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+e investors’ market participation willingness plays a vital role in the decision-making process of asset allocation. With the newly
emerged dataset of investors’ market participation willingness, this paper provides the first evidence on the dynamic relationship
between market participation willingness and the market dynamics in the Chinese stock market. We select four typical Chinese
stock market indices, i.e., SSE50 Index, CSI300 Index, Small and Medium Enterprise Market Index, and Growth Enterprise
Market Index, to represent different aspects of the Chinese stock market. Moreover, we use mutual information to measure the
overall dependence between market participation willingness and stock market and employ the DCCA cross-correlation co-
efficient and MF-DCCA to investigate the cross-correlation between market participation willingness and market dynamics. We
find that there exist overall dependence and power-law cross-correlation between market participation willingness and the
Chinese stock market, and the cross-correlations are significantly multifractal.

1. Introduction

Stock market participation is always an important topic in
behavioral finance. Investors’ market participation willing-
ness directly affects investment decisions on how to allocate
their assets to the savings or stock market. High market
participation willingness means that more investors par-
ticipate in the stock market and more capital flows into the
stock market. +e limited stock market participation is one
of the most important market frictions and can help us
understand some financial puzzles or anomalies which
cannot be explained by frictionless neoclassical models [1].
Existing literature on market participation is more con-
cerned with the determinants of market participation, while
little is known about the influence of it on the stock market.

Previous studies have been paying more attention to the
determinants of market participation. Some basic deter-
minants of stock market participation have been recognized.
+e stock market participation willingness is influenced by
family wealth [2], investors’ financial education [3], IQ [4],
gender [5], financial literacy [6], and personality traits [7].

However, in conventional economics of ideal markets and
rational decision making, underlying determinants are
usually neglected. Liang and Guo [8] highlighted that social
interaction plays a significant role in transmitting relevant
information to potential investors and found the marginal
effect of social interactions on stock market participation.
Bonaparte and Kumar [9] found that political activism in-
creases people’s propensity to participate in the stock market
because their information-gathering costs are lower. Rao
et al. [10] focused on the relationship between investor
happiness and stock market participation, either directly or
indirectly through mutual funds, by using data from China
household finance survey (CHFS) and found that happiness
affects investors’ decisions regarding buying stocks or
mutual funds.

As for the influence of market participation. Basak and
Cuoco [11] constructed an equilibrium model to study the
characterization of equilibrium prices and optimal con-
sumption and investment policies, respectively, and inves-
tigated the equilibrium implications of restricted market
participation. Guo [12] presents a consumption-based
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model to explain the equity premium puzzle and finds that
limited market participation led to lower risk-free rate
generating a substantial liquidity premium. Polkovnichenko
[13] also studied the implications of limited stock market
participation for the equity premium, but he found that
limited stock market participation does not play a significant
role in explaining the equity premium puzzle. +ese studies
only provide some evidence about the influence of market
participation with theoretical models and a serious lack of
empirical analysis support. +e main reason for this is that
the lack of proper data identifying the market participation
willingness. Zhang [14] used US country-level racial com-
position as a proxy for market participation and found that
stocks headquartered in countries with a higher percentage
of the local white population have more liquidity. However,
he only highlighted the influence of local market partici-
pation on local stocks, and we do not think the percentage of
the white population is an indirect and improper proxy for
market participation willingness. It is essential to provide
more empirical evidence to explain the influence of market
participation on the stock market. In addition, existing
studies about market participation all focus on the developed
countries’ equity market, and the Chinese stock market is
neglected. +e Chinese stock market is one of the most
important parts of the global financial market. Moreover, the
Chinese stock market is dominated by individual investors,
and their market participation willingness will have a sig-
nificant impact on market performance. +erefore, the re-
lationship between market participation willingness and the
Chinese stock market may be different from that in the
developed stock market.

+e objective of this paper is to investigate the complex
relationship between investors’ market participant willing-
ness and the Chinese stock market. Chinese stock market is
dominated by individual investors, whose market partici-
pation willingness is more likely to affect the stock market.
Since the stock market is a far more complex system with
fractality properties [15–17], traditional methodologies
under the framework of efficiency market hypothesis may
not fully explain the relationship between investors’ market
participation willingness and the stock market. Recently,
various methodologies under the theoretical framework of
the fractal market hypothesis are put forward to investigate
the multifractal property, such as multifractal detrended
fluctuation analysis (MF-DFA) [18], multifractal detrended
cross-correlation analysis (MF-DCCA) [19–21], and others.
In this paper, we employ Yu’e Bao Sentiment Index (YSI) as
a proxy for investors’ market participation willingness and
use the mutual information to measure the overall depen-
dence between the investors’ market participation willing-
ness and the stock market; we also employ the DCCA cross-
correlation coefficient and MF-DCCAmethod to investigate
the cross-correlation between investors’ market participa-
tion willingness and the stock market. Ruan et al. [22] used
Yu’e Bao Sentiment Index as proxy for individual investor
sentiment and employed the MF-DCCA method to inves-
tigate the cross-correlation between investor sentiment and
stock market returns. Our paper differs from Ruan et al. [22]
in a few key ways. First, the focus of Ruan et al.’s paper [22] is

the relationship between investor sentiment and stock
returns of Chinese stock market, while we focus on the
investors’ market participation willingness. Yu’e Bao Sen-
timent Index has been created to describe changes in users’
willingness to enter the market. +is index is designed based
on data about hundreds of millions of users and millions of
transactions, and thus we believe that this index is more
appropriate to represent the investors’ market participation
willingness, rather than investor sentiment. Second, we
thoroughly investigate the cross-correlation between in-
vestors’ market participation willingness and stock market
returns, trading volume, and stock market volatility, not just
on the stock market return. +ird, our study accounts for all
major stock indices, including SSE50 Index, CSI300 Index,
GEM Index, and SME Index, in Chinese stock market and is
therefore generalizable. +e SSE50 Index and CSI300 Index
represent the mature and large-capitalization listed firms,
which is not easy to be affected by market participation
willingness. However, the GEM Index and SME Index
represent the growing and small-capitalization listed firms,
which is easier to be affected by market participation will-
ingness. +us, the dynamic relationship can be different
when considering different types of stocks.

