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Abstract According to behavioral finance theory, investor sentiment generally exists in investors’
trading activities and influences financial market. In order to investigate the interaction between
investor sentiment and stock market as well as financial industry, this study decomposed investor senti-
ment, stock price index and SWS index of financial industry into IMF components at different scales by
using BEMD algorithm. Moreover, the fluctuation characteristics of time series at different time scales
were extracted, and the IMF components were reconstructed into short-term high-frequency compo-
nents, medium-term important event low-frequency components and long-term trend components. The
short-term interaction between investor sentiment and Shanghai Composite Index, Shenzhen Compo-
nent Index and financial industries represented by SWS index was investigated based on the spillover
index. The time difference correlation coefficient was employed to determine the medium-term and
long-term correlation among variables. Results demonstrate that investor sentiment has a strong cor-
relation with Shanghai Composite Index, Shenzhen Component Index and different financial industries
represented by SWS index at the original scale, and the change of investor sentiment is mainly influ-
enced by external market information. The interaction between most markets at the short-term scale

is weaker than that at the original scale. Investor sentiment is more significantly correlated with SWS
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Bond, SWS Diversified Finance and Shanghai Composite Index at the long-term scale than that at the

medium-term scale.

Keywords investor sentiment; spillover index; BEMD algorithm

1 Introduction

Traditional financial theory holds that asset price is determined by the intrinsic value.
The arbitrage behavior of rational investors will continuously correct the wrong pricing in the
market, and investor sentiment cannot systematically influence the market price. As financial
market has continuously developed and market transaction has become increasingly complex,
traditional financial theory cannot explain some financial anomalies in reality, such as Allais
paradox, calendar effect, equity premium puzzle, option smile, closed-end mutual fund puzzle
and the effect of small-cap stocks. In view of these financial anomalies, financial economists over-
threw the basic hypotheses of traditional financial theory and explained the financial anomalies
from the perspectives of psychology, behavioral science and sociology, thus forming behavioral
finance from the perspective of investor behavior. Behavioral finance theory argues that in-
vestors are not completely rational or always risk-averse, but have limited rationality. Noise
traders are influenced by market environment and their sentiment, and they influence market
transactions in turn, which will eventually lead to mispricing. There is an interaction between
investor sentiment and financial market. Based on the noise trader model, De Long, et al.[!l
found that investor sentiment is a systematic risk influencing the equilibrium price of financial
assets, which triggers a further discussion on the relationship between investor sentiment and
capital market. However, the existing studies focus on the influence of investor sentiment on
capital market, while the influence of capital market on investor sentiment is seldom consid-
ered. In the real market, investor sentiment and capital market show complex relationship.
Investor sentiment is the systematic deviation of investors’ expectations!?. In economic activ-
ities, investor sentiment has an impact on investment decisions by influencing their subjective
judgment on future earnings, thus influencing the capital market. Investor sentiment also varies
with market environment. In a bull market, the increasing demands lead to the continuous rise
of asset prices and the increase of return on asset. The change of market environment will
attract more investors, which further boosts investor sentiment. For the financial markets that
boom and bust frequently, the dynamic change of investor sentiment has become an important
factor affecting the stability of the market. For the rapidly developing Chinese capital market,
the degree of irrationality is far higher than that of mature capital market, and the volatility
of the market is more obvious. To explore the role of investor sentiment in the process of
Chinese capital market volatility and the role of different industries in Chinese capital market
volatility, clarifying these issues is not only of theoretical value for economic research, but also

has important practical significance for the governance of China’s capital market.

2 Literature review

De Long, et al.l'l proposed a Noise Trader Model (DSSW), which is a generation overlapping
model containing noise traders. In the model, irrational traders with random false beliefs can

