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Employing the tools of multifractal detrended cross-correlation analysis (MF-DCCA) and Diebold–Yilmaz spillover index (D.Y.
spillover index), we examine the effect that the foreign investors have on the cross-correlations between the two-segment stock
markets, that are the accessible and the inaccessible stock markets, and the other ten respective stock markets. )e shares cross-
listed by the same corporates on both the A-share and H-share stock markets of China serve as the best sample to compile the two
stock indices, which stands for the inaccessible stock market (AHA) and the accessible stock market (AHH), respectively.
Empirical results show that the cross-correlations between the two-segment stock markets and the other ten pairs are multifractal,
the multifractal strength of cross-correlations is stronger in AHH than AHA, and the intensified growth of the multifractal cross-
correlations in AHA can be seen as the increasing of the openness in the inaccessible market.)e empirical result of D.Y. spillover
index is consistent with the multifractal analysis above, and another interesting finding is that among the selected markets, the
three markets with the strongest spillover effects with AHA and AHH are Taiwan, South Korea, and Singapore, respectively, and
the weakest one is Australia during the sample scenarios.

1. Introduction

)e cross-correlation (interdependence) of financial
markets is always the subject of keen interest of financial
economics [1], and an increasing number of research
studies have been conducted on interdependence of stock
markets. As we all know, the stock market is a nonlinear
and complex dynamic system, and it exerts the significant
influence on a countryʼs economy; the intensive oscillations
in stock markets may increase the uncertainty, and they
even cause the successive devaluations of currencies and
the collapse of the stock markets [2]. )e violent fluctu-
ations of the global stock markets during the period of
extreme events, such as the global financial crisis, have
caused varying degrees of damage to the economy of
countries [3, 4]. )erefore, it is very necessary to explore
the reasons for the increased interdependence of global
stock markets in terms of the academic value and the
practical significance.

Nowadays, affected by the COVID-19 pandemic, the
global financial markets are suffering the severe volatility; as
themost influential stockmarket, the US triggered the circuit-
breaker four times within 9 days, on March 9, March 12,
March 16, and March 18 (local time), respectively, and then
initiated several stock markets, including Canada, Brazil,
South Korea, and Philippines, to activate the circuit-breaker,
and the stock indexes of many countries have plummeted
since March subsequently. )e current complexity of global
stock markets reminds us of the necessity and urgency of
investigating the interdependence between stock markets and
from which derives our research interest.

As for the cause of the cross-correlations between different
stockmarkets, the twomost popular views are the fundamental-
induced correlation and the investors-induced correlation. As
discussed by Pindyck and Roremberg [5], stock prices of
companies in unrelated lines of business move together in re-
sponse to changes in current or expected future macroeconomic
conditions. In the model of Mankiw, macroeconomic variables
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have decisive effects on comovements [6]. King andWadhwani
argued that most of the correlations in return are attributable to
industry effects [7]. However, there are also some studies that
find no evidence to support the fundamental-induced
comovements. Karolyi and Stulz investigated the properties of
cross-country stock return comovements, and the empirical
results show that comovements betweenU.S. and Japanese share
returns are not affected by the macroeconomic announcements
significantly [8]. Also, Connolly and Wang identified that it is
the foreign market return that exerts a dominant influence on
the subsequent domestic market returns, while the economic
fundamentals cannot contribute to the observed comovement of
stock returns in the international equity markets [9].

Subsequently, more and more empirical results sup-
porting the latter interpretation emerged which argue that
transactions of investors strengthen the correlations be-
tween stock markets. Some studies analyze such subject
based on the theory of the wealth effect. Kyle and Xiong
supported that convergence traders’ capacity of bearing
risks reduces when they suffer trading losses, and their
behaviors of liquidating positions in both markets result in
the correlations increasing [10]. Yuan and Brunnermeier
predicted that the correlations between different markets
are stronger during downturns due to the wealth-con-
strained effect of investors [11, 12]. Petmezas and Santa-
maria also provided evidence consistent with the wealth
effect as a source of contagion for the majority of countries
[13]. However, other researchers investigated the investor-
induced correlations from the perspective of portfolio
rebalancing. Hartmann used the nonparametric measure to
study asset return linkages during periods of stress and
found that the probability of crash in the stock market is
twice as likely as the bond market, and during the crisis
period, the evidence of “flight to quality” holds true due to
the investors’ transactions of portfolio rebalancing [14].
And Connolly also reported that the negative correlation of
returns in the stock and bond market as the investors
rebalance portfolios [15].

)e unified conclusion is still not reached, though many
studies conduct detailed analysis for the above two points of
view. )us, we focus on Chinaʼs segment stock market with
the unique institutional feature to investigate which of the
reasons is valid in explaining the cross-correlations of stock
markets: the segment stock markets of the accessible stock
market in Hong Kong and the inaccessible stock market in
themainland China, which are two independent markets but
with the different degrees of openness to foreign investors.
While the previous studies in terms of the segment stock
markets always focus on the matters of the phenomenon of
different stock prices and the causes. Among them, most pay
close attention to the segment stock markets of Chinaʼs
A-share and H-share markets [16–20], and several studies
focus on the U.S. and the other markets [21–23]. However,
different from above research studies, Richard analyzed the
relationship of the segment stock market with the political
risk [24]. Bekaert and Harvey assessed the impact of market
liberalizations in segment equity markets of emerging
countries [25]. In the most recent article closest to our
research, Songsong Li and Nan Xu et al. investigated the

effect of international investors on the multifractal property
in A-share and H-share markets in China, but there is no
further exploration about the cross-correlation with the
global stock market [26].

And different from the aforementioned studies, this
paper expands the research scope of the existing literatures
by exploring the extent of the role of foreign investors on
the correlations between different stock markets utilizing
the feature of the segment stock markets, the A-share and
H-share stock markets in China, which possess the dif-
fering degree of openness. )e shares cross-listed in the
accessible stock market in Hong Kong can be traded by the
foreign investors freely, while the inaccessible one in the
mainland of China is not open to foreign investors due to
the strict restrictions on the transactions to foreign in-
vestors. )e cross-listed shares listed in both the A-share
and H-share markets by the same corporates are exposed to
the same underpinnings, making them the prime candi-
dates to investigate which of the views mentioned above
holds. To compile the two stock indices standing for the
accessible market (AHH) and inaccessible stock market
(AHA), 71 shares cross-listed in both the A-share and
H-share markets are included to construct the desired
indices by computing the capitalization-weighted average
of those prices.

)ere was an important deregulatory reform in the stock
market of China on November 17, 2014, called the Shanghai-
Hong Kong Stock Connect Program (SHSCP) during the
period of our analysis, which permits foreign investors to
purchase several stocks in the inaccessible stock market in
Shanghai Stock Exchange through the Hong Kong Stock
Exchange; such an event promotes us to investigate not only
the differences in correlations in AHA and AHH with the
world before SHSCP but to explore the changes in the
correlation between the AHA and the global stock market
after the stock market deregulation. )e view of supporting
that the fundamental underpinnings cause the correlations
between countries holds when the results show that there are
the similar cross-correlations with the worldwide in both
AHA and AHH, and also, there is no significant change of
correlations with the world in AHA in the two subscenarios.
Meanwhile, the differing degrees of correlations make an-
other point holds true. And the previous studies paid close
attention to the cross-correlations during the crisis period,
while our study concentrates on the noncrisis period.

