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Abstract

This paper tried to utilize Ensemble Empirical Mode Decomposition (EEMD) to explore the corre-
lations between investor sentiment and stock index and macro economy, as well as the prediction
capacity of the short-term fluctuation, medium-term fluctuation and long-term trend of investor
sentiment in the future stock market return. Firstly, dynamic factor model (DFM) was used to ex-
tract sentiment factors from 5 proxy variables of investor sentiment. Then, characteristics com-
parison and lead-lag relationship analyses were made on the short-term fluctuation, medium-
term fluctuation and long-term trend of investor sentiment index, Shanghai Stock Index and ma-
cro index. Finally, whether the original signals of investor sentiment and each component can
predict the size and the direction of future market returns was tested. Results indicated that high-
frequency sentiment signals had a significant reverse prediction capacity on the short-term and
medium-term future market returns. Moreover, low-frequency sentiment signals had a stronger
prediction capacity in the direction of future market returns than original sentiment signals,
high-frequency sentiment signals and residual signals.
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1. Introduction

In the behavioral financial theory, investor sentiment is a core concept as well as a research hotspot in the
present academic field and practice field. The so-called investor sentiment refers to the expectation of investors
on a specific risk asset or the overall market. Different from the rational expectation theory by traditional econ-
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omists, behavioral financial theory holds the idea that the real expectation of investors usually presents irrational
characteristics and systematic bias, which may have great influences on the decision-making of investors and
price fluctuation of risk assets and even trigger financial crisis.

Many literatures depict the dynamics of sentiment by constructing theoretical models and analyze the influ-
ences of sentiment dynamics on asset price fluctuation. The belief diffusion model established by Kirman (1993,
2005) according to Markov chain and the mutual mimetic contagion model established by Lux (1995) with the
aid of differential equation method described the evolution mechanism of herding sentiment. Static noise trading
model by De Long, Shleifer, Summers, & Waldmann (1990a), dynamic noise trading model by Binswanger
(1999), static overconfidence and self-attribution model by Daniel, Hirshleifer, & Subrahmanyam (1998), and
dynamic overconfidence and self-attribution model by Gervais & Odean (2001) described the evolution me-
chanism of private noise sentiment. Positive feedback model by De Long, Shleifer, Summers, & Waldmann
(1990b) and the behavior model by Westerhoff (2004), which reflected two basic psychological factors, fear and
greed, in the market, and portrayed the evolution mechanism of momentum sentiment.

Moreover, many literatures made empirical tests on whether investor sentiment could predict future stock or
market returns. De Bondt & Thaler (1985) sorted all the listed stocks in New York Stock Exchange during 1926
to 1982 according to the accumulated return rate in the past 3 years, and two investment portfolios were con-
structed according to 35 stocks with the best performance and 35 stocks with the worst performance, which re-
spectively called winner portfolio and loser portfolio. Then, the accumulated return rates of these 2 portfolios in
the coming 3 years were investigated. Results found that the loser portfolio presented a high return while the
winner portfolio presented a low return. This phenomenon was called winner-loser effect, indicating that mo-
mentum factor was an effective investor sentiment measurement which could effectively predict the future re-
turn of the investment portfolio. Fisher & Statman (2000) found that investment portfolio shareholding ratio
which represented Wall Street strategist sentiment and Bull Market Sentiment Index (BSI) which represented
individual investor sentiment could be used as reversing indicator of S&P500 index returns. Brown & CIiff
(2004) studied the influences of investor sentiment on the short-term and long-term market return. Results indi-
cated that investor sentiment had no significant influence on the short-term return of the stock market while it
had a significantly negative correlation with the future 1 - 3 years’ return rate of the stock market. Baker &
Wurgler (2006) found that investor sentiment was a systemic factor that influenced the stock return on the basis
of empirical analysis. Schmeling (2009) made an empirical study on the basis of 18 countries’ panel data and
found that investor sentiment had a good reverse prediction capacity on the future stock return. The study of
Chung, Hung, & Yeh (2012) found that investor sentiment had significant prediction capacity on the stock port-
folio return in the economic expansion period while investor sentiment had no significant prediction capacity on
the stock portfolio return in the economic recession period. Yong (2013) explored the prediction capacity of in-
vestor sentiment on market returns and early-warning ability on market crisis. The results indicated that the
higher the investor sentiment was, the smaller future market returns was and the higher the possibility of future
negative market returns was. Moreover, overly high market sentiment may increase the risk of crisis occurrence.
Huina, Scott, & Johan (2011) established investor sentiment index by use of new investigation and big data from
Twitter and Google, then investigated the influences of these investor sentiment indexes on some principal fi-
nancial indicators such as Dow Jones index, stock trading volume, VIX and gold price. The results demonstrated
that weekly Google financial search data could well predict the stock market changes and investor sentiment in-
dex calculated by Twitter data could significantly predict the stock market returns in the coming 1 - 2 days. By
aid of the issued articles and comments on Seeking Alpha, the largest investment social network site, and issued
news reports and comments on Dow Jones News Service (DJNS), Chen et al. (2014) established the investor
sentiment index by using text identification method. The results found that this investor sentiment index could
effectively predict future stock return.

