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Abstract

This study explores whether information on internet stock bulletin board
systems (BBS) is valuable for stock return prediction, taking advantage of data
derived from the biggest stock BBS in China. Using a text classification
algorithm, we find the online messages significantly predict stock return with
negligible R-squared. However, we find that accuracy of individual BBS posts is
below 50 percent and there is no distinction at prediction accuracy between
high- and low-quality stock BBS. Due to the autocorrelation of stock returns,
we argue that BBS predicts stock returns because of its reflection on the
simultaneous stock return rather than revelation on valuable information.
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1. Introduction and literature review
1.1. Introduction

One of the most intriguing sources of unofficial and qualitative information is
the vast amount of user-generated content online. Scholars and practitioners
alike increasingly call attention to the popularity of online investment forums
among investors and other financial professionals (Antweiler and Frank, 2004).
Online message boards, mostly based on bulletin board systems (BBS), have
recently been at the forefront of this development. The internet stock message
boards serve as an excellent tool for investors to obtain stock information and
exchange their opinions easily and almost freely. A questionnaire by Shenzhen
Stock Exchange, one of the two major stock exchanges in China, revealed that
about 35 percent of investors have access to stock BBS to acquire relevant
market information. Online message boards allow users to publish messages
without any limitation on number of characters. Many of these messages are
dedicated to discussion of public companies and trading ideas. The impact of
the internet on the financial industry and financial markets is enormous. On the
one hand, online message boards dramatically optimize the way that investors
acquire information, communicate and initiate trades (Barber and Odean,
2001; Clemons and Hitt, 2001; Litan and Rivlin, 2001). On the other hand,
however, online message boards are flushed with noise (Barber and Odean,
2001; Clemons and Hitt, 2001; Depken and Zhang, 2010).

As yet, there is a little research examining whether and how BBS messages
are related to financial indicators. For instance, Antweiler and Frank (2004)
studied the effect of messages posted on Yahoo! Finance and Raging Bull.
Their study shows that the effect of messages on stock returns is statistically
significant but economically small. A few recent studies have made a further
step in exploring the quality of information (Fan et al., 2005; Zhang, 2009).
These studies mainly focus on the relationship between quality of information
and poster’s reputation. However, while these studies provide a first indication
of the relationship between online sentiment (or information) and financial
indicators, they are still limited in a number of ways.

Firstly, the limited sample data length limits the use of internet stock BBS
information in asset pricing. Different from Baker Wurgler’s sentiment
indicator, internet stock BBS data only appeared less than 30 years ago. And
in these 30 years, its rapid development and change in network products and
properties make the samples in different periods have distinct characteristics.
This factor is mixed with complex internet data noise, confusing researchers
about which of the following elements is the key difficulty for investors to
extract economically effective information from internet data: whether the data
itself do not contain valid information, or the limitations of data mining tools
restrict information mining. Statistically significant ‘predictive power’, how-
ever, has prompted such research to continue. Secondly, whether internet data
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are emotion-driven, information-driven, or just noise-driven has always been
the most controversial topic. From Antweiler and Frank (information) to more
recently Bollen et al. (sentiment), there is no doubt that researchers are losing
faith in internet data containing ‘valid’ information. But like the previous
point, statistically significant results still lead researchers to believe that the
internet contains useful components for investors, which probably does not
reveal the underlying financial information of the company but the overall
sentiment of other investors. Finally, and most importantly, the researchers
could not theoretically explain why the internet data contained valid informa-
tion; that is, why an informed trader has an incentive to publish his private
information on the internet to benefit other uninformed investors. If
researchers are unable to break down this paradox, it is hard to explain in
essence the motivation for effective information in internet data.