influence asset prices and earn higher expected returns. In the limited arbitrage environment,
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if investor sentiment influences each other, the unpredictability of noise traders’ beliefs causes
price risks. Consequently, arbitrageurs cannot eliminate the mispricing caused by irrational
behavior, and asset price will deviate significantly from the intrinsic value. Investor sentiment
is a systematic risk which can influence the equilibrium price of financial assets. DSSW model
can be used to analyze the closed-end fund discount puzzle based on its own theory, triggering
extensive research on the proposition that noise trader risk influences asset equilibrium price.
Scholars have done a lot of research using econometric model to analyze the effect of investment.
Some scholars used regression model to investigate the impact of investor sentiment on market
returns. Sayim, et al.l3] used vector auto-regression model to examine the influence of rational
and irrational sentiment of institutional investors and individual investors in the United States
on the returns and volatility of stock market in Istanbul. Kadilli"¥! examined the role of investor
sentiment in predicting the annual stock returns of financial companies within the regression
analysis framework. Chen, et al.l5! used the panel threshold model to test the influence of senti-
ment of local investors and global investors on the expected industry stock returns in 11 Asian
countries from 1996 to 2010. Some scholars used regression model to investigate asymmetric
features of investor sentiment. Chung, et al.[%! studied the asymmetry of investors’ emotional
prediction ability in the economic expansion period and the economic recession period based
on the multivariate Markov-switching model. Ni, et al.[’] employed the panel quantile model
to test the asymmetric relationship between investor sentiment and stock monthly returns in
China’s A-share market. Hudson and Green® used the first principal component method to
determine the sentiment of individual investors and institutional investors in Britain, and then
used regression model to investigate the influence of investor sentiment on stock returns during
the instability and stability periods in financial market. Some scholars used regression model to
analyse the relationship between investor sentiment and market returns. Zhang, et al.[% revised
the theoretical model of noise trading proposed by De Long, and carried out factor analysis to
construct comprehensive investor sentiment index based on market turnover rate, closed-end
fund discount and growth rate of account opening. Meanwhile, factor analysis was carried out
to construct comprehensive investor sentiment index. In this study, OLS and GARCH-M Re-
turn analysis method were employed to analyze the relationship between investor sentiment and
stock returns in China’s stock market. Chi and Zhuang!'®! applied panel data model to study
the relationship between investor sentiment and stock returns in China. Dong, et al.['!] estab-
lished a single-factor model and a multi-factor model based on quantile regression to study the
correlation between high sentiment, low sentiment and market returns. The majority of the ex-
isting studies have studied the relationship between investor sentiment and capital market from
multiple perspectives. However, on the one hand, the studies discuss the influence of investor
sentiment on capital market in the time domain based on traditional econometric models, but
ignore the frequency domain information of financial data and cannot completely describe the
relationship between investor sentiment and stock market. In addition, the traditional financial
statistical model usually requires stable time series. Similar to signal, most stock market time
series data contains noise, and has the characteristics of nonlinearity, non-stationary, sharp peak
and fat tail. The existing studies focus on the time domain dynamic correlation between investor

sentiment and capital market in the time dimension, but the frequency domain dynamic corre-
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lation between investor sentiment and capital market is seldom involved. Li and Feng'? used
EEMD method to decompose investor sentiment and stock index price series, and investigated
the fluctuation correlation between investor sentiment and stock index price series at different
time scales based on traditional econometric analysis. However, the dynamic characteristics of
spillover effect were not considered. As argued by Perters'3], the financial market is composed
of traders with different investment time levels, such as short-term investment, medium-term
investment and long-term investment. Different types of traders with different time scales have
different investment ideas, and they influence the market from different time scales. Therefore,
it is necessary to study the relationship between investor sentiment and stock market returns at
different time scales from a multi-scale perspective. Financial time series has the characteristics
of engineering signal. Many scholars have applied time-frequency analysis method to analyze
financial time series, extract information at different scales, and reveal the inherent characteris-
tics of data. Chinese scholars represented by Xie, et al.l'¥ made up for the defect that empirical
mode algorithm is based on IMF following the definition of narrowband signal and analyzed a
set of power data by using local narrowband decomposition algorithm to guide power distribu-
tion. Xie, et al.l'% used the improved empirical mode decomposition algorithm to analyze the
analog signal and the actual signal, and proved that the essential mode function obtained by
bandwidth criterion not only approximates the real component but also reflects the intrinsic
information of the analyzed signal. Moreover, the power consumption data was decomposed
into periodic term and trend term by bandwidth EMD. Based on the multi-scale characteris-
tics of stock price fluctuation, Wang, et al.'®l measured the portfolio risk with HSI Index and
Shanghai Composite Index as data samples by using BEMD-Copula-GARCH model. Wu, et
al.l'"l applied empirical mode decomposition (EMD) algorithm to decompose the multi-scale
characteristics of China’s live pig price. Also, structural change point analysis algorithm was
employed to test the structural change points of each characteristic mode, and the four modes
of live pig price in China were analyzed. Sun, et al.['8] decomposed the national risk value of
12 OPECs into three time scales: Short term, medium term and long term, and studied the
fluctuation characteristics, modal characteristics and global importance between each scale and
the original national risk series. On the basis of Diebold and Yilmaz’s['920 generalized variance
decomposition idea, this study constructed the spillover effect index of investor sentiment and
stock market, analyzed the influence scale and direction of investor sentiment, and discussed
the relationship between investor sentiment and capital market. Moreover, sliding window
technology was employed to explore the dynamic characteristics of spillover effect. Based on
BEMD (bandwidth empirical mode decomposition, BEMD) method, this study overcame the
shortcomings of previous single time domain or frequency domain analysis by combining time
domain analysis and frequency domain analysis, and clearly presented the signal characteristics
in time-frequency domain, which can hardly be obtained in single time domain or frequency
domain. Also, the dynamic characteristics of spillover effect were analyzed by using window
rolling technology. BEMD method can be applied to decompose all kinds of signal, and has
high signal-to-noise ratio in dealing with non-stationary and non-linear data. This study used
BEMD method to decompose investor sentiment and market indexes into the sum of several