In view of signal processing, investor sentiment, as a signal, is formed by overlaid signal sources of various
frequencies. This paper utilized Ensemble Empirical Mode Decomposition (EEMD) to decompose investor sen-
timent signals into several important signal sources of various frequencies, namely, Intrinsic Mode Functions
(IMFs). Then, IMFs were reconstructed into short-term fluctuation item (high-frequency signal), medium-term
fluctuation item (low-frequency signal) and long-term trend (residual signal). Finally, the correlations between
the short-term fluctuation, medium-term fluctuation and long-term trend of investor sentiment and stock index
and macro economy as well as their prediction capacity on future stock market returns were investigated.
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2. Calculation of Sentiment Index

Firstly, the following 5 variables were selected as the proxy variables of investor sentiment, increment of stock
accounts (X,), turnover rate (X,), number of IPO companies (X3), arithmetic mean return rate on the first day of
IPO (X,), arithmetic mean discount rate of closed-end fund (Xs). The monthly data of the above 5 proxy va-
riables during January 1999 to December 2014 were selected, in the total number of 192. Among them, data of
X1, Xo, X3, and X4 were from Wind Financial Terminal and data of X5 were from CSMAR database. Figure 1
shows the time series of the above 5 proxy variables. Among them, the solid line represented proxy variables
and corresponded to the left axle, while the dotted line represented Shanghai Stock Index and corresponded to
the right axle. The data of Shanghai Stock Index were from Wind Financial Terminal.

Next, Dynamic Factor Model (DFM) was used to extract sentiment factor from 5 sentiment proxy variables.
DFM allows latent factor and random disturbance term to have autoregressive structure, which can well describe
the dynamics of economic and financial time series. Details about the introduction and application of DFM
please refer to Geweke (1977), Sargent & Sims (1977), Stock & Watson (1989), and Watson & Engle (1983).

The extraction model of dynamic sentiment factor can be expressed as

5, o))

where Sentiment, is sentiment factor and y, is factor loading. Sentiment factor Sentiment, owns the fol-
lowing AR(p) structure
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Figure 1. Time series of 5 proxy variables.
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Random disturbance term ¢, owns the following AR(q) structure

q
&y = z’//ijgi,t—j +Vi, vy ~N (0’ Giz)ﬁ E(Vlvl’) = diag (0121"'10'52) ) )
=

where V, =(v1t,---,v5t)'.

In view of that IPO suffered several times of suspension in the sampling period, this paper adopted cubic
spline interpolation method to fill the missing data of X3 and X4. Suppose p = q = 1, the parameter estimation
results of DFM is listed in Table 1. ** and *** respectively represent the significance levels at 0.05 and 0.005.

Figure 2 shows the time series of investor sentiment index, Shanghai Stock Index and Macro Prosperity In-
dex, which is a proxy variable of macro economy. The data of Macro Prosperity Index were from Wind Finan-
cial Terminal.

