different markets
[16, 17]. Risk diversification and hedging need to clarify the
relationship between markets [18]. Especially in 2020, the
spot oil price and oil future are crashing in the COVID-19
pandemic [19]. +e stochastic volatility model has added
uncertain random disturbance into the time series. +e
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Monte Carlo method is used to estimate the random factors
[20], and the degree of random disturbance is estimated on
the basis of fitting historical time series [21]. +e volatility
models of time series mainly include GARCH [22] and SV
models [23]. MSV model is effective and performs better
[24]. +e time-series problem can be solved by the SVmodel
and the MCMC method [25, 26]. Various SV models have
been built to solve different problems. Ghosh et al. [27] add
the nonlinear method to solve nonlinear SV problem, and
Nugroho and Morimoto [28] add mean equation to solve
mean-SV problem. Chib et al. [29] have improved the SV
model with leverage. Omori et al. [30] and Zhongxian et al.
[31] have changed the N-distribution to T-distribution,
which is suitable for some problems. Jacobs and Li [32] have
improved the simulation method of two-factor simulation.
Based on the multivariate stochastic volatility model, this
paper introduces dynamic correlation coefficients, t-distri-
bution, and Granger causality to construct models. Using the
Monte Carlo method, we try to find the volatility spillover
effect among INE crude oil futures’ price and Shengli oilfield
spot price of China, WTI crude oil futures and spot price of
USA, BRENT crude oil futures and spot price of UK, the
Shanghai Stock Index, and the S&P Index.

+e article consists of four sections. Section 2 introduces
the DGC-MSV-t model, MCMC method, and Gibbs sam-
pling. Section 3 is empirical analysis and result of the data of
stock indexes, oil spot price, and oil future price. Section 4 is
the conclusion of this paper.

2. Multivariate Stochastic Volatility Model

2.1. Stochastic Volatility Model.

yt � exp
qt

2
􏼒 􏼓ϵt, ϵt

ii d∼ N 0,Σϵ,t􏼐 􏼑,

qt+1 � μ + ψ1 qt − μ( 􏼁 + ξt, ξt
ii d∼ N 0, σ2􏼐 􏼑,

(1)

where yt represents the historical logarithmic return of
crude oil and stock prices. Equation (1) shows the basic
model with the known yt and the unknown ψt which are
unobservable variables. We combined the Ganger-MSV

model and the dynamic-MSV model as Yu and Meyer [33]
and replace N-distribution with T-distribution:

yt � exp
qt

2
􏼒 􏼓ϵt, ϵt

ii d∼ T 0,Σϵ,t, o􏼐 􏼑,Σϵ,t �

1 ρt

ρt 1
⎛⎝ ⎞⎠,

qt+1 � μ + ψ pt − μ( 􏼁 + ξt, ξt
ii d∼ N 0, diag σ2ξa

, σ2ξc
􏼐 􏼑􏼐 􏼑,

rt+1 � v0 + vac rt − v0( 􏼁 + σρot, ot
ii d∼ N(0, 1), ρt �

exp rt( 􏼁 − 1
exp rt( 􏼁 + 1

.

(2)

Equation (2) has multivariate time series. Taking the
WTI future (AF) and Brent future (BF) for examples, yaf

represents the price volatility of WTI future and yaf rep-
resents the price volatility of Brent future

ψ �
ψafaf ψbfaf

ψafbf ψbfbf
􏼠 􏼡. ψafbf represents the cross-market

spillover from WTI future to the Brent future. ψbfaf is the
opposite. ψafaf and ψbfbf represent the autocorrelation of
WTI future and Brent future. ρt represents the dynamic
correlation [33]. o reflects the degree of T-distribution. qt+1,
μ and ψ, and (μ + ψ(qt− 1 − μ), diag(σ2ξa

, σ2ξc
)) distribution

are as follows:

θt

􏼌􏼌􏼌􏼌 μ,ψ, pt
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+erefore,
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2.2.MCMCMethodandGibbsSampling. We use theMarkov
chain as follows:

P X0 � x0, X1 � x1, . . . , Xt � xt􏼈 􏼉

� P X0 � x0( 􏼁 􏽙

t

t− 1
P Xi � xi

􏼌􏼌􏼌􏼌 Xi− 1 � xi− 1􏼐 􏼑.
(5)

