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Abstract. This paper studies a broad sample of investors’ online opinion
posts on the largest stock forum in China. Using text mining methods with data
cleaning, text representation, feature extraction, and two-step sentiment
classification, the paper identifies individual investor sentiment and complies an
index. Further, the investor sentiment index is applied to Chinese stock market, and
a relatively comprehensive analysis is proposed to study the relationship between
investor sentiment and the CSI 300 stock index returns. Empirical results suggest
prediction effect of investor sentiment on the stock market returns. Investor
sentiment has short-term positive effects and medium-run reverse effects on stock
market. The asymmetric effect that high investor sentiment gets more obvious
influence on stock returns has also been found. We examine cumulative changes of
investor sentiment to verify our main conclusion.
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1. Introduction

The influence of investor sentiment on the stock market has presented
puzzles. The stock pricing model based on hypothesis of rational economic man
suggests that the price of a stock is determined by the discounted future dividends,
and investor sentiment will have little influence on the stock market. However,
researches on behavioral finance show that there are several irrational phenomena
stock market, and this irrational deviation is systemic (Black, 1986; Long et al.,
1991). Investor sentiment is one of the important factors in these irrational factors.
The vast majority of the sentiment literature suggests individual investors are
sentiment traders (Lee et al., 1991; Barberis and Xiong, 2010), and these
sentiment traders have impact on stock price.

To study investor sentiment and its influence on stock returns, the data that
can reflect investors’ opinions on future trend are needed. In previous literatures,
investor sentiment indicators mainly can be divided into three categories: the
investor sentiment index extracted from surveys of consumer and investor
confidence, indirect indicators obtained by the historical trading data of the stock
market, and investor sentiment index obtained from the network information.

The studies with surveys mainly use a variety of consumer sentiment
survey index and consumer confidence index as a proxy variable of investor
sentiment(Otoo, 1999; Lemmon and Portniauina, 2006). Otoo (1999) use the
University of Michigan consumer survey sentiment index as investor sentiment
and find stock prices can influence consumer sentiment but the opposite is not
significant. Lemmon and Portniaguina (2006) use two surveys of consumer
confidence conducted by the Conference Board and the University of Michigan
Survey Research Center, and find that investor sentiment can predict stock returns
in the short term, but cannot predict long-term changes in stock market. The
conclusions of these studies suggest investor sentiment has impact on stock
market, especially in short term. However, investor sentiment index extracted from
surveys takes a lot of time and cost for survey so that it is hard to get higher
frequency data to test such short-term effects.

The indirect indicator of investor sentiment mainly obtained from the
historical trading data (Wheatley and Neal, 1998; Baker et al., 2012; Stambaugh et
al., 2012, 2015; Berger and Turtle, 2015; Chau et al., 2016). Bakeret al adopt a
composite index extracted from six variables of the stock market with principal
component analysis method to represent investor sentiment. They find that high
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investor sentiment is often accompanied with large arbitrage risk and low
subsequent stock returns, while low investor sentiment has reversed effect.
Compared with ways of surveys, using historical trading data ofstock market as
proxy variable indeed saves time and effort, but it is an indirect indicator of
sentiment and cannot reflect investors’ opinion directly. Besides, because the
investor sentiment is extracted from historical data of stock market, it can hardly
reflect the effects of new information.

Information on the Internet contains abundant financial market content,
and can also reflect investor sentiment orientation. Thanks to the high penetration
of the Internet, investors can freely post their opinions about the stock market on
the Internet, and stock forum has collected a large number of investors’
expectations. Besides, in recent years, the development of data mining technology
provides convenience for processing and analyzing massive text data. Since these
information on stock forum can directly represent investor sentiment and be easily
collected, applying text mining technology to obtain individual sentiment on stock
forum to analyze its influence on stock markets has attracted much attention
(Tumarkin and Whitelaw, 2001; Antweiler and Frank, 2004; Das and Chen, 2007;
Sun et al, 2016; Arvanitis and Bassiliades, 2017).Arvanitis and Bassiliades
(2017)use Naive Bayes classifier and the n-gram probabilistic language model to
create a sentiment index and find a twice predictive ability of Baker and Wurgler’s
index. Compared with indicators obtained from the historical trading data, investor
sentiment on stock forum can directly reflect individuals® opinions on the future
trend of the stock so that it will have much more influence on stock price.
Compared with consumer confidence index, using data on stock forum as investor
sentiment, we can get higher frequency data to test its short-term effects. However,
the previous literatures based on stock forum sentiment mainly have following
problems: (1) A large number of noisy posts are involved in stock forum, which
makes it difficult to improve accuracy of sentiment classification; (2) Only reflect
the phenomenon of the relationship between investor sentiment and stock returns,
but lack of mechanism research.