Investor sentiment index (left axle)
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Figure 2. Investor sentiment index, Shanghai Stock Index and Macro Prosperity index.
Table 1. Parameter estimation results of DFM.
Parameters Estimation values OIM standard errors Z statistics P values (two tails)
o1 0.9921 0.0099 100.17 0.000™"
7t 27.0395 8.4943 3.18 0.001™"
o 0.8456 0.0472 17.91 0.000™"
o/ 4268.315 572.9831 7.45 0.000™"
Y2 0.1012 0.3028 3.34 0.001™"
Y1 0.4980 0.2379 2.09 0.036™
62° 0.0203 0.0076 2.67 0.004™
Ya 1.2002 0.4806 2.50 0.013™
Vi 0.7897 0.0597 13.22 0.000™"
o5 44,7594 4.8340 9.26 0.000™"
Ya 0.1330 0.0465 2.86 0.004™"
Va1 0.8495 0.0455 18.66 0.000™"
o4 0.3419 0.037 9.24 0.000™"
Ys -0.9673 0.6143 -1.57 0.115
Vst 0.9097 0.0316 28.75 0.000™"
o5 36.0956 3.8316 9.42 0.000™"
Wald Chi2(11) 14440.03
Prob > Chi2 0.0000""
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3. EEMD-Based Correlations Analysis of Sentiment Index, Shanghai Stock Index
and Macro Index

3.1. EEMD Decomposition of Sentiment Index, Shanghai Stock Index and Macro Index

Empirical Mode Decomposition (EMD) was put forward by Huang et al. (1998). This method is a circulative
iteration algorithm, which can self-adaptively decompose a series of intrinsic mode functions (IMFs) from time
series. However, EMD method has a key defect of mode confusion, namely, different IMFs own similar fre-
quency, which may lead to unclear physical significance of IMF. Specific to this defect, Wu et al. (2009) pro-
posed Ensemble Empirical Mode Decomposition (EEMD). Its fundamental principle was that white noise was
added in the original time series to form a new time series. Then, EMD was made on the new time series, ob-
taining a series of IMFs. The above EMD was repeated for N times and then the IMFs of N times were averaged,
obtaining final IMFs.

In this paper, EEMD was utilized to decompose investor sentiment index, Shanghai Stock Index and macro
index and the standard deviation of white noise was set 0.2 and integration number N was set 100. Figure 3
shows the original series of sentiment index, 6 IMFs and residual series. The decomposition results of macro
index and Shanghai Stock Index were not listed in the paper.

3.2. IMF Integration and Reconstruction and Characteristics Comparison

Referring to the practice of Zhang et al. (2008), this paper made IMF integration and reconstruction on sentiment
index, Shanghai Stock Index and macro index. Taking sentiment index as an example, Figure 4 lists the mean of 6
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Figure 3. Original series of sentiment index and EEMD results.
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Figure 4. Mean and P value of t-test of IMFs.

IMFs and P value of t-test on the mean (the mean in the null hypothesis was 0). It can be seen that 4th IMF
firstly showed the mean of non-0 significantly (with significance level of 0.01). Thus, 1st-3rd IMFs were over-
laid as high-frequency signal, representing the short-term fluctuation of investor sentiment; 4th-6th IMFs were
overlaid as low-frequency signal, representing the medium-term fluctuation of investor sentiment; residual
maintained unchanged, representing long-term trend of investor sentiment. Similarly, mean and P value of t-test
of IMFs of Shanghai Stock Index and macro index respectively are also listed in Figure 4 (both 3rd IMF firstly
showed the mean of non-0 significantly, with significance level of Shanghai Stock Index of 0.1 and significance
level of macro index of 0.05).

Further, from Table 2, it can be seen that in terms of short-term fluctuation, the mean period of investor sen-
timent was the longest, followed by macro index, and the mean period of Shanghai Stock Index was the shortest.
In terms of medium-term fluctuation, the mean periods of investor sentiment and Shanghai Stock Index were
equal, both higher than the mean period of macro index. In terms of long-term trend, the mean periods of inves-
tor sentiment index, Shanghai Stock Index and macro index were equal. Moreover, the sources of the fluctuation
of investor sentiment index, Shanghai Stock Index and macro index presented different modes. In terms of in-
vestor sentiment index, the variance of medium-term fluctuation accounted the highest and was the main source
of fluctuation of investor sentiment index, followed by short-term fluctuation, and the variance of long-term
trend accounted the lowest. In terms of Shanghai Stock Index, the variance of medium-term fluctuation ac-
counted the highest and was the main source of fluctuation of Shanghai Stock Index, followed by long-term
trend, and the variance of short-term fluctuation accounted the lowest, only 1.64%. In terms of macro index, the
variance of long-term trend accounted the highest, followed by medium-term fluctuation and the variance of
short-term fluctuation accounted the lowest.

