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This study analyzes the spillover effect and dynamic correlation of the China-US bean
futures markets and discusses the relationship between the dynamic correlation of the
bean futures price index and investor sentiment. First, the spillover effect of the China-US
bean futures markets is analyzed through the BEKK-GARCH model. Then, the DCC-
GARCH model is used for obtaining the dynamic correlation coefficients of the China-US
bean futures markets. Next, the principal component analysis method is chosen to
construct a comprehensive investor sentiment index. Lastly, the dynamic impacts
between the change in investor sentiment and the correlation of the China-US bean
futures price index are discussed through the ensemble empirical mode decomposition
and impulse response analysis. The results show that the spillover effect of different
degrees and directions exists between the China-US bean futures markets, and the
dynamic correlation coefficients among different bean futures are also different. Besides, a
certain degree of interactions exists between the high-frequency and low-frequency
components of the comprehensive investor sentiment index and the dynamic
correlations of bean futures price indexes.
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INTRODUCTION

As the earliest commodity futures markets, agricultural futures markets play an essential role in risk
aversion and price discovery [1, 2]. In 1993, the Chinese soybean futures trading variety “yellow
soybean” was listed in the Dalian Commodity Exchange (abbreviated as DCE). Besides, DCE
launched soybean oil futures in 2000 and soybean meal futures in 2006. At present, DCE has
gradually formed an integrity and maturity bean futures market [3, 4]. The United States, as the
leading producer in international soybean markets, is China’s largest cooperative partner of soybean
products [5]. In such circumstances, the American soybean futures market greatly influences the
Chinese bean futures market [6]. The Chicago Board of Trade in the United States (abbreviated as
CBOT) is a leading agricultural futures exchange globally. Thus, this paper comparatively analyzes
the price fluctuation of bean futures in DCE and CBOT to discuss the spillover effect and the
dynamic correlation of the bean futures market in China and the US.

In the existing literature, most studies on the price linkage and the spillover effect of bean futures
prices could be summed up as two parts: the research based on spatial perspective and futures variety
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perspective. The spatial perspective emphasized the price linkage
effect and the spillover effect of bean futures prices between
different areas or countries [2, 7–9]. For example, a transmission
relationship of soybean prices could be seen from the Chicago
Board of Trade (CBOT) to the Rotterdam soybean market, the
Brazilian soybean market, and the Argentine soybean market
[10]. Besides, a multivariate generalized autoregressive
conditional heteroskedasticity model was used for analyzing a
two-way spillover relationship between copper and soybean futures
markets inChinese and theUSmarkets [11]. The results showed that
the two-way spillover effect was stronger in the US markets. Under
the circumstance of Sino-US trade friction in 2018, the DMCA and
MFDMA methods were used for analyzing the multifractality
features of soybean futures markets in China and the US [12]. It
concluded that the cross-correlations coefficients decreased
significantly during the Sino-US trade friction. As for the futures
variety perspective, some scholars emphatically discussed the price
linkage effect and the spillover effect between different grain crops
and soybeans or between energy products and soybeans [13–16]. For
example, Liu et al. constructed a model based on Markov-switching
GRG copula to analyze the dependence structure between the WTI
(BRENT) crude oil futures price and the futures price of Chinese
agricultural commodity, and verified the existence of two structural
states of Markov switching [17]. A long-term co-integration
relationship was found between the price of agricultural products
and world crude oil. For a long time, the soybean oil price greatly
influenced the edible oil market, but the impact of crude oil prices on
edible oil prices was not significant during the sample period [18].
And Zhang et al. again confirmed no long-term relationship between
fuel prices and agricultural product prices [19]. Based on the
VARMA-BEKK-GARCH model, Han et al. found an increasingly
evident two-way fluctuation linkage between energy prices and
agricultural futures returns under the influence of external shocks
[20]. After analyzing the link between US soybean prices and the
Dow Jones U.S. Water Index (DJUSWU), Jiang and Fortenbery
found that the El Niño event significantly strengthened the link
between soybeans and the water property market [21]. The above
research mainly involves the price linkage and the spillover effect
between soybean and other commodity markets. For international
commodities markets, the changes in commodity prices can directly
affect international trade and international capital flows, thereby
affecting the development of the world economy. Taxonomy of
commodities assets based on the complexity-entropy causality plane
is also an essential component for the research on commodity price
fluctuation, whether in the spot market or the futures market
[22, 23].

Although much research discussed the spillover effect between
agricultural product markets, the existing studies mainly have
several shortcomings.

1) First, the existing studies lack attention to soybean oil and
soybean meal futures that are increasingly important in the
international and domestic markets.

2) Second, the existing studies focus on studying the spillover
effect between soybean futures and neglect the dynamic
correlation of the China-US bean futures markets.

3) Third, the existing studies don’t consider the high-frequency
component and low-frequency component of the
comprehensive investor sentiment index in the study
process.

Based on the shortcomings of the existing studies, the
contributions of this paper are in the following three aspects.

1) First, this paper discusses the spillover effect of soybean
futures markets, soybean meal futures markets, and
soybean oil futures markets from the perspective of
investor sentiment. As the research content contains
soybean meal futures markets and soybean oil futures
markets relative to existing literature, the conclusions can
reflect the spillover effect and dynamic correlation of the
China-US bean futures markets more realistically.