For the studies measuring the correlations (interdepen-
dence) between different stock markets, most of which are
based on Efficient Market Hypothesis (EMH), employ the
methods of econometric: GARCH [27–30], Copula [31–34],
VAR [35–37], Markov switching model [38], and Pearson
correlation coefficient [39]. However, the traditional methods
based on the efficient market theory cannot describe accurately
the change in the nonlinear, long-range, and complex dynamic
stock markets involving multiple agents and affected by
multiple factors [40]. )us, the theory of Fractal Market Hy-
pothesis (FMH) [41] emerged following the EMH, which
provided the accurate evidence of the correlations from the
perspective of econophysic, and heaps of research studies
employ the econophysic method to investigate the correlations
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between different financialmarkets. As described byGhosh, the
multifractal detrended cross-correlation analysis (MF-DCCA)
[42], the generalized DCCA [43], is a very rigorous and robust
technique for assessment of cross-correlation between two
nonlinear time series [44]; thus, a great number of studies
employed such a tool to explore the cross-correlation of several
fields, such as hydrological processes [45, 46], traffic signals
[47], and geophysical data [48]. )us, in this paper, we utilize
the popular tool of MF-DCCA, to investigate the effect of the
transactions of foreign investors. Also, the methods of the
cross-correlation test and multifractal correlation coefficients
matrices are employed to verify the interdependence of
markets qualitatively and quantitatively. Moreover, a newly
popular method of spillover index proposed by Diedold and
Yilmaz [49, 50] is used to confirmour results further, which not
only provides the magnitude of spillover indices between
markets but the detailed directional spillover indices for each
country. )e results of the methods mentioned above are
consistent in general, which verify that the combination of
these methods is suitable and perfect to explore the interde-
pendence of stock markets.

)e structure of our research is as follows: Section 2
describes the methodology we employed; the sample data
and descriptive statistics are shown in Section 3; Section 4
exhibits the empirical results; and the last part concluded.

2. Methodology

2.1. MF-DCCA. )is multifractal detrended cross-correla-
tion analysis (MF-DCCA) [42], a multifractal generalization
of the seminal DCCA, was first developed by Podobnik [43],
and the method can be described as follows:

(1) Suppose xk, k � 1, 2, . . . , N  and yk, k � 1, 2,

. . . , N} are two time series of length N, then the
“profile” is determined as

X(i) � 
i

k�1
xk − �x , Y(i) � 

i

k�1
yk − x), i � 1, 2, . . . , N,( (1)

where x � (1/N) 
N
k�1 xk and y � (1/N) 

N
k�1 yk is

the mean of xk  and yk , respectively.
(2) Divide the new sequences X(i) and Y(i) into Ns �

int(N/s) nonoverlapping windows of equal length s,
in order to not discard any information of the se-
quence X(i) and Y(i), dividing them on the order of
i from small to large and from the opposite direction
again, and we obtain 2Ns segments totally.

(3) For every s time scale in each segment
v(v � 1, 2, . . . , 2Ns), the least-square is used to fit
the polynomial to get the local trend,

xv(i) � a1i
k

+ a2i
k− 1

+ · · · + ak−2i + ak−1,

yv(i) � b1i
k

+ b2i
k− 1

+ · · · + bk−2i + bk−1,

i � 1, 2, . . . , s; k � 1, 2, . . .

(2)

(4) )en determine the variance.
For v � 1, 2, . . . , Ns,

F
2
(s, v) �

1
s


t

i�1
X((v − 1)s + i) − X

v
(i)


 · Y((v − 1)s + i) − Y

v
(i)


,

(3)

And for v � Ns+1, Ns+2, . . . , 2Ns,

F
2
(s, v) �

1
s



t

i�1
X N − v − Ns( s + i(  − X

v
(i)




· Y N − v − Ns( s + i(  − Y
v
(i)


.

(4)

(5) )e qth order fluctuation function is

Fq(s) �
1

2Ns



2Ns

v�1
F
2
(s, v) 

q/2
]
1/q

.⎡⎣ (5)

In the formula (5), q can take any real number but not
zero; if q � 0, fluctuation function can be rewritten as

F0(s) � exp
1

4Ns



2Ns

v�1
ln F

2
(s, v) 

⎧⎨

⎩

⎫⎬

⎭. (6)

Fq(s) serves as a function of the time scale s and fractal
order q; Fq(s) increases in a power-law relation with the
increase of s,

Fq(s) ∼ s
Hxy(q)

. (7)

)e generalized Hurst exponent Hxy(q), known as the
generalized cross-correlation exponent, serves as the index
to demonstrate whether the two series are multifractal cross-
correlation. When the value of Hxy(q) is the function of q,
the cross-correlation between them are multifractal; oth-
erwise, it is monofractal. When the Hxy(q)> 0.5, the cross-
correlation between two return series related to q is long-
range persistent and antipersistent between the two series
when Hxy(q)< 0.5. If Hxy(q) � 0.5, there is no cross-cor-
relation between them. Moreover, Hxy(q) describes the
scaling behaviors with large fluctuations for positive q, and
on the contrary, for negative q, Hxy(q) describes the scaling
behaviors with small fluctuations, and the greater the range
of the fluctuation of Hxy(q), the stronger the multifractal
cross-correlation between two series.

)e relation between the generalized Hurst exponent
Hxy(q) and multifractal scaling exponent τ(q) can be given
as

τxy(q) � qHxy(q) − 1. (8)

)e curvature of the line of τxy(q) and q corresponds to
the strength of multifractal cross-correlation.

Following the Legendre transformation, the singularity
exponent α and the singularity spectrum f(α) can be
obtained:
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αxy(q) � Hxy + qHxy
′ (q),

fxy(α) � q αxy − Hxy(q)  + 1.
(9)

)e wider spectrum indicated a stronger degree of
multifractal cross-correlation.

In order to measure the degree of multifractality, the
financial risk measure ΔH(q) was proposed by Yuan et al.
[51], as follows:

ΔH(q) � Hmax(q) − Hmin(q), (10)

where ΔH(q) is equal to the difference of Hmax(q) and
Hmin(q), and the lager value is, the stronger multifractal
degree exists; thus, the greater is the risk in market and vice
versa.

2.2. Diebold–Yilmaz VAR-Based Spillover Index. )e Die-
bold–Yilmaz (D.Y.) spillover index is a new spillover index
proposed by Diebold and Yilmaz [48, 49], which utilized the
generalized VAR model of Pesaran and Koop [52, 53]. It
excludes the dependence of the results on orthogonal order
driven by Cholesky decomposition. )e updated spillover
method can not only analyze the total spillover effects but
also the directional spillovers from/to a particular market.