Our paper contributes to a growing literature in the
following aspects. First, we focus on the relationship between
investors’ market participation willingness and the stock
market. Existing literature about behavioral finance mainly
focused on investor happiness [23, 24], investor sentiment
[25–27], investor attention [28–30], and geographical in-
formation [31, 32]. +is paper is the first one to give em-
pirical analysis on the nonlinear cross-correlation between
investors’ market participation willingness and Chinese
stock market performance. Second, we employ YSI as the
proxy for market participation willingness in Chinese stock
market. YSI is the newly emerged dataset on investors’
willingness to participate in the stock market, which directly
describes the market participation willingness based on the
daily transaction behavior and data of over 200 million Yu’e
Bao users. +ird, we combine mutual information analysis
and MF-DCCA analysis to examine the nonlinear rela-
tionship between investors’ market participation willingness
and Chinese stock performance. +is new empirical per-
spective expands the existing literature.

+e rest of this paper is organized as follows. Section 2
describes the data and preliminary test statistics. Section 3
introduces the methodology of mutual information andMF-
DCCA. Section 4 represents the empirical results, and
Section 5 makes a conclusion.

2. Data and Descriptive Statistics

+is paper mainly uses the daily Yu’e Bao Sentiment Index
(YSI) as the proxy for market participation willingness,
which is derived from the TianHong Fund official website
(http://www.thfund.com.cn/yuebao/emotions). Yu’e Bao is
China’s first-ever Internet fund specially designed for Ali-
pay. It amasses roughly RMB 1.13 trillion in assets and 588
million users under management to 2019, marking it the
largest money market fund in China. +e YSI is constructed
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by TianHong Fund by mining the fund data of Yu’e Bao
users. +is index is based on 200 million users and 10 billion
pieces of data of the transaction, using big data analysis
models and cloud computing technology to reflect the
changes in users’ willingness to enter the stock market.+ere
is no doubt that Yu’e Bao Sentiment Index is an objective
and accurate proxy for portraying investor’s participation
willingness in China. Meanwhile, compared with other
market participation proxies, YSI can provide daily data
excluding the IPO (Initial Public Offering) data. +e time
span of this index is from April 1, 2014, to May 10, 2018. We
calculate the daily abnormal investor sentiment index
(Ab_YSI) as the daily raw YSI as provided by TianHong
Fund minus the average raw YSI over the prior 30 trading
days, scaled by the average raw YSI over the prior 30 trading
days. +e detailed definition is as follows:

Ab_YSIt �
YSIt

(1/30)
30
k�1YSIi−k

− 1, (1)

where YSIt is the Yu’e Bao Sentiment Index in day t.
To study the relationship between market participation

willingness and stock market, we choose four major stock
market indices, including SSE50 Index, CIS300 Index, SSE
SME Composite (SME), and Growth Enterprise Market
(GEM) Index. SSE50 and CSI300 indices are composed of
listed companies with large market value and high liquidity,
SME Index is composed of small size companies, and GEM
Index is composed of high risk and rapid growth companies.
We get the stock market index data from CSMAR (CSMAR
financial dataset, China Stock Market Accounting Research
financial dataset) financial database in the same sample
period from April 1, 2014, to May 10, 2018. Formally, we
estimate daily market returns and abnormal trading volume.
We calculate daily abnormal volume as daily trading volume
minus the average trading volume for a 30-trading-day
period, divided by the average trading volume for a 30-
trading-day period. +e detailed definitions are as follows:

Returnt � log
Pt

Pt−1
 , (2)

where Pt is the stock market index return in day t.

Ab_Volumet �
Volumet

(1/30)
30
k�1Volumei−k

− 1, (3)

where Volumet is the stock market trading volume in day t.
+e variance of returns can be predicted using particular

time series models, and the Generalized Autoregressive
Conditional Heteroscedasticity (GARCH) seems to be the
most successful [33, 34]. We use GARCH (1,1) to calculate
the daily stock market returns volatility. +e GARCH (1,1)
model is as follows:

εt �

��

ht



]t,

ht � α0 + β1ht−1 + α1ε
2
t−1,

(4)

where ht is the conditional variance.

Figure 1 illustrates the daily time series YSI, SSE50 Index,
CSI300 Index, SME Index, and GEM Index. As shown in
Figure 1, the trend of YSI is similar to Chinese stock market
indices.

Table 1 reports the descriptive statistics for YSI, daily
stock market returns, abnormal trading volume, and returns
volatility, including the mean, standard deviation, skewness,
kurtosis, minimum, and maximum. As shown in the table,
YSI ranges from 415.1 to 2743.41, and the mean is 1033.156.
+e abnormal YSI varies from a minimum of −0.563 to a
maximum of 1.284.

3. Methodology

In this section, we discuss the main methods used in this
paper, including mutual information (MI), DCCA cross-
correlation coefficient, and multifractal detrended cross-
correlation analysis (MF-DCCA).

3.1. Mutual Information. In information theory, the mutual
information (MI) is a measure of the mutual dependence
between the two time series [35, 36]. Specifically, MI
quantifies the random dependency between two stochastic
variables without making any hypothesis about the nature of
the relationship [37]. To measure the correlation between
two equal length time series X � xt  and Y � yt ,
t � 1, 2, 3, . . . , N, we compute the Shannon entropy H(X)

(or H(Y)) as follows:

H(X) � − 
x∈X

pX(x)logpX(x), (5)

where pX(x) (or pY(y)) is the probability density function
of a random variable X (or Y).

For a bivariate case, the Shannon joint entropy is cal-
culated as follows:

H(X; Y) � − 
x∈X


y∈Y

pX,Y(x, y)logpX,Y(x, y), (6)

where pX,Y(x, y) is the joint probability density function of
two random variables X and Y.

If the random variable Y depends on the random var-
iable X, conditional entropy can be used to measure the
remaining uncertainly in X with given Y. +e conditional
entropy is defined as follows:

H(X | Y) � − 
x∈X


y∈Y

pX,Y(x, y)logpX,Y(x | y). (7)

Generally, the conditional entropy H(X | Y) can also be
presented in terms of joint entropy H(X, Y).

H(X | Y) � H(X; Y) − H(Y). (8)

To quantify the dependence between variables X and Y,
the mutual information is wieldy used. +e mutual infor-
mation of two random variables X and Y is defined as
follows:
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MI(X, Y) � 
x∈X


y∈Y

pX,Y(x, y)log
pX,Y(x, y)

pX(x)pY(y)
 . (9)

Combining with Shannon’s entropy, the mutual infor-
mation MI(X, Y) can be expressed as

MI(X, Y) � H(X) − H(X | Y). (10)
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Figure 1: Time series of (a) YSI, (b) SSE50, (c) CSI300, (d) GEM, and (e) SME from May 1, 2014, to May 10, 2018.
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By substituting equations (7) and (8), MI(X, Y) can be
rewritten as

MI(X, Y) � H(X) + H(Y) − H(X; Y). (11)

+erefore, we can calculate mutual information between
two random variables by estimating probability density
functions pX,Y(x, y). In this paper, the probability density
function is estimated by the method of equal distance his-
togram, which was proposed by Scott [38] to describe a one-
dimensional or two-dimensional probability density
function.