In this paper, with the large-scale online stock forum data, we employ a
two-step text mining methods to identify individual investor sentiment, which
to eliminate noise and to improve the accuracy of distinguishing investor sentiment
in order to better test of the relationship between investor sentiment and stock
market returns. We apply our sentiment recognition method to the most popular
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popular stock forum in China, and compose the investor sentiment index to verify
effect on CSI 300 index. We find investor sentiment has a short-term positive
and medium-run reverse effect on stock market due to the stock mispricing
(overvalue or undervalue) caused by sentiment, which is different from previous
studies whose main conclusion is a negative relationship between investor
and stock returns. Further, recent findings suggest that consumer sentiment-based
indicators have less value in describing equity market dynamics (Berger and
2015) because institutions are the primary sentiment traders. However, our finding
argues a significant effect of individual sentiment on stock returns.

2. Data and sentiment measures

2.1. Investor sentiment measures

We extract individual investor sentiment from large-scale online stocks
forum posts on East money stock forum, which is one of the largest stock forum in
China. East money is a financial portal founded in 2004, and its stock forum’s
and posts have reached a certain scale since the year of 2011. It has become the
largest and the most influential financial portal whose effective visit time is
accounted for 43.8% of total effective visit time in financial portals according to
several authoritative surveys. We use 5,163,210 online posts on East money stock
forum from November 1st, 2011 to September 30th, 2015 for sentiment
measurement.

Classification : ClassificationII :
noise elimination sentiment identification

S ¥ 7~ n
. / \ d )
text representation text representation
.
non-noise text

compose investor
sentiment index

data cleaning }‘ feature extraction
. . bullish - bearish
noise classifier b
\ ) ) classifier ,
/ \ /

feature extraction

Figure 1. Text mining process for investor sentiment measures

With such a large scale of the posts data, we apply sentiment analysis
technology to automatically classify unstructured reviews as positive or negative,
and then identify investor sentiment as either bullish or bearish. Considering online
posts involves a large number of noise which has their own characteristics, we use
two-step classifier for sentiment analysis. The first step is to eliminate noise by
dividing the text into noise and non-noise text, and the second step is to divide
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non-noise text into bullish and bearish for sentiment identification. This two steps
will use several technologies including data cleaning, text representation, feature
extraction and classification. After that, we combine individual sentiments into
investor sentiment index and apply it into stock market. Text mining process for
investor sentiment measures is shown in Figure 1.
(1) Data cleaning

Online stock forum gathers a large number of investors’ posts. The text
data there contain a lot of punctuation, noise, etc., and cannot directly use for
analysis. Therefore, we use data cleaning technology to eliminate punctuations and
gibberish, and to preprocess text such as word segment.
(2) Text representation

Text representation is a technology to change text information into digital
data for computer processing. Vector space model (Salton et al., 1975) is one of the
text representation methods based on and extending the bag-of words model, and it
is commonly used in methods of text classification. The bag-of-words model
represents a text as the bag (multiset) of its words, disregarding grammar and even
word order but keeping multiplicity. Since forum data have a lot of new words and
nonstandard sentences, it is suitable for the hypothesis that each word is
independent in vector space model. With vector space model, the texts are
expressed as a vector or a point in the language space, and each word gets the
weight according to its importance in the text.
(3) Feature extraction