2) Second, this paper analyzes the spillover effect between the
China-US bean futures markets and the dynamic correlation
of the China-US bean futures markets.

3) Third, this paper studies the relationship between the dynamic
correlation of the China-US bean futures markets and the
high-frequency and low-frequency components of the
comprehensive investor sentiment index.

DATA DESCRIPTION

This section gives details of the sample selection, the input
variables for the model prediction, and the data resources.
Specifically, the daily closing prices are selected in DCE and
CBOT to analyze the spillover effect and the dynamic correlation
of the China-US bean futures markets. In DCE, soybean oil
futures were listed in January 2006. And in CBOT, soybean oil
futures and soybean meal futures were recorded in 2013. After
sorting out sample data at different time intervals, the daily data
of bean futures are chosen 1812 from January 4, 2013, to January
3, 2020, in DCE and CBOT.

For the seek of constructing the daily investor sentiment
comprehensive index, trading volume (VOL) and
psychological linear index (PSY) are used as proxy variables of
investor sentiment [24, 25]. And the position holding and trading
volume are usually used for constructing the investor sentiment
index [26]. A comprehensive investor sentiment index is built
based on the psychological linear index (PSY), the position factor
(OPENI), the volume factor (VOLI), and the current price
difference (GAP). The calculation method of each indicator is
as follows.

PSY � Tu

T
× 100 (1)

In expression (1), Tu represents the number of days that the
log price index on day t is higher than the log price index on day
t-1, and T indicates the trading period.

OPENIt � OPENt −min(OPENt)
max(OPENt) −min(OPENt) (2)
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In expression (2), OPENIt shows the position factor on day t. It
indicates the position volume on day t.

VOLIt � VOLt −min(VOLt)
max(VOLt) −min(VOLt) (3)

Similarly, VOLIt shows the volume factor on day t in
expression (3). It indicates the trading volume on day t.

GAPt � future pricet − spot pricet (4)
Besides, future_pricet shows the futures price on day t, and

spot_pricet represents the spot price on day t in expression (4).
Figure 1 shows the return yield series of bean futures in DCE

and CBOT. The above return yield series of futures price indexes
are called logarithmic yield and expressed as Rdd, Rdp, Rdy, Rcd,
Rcp, and Rcy, in turn. It can be seen from Table 1 that the
skewness of Rdy and Rcy is greater than zero, showing a right-
skewed distribution. Conversely, other return yield series show a

left-skewed distribution. The kurtosis is greater than zero for Rdd,
Rcd, and Rcp, indicating a sharp peak and trailing tail distribution.
And for Rdp, Rdy, and Rcy, the kurtosis is less than zero, showing a
thin-tailed distribution. Besides, all JB-statistics of return yield
series in Table 1 are much larger than 5.99, the critical value at the
5% significant level. It means that they do not follow the standard
normal distribution. And the ADF and PP test presents that these
series are non-stationary. Therefore, the first-order difference
should be carried out before the GARCH model is built.

MODELS

BEKK-GARCH Model
The BEKK-GARCH model, first proposed by Engle and Kroner,
is one of the multivariable GARCHmodels [27]. It can effectively
ensure the positive definiteness of the covariance matrix under
weak conditions [28]. The BEKK-GARCH model has a higher

FIGURE 1 | The evolutionary temporal of daily return yield series of bean futures from January 4, 2013, to January 3, 2020. (A–C) show the evolutionary temporal of
daily return yield series in DCE, and (D–F) show the evolutionary temporal of daily return yield series in CBOT.

TABLE 1 | The descriptive statistics of bean price series.

Mean Std Maximum Minimum Skewness Kurtosis JB Statistic ADF Statistic PP test

Rdd 0.3748 0.1752 0.7802 −0.1079 −0.5962 0.4199 242.31*** −2.193327 −2.239989
Rdp 0.2440 0.1696 0.7594 −0.1591 −0.0825 −0.2500 13.608*** −2.734980 −2.906410
Rdy 0.3124 0.2269 1.0863 −0.1044 0.6251 −0.4439 266.85*** −3.019007 −2.884913
Rcd 0.5729 0.2493 1.1084 −0.1022 −0.3403 0.0036 70.241*** −2.497890 −2.471551
Rcp 0.5557 0.2476 1.0942 −0.1606 −0.7129 0.7326 389.61*** −2.712148 −2.676970
Rcy 0.5133 0.2538 1.1541 −0.0518 0.3812 −0.8006 185.31*** −2.678673 −2.697840

Note: *** indicates the significant level at 1%.
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forecasting ability than other GARCH models [29]. For the
multivariate BEKK-GARCH model, the asymptotic properties
of the variance-targeting estimator can be further discussed by the
multivariate BEKK model based on variance targeting [30].
Besides, Markov regime-switching framework is also used in a
BEKK-GARCH model to study hedge performance in the
financial market [31]. If the conditional variance follows the
GARCH (1, l) process, the variance equation of binary BEKK is
expressed as follows.