+erefore, the one-step transition probability is as

p xt− 1, xt( 􏼁 � P Xt � xt

􏼌􏼌􏼌􏼌 Xt− 1 � xt− 1􏼐 􏼑. (6)

How to determine this conditional probability is a key
issue. With further research, some powerful tool has been
used to solve the N-P problem. Gibbs sampling set X �

(X1, X2) to follow the M-N distribution:

x
(t)
1

x
(t)
2

⎛⎝ ⎞⎠ 􏽥N
ρ2t− 1

x
(0)
2

ρ2t
x

(0)
2

⎛⎜⎜⎜⎝ ⎞⎟⎟⎟⎠.
1 − ρ4t− 2 1 − ρ4t− 1

1 − ρ4t− 1 1 − ρ4t

⎛⎜⎝ ⎞⎟⎠⎛⎜⎜⎜⎝ ⎞⎟⎟⎟⎠. (7)

3. Empirical Analysis

3.1. Data and Preprocessing. In this section, the data include
INE crude oil futures (CF) and Shengli oilfield spot price
(CS) of China,WTI crude oil futures (AF) andWTI crude oil
spot price (AS) of USA, BRENT crude oil future (BF) and
BRENT crude oil spot price (BS) of UK, the Shanghai Stock
Index (SH), and the S&P Index (SP). We selected the day
price from March 27, 2018, to December 31, 2019. After
excluding the holidays, 8 sets of data are obtained for daily
trading closing prices, each of which includes 405 common
trading days. Considering the exchange rate, we obtained the
logarithmic rate of return, which is abbreviated as CF, CS,
AF, AS, BF, BS, SH, and SP.+e data come from EIA (United
States Energy Information Administration) and public da-
tabase of stock market. China and USA both are the im-
portant oil importers in the world. Shengli oilfield is the
largest oilfield in China and represents the spot price of
China crude oil. WTI and Brent are the most important

Table 1: Descriptive statistics.

CF CS AF AS BF BS SH SP
Mean 0.007066 − 0.016718 − 0.009444 0.037478 0.053494 − 0.003176 − 0.013046 − 0.016233
Median 0.1419 0.19485 − 0.016166 0.188739 0.093134 0.069478 0.261294 0.1252
Maximum 7.6421 13.2578 5.449262 5.662818 3.375938 11.87335 11.73237 13.50267
Minimum − 6.8208 − 8.233565 − 5.745464 − 7.801777 − 3.341992 − 6.449077 − 6.95906 − 8.724438
Std. dev. 1.774179 2.127198 1.249691 2.097212 0.874198 2.122889 1.913911 2.247643
Skewness − 0.200496 0.105674 − 0.267382 − 0.398778 − 0.587087 0.228817 − 0.096954 0.127722
Kurtosis 4.143846 8.020451 5.915742 3.584046 5.550272 5.622979 7.526002 7.496187
Jarque–Bera 24.30266 417.6704 145.3603 16.16461 130.3908 117.2713 339.4729 335.4807

Table 2: +e simulation results of posterior parameters of WTI and INE future.

Node Mean Sd MC error 2.50% 5.00% 10.00% Median 97.50% Start Sample
μcf 0.8006 0.1831 0.007931 0.4213 0.490 2 0.5677 0.8081 1.148 10000 80002
μaf 0.952 0.2646 0.01158 0.3549 0.466 5 0.5905 0.9826 1.417 10000 80002
o 12.63 4.027 0.1306 7.01 7.587 8.313 11.84 22.68 10000 80002
ψcfcf 0.744 0.1496 0.006766 0.4146 0.4741 0.5323 0.7648 0.9679 10000 80002
ψcfaf 0.1751 0.1347 0.006321 − 0.008907 0.003472 0.02068 0.1491 0.4627 10000 80002
ψafaf 0.7839 0.1458 0.006601 0.4264 0.4901 0.5743 0.8151 0.9798 10000 80002
ψafcf 0.293 0.2782 0.01318 − 0.04609 − 0.0207 0.01095 0.2267 1.017 10000 80002
σξcf

0.119 0.03728 0.001669 0.06548 0.07037 0.07759 0.1122 0.2096 10000 80002
σξaf

0.1741 0.07831 0.003713 0.06718 0.07468 0.08697 0.1585 0.363 10000 80002
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Figure 1: Gelman Rubin test results of μcf and μaf.
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representative oil future in the world. +e descriptive sta-
tistics is shown as Table 1. J-B value shows that some data are
different from the normal distribution.