)e N-variable VAR (p) process can be specified as

xt � 

p

i�1
Φixt−i + εt, t � 1, 2, . . . , T, (11)

where xt is an N × 1 vector of return, εt is a vector which
follows independent and identical distribution with
εi ∼ i.i.d.(0,Σ), Σ is a covariance matrix, and Φi is an N × N

matrix of coefficients.
And then, the above VAR process can be represented as a

moving average representation process as xt � 
∞
i�0 Θiεt−i,

and the N × N coefficient matrix Θi can be defined as
Θi � 

p
j�1ΦiΘi−j, whereΘ0 is an N × N identity matrix, and

if i < 0, Θ0 � 0. Moreover, spillover index is based on the
generalized variance decompositions of Pesaran and Koop
[51, 52]. So, the forecast error matrix with an H-period
horizon, DH � [dH

ij ], can de refined by

d
H
ij �

σ−1
jj 

H−1
h�0 ei
′Θhεej 

2


H−1
h�0 ei
′ΘhεΘh

′ej 
, (12)

where Σε is a variance-covariance matrix of the error ε, σjj is
the jth term on the diagonal of Σε, and ei (ej) is a selection
vector with an ith (jth) element equal to the unit and zero
otherwise.)e error terms are not orthogonal.)us, the sum
of the elements in each row of dH

ij is not equal to 1:


N
j�1 dH

ij ≠ 1. To make use of the information available on
invariance decomposition matrix to calculate the compa-
rable magnitudes of the spillovers, Diebold and Yilmaz
normalize the elements of DH as follows [49, 50]:

d
H

ij �
d

H
ij


N
j�1d

H
ij

. (13)

)is normalization produces such properties as


N
j�1

d
H

ij � 1 and 
N
i,j�1

d
H

ij � N.
)e total spillover index, SH

total, which measures return
spillovers of the global markets, is defined as

S
H
total �


N
i,j�1
i≠j

d
H

ij


N
i,j�1

d
H

ij

× 100 �
1
N



N

i,j�1
i≠j

d
H

ij × 100. (14)

Directional spillover of market i received from all other
markets j (SH

i←•) and transmitted to all other markets j

(SH
•←i) can be measured as followed:

S
H
i←• � 

N

j�1
j≠i

d
H

ij × 100,

S
H
•←i � 

N

j�1
j≠i

d
H

ij × 100.

(15)

3. Data and Descriptive Statistics

To investigate the effect that the foreign investors have on the
cross-correlations between stock markets, we choose the
sample of two stock indices from the segment stock markets
(A-share and H-share) of China and the other ten respective
stock indices of the global stock market—the U.S.’s S&P500
Index (USA), U.K.’s FTSE100 (UK), France’s CAC40 (FRA),
Germany’s DAX (GER), Taiwan’s TWSE (TAI), Japan’s
Nikkei 225 (JAP), Korea’s KOSPI (KOR), )ailand’s SET
(THAI), Singapore’s Straits Times Index (SIN), and Aus-
tralia’s AS51 (AUS) from 01 January 2010 to 31 December
2019.

Since Chinese stock market does not provide the stock
indices for cross-listed in the segment stock markets, we
collect the daily closing prices of cross-listed shares of 71
companies listed and delisted after 01 January 2010 to
compile the two indices, which cross-listed in the A-share
market and the H-share market, respectively. And during
our sample period, there is a milestone event happened, the
Shanghai-Hong Kong Stock Connect Program (SHSCP) on
November 17, 2014, which splits the whole sample into the
two subsamples to investigate the role of the foreign in-
vestors on cross-correlation between countries; the pre-
period refers to the period from 01 January 2010 to the day
before the SHSCP, and the period from the day of the SHSCP
to 31 December 2019 denotes the postperiod.

We follow Nishimura [54] to compile the indices by
calculating a capitalized-weighted average of stock closing
prices for cross-listed stocks, and the index on day t is
computed as

Indexm
t � 

71

l�1
δl(m)

t p
l(m)
t , (16)

where
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δl(m)
�

V
l(m)
t p

l(m)
t


71
l�1V

l(m)
t p

l(m)
t

. (17)

In the expressions above, p
l(m)
t is the price of stock l in

market m (m �China mainland, Hong Kong) on day t, V
l(m)
t

refers to the number of shares of stock l in the market m on
day t, and the return is calculated as rt � ln(pt/pt−1), where
pt is the closing index value at time t. Prices of cross-listed
stocks on the A-share market and H-share market and the
number of shares were all retrieved from the Wind database.

)e descriptive statistics of the return series for AHA,
AHH, and the other ten indices for the overall period are
presented in Table 1. We can find that AHH is higher than
AHA in terms of the values of maximum, minimum, and
standard error, indicating that compared to AHA, the index
return series of AHH fluctuates more fiercely; thus, the
market risk is higher in AHH than AHA. We can also find
that the mean of all indices return series are positive, and the
skewness values of them in Table 1 are all different from and
less than 0, meaning that return series for the twelve indices
are featured in a longer left tail than the right one. Moreover,
the kurtosis values of all series during the sample period are
greater than 3 significantly, thus indicating that the distri-
butions are peaked with extreme values. Both the values of
kurtosis and skewness reject the null hypothesis of Gaussian
normal distribution, but with the distributions of asym-
metric, fat-tailed, and non-Gaussian, and the J.B. statistic
test also confirm this finding clearly (at a significance level of
1%), which indicate that most series may present the features
of long memory.

4. Empirical Results

4.1. Results of the Cross-Correlation Test and Coefficient
Matrix. A new cross-correlation statistic proposed by
Podobnik [43], similar to the Ljung–Box test [55], is
employed to analyze the cross-correlation between AHA,
AHH, and the other ten indices return series qualitatively.
)e cross-correlation statistic between two series x(i){ },
y(i)  with the same length N functions as follows:

Ci �


N
k�i+1xkyk−i������������


N
k�1x

2
k

N
k�1y

2
k

 . (18)

)en, the cross-correlation test statistic is

Qcc(m) � N
2



m

i�1

C
2
i

N − i
, (19)

which is approximately χ2(m) distributed with m degree of
freedom. )e cross-correlation test agrees well with the
distribution of χ2(m) if there is no cross-correlation between
two-time series. )e cross-correlation is significant if the
cross-correlation test exceeds the critical value of the χ2(m)

distribution. Moreover, we describe the critical value of the
χ2(m) at 10% significance level with the degree of freedom
varying from 1 to 1000 to test the cross-correlation
qualitatively.

As we can see from Figure 1, the two subplots (a) and (b)
show that the long-range cross-correlations existing in both
AHA (the left one) and AHH (the right one) with the other
ten indices return series at 10% level of significance over the
entire sample period, and the stronger cross-correlation can
be seen between AHH and other ten pairs than AHA’s.