Ht � CCT + A(εt−1εTt−1)AT + BHt−1BT (5)
Ht �

∣∣∣∣∣∣∣ h11,t h12,t
h21,t h22,t

∣∣∣∣∣∣∣ (6)

Ct �
∣∣∣∣∣∣∣ c11,t 0
c21,t c22,t

∣∣∣∣∣∣∣ (7)

At �
∣∣∣∣∣∣∣ a11,t a12,t
a21,t a22,t

∣∣∣∣∣∣∣ (8)

Bt �
∣∣∣∣∣∣∣ b11,t b12,t
b21,t b22,t

∣∣∣∣∣∣∣ (9)

In expression (5), Ht is a 2 × 2 dimensional matrix
representing the first-order variance-covariance matrix of the
conditional residual within time t. C is a constant upper
triangular matrix. The main diagonal elements in A and B are
the coefficients of ARCH and GARCH terms, respectively. After
expanding the above expressions, each element of the conditional
variance-covariance matrix can be written as follows.

h11,t � c211 + b211h11,t−1 + 2b11b21h12,t−1 + b221h22,t−1 + a211ε
2
1,t−1

+ 2a11a21ε1,t−1ε2,t−1 + a221ε
2
2,t−1 (10)

h22,t � (c211 + c222) + b212h11,t−1 + 2b12b22h12,t−1 + b222h22,t−1 + a212ε
2
1,t−1

+ 2a22a12ε1,t−1ε2,t−1 + a222ε
2
2,t−1

(11)
h12,t � h21,t � c11c21 + b11b12h11,t−1 + (b11b22 + b21b12)h12,t−1

+ b21b22h22,t−1 + a11a12ε
2
1,t−1 + (a11a22 + a12a21)ε1,t−1ε2,t−1

+ a22a21ε
2
2,t−1

(12)
In expressions (10), (11) and (12), h11,t is the conditional

variance in DCE; h22,t is the conditional variance in CBOT; h12,t is
the conditional covariance between DCE and CBOT.

The spillover effect of time series in one futures market is
divided into volatility clustering and volatility persistence.
The main diagonal elements a11 and a22 in matrix A
represent the volatility clustering of the futures market,
known as the ARCH-type spillover effect. The main
diagonal elements b11 and b22 in matrix B represent the
volatility persistence of the futures market, known as the
GARCH-type spillover effect.

The spillover effect between futures markets includes the
shock conduction effect and the volatility conduction effect.
The off-diagonal elements in matrix A are named the shock
conduction effect. Specifically, a12 expresses the conduction effect
from CBOT to DCE, and a21 denotes the conduction effect from
DCE to CBOT. Similarly, the off-diagonal elements in matrix B

are named the volatility conduction effect. Specifically, b12 shows
the volatility conduction effect from CBOT to DCE, and b21
represents the volatility conduction effect from DCE to CBOT.

The Wald test is used to determine the type of spillover effect
between the two markets, including one-way overflow and two-
way overflow. If the constraints between the two futures markets
are valid, the estimated parameter values should follow the
original hypothesis under unconstrained conditions. The
original hypothesis is summarized in three forms: Hypothesis
I, Hypothesis II, and Hypothesis III.

Hypothesis I: There is no mutual spillover effect between the
two markets,

H0: a21 � b21 � 0; a12 � b12 � 0. (13)
Hypothesis II: There is no spillover effect from DCE to CBOT

(one-way spillover),

H0: a21 � b21 � 0. (14)
Hypothesis III: There is no spillover effect from CBOT to DCE

(one-way spillover),

H0: a12 � b12 � 0. (15)
The statistics of the Wald test can be written as follows.

Zi � ai/σa (16)
W � Z2

1 + Z2
2 +/ + Z2

h ~ χ2(h) (17)
In aWalt test, Z is the column vector, which is comprised of Zi.

And Zi is the z-statistic value under the ith constraint, h is the
number of constraints.

DCC-GARCH Model
The DCC-GARCH model can be used to study the volatility
clustering of individual variables and analyze the strength of the
relationships between two variables [32]. This model is especially
suitable for studying financial contagion between developed and
emerging market countries [33]. Besides, it can also be used in
macroeconomic studies, such as the time-varying correlation
between different macroeconomic factors [34]. It assumes that
the return on assets in period t follows a conditional
multidimensional normal distribution with zero mean and
covariance matrix Ht. The series rt for t = 1,...,T, is
decomposed into conditional expected returns and residuals.

rt � μt + σt (18)
σt � H

1
2
tηt (19)

Ht � DtRtDt � ρi,j,t

������
hii,thjj,t

√
(20)

Dt � diag( ����
h11,t

√
, . . . ,

����
hnn,t

√ ) (21)

In expressions (20) and (21), Dt contains the conditional
variances, and Rt contains the conditional correlations.

h2ii,t � γi +∑Pi

p�1 aipε
2
i,t−p +∑Qi

q�1 βiph
2
i,t−q, i � 1, . . . , n (22)

In expression (22), εt is a standardized residual, obtained by
the mean equation in the GARCH process. Besides, ai expresses
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the coefficient of ARCH term, and βj is the coefficient of GARCH
term. They satisfy ∑P

i�1ai +∑q
j�1βj < 1, and ai + βj ≥ 0. The

conditional correlation matrix Rt is expressed as expression (23).

Rt � diag(Qt)−1
2Qtdiag(Qt)−1

2 (23)
Qt � �Q + a(zt−1z′t−1 − �Q) + b(Qt−1 − �Q)

� (1 − a − b) �Q + azt−1z′t−1 + bQt−1 (24)
In expression (24), zt is the standardized error, Qt is the positive

definitematrix, and �Q is the positive definite unconditional correlation
matrix. When a DCC model satisfies a mean regression process, the
nonnegative a and b satisfy the constraint a + b< 1.