IMF components and residual items. Zhang’s method[!] was employed to reconstruct IMF and
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residual items into short-term fluctuation item, medium-term major event impact item and
trend item. Based on spillover index and time difference correlation coefficient between vari-
ables, the interaction between investor sentiment and various variables was explored. This study
made contributions in two aspects: 1) By establishing investor sentiment index, BEMD method
was used to effectively avoid the possible problems of scale mixing and over-decomposition of
traditional EMD algorithm and decompose the financial time series data into time series of
different scales, then the relationship between investor sentiment, stock market and financial
industries represented by SWS Index was studied at the original scale, long-term, medium-term
and short-term scales. On the basis of the analysis of the “time domain dynamic correlation”,
the “frequency domain dynamic correlation” is further analyzed, and the rolling time window
technology is introduced to analyze the dynamic relationship. 2) There is interaction between
investor sentiment and capital market. On the one hand, investor sentiment influences capital
market. On the other hand, capital market also has an impact on investor sentiment. But the
existing research ignores the impact of the capital market on the investor sentiment at differ-
ent time scales. This study investigated the static and dynamic interaction between investor

sentiment and each market at different scales by using spillover index.

3 Construction of Investor Sentiment Index

The sources of investor sentiment index are mainly divided into two categories: One is to
directly investigate investor sentiment, including direct indexes like questionnaire. Such indexes
include CCTV BSI and Shenzhen Securities Information Company ICI. Since 2001, the CCTV
website has established CCTV BSI index by investigating the predication of afternoon market
by securities companies and consulting institutions to reflect investors’ views on the trend of
stock market. Shenzhen Securities Information Co., Ltd. has compiled a systematic, precise
and highly professional investor confidence index, which is only used for internal research and
cannot be extensively and deeply studied. China’s media or organizations have limited surveys
of investor sentiment, and the continuity of surveys and the availability of data are poor.
In addition, these surveys are generally conducted among institutional investors, and cannot
cover the sentiment of individual investors. The other is indirect indexes measuring investor
sentiment. Investor sentiment indexes are constructed based on the transaction data about
investor sentiment in the market, and can be used to analyze future market conditions. Such
indexes include not only the overall market performance indexes formed by summarizing the
overall performance data of the stock market, but also the transactional sentiment indexes
constructed from the perspective of the types of market trading behaviors. This study used
BW sentiment index construction method (Wurgler and Baker[??) and selected three proxy
variables: Turnover rate of weighted market value of A shares in circulation (Turn RMC), price
earning ratio of A share in Shanghai Stock Exchange (Pe) and Advance/Decline line of A share
in Shanghai Stock Exchange. Moreover, the advance and decline influence of the three variables
was comprehensively considered, and principal component analysis was carried out to construct

investor sentiment index.
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4 Study of Spillover Index Based on BEMD
Since the traditional EMD algorithm has the problem of scale mixing, the extracted IMF

may contain oscillation with a large frequency range, and sometimes may be over-decomposed.
Therefore, by combining BEMD and spillover index analysis, this study used the bandwidth
empirical mode decomposition (BEMD) proposed by Xie, et al.l'%] to extract the short-term
scale information of time series data. Moreover, the short-term scale relationship between
investor sentiment and variables was studied based on the spillover index. Base on the EMD
algorithm, sifting process in BEMD can be summarized as follows.

Given a time-series f(t), t =1,2,---, N, threshold value T, let r(t) = f(¢).

1) Find all local minima and maxima of r(t).

2) Get the upper envelop emax(t) by interpolating between maxima. Similarly get the lower
envelop ey (t) with minima.

3) Compute the mean envelop as an approximation to the local average, m(t) = (emax(t) +
emin(t))/2.

4) Extracted the proto-mode function (PMF): p;(i) = r(t) — m(t), and let r(t) = p;(t).

5) Repeat Steps 1~4 on PMF p;(i), stop criterion is presented by next three subsidiary
process;

a) Use 3-thresholds a1, 61, 63 criterion to get PMF that almost satisfies the two conditions
of IMF.

b) Continue the sifting process until we find the minimum for 03,5

c¢) Take the final PMF as an IMF, then the IMF has small frequency bandwidth mild scale
mixing problem. Then record the IMF im fi.(t) = pi(t).

6) Let r(t) = r(t) —imfi(¢), if the extremum point number of r(¢) is larger than three, let
k=k+1,i=0, and go to Step 1); otherwise finish the sifting process. According to the BEMD
algorithm, IMF with the weakest scale mixing can be obtained.

As the short-term scale information extracted by BEMD belongs to high-frequency informa-
tion and meets the stability requirements of series, a VAR model can be established. This study
applied the spillover index method based on forecast error variance decomposition proposed by
Diebold and Yilmaz!'92 to measure the short-term scale relationship between investor sen-
timent and stock market indexes. The model can be summarized as follows: p-order vector

auto-regression VAR(p) model considering n variables with stationary covariance is as below:

P
Ty = Z Dy + €, (1)
i=1

where, the error term e ~ (0, X') is an independent and identically distributed random variable.