If the total number of the words in sample is large and each text only
involves a part of the words, feature extraction method will be used to remove the
words that contribute little for analysis, which may reduce computing complexity
and avoid over fitting. According to previous studies (Blum and Langley, 1997),
we use CHI statistics for feature extraction, and decide feature dimension by data
experiment, which is to calculate the classification accuracy in different
dimensions respectively. The results are shown in Figure 2. It suggests that
classification accuracy increases with increase of the feature dimension, however,
after it reaches a certain level, increasing feature dimension can no longer improve
the classification accuracy. As a result, we choose 1300 dimensions of feature for
the first step classification to eliminate noise text, and choose 2200 dimensions of
feature for the second step classification for sentiment identification.

0.7800 (1300,0.7744) 0.8000
0.7700 Q (2200,0.7669)
> g Q
8 07600 & 07500
3 0.7500 3
o [}
&£ 0.7400 < 0.7000
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(1) Noise elimination (1) Sentiment identification
Figure 2. Classification accuracy in different dimensions

(4) Classifiers for sentiment identification

We use Support Vector Machine (SVM) to identify sentiment, which has
already become the main approach for classification recently due to its
performance (Cortes and Vapnik, 1995; Deng et al., 2012). We decide size of
training set by data experiment, which is to calculate the classification accuracy in
different size of training set respectively. The results are shown in Table 1. It can
be seen that the accuracy of first-step classification becomes stable when the size
of the training set is more than 4500, and the accuracy of second-step classification
becomes stable when the size of the training set is more than 1600. Considering
both accuracy and convenience, we use training set whose size is 6091, including
1216 bullish text, 1011 bearish text, and 3864 noise text. We use 10-fold
cross-validation method to calculate our accuracy, and get the accuracy of 77.44%
for the first step classification to eliminate noise text, and get the accuracy of
76.69% for the second step classification for sentiment identification.

Table 1. Classification accuracy in different training set size

Classification I: Noise elimination

Training set size 3000 4000 4500 5000 5300 5500

Accuracy 76.07%  76.15%  77.16% 77.13% 77.79%  77.29%
Classification Il: Sentiment identification
Training set size 1000 1200 1400 1600 1800 2000
Accuracy 73.73%  74.76%  7539% < 76.69%  76.74%  76.48%

(5) Compose investor sentiment index
In order to combine the identified investor sentiment into investor sentiment
index, we reference the method in previous literatures (Antweiler and Frank, 2004),
. BUY . . . . SELL . .
define M as total bullish posts in time interval t, and M, as total bearish posts in
time interval t. The formula for sentiment index composition is:

1+ M2
Mt =|n|:1+'\/|ﬁj| (1)
t

Based on 5,163,210 online posts on East money stock forum, we use text
mining methods mentioned above to compose investor sentiment index. Figure 3
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shows the daily investor sentiment index in a recent year.

It can be seen that investor sentiment is in the interval of [-0.8, 0.8], and has
relatively obvious trends in different periods. The mean of investor sentiment index
from November 1%, 2011 to September 30", 2015 is 0.054, which is more than 0
slightly. It suggests that on average, investor sentiment is towards bullish, which
verifies the viewpoint of investors’ irrational biases in behavioral finance (Odean,
1998). Previous literatures related to behavioral finance suggest that due to the
cognitive bias of overconfidence, investors often overestimate their chances of
success. Stambaugh et al. (2012) have also explained this phenomenon from another
aspect. They believe that high investor sentiment means the overvalued of the stock
price, and as short-selling restrictions hamper the overvalued stock price to return to
its value, investor sentiment is more easily to keep high level.

0.7
0.2

-0.3

Stentiment Index

-0.8
2014-09-30 2014-12-02 2015-01-29 2015-04-02 2015-06-01 2015-07-28 2015-09-24

Date
Figure 3. Investor sentiment index from Sep. 30", 2014 to Sep. 30,2015

2.2. The relationship between investor sentiment and stock market
returns
We use returns of CSI 300 index to reflect the stock market returns in China. Define
the price of the stock index at time t as P, , and then the return of the stock index at
timetis R =P, ~INP_;. we use both weekly and daily data of CSI 300 index from
November 1%, 2011 to September 30™, 2015.