Therefore, for market i and market j, their dynamic condition
correlation coefficient at time t is expressed as expression (25).

ρij �
qij,t��������

qii,t × qjj,t
√

� (1 − a − b)qij + bqij,t−1 + azi,t−1zj,t−1���������������������������[(1 − a − b)qii + az2i,t−1 + bqii,t−1]√
+

����������������������������[(1 − a − b)qjj + az2j,t−1 + bqjj,t−1]√ (25)

RESULTS

The Spillover Effect in the China-US Bean
Futures Markets
The ADF test is conducted on the six sets of logarithmic
price index series in Table 2, and all p-values are greater
than 0.05. It is indicated that all futures price index series
are non-stationary series. In order to get stationary
sequences, the first-order difference needs to be

conducted. After that, we obtain the series and plot the
result of the first-order differentiation process in Figure 2,
which presents that the return for financial time series is
stationary [35].

Table 3 shows the test results of the spillover effect between
the China-US bean futures markets based on the multivariate
BEKK-GARCH (1,1) model. It can be seen that the four
diagonal elements, coming from coefficient matrix A in the
ARCH term and coefficient matrix B in the GARCH term of
the BEKK-GARCH (1,1) model, have passed the 1%
significant level test. It indicates that the fluctuation of the
futures price index in one market is subject to the previous
fluctuation in this market and another market. Thus, there are
significant volatility clustering, volatility persistence, shock
conduction effects, and volatility conduction effects in DCE
and CBOT.

In the BEKK-GARCH model, a11 and a22 represent the
ARCH-type spillover effect, and b11 and b22 represent the
GARCH-type spillover effect. These two spillover effects are
derived from the time series change in one futures market.
The details are as follows.

• If a11 is greater (or less) than zero, the fluctuation of the
futures price index can produce positive (or negative)
volatility clustering in DCE.

• If a22 is greater (or less) than zero, the fluctuation of the
futures price index can produce positive (or negative)
volatility clustering in CBOT.

• If b11 is greater (or less) than zero, the fluctuation of the
futures price index can produce positive (or negative)
volatility persistence in DCE.

• If b22 is greater (or less) than zero, the fluctuation of the
futures price index can produce positive (or negative)
volatility persistence in CBOT.

Similarly, a12 and a21 represent the shock conduction
effect, and b12 and b21 represent the volatility conduction
effect. These two spillover effects are derived from the time
series change between DCE and CBOT. The details are as
follows.

• If a12 is greater (or less) than zero, the fluctuation of the
futures price index can produce a positive (or negative)
shock conduction effect on the futures price index from
CBOT to DCE.

• If a21 is greater (or less) than zero, the fluctuation of the
futures price index can produce a positive (or negative)
shock conduction effect on the futures price index from
DCE to CBOT.

• If b12 is greater (or less) than zero, the fluctuation of the
futures price index can produce a positive (or negative)
volatility conduction effect on the futures price index from
CBOT to DCE.

• If b21 is greater (or less) than zero, the fluctuation of the
futures price index can produce a positive (or negative)
volatility conduction effect on the futures price index from
DCE to CBOT.

TABLE 2 | The results of the ADF test.

Rdd Rdp Rdy Rcd Rcp Rcy

p-Value 0.4849 0.2378 0.2441 0.3701 0.2819 0.2684

FIGURE 2 | The result of the first-order differentiation process.

Frontiers in Physics | www.frontiersin.org April 2022 | Volume 10 | Article 8712465

Wu and Wang Spillover Effect and Dynamic Correlation

https://www.frontiersin.org/journals/physics
www.frontiersin.org
https://www.frontiersin.org/journals/physics#articles


The ARCH-type and GARCH-type spillover effects are shown
in Table 4, and the shock and volatility conduction effects are
shown in Table 5. The symbol + (or –) shows a positive (or
negative) effect.

Table 6 shows theWald test of parameters estimated by theBEKK-
GARCH (1,1) model. The p-value of the test result of the mutual
fluctuation spillover effect in the China-US soybean futures markets is
less than 5%, reflecting a mutual spillover effect. However, based on
the result of the one-way test, the null hypothesis “there is no spillover
effect fromDCE to CBOT” is rejected at the 10% significant level, and
the null hypothesis that “there is no spillover effect from CBOT to
DCE” has not been rejected. The three null hypotheses are rejected at
the 1% significant level for soybean meal and soybean oil futures
markets. The results show that soybean meal and soybean oil futures
markets have apparent spillover effects between China and the US.

The Dynamic Correlation of the China-US
Bean Futures Markets
The first-order difference sequences of the logarithmic price
indexes are used for constructing the optimal ARMA model

based on the AIC minimum criterion. The parameters of the
optimal ARMA model are shown in Table 7.

The heteroscedasticity test is performed on the residuals of each
ARMA model in Figure 3. It is seen that the p-values of ARCH
effect tests in six ARMAmodels are all less than 0.05 after the first
order. So, all residual sequences have significant heteroscedasticity.

On this basis, DCC-GARCH models are established to obtain
the dynamic correlation coefficients of the China-US bean futures
price index. Table 8 shows the parameters estimated by DCC-
GARCH models, and Figure 4 shows three sets of dynamic
correlation coefficients.