The moving average of x; is expressed as below:
o)
Ty = ZAi€t—i7 (2)
i=0

where, the N x N coefficient matrix A; obeys recursive form A; = $14; 1 + ®1A; o+ -+
D1 A;_p. Agis N x N identity matrix and A; = 0 when ¢ < 0. Through variance decomposition,
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the prediction error variance of each variable was decomposed into various system shocks, and
the H-step error variance of x; caused by z; was evaluated.

The decomposition based on generalized VAR does not need to orthogonalize shock. The
decomposition results are robust and not affected by variable ordering. The generalized VAR
method allows related shock, which is explained by the historical distribution of errors, instead
of orthogonalizing shock. Since the shock to each variable is not orthogonal, the sum of variances
of prediction errors (the row sum of elements in variance decomposition table) is not necessarily
equal to 1.

In order to measure the spillover effect among variables, the H-step error variance caused
by the impact of z; is defined as self-spillover, while the H-step error variance caused by the
impact of z; is interactive spillover. H-step prediction error variance is decomposed into 9% (H),
H=12,---,

h 0 (6 ApYej)?
70 (e;Ah > Aje)

where X is the variance matrix of error vector e. o;; is the standard deviation of the j-th

_ UJJ
07,(H) =

(3)

equation error. e; is the selection vector. The i-th element is 1, and other elements are 0.
As explained earlier, the sum of the elements in each row of the variance decomposition table
is not equal to 1, namely E =1 U( ) # 1. To use the available information in the variance
decomposition matrix to calculate the overflow index, the row sum was employed to standardize
the input of the variance decomposition matrix.

-~ 09 (H

() = — g2 (4)

Sjn 05(H)
In order to measure the contribution of fluctuation shocks of all variables to the total prediction
error variance, the total spillover index is defined as below.
N Y N ng
Z i,j=1 z;éj ez] (H) % 100 = Ei,j:l,i;éj Hij (H)
= =

2= 05 (H) N

,le

Sg(H) = % 100. (5)

Directional spillover index S7(H) measures the spillover intensity of all other variables to vari-
able 7, which is called the total directional acceptance index of i. The directional spillover index

S?(H) measures the total spillover intensity of variable i to all other variables, which is called

the total directional spillover index of i. The calculation formula is as follows:

N ~
Sg(H) _ Zj:l,j;ﬁi QZ(H) % 100 = Zj 1,5#1 9;(]]( ) (6)
i. N )
i1 0% (H) N
N ~
C 0% (H Hg
ng(H) _ Zj;vl,j?ﬁz ]z( ) % 100 = Z] 1,541 ( ) (7)
' 2= 05 (H) N

The net spillover index measures the net spillover effect of market ¢ to other markets j, which is
the difference between the total fluctuation shocks from and to other markets. The calculation

formula is as below:

7 (H) = S5(H) = 57 (H). (8)
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To sum up, this study first decomposed the original data into a series of empirical modal
functions with different frequencies by BEMD. Second, the data was reorganized to extract the
fluctuation information at different scales. As the short-term fluctuation information belongs
to high-frequency data and meets the requirement of data stationarity, the VAR model can be
established directly, and the total spillover index, the directional spillover index and the net

spillover index can be obtained by decomposing the generalized prediction error variance.

5 Empirical Analysis
5.1 Measurement of Investor Sentiment Index

On the basis of the daily trading data from January 24, 2007 to December 27, 2018, this
study selected three proxy variables: Turnover rate of weighted market value of A shares in
circulation (Turn RMC), price earning ratio of A share in Shanghai Stock Exchange (Pe) and
Advance/Decline line of A share in Shanghai Stock Exchange. Since different variables have
advance or lag in the influence of investor sentiment, the advance and lag effects of the three
variables in index synthesis were comprehensively considered, and the advance and lag vari-
ables of the three variables were selected to construct investor sentiment index by carrying out

principal component analysis, as shown in Table 1.

Table 1 Principal component analysis

Total Variance Explained

Initial Eigenvalues Extraction Sums of Squared Loadings

Component  Total % of Variance Cumulative % Total % of Variance Cumulative %

1 2.684 44.733 44.733 2.684 44.733 44.733
2 1.479 24.647 69.38 1.479 24.647 69.38
3 1.27 21.175 90.555 1.27 21.175 90.555
4 0.516 8.605 99.16

5 0.048 0.795 99.956

6 0.003 0.044 100

Extraction Method: Principal component analysis

Three principal components were extracted:

index1 =0.48TurnRMC + 0.48Pe + 0.2ADL + 0.49TurnRMC(—1)
+0.48Pe(—1) 4 0.17ADL(—1).

index2 =0.19TurnRMC — 0.43Pe¢ + 0.53ADL + 0.23TurnRMC(—1)
—0.41Pe(—1) 4+ 0.52ADL(—-1).

index3 = — 0.49TurnRMC + 0.3Pe + 0.4ADL — 0.45TurnRMC(—1)
+0.31Pe(—1) 4 0.46ADL(—1).