After testing the qualitative cross-correlations in the
samples, we apply a newmethod, the multifractal correlation
coefficients matrix, proposed by Podobnik [56] to verify the
results above further, the function as follows:

ρDCCA �
F
2
DCCA(n)

FDFA1 n{ }FDFA2 n{ }

. (20)

)e value of ρDCCA ranges between −1 and 1 when ρDCCA
equal zero means no cross-correlation between the two
series, and the level of cross-correlation between positive
and the negative case is split when ρDCCA takes the positive
and negative value, respectively. We calculate the values of
ρDCCA based on different values of window size s (s �16, 32,
64, 128, 256, and 512) to analyze the time-varying cross-
correlations quantitatively. )e larger time scales of s cor-
respond to the long-term interdependence between two
series, while the small scales denote the short-term
comovement, that is, contagion as we described. And the
larger absolute value of ρDCCA is associated with the stronger
multifractal cross-correlation and vice versa.

Instead of presenting the values of each cross-correlation
coefficients, we make this form of innovation, in which the
size of the values corresponds to the depth of the color for
each grid; the dark blue denotes the least values of cross-
correlation coefficients, the dark red stands for the maxi-
mum, and so on. Cross-correlation coefficients (ρDCCA)

matrices of AHA and AHH with the other ten stock indexes
pairs with the different window sizes (s� 16, 32, 64, 128, 256,
and 512 days) are shown in Figure 2; the subplots (a) and (b)
exhibit the empirical results for the preperiod and the
postperiod, respectively, and in each subplot, ρDCCA matrix
of AHA and other ten pairs is shown on the upper, while the
lower one is AHH’s.

In the subplot (a), we can see the significant contrast in
color between the matrices of AHA and AHH, and the much
dark color modules such as dark blue is associated with the
lower values of ρDCCA, which can be seen in most lattices of
AHA’s, showing that the multifractal correlation coefficients
of AHA with the other ten pairs are much smaller than
AHH’s among all the different window sizes, which imply
the stronger multifractal cross-correlation of AHH with the
global stock market than AHA for the preperiod. While as
for the different scales of correlation coefficients, we find that
the much stronger correlations exist in the large time scales
than the short scales, which correspond to the stronger long-
term interdependence between stock markets but no con-
tagion among these markets in the short-term period.

)e calculation results of the cross-correlation coeffi-
cients (ρDCCA) after the SHSCP are presented in the subplot
(b); we find that the comparison in color of matrices between
AHA and AHH in the early stage tends to relax after the
SHSCP, which denotes that the correlations between AHA,
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AHH, and the global stock market are showing a consistent
trend increasingly. Compared to the matric in the subplot
(a), the greater values of the correlation coefficients in AHA
imply that the multifractal cross-correlation between AHA
and the other ten stock markets strengthened obviously in
the postperiod. And same to the results of the preperiod,
TAI, KOR, and SIN possess the top three strongest corre-
lations with the two indices among the selected countries
and the least one in AUS. )e stronger interdependence
between AHA, AHH, and other stock markets exists in the
long-term scales than the short-term scales.

4.2. Analysis Results of MF-DCCA. In this section, we em-
ploy the tool of MF-DCCA to explore the role of the foreign

investors in the cross-correlation between different stock
markets. And the whole sample is divided into two sub-
samples of the preperiod and the postperiod for a better
comparative analysis. As for the parameters need to be
identified in the methodology, we follow Zhang et al. [57] to
set the fitting polynomial order k equals 1, with the purpose
of avoiding overfitting, and the time scale s in the range of 10
to N/4. (N refers to the length of the sample)

4.2.1. Preperiod Analysis. Figure 3 shows MF-DCCA anal-
ysis of AHA and AHH with the other ten pairs in the
preperiod; the subplots (a), (b), and (c) exhibit the gener-
alized Hurst exponentH (q), multifractal exponent t (q), and
singularity spectrums using the tool of MF-DCCA,

Table 1: Descriptive statistics of the return series for AHA, AHH, and the other ten pairs for the overall period.

Mean Maximum Minimum Std. dev Skewness Kurtosis JB
AHA 6.57E− 05 3.49E− 02 −8.64E− 02 7.59E− 03 −0.7406 12.6715 9437.571∗∗∗
AHH 8.67E− 05 4.03E− 02 −1.30E− 01 8.09E− 03 −1.5908 32.9273 89293.1∗∗∗
USA 1.72E− 04 2.01E− 02 −2.99E− 02 4.05E− 03 −0.5789 7.6674 2221.959∗∗∗
UK 2.83E− 05 2.19E− 02 −2.08E− 02 3.99E− 03 −0.2193 5.6379 696.606∗∗∗
FRA 7.13E− 05 4.00E− 02 −3.64E− 02 5.25E− 03 −0.1865 7.6521 2147.278∗∗∗
GER 1.37E− 04 2.26E− 02 −3.07E− 02 5.13E− 03 −0.3263 5.8222 821.267∗∗∗
TAI 5.03E− 05 1.94E− 02 −2.83E− 02 4.01E− 03 −0.6491 7.1385 1791.103∗∗∗
JAN 1.65E− 04 3.23E− 02 −4.84E− 02 5.68E− 03 −0.5379 8.7415 3180.539∗∗∗
KOR 6.43E− 05 2.13E− 02 −2.79E− 02 4.03E− 03 −0.4767 7.3007 1859.629∗∗∗
THA 1.36E− 04 2.30E− 02 −2.52E− 02 4.09E− 03 −0.2728 6.9471 1479.908∗∗∗
SIN 6.73E− 06 1.43E− 02 −1.91E− 02 3.36E− 03 −0.3197 5.0626 448.831∗∗∗
AUS 2.82E− 05 2.29E− 02 −2.50E− 02 3.80E− 03 −0.3408 5.6551 730.146∗∗∗

Note. ∗∗∗1% significance level.
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Figure 1:)e cross-correlation statistic between AHA, AHH, and the other ten indices prices returns series (e.g., USA, UK, FRA, and GER)
for the overall period with the degree of freedom varying from 1 to 1000. Note: this figure shows the cross-correlation statistic; in each
subplot, the left one shows the statistic result of AHA with the other ten pairs and the right one exhibits the AHH’s. )e black line
corresponds to the critical value (at 10% significance level).
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respectively. )e left plot of each subplot shows the MF-
DCCA analysis of AHAwith the other ten pairs and the right
one is AHH’s.

In the subplot (a), we can see that the generalized Hurst
exponent H (q) is the function of q, and decrease with the
growth of q in both AHA and AHH series, which indicates
the cross-correlations between AHA, AHH, and the other
ten pairs, is multifractal significantly; the generalized Hurst
exponent H (q) in AHH’s fluctuate much fiercely than in
AHA’s, and the values ofH (q) in AHH are larger than AHAs
with other ten series among all the range of q before the
SHSCP. We find that almost all values of H (q) related to
both positive and negative values of q of AHA with other ten
markets are slightly larger than 0.5, which denote the slightly
long-range persistent of large and small fluctuations that
exist between AHA and other stock markets. As for AHH,
for the negative q, the values of H (q) are larger than 0.5,
which identify that the series of AHH and other stock
markets are cross-persistent, so that a positive (negative)
value of return is more statistically probable to be followed
with another positive (negative) value [58], while for the
positive q, Hxy(q)< 0.5 exist in AHH with all the other ten
pairs; thus, the cross-antipersistent exist in them, which
corresponds to the scaling behaviors that a positive (nega-
tive) value of return is more statistically probable to be
followed with another negative (positive) value. Also, the
degree of multifractality index ΔHq shown in Table 2 ex-
hibits the stronger multifractal cross-correlations in AHH
with other markets for the preperiod, which means com-
pared to AHA, AHH shares the much stronger comove-
ments of the stock fluctuations with other ten pairs together.