In equation (11), we have 0≤MI(X, Y)≤∞ [39]. We
follow Granger and Lin [40] to use a standard measure for
mutual information, which is defined as

I(X, Y) �
�����������
1 − e− 2MI(X,Y)


. (12)

+is measure ranges from 0 to 1 and can directly
comparable with the linear correlation coefficient.
Compared with traditional correlation coefficients, this
function I(X, Y) can capture the overall dependence,
both linear and nonlinear, between two random
variables.

3.2. Multifractal Detrended Cross-Correlation Analysis
(MF-DCCA). +e detrended fluctuation analysis (DFA)
was proposed by Peng et al. [18] to explore the long-range
correlations and multifractal features of a single non-
stationary time series. Later, Kantelhard et al. [41] ex-
tended the DFA to multifractal system and proposed
multifractal detrended fluctuation analysis (MF-DFA) to
investigate the long-range auto-correlations of the fi-
nancial time series.

Podobnik and Stanley [42] proposed a generalization of
the DFA called detrended cross-correlation analysis
(DCCA) method to explore the long range between two
nonstationary time series. Based on MF-DFA and DCCA,
Zhou [43] proposed multifractal detrended cross-correla-
tion analysis (MF-DCCA) to detect the multifractal features
of two nonstationary time series.

In this study, we adopt MF-DCCA to analyze the dy-
namic relationship betweenmarket participation willingness
measured by YSI and Chinese stock market. Next, we will
give a brief introduction to the methodology of MF-DCCA.

Consider any two equal length time series xi  and yi ,
i � 1, 2, 3, . . . , N; the detailed steps of the MF-DCCA can
be summarized as follows:

Step 1. Construct the profile of time series.

Xi � 
i

k�1
xk − x( , Yi � 

i

k�1
yk − y( , (13)

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

N
k�1 yk.

Step 2. We divide the two profiles Xi and Yi into Ns �

int[N/S] nonoverlapping segments with the same
length s. Consider that the length of the time series (N)
is not always an integral multiple of the time scale s, and
a short part segment at the end of each profile may
remain. To make sure more information is contained in
the time series, the same divided procedure is repeated
starting from the end of each profile. So, we will get 2Ns

nonoverlapping segments. In this paper, we set the scale
s as 10< s<N/4.
Step 3. For each segment, we calculate the local trends
by least-square fit of the series.

Table 1: Summary statistics.

Mean Std. dev. Skew. Kurt. Max Min
(A) Yu’e Bao Sentiment Index
YSI 1033.156 290.028 1.555 7.505 2743.41 415.1
Ab_YSI 0.00754 0.0457 1.169 7.064 1.284 −0.563
(B) Chinese stock market return
SSE50 0.000266 0.00709 −0.839 10.336 0.0328 −0.0428
CSI300 0.000261 0.00691 −1.189 10.062 0.0282 −0.0398
SME 0.000211 0.00789 −1.042 7.507 0.0287 −0.0382
GEM 0.000165 0.00934 −0.669 5.835 0.0301 −0.0405
(C) Chinese stock market trade volume
SSE50 0.0339 0.461 1.521 6.315 2.528 −0.752
CSI300 0.0254 0.351 1.189 5.257 1.968 −0.705
SME 0.0222 0.219 0.407 3.462 0.931 −0.758
GEM 0.0358 0.232 0.448 3.343 0.819 −0.767
(D) Chinese stock market volatility
SSE50 0.000276 0.000362 2.506 9.999 0.00221 0.0000259
CSI300 0.000261 0.000343 2.441 9.240 0.00195 0.0000249
SME 0.000321 0.000331 1.819 5.489 0.00152 0.0000605
GEM 0.0004502 0.000439 1.659 4.928 0.00204 0.0000908
+is table reports the mean, standard deviation (Std. dev.), skewness (Skew.), kurtosis (Kurt.), minimum (Min), and maximum (Max) of Yu’e Bao Sentiment
Index (YSI and Ab_YSI), the return, volume, and volatility for four stock market indices: SSE50, CSI300, SME, and GEM. +e sample period extends from
May 5, 2014, through May 10, 2018.
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Xλ(j) � δkj
m

+ · · · + δ1j + δ0,
Yλ(j) � ckj

m
+ · · · + c1j + c0,

(14)

where
j � 1, 2, . . . ; λ � 1, 2, 3, . . . , 2Ns; m � 1, 2, 3, . . ..
Step 4. Calculate the detrended variances for each
segment depending on the segment λ.

F
2
(λ, s) �

1
s



s

j�1
X(λ−1)s+j − X(λ−1)s+j  Y(λ−1)s+j − Y(λ−1)s+j ,

(15)

where λ � 1, 2, . . . , Ns; X and Y are the local trends.

F
2
(λ, s) �

1
s



s

j�1
XN− λ−Ns( )s+j − XN− λ−Ns( )s+j 

· YN− λ−Ns( )s+j − YN− λ−Ns( )s+j ,

(16)

where λ � Ns+1, Ns+2, . . ., 2Ns; X and Y are the local
trends.
Step 5. Take the mean of the local trends of all
detrended segments, and we get the qth-order fluctu-
ation function:

Fq(s) �
1

2Ns



2Ns

λ�1
F
2
(s, λ)

q/2⎧⎨

⎩

⎫⎬

⎭

1/q

, (17)

and for q � 0, this function can be defined as

F0(s) � exp
1

4Ns



2Ns

λ�1
ln F

2
(s, λ) 

⎧⎨

⎩

⎫⎬

⎭. (18)

Step 6. By observing the plot of log-log plots of Fq(s),
we can analyze the scaling behavior of the fluctuations.
If the two series are long-range cross-correlated, there
is power-law relationship between them as follows:

Fq(s)∝ s
hxy(q)

. (19)

+is is equivalent to

logFq(s) � hxy(q)log(s) + logC, (20)

where hxy(q) denotes the slope of log-log plots of
Fq(s) versus s, which is computed by the method of
OLS. And the value of hxy(q) indicates the cross-
correlation of the two time series. In this paper, q

varies from −10 to 10. If q> 0, hxy(q) reveals the
scaling behaviors of the segments with large fluc-
tuations; if q< 0, hxy(q) reveals the scaling behaviors
of the segments with minor fluctuations; especially,
when q � 2, the scaling exponent hxy(q) is the gen-
eralized Hurst exponent, and MF-DCCA reduces to
DCCA. When X(i) and Y(i) denote the same time
series, MF-DCCA reduces to MF-DFA.