In Table 8, the sum of a and β of each sequence is less than and
close to 1. For soybean futures markets, the value of a1 is 0.7557. It
means that the soybean futures conditional variance in DCE is
affected by the square term of the previous residual. In CBOT, the
value of β2 is 0.9381, showing that the volatility of the soybean
futures series in CBOT is persistent.

For soybean meal futures markets, the values of a1 and a2 are
0.0229 and 0.0622, indicating that the square term of the residual in
the previous period has a small influence on the conditional variance
of the soybean meal futures series in DCE and CBOT, respectively.
And the values of β1 and β2 are 0.9761 and 0.9259, reflecting that the
volatility of soybean meal futures series has significant persistence in
DCE and CBOT. The value of b equals 0.908639, reflecting that the
dynamic correlation of soybean meal futures between DCE and
CBOT has a long-term effect in time aspect.

For soybean oil futuresmarkets, the value of a2 is 0.0351, indicating
that the conditional variance of soybean oil futures inCBOT is affected
by the square termof the previous residual to a lower degree. The value
of β2 equals 0.9570, showing that the soybean oil futures series in
CBOT have persistent volatility. In addition, the value of a is 0.0050,
reflecting that the dynamic correlation coefficient is less affected by the
previous product of standardized residuals. And the value of b is
0.9894, showing that the dynamic correlation of soybean meal futures
between DCE and CBOT has a long-term effect in time.

It is seen in Figure 4 that the dynamic correlation coefficients
of the China-US soybean and soybean meal futures markets are
relatively stable during the sample period. But, the dynamic
correlation coefficient greatly fluctuates in the China-US
soybean oil futures market.

The Construction of Investor Sentiment
Composite Index
Psychological linear index (PSY), position factor (OPENI),
volume factor (VOLI), and current price difference (GAP) are

TABLE 3 | The Estimators of the BEKK-GARCH (1,1) model.

Groups C ARCH term GARCH term

Soybean −0.0084*** 0.0001*** 0.9000*** 0.0120*** 0.4303*** −0.0419**
0.0000 −0.0105*** −0.0015*** 0.8910*** 0.0244*** 0.4935***

Soybean meal 0.0120*** −0.0029** 0.8977*** −0.0564** −0.4230*** −0.1137***
0.0000 0.0096 0.0092*** 0.9417*** 0.0076*** −0.3574***

Soybean oil −0.0074*** 0.0077*** 0.9333*** 0.0818*** 0.3721*** −0.1455**
0.0000 −0.0090*** −0.0344*** 0.8243*** 0.0679*** 0.5761**

Note: *** and ** indicate the significant level at 1 and 5%, respectively.

TABLE 4 | The spillover effects deriving from one futures market itself.

Groups ARCH-type spillover
effect

GARCH-type spillover
effect

In DCE In CBOT In DCE In CBOT

Soybean + + + +
Soybean meal + + − −

Soybean oil + + + +

Note: + describes the fluctuations of futures price indexes that can produce positive
effects, such as positive volatility clustering and volatility persistence. And−denotes the
fluctuations of futures price indexes that can produce negative effects, such as negative
volatility clustering and volatility persistence.

TABLE 5 | The spillover effects between DCE and CBOT futures markets.

Groups Shock conduction effect Volatility conduction effect

CBOT→DCE DCE→CBOT CBOT→DCE DCE→CBOT

Soybean + − − +
Soybean meal − + − +
Soybean oil + − − +

Note: + describes the fluctuations of futures price indexes that can produce a positive shock
conduction effect or volatility conduction effect from CBOT to DCE (or from DCE to CBOT).
And−indicates the fluctuations of futures price indexes that can produce a negative shock
conduction effect or volatility conduction effect fromCBOT to DCE (or fromDCE, to CBOT).
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chosen as the source indicators to construct a comprehensive
investor sentiment index. In Table 9, the p-values of six groups in
the 1st Bartlett spherical test are all less than 0.01. It means the
conditions of the principal component analysis are met.

The results of the principal component analysis are shown in
Table 10. As the cumulative variance explanation rate of the first
four principal components exceeds 90%, the first four principal

components are weighted to get the initial investor sentiment
index (ISI).

Table 11 shows the correlation coefficients between initial
investor sentiment indexes and eight indicators. For each investor
sentiment index in Table 11, the correlation between source
indicator sequence and ISI almost equals that between the one-
period lag value sequence of source indicator sequence and ISI.

TABLE 6 | The results of the Wald test.

Groups No mutual effect
(H0: a21 = b21 = 0; a12 = b12 = 0)

No spillover effect from DCE to
CBOT (H0: a21 = b21 = 0)

No spillover effect from CBOT to
DCE (H0: a12 = b12 = 0)

Wald p-value Wald p-value Wald p-value

Soybean 9.8756** 0.0426 5.7580* 0.0562 4.1177 0.12767
Soybean meal 140.1969*** 0 26.4731*** 0 113.7238*** 0
Soybean oil 507.3313*** 0 357.9518*** 0 149.3796*** 0

Note: ***, ** and * indicate the significant level at 1, 5 and 10%, respectively.

TABLE 7 | The parameters of the optimal ARMA model.