(10)

(11)

Finally, variance percentage weight was conducted to construct composite sentiment index:

SENT = 0.45index1 + 0.25index?2 + 0.21index3. (12)
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5.2 Analysis of Multi-Scale Spillover Effect

In order to study the influence of market volatility on investor sentiment, this study collected
the daily trading data of Shanghai Composite Index, Shenzhen Component Index, SWS Bank
Index, SWS Insurance Index, SWS Securities Index and SWS Diversified Financial Index from
January 24, 2007 to December 27, 2018, and investigated the interaction between investor
sentiment and Shanghai Composite Index, Shenzhen Component Index and financial industries
represented by SWS index. When decomposing data using BEMD method, the number of
decomposed integrations was set to 100, and the standard deviation of white noise was 0.1.
The method proposed by Zhang?? was employed to reorganize IMF components and extract
short-term fluctuation information, medium-term major event impact information and long-
term trend information of the series. Moreover, the interaction between market fluctuation and
investor sentiment at different scales was analyzed.

By comparing and analyzing the reorganized IMF, we can more intuitively analyze the pe-
riodic fluctuations of investor sentiment, stock price index and SWS index. Generally speaking,
high-frequency data represent the short-term fluctuation of time series influenced by irregular
information, which lasts for a short time and fluctuates seriously. Low-frequency data represent
the time series influenced by major events like financial crisis, which makes time series change

greatly and have strong periodicity. The trend term reflects the basic trend of time series.

5.2.1 Analysis of Spillover Effect at Original Scale

First of all, the interaction between investor sentiment and Shanghai Composite Index,
Shenzhen Component Index and financial industries conducted with static full sample spillover
effect analysis. Second, rolling window technology was employed to study the dynamic charac-
teristics of spillover effect among variables.

1) Analysis of total spillover effect

By constructing the full sample spillover index of generalized predictive variance decompo-
sition of the first 10 days in advance, a 7 X 7 matrix was obtained, as shown in Table 2. The
ij-th element in the table represents the contribution of variable j to predictive error variance
of variable 7. Diagonal elements were employed to measure the spillover effects within elements,
while non-diagonal elements were applied to measure the spillover effects between elements.

According to the data in the table, the total internal spillover index between investor sen-
timent and Shanghai Composite Index, Shenzhen Component Index, the financial industries
represented by SWS Index is 65.52%, showing a strong correlation. On the whole, the internal
spillover of variables is generally higher than that between variables. Particularly, the investor
sentiment is affected most significantly, and the spillover index is up to 99.5%. Other variables
have little influence on investor sentiment. Being self-strengthening, investor sentiment is high
stimulated by good news, which spreads through different media and generates positive feed-
back effect on the stock market, thereby promoting the rise of stock price. The rising stock
price further stimulates the rise of investor sentiment. However, the Shanghai Stock Exchange
and the Shenzhen Stock Exchange are special, that is, the spillover effect of Shanghai Stock
Exchange is slightly smaller than that of Shenzhen Stock Exchange.
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Table 2 The internal total spillover index between investor sentiment and Shanghai Composite Index,
Shenzhen Component Index, financial industries represented by SWS Index at original scale

SWS
Shanghai Shenzhen SWS SWS SWS
Investor Diversified
Composite Component Bank Bond  Insurance Strom
sentiment Finance
Index Index (801192) (801193) (801194)
(801191)

Investor
sentiment 99.5 0.03 0.07 0.04 0.04 0.05 0.28 0.51
Shanghai
Composite 7.6 13.51 17.27 8.1 20.85 10.13 22.54 86.49
Index
Shenzhen
Component 7.04 14.25 25.3 10.59 14.85 10.17 17.8 74.7
Index
SWS Diversified

7.09 11.79 16.15 20.33 16.09 15.56 12.98 79.66
Finance (801191)
SWS Bank
(801192) 24.6 7.55 7.11 3.37 23.29 6.58 27.49 76.7
SWS Bond
(801193) 13.45 10.31 12.46 12.11 18.47 18.33 14.87 81.67
SWS Insurance

32.34 5.23 6.44 2.41 9.78 2.69 41.1 58.89
(801194)
Sto 92.12 49.16 59.5 36.62 80.08 45.18 95.96 65.52
Shet 91.61 —37.33 —15.2 —43.04 3.38 —36.49 37.07 .

In view of the overall spillover effect, The insurance industry has the strongest spillover ef-
fect, reaching 95.96%. The investor sentiment has the second strongest spillover effect, reaching
92.12%, but the influence from other markets is only 0.51%, indicating the information outside
the market is the main factor leading to the change of investor sentiment. Investor sentiment
is an important factor influencing the securities market. The insurance industry and banking
industry represented by SWS Index have more influence on other markets compared with the
factors outside the market. As for the spillover effect of investor sentiment on a single variable,
investor sentiment has the strongest spillover effect on the insurance industry and the weakest
spillover effect on the diversified Finance. Considering the spillover effects of various financial
industries on Shanghai Stock Exchange and Shenzhen Stock Exchange, except for self-spillover,
the spillover effects of the banking industry and the insurance industry are the strongest. The
net spillover effects of the banking industry and the insurance industry are great, indicating
that the business relevance of different financial institutions has been enhanced with the deep-
ening of the mixed operation in the financial industry. The banking industry and the insurance

industry have similarity in capital adequacy ratio, solvency and risk matching ability, and the
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cross-industry and cross-market contagion of financial risks continuously increases.