Additionally, when hxy(q)> 0.5, the cross-correlation
between the two time series is persistent (positive),
indicating that rise in one series is statistically likely to
be followed by the increase of another; when
hxy(q)< 0.5, the cross-correlation between the two
time series is antipersistent (negative), indicating that
rise in one series is statistically likely to be followed by
the decrease in another; and when hxy(q) � 0.5, there
are no cross-correlations between the two time series
and the time series can be described as random walk.
Step 7. Following Shadkhoo and Jafari [44], we compute
the multifractal scaling exponent τxy(q), called the
Renyi exponent, to describe the multifractal property.

τxy(q) � qhxy(q) − 1. (21)

If Renyi exponent τxy(q) is linear function of q, the
cross-correlations of two series are monofractal. Oth-
erwise, the relationships are multifractal.
Step 8. +rough Legendre transform, we can obtain the
multifractal spectrum f(α) as follows:

αxy(q) � Hxy(q) + qHxy
′ (q), (22)

and

fxy(α) � q αxy − Hxy(q)  + 1, (23)

where αxy shows the degree of singularity of the time
series and fxy(α) reflects the fractal dimension of α.
Step 9. Calculate the multifractal intensity ΔH.

ΔH � Hmax(q) − Hmin(q), (24)

where the larger ΔH is, the higher the degree of
multifractality is.

3.3. DCCA Cross-Correlation Coefficient. Zebende [45]
proposed a new coefficient, namely, DCCA cross-correlation
coefficient, to quantify the level of cross-correlation between
nonstationary time series [46, 47]. +e DCCA cross-cor-
relation coefficient is defined in terms of the DFA method
and the DCCA method, which is the ratio of the detrended
covariance’s function F2

DCCA to the product of two detrended
variance function FDFA. +is cross-correlation coefficient is
widely used to measure the relations between two time series
at different scales [48]. +e function is defined as follows:

ρDCCA(S) �
F2

xy(s)

Fxx(s)Fyy(s)
, (25)

where F2
xy(s) is the mean of the detrended covariance

function. +e functions Fxx and Fyy are, respectively, the
root mean square fluctuation of each time series xt  and
xt  separately. ρDCCA ranges from −1 to 1. A value of
ρDCCA � 0 means there is no cross-correlation. When
ρDCCA � 1, the two time series are completely antipersistent
and positively correlated. When ρDCCA � −1, the two time
series are completely negatively correlated.
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4. Empirical Results

4.1. Mutual Information Analysis. We start our analysis by
investigating the overall dependence between the market
participation willingness, measured by YSI, and Chinese
stock market. Table 2 reports the mutual information
(I(X, Y)) between market participation willingness and
stock market returns, trading volume, and returns volatility,
respectively. As shown in Table 2, I(X, Y) between market
participation willingness and Chinese stock market returns
are all beyond 0.88.+emutual information between market
participation willingness and Chinese stock market volume
is beyond 0.89 and that between market participation
willingness and Chinese stock market returns volatility is
beyond 0.87. +ese results suggest that the market partici-
pation willingness contains much more dynamic informa-
tion about Chinese stock market.

4.2. Cross-Correlation Test. To examine whether there is
cross-correlation between market participation willingness
and Chinese stock market, we refer to a cross-correlation test
index Qcc(m) proposed by Podobnik et al. [49]. Qcc(m) is
defined as

Qcc(m) � N
2



m

i�1

A2
i

N − i
, (26)

where the cross-correlation function A2
i is given by

A
2
i �


N
k�i+1 xkyk−1�������


N
k�1 x2

k




N
k�1 y2

k

, (27)

where xt, t � 1, 2, . . . , N  and yt, t � 1, 2, . . . , N  are
two time series.

+e cross-correlation statistic Qcc(m) is approximately
followed by χ2(m) distributed with m degrees of freedom.
+e null hypothesis of cross-correlation is that there exists
no cross-correlation between two time series. We set the
critical values for the χ2(m) distribution at 5% significance
level for different degrees of freedom m. If the value of
Qcc(m) exceeds the critical value of χ2(m) distribution, the
two time series have significant cross-correlations. Other-
wise, no cross-correlations exist.

According to equations (26) and (27), we calculate the
cross-correlation statistic Qcc(m) for the two time series
with the degree of freedom varying from 1 to 800. +e test
results of market participation willingness and Chinese stock
market returns are presented in Figure 2. +e solid lines
denote the critical value of χ2(m) at 5% significance level.
+e dashed lines represent the value of Qcc(m). +e cross-
correlation statistic Qcc(m) for four market indices’ returns,
SSE50, CIS300, SME, and GEM, and market participation
willingness is larger than the critical value for the χ2 dis-
tribution at 5% level of significance, which means the
Chinese stock market returns and market participation
willingness are strongly cross-correlated. Figure 3 illustrates
the cross-correlation statistic Qcc(m) for Chinese stock
market volume and market participation willingness. +e
dashed lines in Figure 3 indicate that there is a long-range

cross-correlation between Chinese stock market volume and
market participation willingness. And we can also find that
there exists a long-range cross-correlation between stock
market returns volatility and market participation willing-
ness in Figure 4.

4.3. DCCA Cross-Correlation Coefficient Analysis. +e
DCCA cross-correlation coefficient is quite different from
the most popular measurement of the Pearson correlation
coefficient and Spearman correlation coefficient, as these two
measurements require the time-series to be stationary.
However, the DCCA coefficient can measure the correla-
tions between two nonstationary time series at different time
scales. In this paper, we intend to apply the DCCA cross-
correlation coefficient to investigate the cross-correlations
between investors’ market participation willingness (YSI)
and stock market performance. Based on the different
window size values s (n � 10, 50, 100, 150, 200, 250,

300, 350, 400), Table 3 presents calculation results for
DCCA cross-correlation coefficient (ρDCCA). Our results
show that all correlation coefficients are positive, meaning
that investors’ market participation willingness has positive
correlation levels with the stock market, including stock
returns, stock trading volume, and stock volatility. +e re-
sults presented in Table 3 show that all of the ρDCCA fall
within the interval at [0.4, 1], further verifying the cross-
correlation test results.

4.4. Multifractal Detrended Cross-Correlation Analysis. As
we show that there is serious long-range cross-correlation
between market participation willingness and Chinese stock
market, we can use the multifractal detrended cross-cor-
relation analysis (MF-DCCA) to further investigate the
cross-correlation between market participation willingness,
measured by YSI, and Chinese stock market returns and
trading volume, respectively.