3.3. Correlations Analysis of Sentiment Index, Shanghai Stock Index and Macro Index

Granger Causality Tests were respectively made on the short-term fluctuations, medium-term fluctuations and
long-term trend of three indexes. The optimal lag order of Granger Causality Test was comprehensively judged
by likelihood, AIC and BC of VAR model. From Table 3, it can be seen from the high-frequency signal that at
the significance level of 0.01 investor sentiment index and Shanghai Stock Index were mutually Granger causal-
ity. At the significance level of 0.01, investor sentiment was the Granger cause of macro index, which indicated
that in the short-term fluctuation investor sentiment was ahead of macro index. From the low-frequency signal it
can be seen that at the significance level of 0.01 investor sentiment index and Shanghai Stock Index were mu-
tually Granger causality; at the significance level of 0.01 investor sentiment index and Shanghai Stock Index

D
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Table 2. The comparison of mean period and proportion of variance.

Sentiment index Shanghai Stock Index Macro index

Reconstructed series

Proportion of Proportion of Proportion of

Mean period . Mean period . Mean period p

variance variance variance

H'ghsfigﬁ]qa‘:ency 24 38.66% 9 1.64% 17 17.83%

Low frequency 96 48.75% 96 59.68% 48 36.55%

signal
Residual signal 192 12.59% 192 38.68% 192 45.62%
Table 3. The results of Granger causality test.
Optimal lag order and null hypothesis High frequency signal Lowsfi;er?;ency Residual
Optimal lag order 6 6 1

Sentiment index does not granger cause Shanghai Stock Index 0.0000™ 0.0000™ 0.0000™
Shanghai Stock Index does not granger cause sentiment index 0.0000™ 0.0000™ 0.0000™"
Sentiment index dose not granger cause macro index 0.0983" 0.0009™" 0.0000™"
Macro index does not granger cause sentiment index 0.3401 0.3281 0.0000""
Shanghai Stock Index does not granger cause macro index 0.4943 0.0039™" 0.0000""
Macro index does not granger cause Shanghai Stock Index 0.2064 0.2086 0.0000""

were the Granger cause of macro index, which indicated that in the medium-term fluctuation investor sentiment
and Shanghai Stock Index were ahead of macro index. From the residual signal it can be seen that at the signi-
ficance level of 0.01 investor sentiment index, Shanghai Stock Index and macro index were mutually Granger
causality.

4. Prediction Capability Test of Sentiment Component at Different Scales on
Future Market Returns

Whether the original signal and each component of investor sentiment can predict future market returns was
tested. The logarithmic return rate of Shanghai Stock Index with holding period of 1, 2, 3, 6, 9 and 12 months,
R¥, can be expressed as

Rtk =1In Pt+k—1 —In Pt—l’ 4

where P is the price of Shanghai Stock Index.

In consideration of that return series R* owns significant autocorrelation and fluctuation aggregating feature,
GARCH model was adopted to test the prediction capacity and each component of investor sentiment on future
market returns and conditional variance.

The mean equation of GARCH(1,1) model can be expressed as

R =a“R¥, +b“Sentiment, , +u/, (5)
where Sentiment,_, is investor sentiment and each component and uf is random disturbance term.
The volatility equation can be expressed as
o!? =a* + g + 5*Sentiment, (6)

where &2 is the conditional variance of random disturbance term uf.

Table 4 lists the parameter estimation results of GARCH(1,1) method at each holding period. It can be seen
that high-frequency sentiment signal owned significant reverse prediction capability on short-term and me-
dium-term future market returns (1, 2, 3 and 6 months). Original sentiment signal, low-frequency sentiment sig-

nal and residual signal had no significant prediction capability on future market returns at each holding period.

G2
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Table 4. The results of GARCH model.