2) Analysis of dynamic spillover effect

Spillover effect generally varies over time. The correlation between different variables may
be aggravated or weakened in uncertain conditions, and the static spillover index may ignore
the influence of new information during the sample period. In order to effectively test the
time-varying characteristics of spillover effect between investor sentiment and variables, this
study introduced rolling time window technology to ensure smooth expression of index and
avoid information distortion. The sample size of the sliding window was set 300, and the rolling
step size was 10. As Figure 1 shows, The dynamic spillover index indicates that the spillover
index between investor sentiment and various markets is in the range of 65%~75% from 2007
to 2018, showing strong correlation. Also, the spillover index between investor sentiment and
various markets has great volatility, which is obviously influenced by information. There are
three major fluctuations, which occurred in October 2009—July 2010, February 2014—December
2014, May 2017—October 2018. The 2009 financial crisis has not completely disappeared, and
there is still a long way to go for economic recovery. The sales restriction and ban lifting
has brought heavier pressure in the securities market. However, as the Chinese government
issued the 4-trillion economic stimulus plan in November 2008, and the GEM market landed on
the capital market stage, the multi-level capital market was gradually improved, and investor
sentiment has been enhanced. The securities market finally closed big red line, and the turnover
of the Shanghai Stock Exchange and the Shenzhen Stock Exchange also reached a record high.
With the tightening of real estate policy and monetary policy in 2010, higher demands were
raised for IPO financing and refinancing in the capital market, and the capital pressure in
the secondary market was doubled. The A-share market represented by Shanghai Composite
Index fell far beyond the major global stock indexes, only better than that in Greece and
Spain which suffered from European debt crisis. With the continuous decline of stock indexes,
investors were depressed. In 2014, as China comprehensively deepened the reform of economic
system and released the reform dividend, the capital market finally got rid of the bear market
which lasted for nearly seven years and ushered in a new round of bull market. The investor
sentiment kept rising, leading to the increase of the spillover index. Affected by three key
factors, namely overseas factors represented by Sino-US trade friction, the continuous shrink of
credit contraction represented by the continuous decline in the growth rate of social financing,
and the continuous strengthening of financial supervision represented by the formulation of
new regulations on asset management, the A-share market continued to slump in 2018, and the
turnover of Shanghai stock market hit a new low in more than four years. By the end of 2018,
the number of investors was 145 million, the market value decreased by 14.59 trillion yuan, and
the per capita loss of A-share investors was 100,600 yuan. Investors were depressed and the

spillover index kept falling.



410 CHEN W G, ZHOU S F, ZHANG Y, et al.

80

Spillover index(%)
70

80

T T T T T T
2008 2010 2012 2014 2016 2018

Figure 1 The dynamic spillover index between the investor

sentiment and each market at original scale

3) Analysis of directional spillover effect

Figure 2 shows the investor sentiment and the directional spillover index and net spillover
index of each market from 2007 to 2018, which reflects the trend of investor sentiment and
information spillover between each market and all other markets. It can be seen from the figure
that there is uncertainty and volatility between investor sentiment and the directional spillover
index of each market, which is greatly influenced by various market information. Investors’
sentiment and the total directional acceptance of each market have the opposite trend to the
total directional spillovers, while the total directional spillovers and net spillovers tend to be
consistent. From the overall directional acceptance of each index, due to the influence of the
fuse mechanism and the new regulations of capital market reduction, the overall directional
acceptance of investor sentiment and insurance market are in a higher position in 2016, and the
spillover index is in a higher position, mainly the receiver of information, while the Shanghai
Composite Index, diversified finance and bank’s overall directional acceptance are in a relatively
low position, while the spillover index is in a lower position. It is mainly the transmitter of
information. From the total directional spillover of each index, the total directional spillover
index of investor sentiment is in a high position in 2018. From this, it can be judged that
in 2018, the worst-performing stock market was the Chinese A-share market, and besides the
constant trade friction between China and the United States, the downward pressure on the
domestic economy and the relatively low real economy, the low investor sentiment is also an
important cause.
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Figure 2 The directional spillover index and net spillover index between

the investor sentiment and each market at original scale

4) Robustness test

To test the robustness of the total spillover effect, an optional H-step prediction error
decomposition and an optional W-day sliding window are used. In this paper, 200-day and
300-day sliding windows, 10-step and 30-step prediction steps are selected for robustness test,
and the test results are shown in Figure 3. No matter how the size of sliding window and
prediction step are chosen, the dynamic overflow graph shows similar patterns, which shows

that the analysis results are robust and consistent.
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Figure 3 The dynamic spillover index of 200-day sliding windows
and 10-step prediction steps at original scale