Figure 5 illustrates the log-log plots of Fxyq(s) versus s

for market participation willingness and four major Chinese
stock market indices’ returns; the order q of lines decreases
from top to bottom. As shown in Figure 4, for all series pairs,
Fxyq(s) increases linearly along with the scales s, implying
that power-law behavior and long-range cross-correlations
exist between market participation willingness and Chinese
stock market returns. Additionally, Figure 6 illustrates the
log-log plots for market participation willingness and four
major Chinese stock market indices’ trading volume, and
Figure 7 illustrates the log-log plots for Chinese stock market
returns volatility and market participation willingness. +e
linear log-log lines in Figures 6 and 7 both prove the ex-
istence of the power-law behavior and cross-correlations
between market participation willingness and Chinese stock
market trading volume and returns volatility, respectively.

Furthermore, we compute cross-correlation generalized
Hurst exponents (hxy(q)) based on equations (18)–(27).
Figure 8 illustrates the cross-correlation generalized Hurst
exponents between market participation willingness and
Chinese stock market returns varying with q. As we can see,
the cross-correlation generalized Hurst exponents are
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Figure 3: +e cross-correlation statistic Qcc(m) for market participation willingness and Chinese stock market volume.
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Figure 2: +e cross-correlation statistic Qcc(m) for market participation willingness and Chinese stock market returns.

Table 2: +e mutual information between Chinese stock market and market participation willingness.

Market index YSI and return YSI and Ab_Volume YSI and volatility
SSE50 0.884∗∗∗ 0.894∗∗∗ 0.879∗∗∗
CSI300 0.885∗∗∗ 0.893∗∗∗ 0.879∗∗∗
SME 0.891∗∗∗ 0.896∗∗∗ 0.889∗∗∗
GEM 0.893∗∗∗ 0.898∗∗∗ 0.890∗∗∗

+is table reports the mutual information between Chinese stock market and YSI.
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decreasing with q varying from −10 to 10. +ese results
suggest that the cross-correlation of these two pairs is
multifractal. Similar conclusions are also found in Figures 9
and 10, which shows the cross-correlation generalized Hurst
exponents between market participation willingness and
Chinese stock market volume and returns volatility,
respectively.

Tables 4–6 report the value of cross-correlation Hurst
exponents with q varying from −10 to 10 and the degree of
multifractality ΔHq. As shown in Table 4, when q � 2, the
Hurst exponents of the cross-correlation between market
participation willingness and four major stock market in-
dices’ returns, including SSE50, CSI300, SME, and GEM, are
0.486, 0.552, 0.553, and 0.457.+e Hurst exponents of SSE50
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Figure 4: +e cross-correlation statistic Qcc(m) for market participation willingness and Chinese stock market returns volatility.

Table 3: +e detrended cross-correlation coefficient (ρ(DCCA)) for a given window size s.

Size (s) 10 50 100 150 200 250 300 350 400
(A) +e detrended cross-correlation coefficient between YSI and market returns
SSE50 0.618 0.630 0.657 0.652 0.649 0.673 0.677 0.639 0.634
CSI300 0.651 0.652 0.673 0.666 0.654 0.676 0.681 0.648 0.662
SME 0.671 0.670 0.698 0.668 0.646 0.642 0.637 0.615 0.663
GEM 0.661 0.682 0.693 0.672 0.659 0.661 0.660 0.632 0.658
(B) +e detrended cross-correlation coefficient between YSI and market volume
Size (s) 10 50 100 150 200 250 300 350 400
SSE50 0.548 0.574 0.544 0.567 0.557 0.574 0.584 0.637 0.589
CSI300 0.568 0.593 0.559 0.559 0.564 0.570 0.581 0.617 0.599
SME 0.619 0.608 0.621 0.615 0.638 0.642 0.648 0.627 0.656
GEM 0.599 0.614 0.614 0.605 0.610 0.644 0.629 0.631 0.647
(C) +e detrended cross-correlation coefficient between YSI and market volatility
Size (s) 10 50 100 150 200 250 300 350 400
SSE50 0.414 0.519 0.495 0.473 0.552 0.578 0.598 0.617 0.587
CSI300 0.424 0.518 0.506 0.529 0.556 0.559 0.586 0.648 0.558
SME 0.433 0.507 0.524 0.551 0.576 0.556 0.572 0.586 0.550
GEM 0.495 0.541 0.565 0.604 0.611 0.596 0.608 0.636 0.599
+is table reports the detrended cross-correlation coefficient (ρ(DCCA)) between investors’ market participation willingness (YSI) and stock market in
function of time scale s. (A) reports ρ(DCCA) between the YSI and stock returns; (B) reports ρ(DCCA) between the YSI and stock trading volume; (C)
reports ρ(DCCA) between the YSI and stock price volatility.
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and GEM are less than 0.5, implying that the cross-cor-
relations between market participation willingness and
SSE50 and GEM, respectively, are antipersistent; however,
the Hurst exponents of CSI300 and SME are larger than
0.5, implying that the cross-correlations between CSI300
and SME, respectively, are persistent. However, when
q � 2, all Hurst exponents of the cross-correlations be-
tween market participation willingness and Chinese stock
market volume are larger than 0.5, indicating that the
cross-correlations between market participation willing-
ness and Chinese stock market volume are strongly per-
sistent. For returns volatility, Table 7 reports that all
degrees of multifractality for the small fluctuations (q< 0)
are smaller than the large fluctuations (q> 0), suggesting

that the cross-correlation between market participation
willingness and Chinese stock market returns volatility is
more stable when the fluctuation is large. Moreover, all the
Hurst exponents of cross-correlation between Chinese
stock market returns volatility and market participation
willingness are larger than 0.5 when q � 2, indicating that
the cross-correlations between Chinese stock market
returns volatility and market participation willingness are
significantly persistent.

Following Podobnik et al. [50], we can find turning
points S∗ in Figures 4–6 which indicate the fundamental
change of the linear trend of the curves. +ere are two
different behavior patterns in financial market: one is the
short-term behavior which is easily influenced by the market
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Figure 6: Log-log plots of cross-correlation fluctuation function versus time scale s for market participation willingness and Chinese stock
market volume. (a) SME. (b) SSE50. (c) CSI300. (d) GEM.
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Figure 5: Log-log plots of cross-correlation fluctuation function versus time scale s for market participation willingness and Chinese stock
market returns. (a) SME. (b) SSE50. (c) CSI300. (d) GEM.
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external factors and the other is the long-term behavior
which is determined by the internal factors. +e scaling
exponents for s< S∗ can reflect the short-range correlation
and imply the short-term behaviors, while the scaling ex-
ponents for s> S∗ imply the related behaviors in the long
term. As observed from Figures 4–6, we can find the turning
points at about log 10(S∗) � 2.3 (about 200 days) for Chi-
nese stock market returns, trading volume, and returns
volatility. We provide the scaling exponents Hq with q

varying from −10 to 10 in the short term (s< S∗) and long
term (s> S∗) for Chinese stock market returns in Figure 11,
trading volume in Figure 12, and returns volatility in