)en, the multifractal exponent t (q) of AHH in the
subplot (b) (the right one) exhibits the more pronounced
bending than AHA, which confirm that the much stronger
multifractal cross-correlations with the other ten stock

markets are in AHH than AHA.)e convex parabolic shapes
of the singularity spectra in the subplot (c) identify the
multifractal cross-correlation in both two indices series and
the width of singularity spectrums, which serves as the index
of identifying the multifractal strength; we find that the
width of spectrums for AHH with other ten pairs are much
larger than AHA’s on the left, showing the much stronger
multifractal cross-correlations in the accessible stock mar-
ket. )at is, to say, the multifractal strength in cross-cor-
relations of AHAwith ten pairs is much smaller than AHH’s,
which may be attributed to the scarcity of the transaction of
foreign investors.

4.2.2. Postperiod Analysis. )eMF-DCCA analysis after the
Shanghai and Hong Kong Stock Connect Program on 17
November 2014 is presented in Figure 4. )e subplots (a),
(b), and (c) exhibit the analysis results of generalized Hurst
exponent H (q), multifractal exponent t (q), and singularity
spectrums utilizing the tool of MF-DCCA, respectively, and
for each subplot, the left plot shows the result of the AHA
and the right one is AHH’s.

We can see that the generalized Hurst exponent H (q) in
the subplot (a) is the function of q and fluctuates with the
change of q, which indicates the multifractal cross-corre-
lations between AHA, AHH, and the other ten pairs after the
SHSCP, and the contrast difference of the fluctuation be-
tween them in the preperiod even cannot be seen after
reducing the regulation of the investment barriers for for-
eign investors in the AHA market, thus they share the much
similar fluctuation ofH (q), and the values of ΔHq in Table 2
can also identify this result. We find the value of H (q) is
larger than 0.5 for the negative q, and the value of H (q) is
smaller than 0.5 for positive q for AHA with other ten stock
markets in the postperiod; the above results provide the
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Figure 2: Cross-correlation coefficients matrix between AHA, AHH, and other ten stock indices pairs for the preperiod (a) and the
postperiod (b). Note: this figure shows the variations of multifractal cross-correlation exponents; in each subplot, the higher one shows the
coefficients of AHA with the other ten pairs and the lower one exhibits the AHH’s. We quantify the ρDCCA for different window sizes (s� 16,
32, 64, 128, 256, and 512 days).
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evidence that AHA’s lager fluctuations with other ten pairs
are persistent, while the small fluctuations are antipersistent
with them, which confirm that after the openness reform of
SHSCP, the interdependence between AHA and the other

ten markets have been transferred from the slightly corre-
lations to two-way fluctuation relationship.

Moreover, the bending curve of exponent t (q) can be
seen in the subplot (b), and there is even no difference
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Figure 3: MF-DCCA analysis of AHA, AHH, and the other ten pairs for the preperiod. (a) Generalized Hurst exponent as a function of (q).
(b) Multifractal exponent as a function of (q). (c) Singularity spectrums.
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between the curvature of the lines in AHA and AHH, which
identifies the fact that with the end of the segment stock
market of the A-share and H-share markets, the inaccessible
stock market (AHA) strengthen the multifractal cross-
correlations with the global stockmarket significantly. As for
the singularity spectrums in the subplot (c), we can still find
the shape of convex parabolic in it, which confirms the
multifractal cross-correlation between AHA and AHH with
the other markets, while the transactions of foreign investors
may benefit in reducing the divergence between the mul-
tifractal correlations of AHA and AHH with the world after
the SHSCP.

From the analysis based on the tool of multifractal, we
provide the evidence that the role of foreign investors may
strengthen the multifractal cross-correlations of the stock
markets. Moreover, the further detailed analysis, even the
directional spillovers of each country, is discussed in the
following.

4.3. Results of D.Y. Spillover Index. As for the question
mentioned in the study by Zhou [59], finite size effects in
time series may cause the strong multifractal of time series
and are amplified additionally by memory effects in series
[58], which may have an effect on the credibility of our
research to reach a conclusion of the effect of foreign in-
vestors on the cross-correlations between different stock
markets.)us, to further discuss and verify the effect that the
foreign investor have on the correlations (interdependence)
between stock markets, we employ the tool of Die-
bold–Yilmaz spillover index to investigate the particular
relations between each market. Moreover, to enhance rig-
orous of our result, we follow Diebold and Yilmaz to utilize
the data of weekly frequency in our study, and the empirical
analysis of D.Y. spillover index for the two subperiods are
showing as follows.

Table 3 shows the return fluctuation spillover structure
of AHA, AHA, and the other ten pairs in the preperiod when
the A-share and H-share markets are still in the stage of the
segmentation, and the spillover indices are calculated based
on VAR of order 1 and a 2-week ahead forecast error de-
composition, which is based on the Akaike information
criterion (AIC). )e numerical values of the diagonal part
are marked in blue, which is more significant than other
pairwise representing the part of the country’s stock market
fluctuations explained by themselves, the values in each
column and row stand for spillover index received from
other markets and spillover index given to others, a total of

which exhibited in Table 3 named “FROM,” “TO,” and
“NET” is the difference between them.

We can see the “Total” equals 75.89%, which means that
more than three-quarters of the forecast error variance in the
whole sample comes from spillovers and less than one-
quarter correlation is determined by the internal factors.
Moreover, spillover index of AHH is larger than AHA in
terms of “FROM,” “TO,” and “NET.” As shown in Table 3,
the value of AHA receiving and transmitting the total
spillover from/to other market is 60.16% and 31.11%, re-
spectively, less than the values of 76.53% and 74.50% of
AHH. To maintain the comparability of empirical results
with the symmetric measure of multifractality above, we set
the parameter “Total Correlation” as the sum of “TO” and
“FROM,” which corresponds to the total correlation with the
whole stock markets except the market itself. We can cal-
culate the “Total Correlation” of AHA and AHH as 91.27%
(31.11%+ 60.16%) and 151.03% (74.50%+ 76.53%), respec-
tively, for the preperiod, from which we can conclude that
the correlation with the global stockmarket is much stronger
in AHH than AHA.