Bean futures
markets

DCE CBOT

Soybean Soybean meal Soybean oil Soybean Soybean meal Soybean oil

p 1 4 2 0 3 0
q 0 1 2 5 3 0

FIGURE 3 | The results of the heteroscedasticity test. (A–C) show the results of the heteroscedasticity test in DCE, and (D–F) show the results of the
heteroscedasticity test in CBOT.
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In order to verify the feasibility of this analysis
method, the 2nd Bartlett spherical test is performed
again on the eight sequences in Table 12 . All Bartlett
spherical test values are less than 0.01. It shows that the
conditions of principal component analysis are
met again.

Figure 5 shows the comprehensive investor sentiment index of
bean futures, calculated by expressions (26) to (31).

ISI1t � 0.2803PSYt − 0.2144OPENIt − 0.0983VOLt

− 0.1682GAPt + 0.2803PSYt−1 − 0.2136OPENIt−1
− 0.0987VOLt−1 − 0.1678GAPt−1 (26)

TABLE 8 | The estimated parameters in the DCC-GARCH model.

Groups DCE CBOT Joint

α1 β1 α2 β2 a b

Soybean 0.7557*** 0.2433 0.0498 0.9381*** 0.0298 0.2048
Soybean meal 0.0229*** 0.9761*** 0.0622*** 0.9259*** 0.0000 0.9086***
Soybean oil 0.7439 0.2551 0.0351*** 0.9570*** 0.0050** 0.9894***

Note: *** and ** indicate the significant level at 1 and 5%, respectively.

FIGURE 4 | The dynamic correlation coefficient of the China-US bean futures markets. (A) shows the dynamic correlation of soybean between the twomarkets. (B)
presents that of soybean meal between the two markets, and (C) presents that of soybean oil between the two markets. For each panel, the horizontal axis represents
time, and the vertical axis represents the degree of dynamic correlation.

TABLE 9 | The results of the 1st Bartlett spherical test.

Bartlett spherical
test

DCE CBOT

Soybean Soybean meal Soybean oil Soybean Soybean meal Soybean oil

Chi 61.2658 41.1331 34.8101 25.5850 101.3609 54.4642
p-value 2.4887e-11 2.7260e-07 4.6905e-06 2.6596e-04 1.3048e-19 5.9463e-10

TABLE 10 | The cumulative variance explanation rate.

Component DCE CBOT

Soybean Soybean meal Soybean oil Soybean Soybean meal Soybean oil

1 0.3767 0.3925 0.3411 0.3361 0.4458 0.4719
2 0.7337 0.6854 0.6451 0.5619 0.6643 0.6477
3 0.8706 0.8507 0.8450 0.7483 0.8198 0.8119
4 0.9603 0.9621 0.9471 0.9065 0.9253 0.9202
5 0.9942 0.9828 0.9781 0.9701 0.9847 0.9823
6 0.9984 0.9989 0.9975 0.9942 0.9929 0.9960
7 0.9999 0.9999 0.9999 0.9999 0.9999 0.9999
8 1 1 1 1 1 1
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ISI2t � 0.3380PSYt − 0.0547OPENIt − 0.1103VOLt

− 0.1474GAPt + 0.3380PSYt−1 − 0.0546OPENIt−1
− 0.1102VOLt−1 − 0.1461GAPt−1 (27)

ISI3t � 0.3603PSYt − 0.0890OPENIt − 0.0762VOLt

− 0.0275GAPt + 0.3605PSYt−1 − 0.0894OPENIt−1
− 0.0770VOLt−1 − 0.0286GAPt−1

(28)

ISI4t � 0.3589PSYt − 0.0661OPENIt − 0.0347VOLt

− 0.0738GAPt + 0.3589PSYt−1 − 0.0660OPENIt−1
− 0.0304VOLt−1 − 0.0685GAPt−1

(29)

ISI5t � 0.2809PSYt − 0.2608OPENIt − 0.0023VOLt

− 0.0028GAPt + 0.2809PSYt−1 − 0.2575OPENIt−1
− 0.0088VOLt−1 − 0.0026GAPt−1

(30)

ISI6t � 0.2897PSYt − 0.1404OPENIt − 0.1141VOLt

− 0.0043GAPt + 0.2897PSYt−1 − 0.2426OPENIt−1
− 0.1153VOLt−1 − 0.0029GAPt−1

(31)

The Ensemble Empirical Mode
Decomposition
Ensemble empirical mode decomposition (EEMD) method is
developed from the empirical mode decomposition (EMD)

TABLE 11 | The correlation coefficients between initial investor sentiment indexes and eight indicators.

Variables ISI1 ISI2 ISI3 ISI4 ISI5 ISI6

PSYt 0.9056*** 0.8939*** 0.9000*** 0.8976*** 0.8977*** 0.9055***
OPENIt –0.3768*** 0.1259*** 0.2543*** 0.1835*** 0.4524*** 0.4313***
VOLt –0.0965*** –0.0192*** –0.0887*** –0.0094*** 0.2501*** 0.2273***
GAPt –0.6361*** 0.32648*** 0.1388*** 0.0518*** 0.2157*** –0.2474***
PSYt-1 0.9055*** 0.89385*** 0.9000*** 0.8975*** 0.8977*** 0.9055***
OPENIt-1 –0.3755*** 0.1268*** 0.2542*** 0.1838*** 0.4508*** 0.4277***
VOLt-1 –0.0984*** –0.0158*** –0.0895*** –0.0090*** 0.2501*** 0.2266***
GAPt-1 –0.6344*** 0.3225*** 0.1379*** 0.0333*** 0.2161*** –0.2500***

Note: *** indicates the significant level at 1%.