3.2. Parameter Estimation. Taking America WTI crude oil
future (AF) and China INE crude oil future (CF) as example,
we abandon the first 10,000 iterations. +en, we simulate the
last 80,000 iterations to get the result as Table 2.

In Table 2, ψcfaf represents the volatility spillover from
WTI future to INE future. As proposed by [33], if ψ is greater
than 0 means significant spillover effect exists. +e 2.5%
quantile of ψcfaf is less than 0, but 5% quantile is greater
than 0, which means the spillover from WTI to INE is
significant in 95% confidence interval. +e 5% quantile of

ψafcf is less than 0 and the 5% quantile of ψafcf is greater
than 0. Within 90% confidence interval which is greater than
0, we classify the spillover of ψafcf as subsignificant. +e
volatility level parameter μcf of INE future is 0.800 6. And
μaf ofWTI future is 0.952.+e value of μcf is lower than μaf,
whichmeans the risk of the INE future is lower than theWTI
future. +e volatility persistence parameter ψcfcf of INE
future is 0.744 and ψafaf of WTI future is 0.783 9. +e INE
future volatility persistence is lower than WTI future.

Figure 1 shows the Gelman test results of μcf and μaf.
We can see the two Markov links are lower than 1.1, and it
can be considered as convergent. μcf and μaf are convergent.
Other parameters’ results are also convergent. In Table 3, the
DIC test result shows that the DGC-MSV-t model is better
than other models. Dbar reflects the difference between the
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Figure 2: Dynamic correlation result.

Table 4: Volatility spillover parameter estimation result of different oil markets.

Node Mean 2.50% 5.00% 10.00% Median 97.50% Is it significant?
ψbfaf 0.06004 − 0.05696 − 0.04283 − 0.02776 0.03806 0.3061 Not significant
ψafbf 0.3032 0.09063 0.1076 0.1295 0.269 0.6695 Significant
ψcfaf 0.1751 − 0.008907 0.003472 0.02068 0.1491 0.4627 Significant
ψafcf 0.293 − 0.046 09 − 0.0207 0.01095 0.2267 1.017 Subsignificant
ψcfbf 0.2184 − 0.02287 − 0.01117 0.006664 0.1973 0.5731 Subsignificant
ψbfcf 0.2808 − 0.1651 − 0.1231 − 0.07586 0.1751 1.345 Not significant
ψbsas 0.06786 − 0.04367 − 0.03385 − 0.021 8 0.03545 0.338 Not significant
ψasbs 0.2809 − 0.006196 0.018 92 0.06708 0.2548 0.714 Significant
ψcsas 0.1161 − 0.02453 − 0.01588 − 0.005733 0.05401 0.5984 Not significant
ψascs 0.2948 − 0.01432 0.01946 0.07073 0.2718 0.7241 Significant
ψcsbs 0.5694 0.056 01 0.1235 0.2235 0.5508 1.177 Significant
ψbscs 0.02523 − 0.1666 − 0.1376 − 0.1076 0.0007 0.3682 Not significant
ψbsas 0.06786 − 0.04367 − 0.03385 − 0.0218 0.03545 0.338 Not significant
ψasbs 0.2809 − 0.006196 0.01892 0.06708 0.2548 0.714 Significant
ψcsas 0.1161 − 0.02453 − 0.01588 − 0.005733 0.05401 0.5984 Not significant
ψascs 0.2948 − 0.01432 0.01946 0.07073 0.2718 0.7241 Significant
ψcsbs 0.5694 0.05601 0.1235 0.2235 0.5508 1.177 Significant
ψbscs 0.02523 − 0.1666 − 0.1376 − 0.1076 0.0007 0.3682 Not significant

Table 3: DIC result of CC-MSV, GC-MSV, DC-MSV, and DGC-MSV-t.