Apart from total spillover index of AHA and AHH with
the global stock market, we can also find the details of the
spillovers between AHH, AHH, and other markets indi-
vidually in Table 3, from which we see the larger spillovers
from/to each market existing in AHH than AHA, which
provides evidence that the H-share market is more sensitive
to the fluctuation of other stock markets than the A-share
due to the participation of foreign investors. )ough the
evident divergence exists in AHA and AHH, some common
points are also found that the top three largest spillovers with
AHA and AHH are TAI, KOR, and SIN, the same with the
results of multifractal analysis above. Moreover, another
interesting finding is the “NET” element; positive values are
observed only for the developed stock market, such as AME,
ENG, FRA, and GER, confirming that they are the NET
transmitters of spillover to other markets.

Table 4 shows the return fluctuation spillover structure of
AHA, AHA, and the other ten pairs after the end of segment
stock markets of the A-share and H-share, and the spillover
indices are calculated based on VAR of order 1 and a 2-week
ahead forecast error decomposition, which is based on the
Akaike information criterion (AIC). In the stage of integration
stock market of the A-share and H-share, the total spillover
77.28% is also larger than three-quarters, implying that the
spillover explains most of the fluctuations for the whole sample.

Since the difference of whether shares are open to foreign
investors between AHA and AHH disappeared after the

Table 2: Multifractal degree ΔHq based on the MF-DCCA.

ΔHq USA UK FRA GER TAI JAN KOR THA SIN AUS
Preperiod
ΔH(q) AHA 0.0604 0.1024 0.0918 0.1054 0.1188 0.1337 0.1013 0.1083 0.1068 0.0711
ΔH(q) AHH 0.1517 0.2018 0.2051 0.1753 0.1966 0.2136 0.1551 0.2240 0.2169 0.2183
Postperiod
ΔH(q) AHA 0.2124 0.2153 0.1460 0.1189 0.1356 0.2197 0.1304 0.2077 0.1133 0.0850
ΔH(q) AHH 0.1862 0.1251 0.1016 0.1181 0.1538 0.1253 0.1873 0.1221 0.0821 0.0573
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conduct of the Shanghai and Hong Kong Connect Program,
the two markets sharing the same openness and without any
restrictions for foreign investors to step into, we can see that

the from/to spillovers of AHA increased compared to the
preperiod from 60.16% and 31.11% to 65.53% and 45.60%
evidently, and the “Total Correlation” of AHA and AHH for
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Figure 4: MF-DCCA analysis of AHA, AHH, and the other ten pairs for the postperiod. (a) Generalized Hurst exponent as a function of q.
(b) Multifractal exponent as a function of q. (c) Singularity spectrums.
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the postperiod is 110.93% (45.60%+ 65.33%) and 137.42%
(65.37%+ 72.05%), respectively, which identifies the nar-
rowed difference in correlations between AHA, AHH, and
the global stock market. As for the from/to spillover for
AHA and AHH with each market, we can also find the three
largest values that exist in TAI, KOR, and SIN, which possess
the strongest correlations with AHA and AHH, besides the
weakest correlation in AUS. )e same results as the pre-
period; the positive net spillovers are still for developed stock
markets such as AME, ENG, and GER.)ough AHA is still a
receiver of spillover in the postperiod, the net spillover al-
ready increased from −29.05% to −19.73%, which means the
impact of the stock market in the mainland China on the
global markets is growing gradually with the deregulation of
the capital market step by step. While it is still greatly af-
fected by the international stock market, thus, more regu-
lation reforms need to be conducted gradually to open

China’s stock market to foreign investors and enhance the
influence of China’s capital market.

)e analysis in this section shows that much larger
spillovers can be found in AHH than AHA in the preperiod.
While after the liberation of the inaccessible stock market,
the spillovers of AHA with the global stock markets
strengthened significantly compared to the preperiod. Both
the comparison of AHA and AHH in the preperiod and the
contrast of AHA in the two subperiods all confirm the effect
that the foreign investors have on the correlation of stock
markets.

5. Robustness Test

Apart from the significant divergence of degree of openness
between accessible and inaccessible stock markets, there are
also several differences that exist in the shares cross-listed in

Table 3: Preperiod sample return spillover table.

AHA AHH USA UK FRA GER TAI JAN KOR THA SIN AUS FROM
AHA 39.84 17.96 4.01 4.87 3.41 3.07 5.11 2.36 5.35 2.38 6.56 5.08 60.16
AHH 10.64 23.47 5.54 6.38 5.50 5.65 7.35 5.53 8.55 5.04 9.73 6.63 76.53
USA 1.69 4.11 17.97 13.47 13.14 12.60 6.05 6.01 6.60 2.73 6.61 9.01 82.03
UK 1.93 4.33 12.64 16.80 13.19 12.50 6.28 5.81 6.73 2.39 7.31 10.08 83.20
FRA 1.35 3.98 12.78 13.67 17.34 14.51 6.16 5.84 6.87 2.17 6.62 8.69 82.66
GER 1.19 4.20 12.56 13.25 14.94 18.00 6.06 5.68 7.07 2.23 6.88 7.94 82.00
TAI 2.66 6.40 7.24 7.94 7.38 7.04 21.25 5.90 11.99 3.92 9.77 8.50 78.75
JAN 1.47 5.82 8.55 8.75 8.46 7.97 6.88 24.96 6.82 2.54 9.52 8.27 75.04
KOR 2.64 7.17 7.32 7.95 7.83 7.76 11.30 5.44 19.72 4.41 10.13 8.32 80.28
THA 2.22 7.60 5.61 5.54 4.51 4.38 6.54 3.75 7.92 35.49 11.33 5.10 64.51
SIN 3.00 7.62 7.35 8.49 7.39 7.29 8.56 7.11 9.71 5.81 18.78 8.88 81.22
AUS 2.29 5.29 9.64 11.45 9.58 8.59 8.11 6.31 8.24 2.53 8.90 19.05 80.95
TO 31.11 74.50 93.23 101.77 95.34 91.37 78.40 59.73 85.85 36.16 93.36 86.52 Total� 75.89
NET −29.05 −2.03 11.20 18.57 12.68 9.37 −0.35 −15.31 5.57 −28.35 12.14 5.57
Note. )e upper-left 12×12 market submatrix gives the ijth pairwise directional spillover index. )e “FROM” column gives total directional connectedness of
from, which is the row sums.)e “TO” row gives total directional connectedness of to, which is the column sums. )e “NET” row measures the difference in
total directional connectedness (TO–FROM). )e bottom-right element “Total” is the mean of “FROM,” or equivalently, mean of “TO,” which mirrors the
total connectedness.

Table 4: Postperiod sample return spillover table.