W =300 days , H = 30 steps
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Figure 4 The dynamic spillover index of 300-day sliding windows

and 30-step prediction steps at original scale

5.2.2 Analysis of Short-Term Scale Spillover Effect

1) Analysis of total spillover effect
From Table 3 of High Frequency Data Spillover, it can be seen that the internal total spillover

index between investor sentiment and Shanghai Composite Index, Shenzhen Component Index,
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Table 3 The internal total spillover index between investor sentiment and Shanghai Composite Index,

Shenzhen Component Index, financial industries represented by SWS Index at the short-term scale

SWS
Shanghai Shenzhen SWS SWS SWS
Investor Diversified
Composite Component Bank Bond Insurance Strom
sentiment Finance
Index Index (801192) (801193) (801194)
(801191)

Investor
sentiment 99.80 0.02 0.03 0.02 0.06 0.01 0.05 0.20
Shanghai
Composite 39.14 10.06 11.34 4.20 21.03 4.48 9.75 89.94
Index
Shenzhen
Component 57.78 5.50 14.76 3.72 8.09 3.32 6.82 85.24
Index
SWS Diversified

61.54 3.47 6.65 11.55 7.15 4.88 4.75 88.45
Finance (801191)
SWS Bank
(801192) 44.76 3.23 2.62 0.97 39.59 1.63 7.20 60.41
SWS Bond
(801193) 52.71 4.24 7.73 5.35 12.05 12.60 5.32 87.40
SWS Insurance

43.36 3.86 4.53 1.92 17.72 1.73 26.90 73.10
(801194)
Sto 299.29 20.32 32.89 16.19 66.10 16.05 33.90 69.95
Snet 299.09 —69.62 —52.35 —72.26 5.69 —71.35 —39.2 '

financial industries represented by SWS Index is up to 69.25%, which is higher than the spillover
index at the original scale. The correlation among variables is greater than that at the original
scale. Investor sentiment has greater influence on each market at the short-term scale than that
at the original scale, reaching 299.29%. On the whole, the internal spillover is generally higher
than the spillover between variables. Particularly, investor sentiment is most affected by its own
impact, up to 99.8%, while other variables have less influence on investor sentiment. However,
compared with the original scale data, except that the internal spillover of investor sentiment
and the banking industry increases, other indexes decrease in different degrees. Apart from
investor sentiment and the bank industry, the total directional acceptance of each market at
the short-term scale is larger than that at the original scale. Except for investor sentiment,
the total directional spillover index of each market at the short-term scale is smaller than that
at the original scale, indicating that investor sentiment is the main variable affecting other
market, and except bank industry all markets are more susceptible to new market information.
Moreover, the interaction between most markets is weaker than that at the original scale. The

total directional acceptance index of the banking industry at the short-term scale is smaller
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than that at the original scale, and the total directional giving index is smaller than that at the
original scale too. Therefore, banks are unlikely to be influenced by other market information
in the short term, but are more likely to influence other markets. It shows that the role of
banking market in risk spillover in the short term is less than that in the original scale.

2) Analysis of dynamic spillover effect

According to the dynamic spillover index, as Figure 5 shows, the spillover index between
investor sentiment and each market was maintained at 60%~70% from 2007 to 2018. Compared
with the original scale, the dynamic spillover curve at the short-term scale is flatter, and the
spillover effect is smaller. The significant difference of the dynamic spillover graph at the
original scale and the short-term scale appeared in 2015. In the short term, investor sentiment
and various industries had greater feedback to relevant information in 2015, and the spillover
index was larger. In China’s stock market, the stock index increased substantially in the first
half of 2015, while the stock market crashed and the stock price fell sharply on June 15. The
regulatory authorities took various measures to rescue the market. Moreover, the CSRC and
the Ministry of Public Security cracked down on malicious short selling. In order to curb the
herd effect that investors may sell into corrections, decrease the volatility of the capital market,
enable investors to fully disseminate and feedback information, reduce information asymmetry
and price uncertainty, and prevent sharp price fluctuations, Shanghai Stock Exchange, Shenzhen
Stock Exchange and China Financial Futures Exchange officially issued relevant provisions of

index circuit breaker and launched the circuit breaker mechanism at the end of 2015.
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Figure 5 The dynamic spillover index between the investor
sentiment and each market at the short-term scale

3) Analysis of directional spillover effect

Figure 6 shows the directional spillover index and net spillover index between the investor
sentiment and each market at the short-term scale from 2007 to 2018, which reflect the short-
term trend of information spillover of investor sentiment as well as each market and all other
markets. The total directional acceptance index at the short-term scale is smaller than that
at the original scale. The difference between the total directional acceptance index of investor
sentiment and the original scale appeared in 2008 and 2016. The 2008 financial crisis had a
greater impact on investor sentiment at the short-term scale than that at the original scale,
while fuse system had a smaller impact on investor sentiment than that at the original scale.
Obviously, external events have greater impact on investor sentiment at the short-term scale.
There were significant differences between Shanghai Composite Index and Shenzhen Composite
Index in 2018. The total directional acceptance index of Shanghai Composite Index in 2018
was in the trough position of index at the short-term scale and in the peak position at the