Figure 13, respectively. Tables 7–9 report the values of the
scaling exponentsHq with q. As shown in Table 7, the scaling
exponents for q � 2 in the long term are all smaller than 0.5,
indicating cross-correlated behaviors of large fluctuations
are antipersistent in the long term for stock market return.
In Table 8, we can find that all scaling exponents for q � 2 in
the short term are larger than 0.5, implying the cross-cor-
related behaviors of large fluctuations are persistent in the
short term for stock market volume, while the cross-cor-
related behaviors of large fluctuations are antipersistent in
the long term for stock market volume. Table 9 reports that
all the scaling exponents for q � 2 are larger than 0.5 both in
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Figure 8: MF-DCCA scaling exponent for the market participation willingness and Chinese stock market returns. (a) SME-YSI. (b) SSE50-
YSI. (c) CSI300-YSI. (d) GEM-YSI.
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Figure 7: Log-log plots of cross-correlation fluctuation function versus time scale s for market participation willingness and Chinese stock
market returns volatility. (a) SME. (b) SSE50. (c) CSI300. (d) GEM.
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the short term and long term, suggesting that the cross-cor-
related behaviors of lager fluctuations are persistent both in the
short term and long term for Chinese stock market returns
volatility. In addition, we find that the degrees of multifractality
of the cross-correlation in the short term are smaller than those
in the long term in Table 7. We can conclude that the cross-
correlations between market participation willingness and
Chinese stockmarket returns are more stable in the short term.
Furthermore, the degrees of multifractality of the cross-cor-
relation in the short term are larger than those in the long term
in Tables 8 and 9, implying that the cross-correlations between
market participation willingness and Chinese stock market
trading volume and returns volatility, respectively, are more
stable in the long term.

4.5. Rolling Window Analysis of Cross-Correlation. It is al-
ways a hot issue in the financial field to test or model
structural breaks or regime switches in financial time series
[20]. A number of these models, such as Markov switching
ARCH [51] and Markov switching GARCH [52], are used to
capture and depict regime shifts of low-frequency volatility
dynamics. Later, the rolling window analysis, which is the
approach of running a sequence of estimations over a
moving window of data to analyze the evolving nature of
time series, has been broadly adopted to explore dynamic
features of scaling exponents and examine the impacts of
external shocks and forecast trends.

FollowingWang et al. [53], we set the window size to 250
trading days in this paper. Figure 14 illustrates the results of
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Figure 10: MF-DCCA scaling exponent for the market participation willingness and Chinese stock market returns volatility. (a) SME-YSI.
(b) SSE50-YSI. (c) CSI300-YSI. (d) GEM-YSI.
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Figure 9: MF-DCCA scaling exponent for the market participation willingness and Chinese stock market volume. (a) SME-YSI. (b) SSE50-
YSI. (c) CSI300-YSI. (d) GEM-YSI.
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the rolling window analysis for the cross-correlation be-
tween market participation willingness and Chinese stock
market return. As observed from Figure 14, the cross-

correlation exponents fluctuated violently around the level
of 0.5 with exponents smaller than 0.5 accounting for the
vast majority. +ese results imply the fact that mostly, the

Table 4: Results of the MF-DCCA scaling exponent for Chinese stock market returns.

q SME-YSI SSE50-YSI CSI300-YSI GME-YSI
−10 0.696 0.716 0.717 0.763
−9 0.686 0.707 0.706 0.753
−8 0.674 0.696 0.694 0.741
−7 0.659 0.683 0.679 0.727
−6 0.643 0.668 0.662 0.709
−5 0.622 0.651 0.642 0.688
−4 0.598 0.632 0.620 0.663
−3 0.572 0.613 0.598 0.633
−2 0.547 0.597 0.580 0.599
−1 0.527 0.589 0.573 0.563
0 0.515 0.587 0.575 0.527
ΔHq 0.181 0.129 0.142 0.236
1 0.499 0.578 0.573 0.491
2 0.486 0.552 0.553 0.457
3 0.471 0.517 0.522 0.424
4 0.454 0.480 0.489 0.395
5 0.439 0.448 0.460 0.370
6 0.426 0.421 0.436 0.349
7 0.414 0.398 0.416 0.331
8 0.404 0.381 0.400 0.316
9 0.395 0.366 0.388 0.304
10 0.383 0.354 0.377 0.294
ΔHq 0.116 0.224 0.196 0.197
+is table reports the MF-DCCA scaling exponent between the returns of four stock market indices and market participation willingness with q varying from
−10 to 10. +e symbol ΔHq denotes the degree of multifractality for the large and small fluctuations of the returns and YSI.

Table 5: Results of the MF-DCCA scaling exponent for Chinese stock market volume.

q SME-YSI SSE50-YSI CSI300-YSI GME-YSI
−10 0.859 0.909 0.968 0.878
−9 0.853 0.901 0.956 0.871
−8 0.845 0.891 0.943 0.862
−7 0.835 0.879 0.926 0.852
−6 0.824 0.865 0.907 0.841
−5 0.812 0.849 0.883 0.827
−4 0.798 0.829 0.856 0.812
−3 0.782 0.807 0.825 0.793
−2 0.764 0.783 0.792 0.772
−1 0.745 0.758 0.762 0.749
0 0.724 0.732 0.733 0.725
ΔHq 0.135 0.177 0.235 0.153
1 0.701 0.705 0.707 0.700
2 0.677 0.678 0.683 0.675
3 0.653 0.653 0.659 0.652
4 0.632 0.629 0.638 0.631
5 0.612 0.608 0.619 0.612
6 0.595 0.591 0.601 0.595
7 0.581 0.576 0.585 0.581
8 0.568 0.563 0.572 0.569
9 0.558 0.553 0.561 0.559
10 0.549 0.544 0.551 0.549
ΔHq 0.152 0.161 0.156 0.151
+is table reports the MF-DCCA scaling exponent between the volume of four stock market indices and market participation willingness with q varying from
−10 to 10. +e symbol ΔHq denotes the degree of multifractality for the large and small fluctuations of the returns and YSI.
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Table 6: Results of the MF-DCCA scaling exponent for Chinese stock market returns volatility.