Dbar Dhat pD DIC
CC-MSV 3134.71 3089 45.712 3180.42
GC-MSV 3125.12 3081.49 43.629 3168.75
DC-MSV 3128.83 3077.95 50.88 3179.71
DGC-MSV-t 2712.07 2688.46 23.603 2735.67
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model and the actual data, the smaller the better. pD reflects
the complexity of the model; the larger the value, the more
complicated. Dbar and pD jointly determine the DIC test
value. +e total DIC score is the lowest in the DGC-t-MSV
model. Considering the adaptability and complexity com-
prehensively, it can be seen that the DGC-t-MSV model is
the most suitable model for testing the volatility spillover.
Figure 2 shows the dynamic correlation result between

America WTI crude oil future (AF) and China INE crude oil
future (CF).

In Table 4, we can see all the spillover from each oil
futures to others. ψbfaf,ψbfcf,ψbsas,ψbsas,ψcsas,ψbscs,

ψbsas,ψcsas, andψbscs in 90% confidence are lower than zero.
Brent oil future has significant one-way spillover to WTI oil
future. WTI future has higher spillover to INE future. Also,
we can see all the spillover between spot oil prices. +e Brent

Table 6: Volatility spillover parameter estimation result between stock and oil.

Node Mean 2.50% 5.00% 10.00% Median 97.50% Is it significant?
ψshsp − 0.1318 − 0.4226 − 0.3245 − 0.2498 − 0.1032 − 0.01694 Not significant
ψspsh − 0.02373 − 0.1954 − 0.1397 − 0.09121 − 0.006921 0.04063 Not significant
ψafsp 0.05652 − 0.02654 − 0.01916 − 0.01082 0.03843 0.2475 Not significant
ψspaf 0.3715 − 0.02974 − 0.01122 0.01784 0.324 1.173 Subsignificant
ψafsh − 0.05138 − 0.3714 − 0.2847 − 0.1895 − 0.01123 0.05214 Not significant
ψshaf − 0.1472 − 0.5502 − 0.4185 − 0.3101 − 0.1049 − 0.01055 Not significant
ψbfsp 0.05872 − 0.03439 − 0.02437 − 0.01381 0.03786 0.2752 Not significant
ψspbf 0.3538 − 0.02979 − 0.006206 0.03227 0.3018 1.001 Subsignificant
ψbfsh − 0.004162 − 0.1421 − 0.09803 − 0.0594 0.009145 0.05486 Not significant
ψshbf − 0.08078 − 0.2779 − 0.1979 − 0.1532 − 0.0599 − 0.0182 Not significant
ψcfsp 0.0219 − 0.02526 − 0.01954 − 0.012 96 0.01366 0.1205 Not significant
ψspcf 0.7218 0.1442 0.2036 0.2771 0.6426 1.903 Significant
ψcfsh 0.01713 − 0.03673 − 0.01401 − 0.002724 0.0186 0.05428 Not significant
ψshcf − 0.07241 − 0.1865 − 0.1588 − 0.1307 − 0.06423 − 0.00017 Not significant
ψassp 0.06211 − 0.0332 − 0.02422 − 0.0132 0.04344 0.2481 Not significant
ψspas 0.3739 − 0.019 26 0.006416 0.04224 0.3251 1.103 Subsignificant
ψassh − 0.00164 − 0.1386 − 0.09633 − 0.05549 0.008464 0.06549 Not significant
ψshas − 0.04689 − 0.1528 − 0.1152 − 0.08902 − 0.03852 0.001158 Not significant
ψbssp 0.07731 − 0.01021 − 0.001435 0.01242 0.0677 0.218 Subsignificant
ψspbs 0.2014 − 0.09414 − 0.07542 − 0.05464 0.055 58 1.115 Not significant
ψbssh − 0.02373 − 0.1954 − 0.1397 − 0.09121 − 0.006921 0.04063 Not significant
ψshbs − 0.1318 − 0.4226 − 0.3245 − 0.2498 − 0.1032 − 0.01694 Not significant
ψcssp 0.03079 − 0.03393 − 0.0264 − 0.01759 0.02132 0.1511 Not significant
ψspcs 0.4105 0.05969 0.1216 0.171 0.3671 0.9767 Significant
ψcssh 0.03438 0.003004 0.007927 0.01285 0.03056 0.08961 Significant
ψshcs − 0.01635 − 0.06732 − 0.05935 − 0.04977 − 0.01684 0.04631 Not significant

Table 5: Volatility spillover parameter estimation result between oil future and spot price.