We analyze the correlation of bullish or bearish between investor sentiment
index and CSI 300 index. Here we further introduce the concept of institutional view
for comparison, which is denoted as St . We use the rating data of institutions from
November 1%, 2011 to September 30", 2015 in WIND database to indicate
institutional view on stock market. Define total bullish institutions in time interval t
as SIBUY, and define total bearish institutions as StSELL. The formula for institutional
view St is:
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s = m{ﬂ} @

SELL
1+§,

For individual investor sentiment, define bullish sentiment when Mt >0,
bearish sentiment when Mt <0, and neutral sentiment when Mt :0. For institutional
view, define bullish view when St >0 , bearish view when St < 0, and neutral view when
St =0 For stock market, define bullish market when R‘ >0, bearish market when R <0,
and sideways market when RFO .The same sign of Mt and R1 suggests the
similarity between individual investor sentiment and stock market, and the same
sign of St and R1 suggests the similarity between institutional view and stock
market.

We compare the accuracy of bullish or bearish identification between
individual investor sentiment and institutional view in 953 trading days from
November 1%, 2011 to September 30", 2015. The similarity rate of institutional view
is 50.37%, and t-value is 0.227. The similarity rate of investor sentiment is 60.76%,
and t-value is 6.796, which suggests the accuracy of investor sentiment is more than
50% significantly, while the result of institutional view is no more than flipping a
coin. Areasonable explanation is that institutional view prefer to quarterly or annual
prediction of the stock price, while our individual investor sentiment focus on
capturing the sentiment changes in real time. This result suggests that investor
sentiment from online stock forum can predict stock returns, especially short term.

3. Empirical test

3.1. The prediction effects of investor sentiment

In order to test the influence of online investor sentiment on stock returns,
we establish the following 3 order VAR model:

L L
R :a1+2ﬂ1_j . RH. +271,j . Mt—j + &,
©
L L
M, =a, +Zﬂ2,j 'Rt—j +z7/2,j ) Mt—j &
i i

Rt is the return of the stock market, which represented by CSI 300 index.
Mt is investor sentiment index. The lag order L is 3.

We use both weekly and daily data from November 1%, 2011 to September
30™, 2015 for analysis. The results are shown in Table 2.

Table 2. Prediction effects of investor sentiment on stock returns
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Daily Mt Mt-2 Mt Re1 Re-2 Res o

Ry 0.005*  -0.006** 0001  0.051 -0.081** -0.006  <0.001
(1.75)  (-1.98)  (0.45)  (1.38)  (-2.26)  (-0.16)  (0.63)

M, 0.345%* 0.130*** 0050  0.695  -0.566  -0.245  0.026%**
(9.49) (3.45)  (1.39) (1.42)  (-117) (-051)  (3.38)

W98k|y Mt-l Mt.z Mt.g Rt-l Rt-Z Rt»3 a

Ry -0.008  -0.010 0013  0.140* 0021 0100  0.001
(-047)  (-058)  (082)  (1.82)  (0.28)  (1.319)  (0.43)

M, 0419%* 0021  0.146** 0696* -0377  -0.001  0.029**
(5.48) (0.26)  (201) (1.95)  (-1.05) (<-0.01)  (2.26)

The table reports t-value in parentheses. *, ** and *** denote significance at the
10%, 5% and 1% levels respectively.