q SME-YSI SSE50-YSI CSI300-YSI GME-YSI
−10 1.129 1.189 1.190 1.169
−9 1.120 1.181 1.181 1.161
−8 1.109 1.171 1.169 1.152
−7 1.097 1.159 1.154 1.141
−6 1.081 1.145 1.137 1.128
−5 1.064 1.127 1.117 1.113
−4 1.044 1.106 1.093 1.096
−3 1.026 1.082 1.068 1.079
−2 1.018 1.056 1.046 1.066
−1 1.028 1.037 1.037 1.060
0 1.047 1.027 1.039 1.056
ΔHq 0.082 0.162 0.161 0.113
1 1.037 0.996 1.015 1.032
2 1.001 0.942 0.967 0.988
3 0.959 0.889 0.920 0.943
4 0.923 0.846 0.882 0.903
5 0.893 0.812 0.852 0.872
6 0.869 0.785 0.828 0.847
7 0.851 0.763 0.809 0.827
8 0.836 0.746 0.794 0.812
9 0.824 0.733 0.782 0.799
10 0.814 0.722 0.771 0.789
ΔHq 0.223 0.274 0.244 0.243
+is table reports the MF-DCCA scaling exponent between the volatility of four stock market indices and market participation willingness with q varying
from −10 to 10. +e symbol ΔHq denotes the degree of multifractality for the large and small fluctuations of the returns and YSI.
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Figure 11: Short and long scaling exponents for Chinese stock market returns and market participation willingness. (a) SME-YSI. (b)
SSE50-YSI. (c) CSI300-YSI. (d) GEM-YSI.
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cross-correlations between market participation willingness
and Chinese market returns exhibit antipersistent features.
Figure 15 illustrates the results of the rolling window analysis

for the cross-correlation between market participation
willingness and Chinese stock market trading volume. And
we can observe that the cross-correlation exponents
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Figure 12: Short and long scaling exponents for Chinese stock market volume and market participation willingness. (a) SME-YSI. (b)
SSE50-YSI. (c) CSI300-YSI. (d) GEM-YSI.
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Figure 13: Short and long scaling exponents for Chinese stock market volatility and market participation willingness. (a) SME-YSI. (b)
SSE50-YSI. (c) CSI300-YSI. (d) GEM-YSI.
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fluctuated violently all beyond the level of 0.5, indicating that
the cross-correlations between market participation will-
ingness and Chinese market volume exhibit persistent

features in the whole period. Similar conclusions are also
found in Figure 16, which illustrates the cross-correlation
between market participation willingness and Chinese stock

Table 7: Results of the short-term and long-term scaling exponents for Chinese stock market returns.

q
SME-YSI SSE50-YSI CSI300-YSI GME-YSI

Short Long Short Long Short Long Short Long
−10 0.692 0.851 0.666 0.991 0.653 1.041 0.707 0.926
−9 0.684 0.843 0.659 0.982 0.646 1.032 0.696 0.918
−8 0.674 0.834 0.651 0.971 0.637 1.022 0.684 0.908
−7 0.662 0.821 0.641 0.957 0.628 1.008 0.669 0.895
−6 0.649 0.805 0.629 0.938 0.616 0.991 0.652 0.878
−5 0.632 0.783 0.617 0.914 0.603 0.967 0.631 0.855
−4 0.612 0.752 0.602 0.881 0.589 0.932 0.606 0.822
−3 0.590 0.708 0.585 0.832 0.573 0.882 0.579 0.773
−2 0.566 0.648 0.569 0.763 0.559 0.808 0.553 0.700
−1 0.545 0.572 0.557 0.671 0.549 0.707 0.531 0.601
0 0.528 0.487 0.547 0.565 0.541 0.592 0.519 0.491
1 0.516 0.408 0.533 0.468 0.529 0.4889 0.512 0.395
2 0.502 0.343 0.509 0.394 0.506 0.412 0.504 0.327
3 0.485 0.295 0.475 0.341 0.474 0.360 0.491 0.285
4 0.466 0.261 0.439 0.306 0.442 0.325 0.476 0.257
5 0.448 0.237 0.407 0.281 0.412 0.301 0.460 0.239
6 0.432 0.219 0.379 0.262 0.386 0.283 0.445 0.225
7 0.417 0.205 0.357 0.248 0.366 0.269 0.432 0.215
8 0.404 0.194 0.338 0.237 0.349 0.258 0.421 0.207
9 0.394 0.186 0.323 0.228 0.335 0.249 0.411 0.199
10 0.384 0.179 0.311 0.221 0.323 0.242 0.402 0.194
ΔHq 0.308 0.672 0.355 0.770 0.330 0.799 0.305 0.732
+is table reports the short-term and long-term scaling exponents between the returns of four stock market indices and market participation willingness with
q varying from −10 to 10. ΔHq is the multifractality degree. “Short” denotes s< S∗ and “Long” denotes s> S∗.

Table 8: Results of the short-term and long-term scaling exponents for Chinese stock market volume.

q
SME-YSI SSE50-YSI CSI300-YSI GME-YSI

Short Long Short Long Short Long Short Long
−10 0.870 0.606 0.916 0.756 0.980 0.755 0.884 0.541
−9 0.863 0.596 0.907 0.747 0.969 0.746 0.876 0.533
−8 0.855 0.585 0.898 0.736 0.955 0.736 0.868 0.523
−7 0.845 0.572 0.886 0.722 0.939 0.723 0.859 0.512
−6 0.834 0.555 0.872 0.705 0.919 0.707 0.847 0.498
−5 0.822 0.534 0.856 0.685 0.894 0.688 0.834 0.482
−4 0.808 0.507 0.838 0.659 0.868 0.664 0.818 0.461
−3 0.792 0.476 0.816 0.629 0.837 0.635 0.800 0.438
−2 0.774 0.441 0.793 0.596 0.805 0.602 0.780 0.412
−1 0.755 0.407 0.768 0.563 0.774 0.570 0.758 0.387
0 0.734 0.378 0.743 0.534 0.745 0.542 0.734 0.365
1 0.711 0.359 0.716 0.511 0.719 0.519 0.709 0.349
2 0.686 0.348 0.689 0.493 0.695 0.499 0.684 0.338
3 0.663 0.342 0.664 0.478 0.672 0.482 0.661 0.332
4 0.641 0.339 0.639 0.466 0.649 0.467 0.639 0.328
5 0.621 0.337 0.619 0.455 0.629 0.454 0.620 0.327
6 0.603 0.335 0.601 0.446 0.612 0.443 0.604 0.326
7 0.589 0.334 0.586 0.438 0.596 0.433 0.589 0.325
8 0.576 0.333 0.573 0.431 0.583 0.424 0.577 0.324
9 0.566 0.331 0.563 0.425 0.571 0.416 0.567 0.324
10 0.557 0.330 0.554 0.419 0.561 0.409 0.557 0.323
ΔHq 0.313 0.276 0.362 0.337 0.419 0.346 0.327 0.218
+is table reports the short-term and long-term scaling exponents between the volume of four stock market indices and market participation willingness with
q varying from −10 to 10. ΔHq is the multifractality degree. “Short” denotes s< S∗ and “Long” the s> S∗.