Holding period k=1 k=2 k=3 k=6 k=9 k=12

K 0.000034 —0.000003 —0.000047 0.000009 0.000053 0.000043

Original b (0.5250) (0.9592) (0.4786) (0.9149) (0.5656) (0.5725)
signal 5 0.000004 0.000006 0.000004 0.000009 0.000008 0.000006
(0.2489) (0.1732) (0.4242) (0.3178) (0.1797) (0.3173)
. « -0.000111 —0.000226 —0.000553 —0.000252 —0.000042 —0.000059

" High b (0.0661") (0.0164™) (0.0000™) (0.0280™) (0.7185) (0.5426)

requenc

s?gnal Y 5 —0.000003 —0.000004 0.000004 0.000001 —0.000004 0.000006
(0.5481) (0.4267) (0.5043) (0.8791) (0.3375) (0.4116)
K 0.000096 0.000058 0.000059 -0.000020 -0.000097 -0.000026

; Low b (0.1886) (0.5320) (0.5389) (0.8638) (0.4203) (0.8676)

requenc

s?gnal Y « 0.000004 0.000006 0.000004 0.000008 0.000007 0.000005

s (0.1978) (0.2288) (0.3345) (0.2070) (0.0763%) (0.3099)

b —0.000007 0.000011 0.000016 0.000028 0.000043 0.000042

Residual sianal (0.9109) (0.8880) (0.8430) (0.7719) (0.6342) (0.6648)

esidual signa

9 5 0.000003 0.000005 0.000006 0.000005 0.000004 0.000004

(0.3554) (0.0726") (0.3532) (0.3110) (0.3183) (0.5084)

Each sentiment component had no significant prediction capability on the conditional variance of market returns
at each holding period.

Moreover, Logit regression model was utilized to test whether each sentient component can predict the direc-
tion of future market returns (positive or negative).

The indicator variable of the direction of future market returns is established as

1 R>0
di = L @)
0 RS <0
Logit regression model can be expressed as
Pr{dlk :1} = f(y"Sentimentlfl), (8)

where f (x)= ex/(1+ e’).

Table 5 lists the parameter estimation results of Logit regression model at each holding period. It can be seen
that original sentiment signals had a significantly positive prediction capability on the direction of medium-term
and long-term future market returns (6, 9 and 12 months), namely, the higher the sentiment was, the greater the
possibility of positive future market return was. High-frequency sentiment signals had a significantly positive
prediction capability on the direction of medium-term future market returns (6 and 9 months). Low-frequency
sentiment signals had a significantly positive prediction capability on the direction of future market returns (3, 6,
9, and 12 months). Residual signals had a significantly negative prediction capability on the direction of long-
term future market returns (9 and 12 months). In comprehensive view, the prediction capability of low-frequency
sentiment signals on the direction of future market returns was stronger than those of original sentiment signals.

5. Concluding Remarks

This paper utilized EEMD method to respectively decompose investor sentiment, stock index and macro econ-
omy index into several important signal sources of various frequencies, such as high-frequency signal
representing short-term fluctuation, low-frequency signal representing medium-term fluctuation and residual
signal representing long-term trend. On the basis of EEMD results, the correlations among investor sentiment,
stock index and macro economy as well as their prediction capacity on future stock market returns were investi-
gated.

Investor sentiment is one of the core concepts in behavioral finance theory and it is characterized by irratio-
nality and systematic bias, which may greatly affect the fluctuation of asset prices. This paper adopted signal

G2
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Table 5. The results of Logit model.

Holding period k=1 k=2 k=3 k=6 k=9 k=12

Original sianal 0.001553 0.000230 0.000647 0.003194 0.003370 0.003185

g 9 (0.1451) (0.8156) (0.5173) (0.0123™) (0.0100™) (0.0132™)

High -0.000839  —0.001623 -0.000194 0.005685 0.004602 0.003408

frequency signal (0.6925) (0.4534) (0.9266) (0.0349™) (0.0692") (0.1491)

¥z

‘ Low 0.003081 0.001977 0.004163 0.008101 0.014627 0.017103
frequency signal  (0.1077) (0.2930) (0.0348™) (0.0004™) (0.0000") (0.0000")
0.002314 0.000056 -0.001298 -0.001105 -0.003049 -0.003316

Residual signal 5 166g) (0.9733) (0.4360) (0.5072) (0.0703") (0.04957)

processing method to study investor sentiment and obtained some interesting results, providing us a new re-
search perspective.
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