The results for daily data suggest a prediction effect of investor sentiment
when its lag order is 1 or 2, and when lag order is 3, there is no significant prediction
effect. The daily result of R1 in first column is positive and significant at 10% level,
which indicates a positive effect of investor sentiment on stock returns. If the
investor sentiment in a previous period is bullish, then the stock returns will increase,
and vice versa. The daily result of R1 in second column is negative and significant at
5% level, which indicates a reverse effect of investor sentiment on stock returns. If
the investor sentiment in two days before is bullish, then the stock returns will
decrease. The result in third column is insignificant, which suggests the investor
sentiment three days before has few effect on stock returns. The results suggest that
investor sentiment from online stock forum can predict stock returns in Chinese
A-share stock market. In the short term, because of the noise traders, investor
sentiment has a positive effect on stock returns, and a high sentiment leads to
increasing of the stock returns. In the medium run, because the stock price return to
normal, investor sentiment has a reverse effect on stock returns, the higher the
investor sentiment, the returns of the stock in the future will be lower, and vice
versa. Finally, the impact of current investor sentiment on stock market returns will
gradually disappear.

Almost all of the results for weekly data are insignificant, which suggests
investor sentiment cannot affect stock returns for a very long time. With the fact
that stock price returns to stock value which depends on its discounted future
dividends, the effects of investor sentiment will disappear. It can also be seen from
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the equation of Mt that stock returns have little influence on invest sentiment
conversely.

3.2. The asymmetric effects of investor sentiment

The empirical results above not only verify that investor sentiment has
impact on stock market returns, but also reflect a possible mechanism by which
investor sentiment affects stock market returns, that is, high investor sentiment
makes stock prices overvalued, and low investor sentiment makes stock price
undervalued. To verify this mechanism, we study the asymmetric relationship
between investor sentiment and stock returns. According to previous studies, Miller
(1977) argues that short-selling restrictions in the stock market hinder the use of
the overvalued of the stock price for investors. After that, several researchers study
on short-selling restrictions (Scheinkman and Xiong, 2003). Their main opinion is
when stock prices are overvalued, it is hard for prices to return to their value due to
the short-selling restriction, while when the stock price is undervalued, the rational
arbitrageurs will soon make stock prices return to normal. Therefore, in general,
stock prices are more likely to be overvalued. According to Stambaugh et al. (2012),
because of the limitation of short-sell, the value-return of the overvalued stock is
accordingly limited. If investor sentiment affects stock returns by overvaluing or
undervaluing stock price, the influence of investor sentiment on stock returns
should be asymmetric. High investor sentiment will get more obvious impact on
stock returns than low investor sentiment.

To verify the asymmetric effects of investor sentiment on stock returns,
we divide sentiment into 2 stages, and study the relationship between investor
sentiment and stock returns in high sentiment and low sentiment respectively. The
method for stage division is similar as before. Define bullish sentiment when Mt >0 ,
and bearish sentiment when Mt <0 e set up two models for analysis. The one is
model (4), which reflects the effect of single variable regression between investor
sentiment and stock returns. The other is model (5), which adds investor sentiment
index into Fama-French three-factor model (Fama and French, 1993), and analyzes
the relationship between investor sentiment and excess returns adjusted by
Fama-French three-factor model.

R=a+h-M +¢ )
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R =a+h-M,+c-MKT, +d-SMB, +&-HML, +¢, (5)

R1 is return of the stock market, which represented by CSI 300 index. Mt is
investor sentiment index. Control variables are the factors of market, size, and value
constructed by Fama and French (1993). MKTt is the excess return on the stock market.
SMBt is a return spread between small and large firms. HM'—‘ is a return spread between

stocks with high and low book-to-market ratios.
We use daily data from November 1%, 2011 to September 30", 2015 for

analysis. The results are shown in Table 3.

Table 3. The effects of investor sentiment in different sentiment stage

M MKT; SMB HML; a
All Model (4)  0.025*** - - - -0.001**
(12.11) - - - (-1.77)
Model (5) 0.001* 0.984***  -0.412***  (.113*** <0.001
(1.94) (151.44) (-25.92) (7.26) (0.27)
Bullish Model (4)  0.013*** - - - 0.001*
(4.17) - - - (1.65)
Model (5) 0.002***  1.018***  -0.397*** (0.109***  <-0.001**
(2.63) (105.65) (-17.40) (5.49) (-1.99)
Bearish Model (4) 0.054*** - - - 0.004***
(8.49) - - - (2.94)
Model (5) <-0.001 0.967***  -0.403*** (.126*** <-0.001
(-0.30) (103.99) (-17.43) (5.18) (-0.79)

The table reports t-value in parentheses. *, ** and *** denote significance at the
10%, 5% and 1% levels respectively.