Node Mean 2.50% 5.00% 10.00% Median 97.50% Is it significant?
ψafas 0.4485 0.06548 0.1181 0.1959 0.4506 0.8539 Significant
ψasaf 0.3667 0.02885 0.05408 0.09264 0.343 0.8193 Significant
ψbfbs 0.2449 − 0.01832 0.001284 0.02926 0.2137 0.684 Significant
ψbsbf 0.165 − 0.04118 − 0.02714 − 0.009801 0.1151 0.6209 Not significant
ψcfcs 0.1284 − 0.0179 − 0.00060 0.01764 0.115 0.3511 Subsignificant
ψcscf 0.2022 − 0.05455 − 0.03521 − 0.01147 0.1325 0.7939 Not significant
ψafbs 0.2507 − 0.006017 0.009745 0.03747 0.2138 0.7771 Significant
ψbsaf 0.146 5 − 0.032 99 − 0.02004 − 0.004512 0.09516 0.5993 Not significant
ψafcs 0.2146 − 0.09007 − 0.05445 − 0.01726 0.1716 0.8721 Not significant
ψcsaf 0.2803 − 0.01483 − 0.003936 0.0127 0.2675 0.752 Subsignificant
ψasbf 0.3341 − 0.03156 0.005658 0.07648 0.3116 0.8012 Significant
ψbfas 0.1218 − 0.05055 − 0.038 − 0.02302 0.04944 0.7169 Not significant
ψbfcs 0.3971 − 0.1292 − 0.06635 0.01752 0.3887 1.007 Subsignificant
ψcsbf 0.123 − 0.04957 − 0.03826 − 0.02398 0.04434 0.5781 Not significant
ψcfas 0.1329 − 0.07335 − 0.04068 − 0.01327 0.09873 0.4624 Not significant
ψascf 0.1128 − 1.097 − 0.9743 − 0.6685 0.1165 1.032 Not significant
ψcfbs 0.09382 − 0.1008 − 0.07042 − 0.03843 0.07099 0.3969 Not significant
ψbscf 0.2786 − 0.07741 − 0.04265 − 0.002324 0.2168 1.005 Not significant
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oil spot price has one-way spillover effect to WTI and
Shengli oilfield spot price. Unexpected, Shengli oilfield spot
price has one-way spillover to WTI spot price. Using the
same method, we can get the relationship of spillover be-
tween oil future and spot price in Table 4. It shows that WTI
spot price and future price has significant two-way spillover
effect. In Table 5, the Brent spot price has one-way spillover
effect to Brent future and WTI future. Brent future has
spillover to the price of WTI spot price. Shengli oilfield spot
price has a subsignificant one-way spillover to Brent future.
+ree crude oil spot prices have volatility spillover to INE
futures. Table 6 shows the spillover estimation result be-
tween stock and oil. +ere only exist a few spillover relations
between the stock market and the oil market. +e spillover
from WTI, Brent, and INE oil future to the stock market of
S&P exists. However, the Shanghai stock index has a sig-
nificant one-way spillover to the Shengli oilfield spot price.

4. Conclusion

+e cross-market spillover effect we found can give some
advice to correctly diversify investment and reduce risks. (1)
+e empirical results show that WTI and Brent oil future
have more spillover to both spot price and future price. +e
oil future played an important role in the energy market and
economic. INE oil future is a fast-growing product of China.
However, INE oil future still lacks international influence.
(2) S&P stock market is more sensitive to the oil price than
Shanghai stock market. After experiencing three oil crises,
the investors of USA fully understand the impact of crude oil
prices on the market. +e investor in China does not pay
attention to the volatility of crude oil price. S&P includes
many oil company, which is not included in the Shanghai
stock market. (3)+e volatility of the Chinese and American
stock markets is not highly correlated and suitable for di-
versified investment. DIC test shows that DGC-MSV-t is
considered effective and more accurate. Our possible future
studies will be focus on the difference when market volatility
increases and decreases based on regime-switching method
of stochastic volatility.
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