TABLE 12 | The results of the 2nd Bartlett spherical test.

Bartlett spherical
test

DCE CBOT

Soybean Soybean meal Soybean oil Soybean Soybean meal Soybean oil

p-value 7.5738e-176 4.8705e-162 1.5568e-153 8.3849e-139 9.4241e-152 2.0802e-151

FIGURE 5 | The comprehensive investor sentiment index. All comprehensive investor sentiment indexes have upward trends from (A–F).
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method, which can decompose any set of time series into several
simple components of different frequencies and amplitudes
(called eigenmode functions sequence) and a residual item
[36]. The eigenmode functions sequence can be indicated as
IMF. For a set of time series data x(t), the steps of EEMD are as
follows.

Step 1: A gaussian white noise sequence εl(t) (1≤ l≤ L) is
added into x(t). The new sequence xl(t) can be written as
expression (32).

xl(t) � x(t) + εl(t) (32)
Step 2: According to the principle of EMD, xl(t) is

decomposed into K IMFs (1≤ k≤K) and a remaining term
rl(t), seen from expression (33).

X(t) � ∑K
k�1

C(l, k)(t) + rl(t) (33)

Step 3: As the mean value of Gaussian white noise is zero,
the influence of adding Gaussian white noise on the IMF can
be eliminated. The kth IMF and the remaining term after
EEMD decomposition can be shown as expressions (34)
and (35).

ck(t) � 1
L
∑L
l�1
C(l, k)(t) (34)

r(t) � 1
L
∑L
l�1
r1(t) (35)

FIGURE 6 | The ensemble empirical mode decomposition. Each panel includes nine IMFs and one residual sequence (a trend item). Because all residual sequences
have an upward trend, they will be removed to eliminate the influence of trend terms. (A–C) show the results of the ensemble empirical mode decomposition in DCE, and
(D–F) show the results of the ensemble empirical mode decomposition in CBOT.
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Finally, x(t) can be represented as the sum of K IMFs and a
remaining term, seen from expression (36).

x(t) � ∑K
k�1

Ck(t) + r(t) (36)

To remove the upward trend of ISI sequences in
Figure 5, the EEMD model analyzes ISI sequences.
According to the signal decomposition results, the
eigenmode function sequence and residual sequence are
obtained from the six investor sentiment indexes, as shown
in Figure 6.

Each ISI is decomposed into a high-frequency sequence,
a low-frequency sequence, and a trend item. First, the

high-frequency sequence includes IMF1, IMF2, IMF3,
IMF4, and IMF5. Second, the low-frequency sequence
has IMF6, IMF7, IMF8, and IMF9. Third, the trend item
is the residual sequence.

The high-frequency and low-frequency components of
comprehensive investor sentiment, written as HIS and LIS, are
shown in Figure 7.

The Dynamic Correlation of Bean Futures
Price Index and Comprehensive Investor
Sentiment
The ADF and Granger causality tests are conducted for DCC,
HIS, and LIS. The results of the ADF test show that all series are

FIGURE 7 | The high-frequency and low-frequency components of comprehensive investor sentiment. The letters H and L distinguish the high-frequency and low-
frequency components in all panels, respectively. (A–F) show the different components of comprehensive investor sentiment in DCE, and (G–L) show the different
components of comprehensive investor sentiment in CBOT.
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stable, and the p-value of each series is less than 0.05. In Table 13,
the dynamic correlation of the bean futures price index is the
Granger cause for the low-frequency component of the investor
sentiment index in DCE and CBOT.

In order to determine the lag order of the VARmodel, the best
lag order of the VAR model is tested according to the AIC
criterion. The results are shown in Table 14.

Then sequence auto-correlation tests and stability tests are
performed, based on the obtained VAR models. The auto-
correlation test results can be seen in Table 15. It is noticed
that all p-value are greater than 0.05 in the sequence auto-
correlation test (LM test).

In order to study the dynamic impacts between the change in
investor sentiment and the correlation of the China-US bean
futures price index, the impulse response analysis is shown in
Figure 8.

The first step is to study the response of the dynamic
correlation coefficient of the bean futures price index to its
shock. The dynamic correlation coefficient fluctuates at 2.82%
in the first period for soybean futures, then gradually approaches
zero in the third period. And the dynamic correlation coefficient
produces positive volatility close to zero in the first period for
soybean meal futures and gradually becomes zero in the third
period. For soybean oil futures, the dynamic correlation
coefficient makes a fluctuation of 0.45% in the first period,
and then gradually decreases to a very small value close to zero.

The second step is to study the response of the dynamic
correlation coefficient of the bean futures price index to the shock
of the component of the comprehensive investor sentiment index.
For soybean futures markets, the dynamic correlation coefficient
produces a fluctuation of 0.02% in the second period, and

gradually becomes a negative response in a way approaching
zero, after the shock of the low-frequency component in DCE. In
CBOT, a fluctuation of 0.0067% occurs in the second period and
produces a negative response in the third and fourth periods, a
positive response in the fifth period. After reaching the maximum
in the thirty-third period, it gradually decreases to a small value
approaching zero. The dynamic correlation coefficient fluctuates
around zero for soybean meal futures markets with a small
amplitude after the shock of the low-frequency and high-
frequency components in DCE and CBOT. For soybean oil
futures markets, after being impacted by a standard deviation
of the low-frequency component in DCE, the dynamic
correlation coefficient produces a fluctuation of 0.0008% in the
second period and a negative response of 0.0010% in the third
period. In CBOT, it has negative volatility of 0.0042% in the
second period, a positive response in the third period, a negative
response in the fourth period, and then gradually decreases a
small value approaching zero in the fiftieth period.