16 Complexity



0.3

0.4

0.5

0.6

H
q

2016-03-03 2016-12-23 2017-10-23 2018-08-132015-05-11
Date

(a)

2015-05-11 2016-03-03 2016-12-23 2017-10-23 2018-08-13
Date

0.3

0.4

0.5

0.6

0.7

H
q

(b)

0.3

0.4

0.5

0.6

H
q

2015-05-11 2016-03-03 2016-12-23 2017-10-23 2018-08-13
Date

0.7

(c)

0.3

0.4

0.5

0.6

H
q

2015-05-11 2016-03-03 2016-12-23 2017-10-23 2018-08-13
Date

(d)

Figure 14: +e time-varying scaling exponents for q � 2 for Chinese stock market returns and market participation willingness when
window size is 250 days. (a) SME-YSI. (b) SSE50-YSI. (c) CSI300-YSI. (d) GEM-YSI.

Table 9: Results of the short-term and long-term scaling exponents for Chinese stock market returns volatility.

q
SME-YSI SSE50-YSI CSI300-YSI GME-YSI

Short Long Short Long Short Long Short Long
−10 2.094 1.113 2.079 1.188 2.135 1.177 2.188 1.165
−9 2.078 1.104 2.065 1.180 2.121 1.167 2.171 1.157
−8 2.059 1.093 2.048 1.170 2.103 1.156 2.151 1.147
−7 2.034 1.081 2.026 1.159 2.080 1.142 2.124 1.136
−6 2.002 1.065 1.996 1.145 2.050 1.125 2.089 1.123
−5 1.959 1.048 1.955 1.128 2.009 1.105 2.043 1.108
−4 1.896 1.029 1.895 1.107 1.948 1.083 1.977 1.092
−3 1.800 1.013 1.802 1.083 1.853 1.059 1.875 1.076
−2 1.643 1.007 1.645 1.058 1.690 1.039 1.709 1.064
−1 1.391 1.023 1.382 1.039 1.414 1.033 1.440 1.061
0 1.090 1.048 1.038 1.030 1.063 1.039 1.115 1.060
1 0.874 1.044 0.769 0.999 0.798 1.019 0.886 1.039
2 0.746 1.009 0.627 0.945 0.652 0.972 0.758 0.997
3 0.667 0.968 0.555 0.893 0.571 0.926 0.683 0.951
4 0.616 0.932 0.514 0.850 0.522 0.888 0.635 0.911
5 0.581 0.902 0.488 0.816 0.488 0.858 0.601 0.880
6 0.555 0.878 0.469 0.789 0.464 0.835 0.576 0.855
7 0.535 0.860 0.455 0.768 0.446 0.816 0.557 0.835
8 0.519 0.845 0.444 0.751 0.431 0.801 0.542 0.820
9 0.507 0.833 0.435 0.737 0.419 0.788 0.530 0.807
10 0.497 0.823 0.427 0.726 0.409 0.778 0.520 0.797
ΔHq 1.597 0.290 1.652 0.462 1.726 0.399 1.668 0.368
+is table reports the short-term and long-term scaling exponents between the returns volatility of four stock market indices and market participation
willingness with q varying from −10 to 10. ΔHq is the multifractality degree. “Short” denotes s< S∗ and “Long” denotes s> S∗.
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Figure 15: Continued.
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market returns volatility. +e evolution of the cross-corre-
lation exponents experienced erratic fluctuations and can be
associated with financial events. For example, when Chinese
stock exchanges introduced the circuit breakers in January 4,
2016, all cross-correlation exponents, both stock return and
volume, were down.

5. Conclusions

In this paper, we investigate the nonlinear and dynamic
relationship between market participation willingness,
measured by Yu’e Bao Sentiment Index, and Chinese stock
market performance. We utilize daily returns, trading vol-
ume, and returns volatility of SSE50, CSI300, SME, and
GME to characterize the dynamic of Chinese stock market.

We employ mutual information to investigate the
nonlinear dependence between the market participation
willingness and Chinese stock market performance and find
that there is overall dependence, both linear and nonlinear,
between market participation willingness and Chinese stock
market performance. Moreover, after cross-correlation test
and DCCA cross-correlation coefficient analysis, we verify

the existence of long-range cross-correlation between
market participation willingness and stock market returns,
trading volume, and volatility, respectively. We further
employ MF-DCCA and find that there exists antipersistent
cross-correlation between market participation willingness
and Chinese stock market returns. We also find that there
exists strong persistent cross-correlation between market
participation willingness and Chinese stock market trading
volume and returns volatility, respectively. Furthermore, we
analyze the cross-correlation between market participation
willingness and stock market in the short term and long
term. We find that there is an antipersistent cross-correla-
tion in the long term for market participation willingness
and Chinese stock market returns and trading volume,
respectively. And the cross-correlations between market
participation willingness and Chinese stock returns volatility
are strongly persistent both in the short term and long term.
Moreover, cross-correlations between market participation
willingness and Chinese stock market returns are more
stable in the short term, but those between market partic-
ipation willingness and Chinese stock market volume and
returns volatility, respectively, are more stable in the long
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Figure 16:+e time-varying scaling exponents for Chinese stockmarket volatility andmarket participation willingness when window size is
250 days. (a) SME-YSI. (b) SSE50-YSI. (c) CSI300-YSI. (d) GEM-YSI.
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Figure 15: +e time-varying scaling exponents for Chinese stock market volume and market participation willingness when window size is
250 days. (a) SME-YSI. (b) SSE50-YSI. (c) CSI300-YSI. (d) GEM-YSI.
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term. Using the method of rolling windows, we find that the
cross-correlation exponents between market participation
willingness and Chinese stock market return are close to 0.5
over time and those between market participation willing-
ness and stock market volume and returns volatility, re-
spectively, are larger than 0.5. +e evolution of cross-
correlation exponents experienced erratic fluctuations.

Furthermore, several investment strategies and policy
implications based on the findings can be derived. For in-
vestment managers, market participation willingness is an
important factor to affect the stock market performance,
which should be considered in investment portfolios.
Moreover, regulators should take market participation
willingness as an aspect of reflecting the market operation.
Investors’ market participation willingness should become
an important reference of making or assessing the regulatory
policies. For retail investors, market participation willing-
ness can be considered as a valuable factor to predict stock
market performance and help them make reasonable in-
vestment decision.
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