original scale. The total directional acceptance index of Shenzhen Composite Index was in the
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trough position at the original scale. In 2018, the Shanghai Composite Index was less affected
by external events at the short-term scale, while the Shenzhen Composite Index was obviously
influenced by external events at the original scale. The total directional spillover index of in-
vestor sentiment, Shanghai Composite Index, Shenzhen Component Index, bond market and
insurance market is small at the short-term scale. The total directional spillover index of banks
is small at the original scale. There is little difference in diversified finance between the short-
term scale and the original scale.
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Figure 6 The directional spillover index and net spillover index between the in-

vestor sentiment and each market at the short-term scale
4) Robustness test
In order to test the robustness of total spillover effect at the short-term scale, 200-day and
300-day sliding windows and 10-step and 30-step prediction steps were selected to carry out
robustness test. The test results are presented in Figure 7 and Figure 8. Despite the size of
the sliding window and the prediction step, the dynamic spillovers at the short-term scale show
similar patterns, indicating that the short-term scale analysis results have high robustness and

consistency.
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Figure 7 The dynamic spillover index of 200-day sliding windows

and 10-step prediction steps at the short-term scale
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W =300 days , H = 30 steps
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Figure 8 The dynamic spillover index of 300-day sliding windows
and 30-step prediction steps at the short-term scale

5.2.3 Analysis of Medium-Term and Long-Term Scale Spillover Effect

In order to deeply study the fluctuation relationship between investor sentiment and market
indexes at medium-term and long-term scales, the correlation degree as well as leading and
lagging relationship between variables were tested according to the time difference correlation
coefficient between variables. Variables M1, M2, M3, M4, M5, M6, M7 and variables L1, 1.2, L3,
L4, L5, L6, L7 respectively represent medium-term and long-term investor sentiment, Shanghai
Composite Index, Shenzhen Component Index, SWS Diversified Financial Index, SWS Bank
Index, SWS Bond Index and SWS Insurance Index.

It can be seen from Figure 9 that the investor sentiment has a strong correlation with SWS
Bond, SWS Diversified Finance and Shanghai Composite Index at the medium-term scale. At
the long-term scale, investor sentiment is strongly correlated with SWS Bond, SWS Bank,
Shanghai Composite Index and Shenzhen Component Index, compared with the medium term.
In the medium term, the correlation of SWS Bond, SWS Diversified Finance and Shanghai
Composite Index with investor sentiment (—i) is stronger than that in the same period, while
the correlation with investor sentiment (+i) is weaker than that in the same period, indicating
that the medium-term fluctuation of investor sentiment precedes that of other variables. In-
vestor sentiment (—i) and (+i) has weaker correlation with SWS Bond, SWS Bank, Shanghai
Composite Index and Shenzhen Component Index in the long run than that in the same pe-

riod, indicating investor sentiment has no obvious leading and lagging relationship with other

variables.
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Figure 9 The time difference correlation coefficient between variables at long-term scales
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6 Conclusion

This study investigated the correlation between investor sentiment and Shanghai Composite
Index, Shenzhen Component Index, SWS Diversified Finance, SWS Bank, SWS Bond as well
as SWS Insurance according to the spillover index. In order to study the correlation among
the variables at different scales, BEMD method was employed to decompose and integrate the
variables, and the static and dynamic correlations between investor sentiment and the vari-
ables were analyzed at multiple scales. The study results demonstrate that the total internal
spillover index between investor sentiment and Shanghai Composite Index, Shenzhen Compo-
nent Index and financial industries represented by SWS Index is up to 65.52%, and there is a
strong correlation among the variables. Investor sentiment is an important influencing factor of
the securities market. The dynamic spillover index shows strong correlation between investor
sentiment and markets. At a short-term scale, compared with the original scale data, except
that the internal spillover of investor sentiment and the banking industry increases, other in-
dexes decrease in different degrees. Apart from investor sentiment and the bank industry, the
total directional acceptance of each market at the short-term scale is larger than that at the
original scale. Compared with the original scale data, except that the internal spillover of in-
vestor sentiment and banking industry increases, other indexes decrease in different degrees.
The dynamic spillover curve is relatively flat in the short term, and the spillover effect is small.
In the medium term, investor sentiment has a strong correlation with SWS Bond, SWS Diver-
sified Finance and Shanghai Composite Index. In the long term, investor sentiment is strongly
correlated with SWS Bond, SWS Bank, Shanghai Composite Index and Shenzhen Component
Index than that in the medium term.

Research prospects: The research in this paper is based on the consistency of data. But
the data in reality will inevitably be affected by external events, and the compilation method
of available data may also change, such as the official opening of the science and technology
innovation board on June 13, 2019 and the new compilation method of the Shanghai Composite
Index on July 22, 2020. In the future, on the one hand, we can try to improve the compilation
method of investor sentiment index to eliminate the impact of external events on the data, on
the other hand, we can try to improve the analysis method to eliminate the impact of external

events on the data.
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