In table 3, the results of first column reflect the effects of investor sentiment
in different sentiment stage. The results in first two rows are significant at 1% and 10%
level respectively, which suggests in general, there is a significant relationship
between investor sentiment and stock returns. The results in both third and fourth
rows are significant at 1% level, and results in sixth row is insignificant, which
indicates a significant relationship between investor sentiment and stock returns in
bullish stage, and few impact of investor sentiment in bearish stage. It shows that the
relationship between investor sentiment and the stock market are mainly from
bullish stage, which suggests that high investor sentiment will get more obvious
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impact on stock returns than low investor sentiment. Further, the results verify the
mechanism of investor sentiment’s influence on stock market returns. Investor
sentiment affect stock market returns by making stock price deviate from its value.
High investor sentiment makes stock prices overvalued, and low investor sentiment
makes stock price undervalued. Due to the limitation of short selling, in the short
term, high investor sentiment is more likely to lead to stock price overvalued, and
the stock returns increase. However, with the value-return of the stock price in the
medium run, the returns of the stock market decrease, until the impact of the investor
sentiment on stock returns disappear.

4. Robustness analyses

4.1. Robustness in different time period

For robustness analyses, we use VAR model in model (3) in different time
period. We divide the whole time series into three periods equally. The first time
period is from November 1%, 2011 to April 11™, 2013, the second time period is from
April 12" 2013 to July 14", 2014, and the last time period is from July 13", 2014 to
September 21, 2015. The results are shown in Table 4.

Table 4. Prediction effects in different time period

2012-2013 Mis M2 M3 Ru1 Rz Ris
R 0.0071**  -0.0024  -0.0019  -0.1279**  -0.0532  0.0808
(0.02) (0.44) (0.52) (0.04) 0.37)  (0.17)
M 0.2711%**  0.1750***  -0.0484 01718  -0.1451  -0.1838
(0.00) (0.00) (0.41) (0.89) 0.90)  (0.41)

2013-2014 Mg M2 M3 Ru1 Rz Ris
R -0.0023  -0.0062*  0.00039  0.0486  -0.0076  -0.0059
(0.49) (0.09) (0.91) (0.40) 0.90)  (0.92)
M 0.4237***  -0.0735 0.0556 03035 04646  -0.4961
(0.00) (0.25) (0.34) (0.77) (0.65)  (0.61)

2014-2015 Mis M2 M3 Rt Rz Ri3
R 0.0145%*  -0.0144*  0.0084 00841  -0.1101* -0.0302
(0.04) (0.06) (0.23) (0.18) 0.07)  (0.62)
M, 0.3885%** 00345  0.1927***  10537*  -0.4039  -0.2901
(0.00) (0.59) (0.00) (0.05) (0.44)  (0.58)

The table reports t-value in parentheses. *, ** and *** denote significance at the
10%, 5% and 1% levels respectively.
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A significant effect of the investor sentiment can be seen in all of the three
time periods, which verifies our conclusion above that there is a short-term positive
prediction effect and a medium-run negative effect of investor sentiment on the
stock returns. In particular, in the last period, both short-term positive effects and
medium-run reverse effects are significant.

4.2. Further evidence

We also examine cumulative changes of investor sentiment and analyze the
robustness of our above conclusions about the relationship between investor
sentiment and stock returns. The method to calculate cumulative changes of
sentiment is referenced to Berger and Turtle (2015). We define Sumt'Mﬁas the sum
of successive increased sentiment during time period t.

Sum gy, . +AM,,  AM, >0

6
0, AM, <0 ©)

Surnt,AMﬁ :{

Where AM{ :Mt—MH. For the initial time t=0 in the sample, we set
SumO,AMﬁ- =0,

According to Berger and Turtle(2015), the model is applied to verify the
short-term and long-term effects of cumulative changes in investor sentiment.