The third step is to study the response of the component of the
comprehensive investor sentiment index to the shock of the
dynamic correlation coefficient of the bean futures price index.
The low-frequency component in DCE and CBOT respectively
produces a positive response and a negative response for soybean
futures markets. With the response time passing, the
comprehensive investor sentiment index has greater changes
in these two markets. For soybean meal futures markets, the
low-frequency component in DCE and CBOT responds with an
increasing trend. In addition, the high-frequency component inDCE
produces a negative response of 0.0067% in the first period, and then
fluctuates around zero. The high-frequency component in CBOT
has a response of 0.041% in the first period and reaches a maximum

TABLE 14 | The lag order of the AIC standard test.

Groups IS in DCE IS in CBOT

High-frequency Low-frequency High-frequency Low-frequency

Soybean − 6 − 7
Soybean meal 8 7 8 8
Soybean oil − 8 − 8

TABLE 15 | The results of auto-correlation test.

VAR model 1 2 3 4 5 6 7

p-value 0.1961 0.1149 0.3399 0.7853 0.9444 0.1752 0.1823

TABLE 13 | The F-value of Granger causality test.

Groups IS in DCE IS in CBOT

High-frequency Low-frequency High-frequency Low-frequency

DCC-HIS HIS-DCC DCC-LIS LIS-DCC DCC-HIS HIS-DCC DCC-LIS LIS-DCC

Soybean 1.2685 0.2526 0.9252 4.9538*** 1.1831 0.4161 0.5050 4.1873**
Soybean meal 2.5863* 0.4224 0.222 23.049*** 3.4703*** 0.2362 0.2636 20.683***
Soybean oil 1.6573 1.1721 1.1209 37.577*** 0.7806 0.7207 3.5684** 9.5488***

Note: ***, ** and * indicate the significant level at 1, 5 and 10%, respectively.
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FIGURE 8 | The impulse response analysis shows the dynamic impacts between the change in investor sentiment and the dynamic correlation coefficient of the China-US
bean futures price index. (A–C) show the response of the dynamic correlation coefficient of the bean futures price index to its shock. (D–K) show the response of the dynamic
correlation coefficient of the bean futures price index to the shock of the component of the comprehensive investor sentiment index. (L–S) show the response of the component
of the comprehensive investor sentiment index to the shock of the dynamic correlation coefficient of the bean futures price index. (T-AA) show the response of the
comprehensive investor sentiment component to its shocks. IS1, IS2 and IS3, respectively, represent the investor sentiment index in Chinese soybean, soybean meal and
soybean oil futures markets. Besides, IS4, IS5 and IS6 indicate the investor sentiment index in the US soybean, soybean meal and soybean oil futures markets.
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of 0.2% in the seventh period. Finally, for soybean oil futuresmarkets
in DCE and CBOT, the low-frequency component produces a
positive response with an increasing trend.

The fourth step is to study the response of the comprehensive
investor sentiment component to its shocks. Except for the high-
frequency component in soybean meal futures markets, other low-
frequency components in other markets can produce a positive
response with an increasing trend. For soybean meal markets, the
high-frequency component in DCE is affected by a standard deviation
of itself, and it produces volatility of 1.08% in the first period,
volatility of 1.2% in the second period, and then gradually
approaches zero. And the high-frequency component in
CBOT, after being impacted by a standard deviation of
itself, produces volatility of 1.27% in the first period, a
maximum of 1.82% in the second period, and then
gradually becomes zero.

CONCLUSION

With the continuous expansion of China’s agricultural openness,
the linkage between the China-US bean futures markets is
gradually strengthened. Under the influence of investor
sentiment in financial markets, the spillover effect and
dynamic correlation of the China-US bean futures markets
show some new characteristics. In this paper, we use the
BEKK-GARCH model to analyze the spillover effect of the
China-US bean futures markets, and choose the DCC-GARCH
model to discuss the dynamic correlation coefficients of the
China-US bean futures markets. After constructing the high-
frequency and low-frequency components of comprehensive
investor sentiment, we further study the dynamic impacts
between the change in investor sentiment and the correlation
of the China-US bean futures price index. Finally, this paper finds
that different spillover effects and dynamic correlation
coefficients exist between the China-US bean futures markets.

Especially, a certain degree of interaction exists between the high-
frequency and low-frequency components of the comprehensive
investor sentiment index and the dynamic correlation of bean
futures price indexes.

Although this paper studies the spillover effect and dynamic
correlation based on investor sentiment, the dynamic changes in
bean futures markets are incredibly complex. In the future work,
we will focus on the influence of information shock on spillover
effects between the China-US bean futures markets from a
micro point of view, and the dynamic correlation under the
China-US financial regulatory policies from a macro point of
view. Additionally, we should also pay attention to the influence
of the changes in the exchange rate on the spillover effect and
dynamic correlation between the China-US bean futures
markets.
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