AHA AHH USA UK FRA GER TAI JAN KOR THA SIN AUS FROM
AHA 34.67 23.22 4.83 3.15 4.91 5.04 5.49 3.37 4.39 3.29 6.80 0.83 65.33
AHH 18.77 27.95 4.91 3.46 5.19 5.51 8.81 4.44 6.59 3.50 8.99 1.88 72.05
USA 2.68 3.35 21.28 10.17 10.53 9.58 6.98 8.76 7.64 4.38 7.47 7.18 78.72
UK 2.18 2.85 10.43 21.17 13.17 11.06 5.88 7.13 7.15 4.59 7.05 7.34 78.83
FRA 2.81 3.61 8.99 11.20 17.99 15.46 5.71 9.87 7.23 4.75 6.80 5.58 82.01
GER 2.93 4.05 8.78 10.07 16.47 19.09 5.58 9.83 6.81 4.29 6.50 5.61 80.91
TAI 3.61 7.22 7.53 6.22 7.18 6.66 23.01 6.42 11.99 5.50 9.29 5.37 76.99
JAN 2.14 3.49 8.96 6.94 12.03 11.29 5.98 21.73 8.76 3.60 8.32 6.76 78.27
KOR 2.56 5.06 7.72 7.16 8.78 7.87 11.31 8.74 21.66 4.86 8.92 5.35 78.34
THA 2.95 3.72 6.71 6.98 8.48 7.22 7.34 5.41 6.74 31.75 7.47 5.22 68.25
SIN 4.13 6.83 8.10 7.82 8.68 7.63 8.50 7.90 8.58 4.96 20.92 5.95 79.08
AUS 0.85 1.97 9.27 9.35 8.59 8.09 6.34 8.54 6.61 4.45 7.90 28.04 71.96
TO 45.60 65.37 86.23 82.52 104.01 95.42 77.92 80.41 82.50 48.17 85.51 57.08 Total= 77.28NET −19.73 −6.68 7.51 3.69 22.00 14.51 0.93 2.14 4.16 −20.08 6.43 −14.88
Note.)e underlying variance decomposition is based upon VAR of order 1, and the predictive horizon is 2.)e upper-left 12×12market submatrix gives the
ijth pairwise directional spillover index. )e “FROM” column gives total directional connectedness of from, which is the row sums. )e “TO” row gives total
directional connectedness of to, which is the column sums. )e “NET” row measures the difference in total directional connectedness (TO–FROM). )e
bottom-right element “Total” is the mean of “FROM,” or equivalently, mean of “TO,” which mirrors the total connectedness.
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both A-share and H-share markets in China, such as the
rules of transaction, limits on fluctuations, and so on, which
may influence the different behaviors in the stock market of
AHA and AHH. )us, to enhance the credibility of our
research, we follow the method of Li et al. [26] to employ
Shanghai Composite Index (SHCI) of Shanghai Stock Ex-
change in mainland China to serve as the proxy of inac-
cessible stocks after the openness reform of SHSCP because
it is an extremely difficult and complex work to compile the
inaccessible stock index with those shares inaccessible to
foreign investors after the openness reform.

It seems problematic to make the SHCI as the proxy
index of inaccessible stocks due to the fact that there are
about half of the shares included in SHCI that became
accessible after the reform. As the AHA and SHCI expose to
the same trading system and are restricted to the same
regulations of transaction in Mainland China, taking SHCI
as the proxy may underestimate the effect of openness be-
cause it is not the index that cannot be traded by foreign
investors at all after SHSCP but with half of newly accessible
shares to foreigners. While if the empirical results exhibit
that the values of spillover index of SHCI are smaller than
AHA’s in the postperiod slightly, we can conclude that the
foreign investors indeed strengthen the correlations between
different stock markets confidently. )erefore, the use of
SHCI as such a proxy of the inaccessible market for the
postperiod is reasonable and feasible.

)e return fluctuation spillover matrix of SHCI, AHA,
and the other ten pairs in the preperiod when the A-share
andH-sharemarkets are still in the stage of the segmentation
is shown in Table 5, and the spillover indices are calculated
based on VAR of order 1 and a 2-week ahead forecast error
decomposition, which is based on the Akaike information
criterion (AIC).

We suppose that the values of their spillover index will be
similar because both the SHCI and AHA are all inaccessible
to foreign investors before the openness reform of SHSCP.
)us, the D.Y. spillover index tool is utilized again to identify

our hypothesis. And the empirical results are shown in
Table 5. SHCI receives and transmits the total spillover from
and to other markets at 56.36% and 27.13%, which is similar
to the spillover indices of AHA shown in Table 3, 60.16% and
31.11%, respectively. As for each spillover index between
SHCI, AHA, and other markets individually, we can find
that there is almost no difference between the values of
indices of SHCI and AHA with other market pairs. )e
calculated values of the “Total Correlation” of SHCI and
AHA in the preperiod is 83.49% and 91.27%, respectively, in
which there is no evident difference between them because
the two indices of SHCI and AHA are all inaccessible to
foreign investors, and they expose to the same regulations of
transaction in Mainland China before the openness reform
of SHSCP. )us, the similar results of the spillover effect
exist in SHCI and AHA, which just confirm our hypothesis
mentioned above. And we also find that similar to AHA,
SHCI is also affected strongly by other stockmarkets, while it
is not responsive to the stock return fluctuations of other
pairs.

Table 6 shows the return fluctuation spillover structure
of SHCI, AHH, and the other ten pairs after the end of
segment stock markets of the A-share and H-share, and the
spillover indices are calculated based on VAR of order 1 and
a 2-week ahead forecast error decomposition, which is based
on the Akaike information criterion (AIC).

From Table 6, we can find that the total TO and FROM
spillover index of SHCI have a small increase from 27.13% to
36.20% and from 56.36% to 59.67%; compared with results
of AHA shown in Table 4, the spillover ones increase from
31.11% to 45.60% and from 60.16% to 65.53% evidently, and
the larger difference of spillover index at the two stages of
before and after the Shanghai-Hong Kong Stock Connect
Program exists in AHA. Because AHA is transferred to be
accessible to foreign investors after the reform, the larger
spillovers can be seen in it, while, as for SHCI, serving as the
proxy of inaccessible to foreign investors after the openness
reform, also strengthen the correlation with other stock

Table 5: Return spillover table of SHCI with other stock markets in the preperiod.