2
R =a+ bsumt—l,AM+ +cSum -1ams T & (7)

Following our above conclusions about the relationship between investor
sentiment and stock returns, a positive estimate of parameter b is expected, because
in short term, the increase of the sentiment will raise the demand of the stocks, which
will increase the prices accordingly. Besides, a negative estimate of parameter c is
expected, because for the long term, the value-return of the stock price will decrease
the returns.

To verify the asymmetric effects of investor sentiment, we also consider
Sumt,Ml_ as the sum of successive decreased sentiment during time period t.

Sum +AM,, AM, <0
STL W ={ o T M o ®)
1 t_

Where AM{ = Mt - Mt_l . For the initial time t=0 in the sample, we set
SumO,AMt_ =0 The model we use to test the effects of decreasing sentiment is similar
with model (7).

195

DOI: 10.24818/18423264/52.1.18.11



Yong Shi, Ye-ran Tang, Ling-xiao Cui, Wen Long

R =a-+dSum,_, ,,_ +eSum’_ ,, +¢& )

This time, the parameters d and e are expected to be insignificant. As we
analyzed before, compared with short-selling, there is no such restriction for long
side to hinder the value-return of the stock prices, and sentiment may have few effect
on stock returns.

We use daily data of CSI 300 index and our investor sentiment index from
November 1%, 2011 to September 30", 2015 for analysis. The results are shown in
Table 5.

Table 5. The effects of cumulative changes in investor sentiment

b c d e a
formula(7) 0.014** -0.013* - - -0.001
(2.43) (-1.75) - - (-1.38)
formula(9) - - 0.007 0.003 0.001
- - (1.34) (0.34) (1.58)

The table reports t-value in parentheses. *, ** and *** denote significance at the
10%, 5% and 1% levels respectively.

The results in Table 5 meet our expectations. The coefficient for Sumt_mm
is positive and is significant at 5% level. The coefficient for Sumzt_MW is negative
and significant at 10% level. It shows that the short-term increased sentiment make
the returns of the stock increased, and the medium-run increased sentiment
decreased the returns. The coefficient for both Sumt_LAM_ and Sumzt_MM_ are
insignificant. The results for robustness analyses not only verify our above
conclusions about the relationship between investor sentiment and stock returns, but
also prove the validity of our investor sentiment index from online stock forum.

5. Conclusions

This paper aims to study investor sentiment and its effects on stock returns.
With the large-scale online stock forum data, we use a two-step text mining methods
including data cleaning, text representation, feature extraction and two-step
classification to identify individual investor sentiment, which is helpful for the
accuracy of investor sentiment recognition, and for better test of relationship
between investor sentiment and stock market returns. Besides, we propose a
relatively comprehensive analysis to study the relationship between investor
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sentiment and the stock market. First of all, analyze the prediction effect of
individual investor sentiment on the stock market's returns. Second, study the
different effects of investor sentiment on stock market in the short term and the
medium run respectively. Finally, verify the mechanism through which investor
sentiment affect stock returns.

We apply our sentiment recognition method to the most popular stock forum
in China, and use 5,163,210 online posts on stock forum to compose the investor
sentiment index. We test the effect of investor sentiment index on CSI 300 index
from November 1%, 2011 to September 30", 2015, and find individual investor
sentiment from online stock forum has a strong effect on stock returns compared
with institutional view. By establishing a 3 order VAR model, we verify a short-term
positive effect and medium-run reverse effect of investor sentiment on stock market.
By dividing sentiment into bullish stage and bearish stage, we verify the asymmetric
effects of investor sentiment on stock market, and the bullish sentiment will get
more obvious impact, which can also verify that investor sentiment influences stock
returns by undervaluing or overvaluing stock prices. The robustness analysis with
different time period and cumulative changes of investor sentiment also support our
conclusions.

Our study not only provides the empirical case for behavioral finance, but
also expands the application field of text mining technology. Besides, understanding
the relationship between investor sentiment and stock returns is significant for both
investors and supervisors.
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