SHCI AHH USA UK FRA GER TAI JAN KOR THA SIN AUS FROM
SHCI 43.64 15.68 3.91 4.90 3.44 2.58 4.67 2.74 5.63 2.37 5.02 5.43 56.36
AHH 8.69 24.06 5.62 6.50 5.62 5.77 7.52 5.61 8.73 5.17 9.93 6.77 75.94
USA 1.53 4.09 18.02 13.50 13.18 12.63 6.09 6.01 6.61 2.71 6.62 9.02 81.98
UK 1.83 4.32 12.66 16.84 13.20 12.51 6.34 5.80 6.73 2.36 7.32 10.09 83.16
FRA 1.27 3.98 12.80 13.68 17.37 14.52 6.24 5.82 6.87 2.14 6.63 8.69 82.63
GER 0.99 4.20 12.59 13.28 14.97 18.06 6.12 5.67 7.08 2.20 6.89 7.95 81.94
TAI 2.25 6.40 7.27 8.00 7.47 7.10 21.26 5.92 12.03 3.96 9.80 8.55 78.74
JAN 1.59 5.77 8.55 8.74 8.43 7.94 6.91 24.99 6.81 2.50 9.52 8.25 75.01
KOR 2.56 7.16 7.32 7.95 7.84 7.76 11.35 5.44 19.76 4.40 10.14 8.32 80.24
THA 1.91 7.66 5.60 5.52 4.48 4.35 6.64 3.72 7.93 35.72 11.38 5.10 64.28
SIN 2.21 7.66 7.40 8.56 7.46 7.35 8.66 7.16 9.79 5.85 18.95 8.95 81.05
AUS 2.30 5.28 9.63 11.45 9.58 8.58 8.16 6.30 8.24 2.51 8.90 19.07 80.93
TO 27.13 72.19 93.35 102.08 95.66 91.10 78.71 60.18 86.44 36.16 92.14 87.12 Total� 76.86NET −29.23 −3.75 11.37 18.92 13.03 9.15 −0.03 −14.83 6.20 −28.12 11.09 6.19
Note. )e underlying variance decomposition is based upon a VAR of order 1, and the predictive horizon is 2. )e upper-left 12×12 market submatrix gives
the ijth pairwise directional spillover index. )e “FROM” column gives total directional connectedness of from, which is the row sums. )e “TO” row gives
total directional connectedness of to, which is the column sums.)e “NET” rowmeasures the difference in total directional connectedness (TO–FROM).)e
bottom-right element “Total” is the mean of “FROM,” or equivalently, mean of “TO,” which mirrors the total connectedness.
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markets with a small increase, which can be explained by the
fact that there are still about half of shares that are trans-
ferred to be tradable to foreign investors, so the small growth
exists in it.

)e empirical result derived from the comparison be-
tween AHA and AHH before and after the openness reform
is not enough to reach the conclusion that foreign investors
enhance the correlations between different stock markets
because there are also other factors that may affect the results
of our research. )us, the index of SHCI is selected as the
proxy of inaccessible stock market after the reform to in-
vestigate the effect of foreign investors in strengthening the
correlations between different stock markets, which is a
suitable and perfect parameter tool to support our research.
And the analysis with SHCI also provides the significant
evidence that after the openness reform, the inaccessible
stock market was transferred to the accessible one, which
relaxed the limitations of transaction to foreign investors,
thus enhancing the correlation with the global stock market.

6. Conclusion

In this paper, we investigated the effect that the foreign
investors have on the cross-correlations between different
stock markets from the aspect of the segment stock market,
and the methodologies of the multifractal detrended cross-
correlation analysis (MF-DCCA) and Diebold–Yilmaz
spillover index we employed confirm the consistent con-
clusion that the foreign investors indeed enhance the cross-
correlations between different markets. )e unique feature
of the segment stock market of the A-share and H-share
markets makes China’s stock market the suitable and perfect
sample to be utilized to conduct our research.

)e tool of the cross-correlation test provides the
qualitative evidence that the significant cross-correlations
exist in both AHA and AHH with the global stock markets

for the whole sample. )e results of the coefficient matrices
of cross-correlation and MF-DCCA identify that the mul-
tifractal cross-correlation coefficients of AHH with the other
ten stock markets are much larger than AHA’s in the
preperiod, and the strengthened interdependence between
AHA and the other ten pairs can be seen after the Shanghai-
Hong Kong connect Program on November 17, 2014. An-
other new method of spillover index is borrowed from
Diebold and Yilmaz to explore directional spillovers of AHA
and AHH with global stock markets, and the conclusions
derived from the D.Y. spillovers are consistent with the
analysis of the multifractal tools in general. Moreover,
Taiwan, Korea, and Singapore exhibit the strongest corre-
lations with AHA and AHH among these markets for the
whole sample; in contrast, the weakest correlation is in the
Australia market, which may provide some advisable ref-
erence for the diversification investment of investors.

With the integration of the global stock markets, the
correlations between countries are becoming stronger, and
such integration progression indeed benefits the flow of the
capital to find the optimal investment opportunity, while the
stockmarkets also suffer from the intensive fluctuation at the
same time. )e catastrophic damages caused by the global
financial crisis on the worldwide countries always remind us
that it is urgent to investigate the reason that causes the
strengthened interdependence between different stock
markets, which may help in reducing the damage to
countries’ economics, and preventing such extreme events
from happening again. And this paper may contribute to the
studies in exploring the factors that affect the interdepen-
dence between countries from a novel point of view.

Data Availability

)e data used to support the findings of this study are
available from the corresponding author upon request.

Table 6: Return spillover table of SHCI with other stock markets in the postperiod.

SHCI AHH USA UK FRA GER TAI JAN KOR THA SIN AUS FROM
SHCI 40.33 17.28 5.64 3.80 5.12 5.26 4.65 3.65 3.99 2.54 7.08 0.67 59.67
AHH 13.17 30.16 5.17 3.66 5.50 5.90 9.41 4.70 6.91 3.78 9.65 1.98 69.84
USA 2.63 3.23 21.21 10.17 10.52 9.51 6.98 8.74 7.80 4.57 7.49 7.15 78.79
UK 1.91 2.79 10.45 21.16 13.18 11.04 5.90 7.13 7.25 4.76 7.10 7.34 78.84
FRA 2.29 3.55 9.04 11.24 18.03 15.47 5.74 9.89 7.35 4.95 6.88 5.59 81.97
GER 2.42 4.02 8.77 10.10 16.51 19.17 5.61 9.84 6.87 4.47 6.59 5.62 80.83
TAI 2.73 7.20 7.61 6.29 7.27 6.73 23.16 6.49 12.07 5.65 9.39 5.41 76.84
JAN 2.34 3.40 8.92 6.91 11.96 11.18 5.97 21.58 8.84 3.80 8.37 6.71 78.42
KOR 2.10 4.90 7.90 7.25 8.89 7.90 11.30 8.87 21.63 4.98 8.91 5.38 78.37
THA 1.98 3.67 6.95 7.16 8.71 7.40 7.44 5.65 6.87 31.37 7.48 5.32 68.63
SIN 3.79 6.78 8.15 7.87 8.74 7.68 8.53 8.00 8.57 5.01 20.90 5.99 79.10
AUS 0.84 1.93 9.24 9.33 8.57 8.06 6.34 8.51 6.66 4.59 7.94 27.98 72.02
TO 36.20 58.76 87.84 83.79 104.97 96.11 77.88 81.46 83.17 49.10 86.88 57.17% Total� 75.28NET −23.47 −11.08 9.05 4.95 23.00 15.28 1.03 3.04 4.80 −19.53 7.77 −14.85
Note. )e underlying variance decomposition is based upon a VAR of order 1, and the predictive horizon is 2. )e upper-left 12×12 market submatrix gives
the ijth pairwise directional spillover index. )e “FROM” column gives total directional connectedness of from, which is the row sums. )e “TO” row gives
total directional connectedness of to, which is the column sums.)e “NET” rowmeasures the difference in total directional connectedness (TO–FROM).)e
bottom-right element “Total” is the mean of “FROM,” or equivalently, mean of “TO,” which mirrors the total connectedness.
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