This paper contributes to the debate on the existence of available information
in online message from a different perspective: the relationship between
information quality and prediction ability. The reason why we should be
concerned about the quality is that the available and high-quality information
should attract more investor attention as it endows the information from the
same channel with a higher prediction ability. The argument stems from the
most basic assumption that investors of internet stock BBS are not completely
irrational. They also try to mine valuable information from internet data and
apply it to their investment decisions. If we discard this basic assumption and
affirm that all investors in stock BBS are noise traders, it is undoubtedly crazy
to extract useful information from that source. If this assumption is confirmed,
then these investors will help researchers identify whether there is valid
information in the stock BBS by increasing the predictive power of this
information.

In this study, we reproduce the ‘statistically significant but economically
small’ forecasting ability of stock BBS for stock markets. More importantly,
utilizing the Fama—Macbeth regression, we found that there is a significant
positive relationship between internet stock BBS data and corresponding
returns over the same period. However, time series of stock return are
autocorrelated at a daily level, which implies that the reason why the stock BBS
data predict the future return is probably because of its linkage with the return
in the same period. We found that although the prediction of stock BBS data is
statistically significant, its explanatory power for future returns (R squared) is
significantly smaller than the returns of the same period and other return
predictors.

Then we studied whether the posts’ quality in the past affects the predictive
ability of stock BBS data. The empirical results show that stock BBS probably
does not contain any effective prediction information. Firstly, the mean quality
of posts is below 0.5, which illustrates there is no essential difference between
the prediction capacity of BBS posts and random predictions. Secondly, by
forming portfolios based on the quality of posts in the past period, we found no
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evidence that stock BBS information with better quality of posts could better
predict future returns. This indicates that the receivers of stock BBS
information cannot find effective information for their stock trading decisions.
Finally, cross-sectional regression also indicates no evidence that the quality of
internet stock BBS will affect its predictive ability. Therefore, we believe the
internet stock BBS may only be a place for investors to vent their emotions,
which are affected by the returns during the same period, so it happens to
significantly predict the future returns statistically. To prove that unofficial
internet data contain effective information, researchers need more rigorous
empirical results to support this conclusion, rather than relying on simple
statistically significance only.

1.2. Literature review and research questions

Numerous studies have manifested previously that investors’ sentiment
derived from the content of news media, social networking platforms and
search engines is one of the key factors influencing the stock market as well as
the lagged effect of returns. Wysocki (1998) first studied the information on
internet stock message boards that had an influence on stock markets. Using a
sample of over 3,000 stocks listed on Yahoo! message boards, he found
message-posting volume predicts changes in next-day stock trading volume and
returns. Antweiler and Frank (2004) extracted the sentiment of 1.5 million
messages from the stock-linked internet message board, Yahoo! Finance and
Raging Bull, built the bullishness of messages based on Naive Bayes algorithm
classification to study the relationship between the bullishness of and the
corresponding stock performance. The study proved that the impact of
bullishness on stock returns was statistically significant but with limited
economic contribution. Tetlock (2007) tested the interactions between the
market-wide media and stock market returns using daily contents from the
popular Wall Street Journal column called ‘Abreast of the Market’, which
reported news regarding yesterday’s market conditions and other related issues.
Tetlock found that high media pessimism predicted downward pressure on
market prices followed by a reversion to fundamentals. Similar results can be
found in the Twitter data (Bollen et al., 2011), Google searching data (Joseph
et al., 2011; Da et al., 2014) and other proxy of online sentiment (Siganos
et al.,2014). On the other hand, first-hand information or short-term sentiment
plays a crucial role in the price dynamics of developing markets such as the
Chinese stock market. Zhu et al. (2017) found that firm-level media reports
affect the probability of stock price crash in China. Qian et al. (2018)
investigated the price efficiency during the 2015 Chinese stock market crash and
found a less serious price delay after the crash indicating that negative
information travels slowly only when investors are overconfident. Other types
of information hidden in the marginal trading (Li ez al., 2018) and market
microstructure (Chen et al., 2017; Xiong et al., 2017; Lv and Wu, 2018) are
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also well studied in the literature and all of them are regarded as significant
factors in the market dynamics or short-term movement of asset prices.
However, some studies provided a limited explanation of investors’ sentiment
to predict stock returns. Tumarkin and Whitelaw (2001) found that message
board activity did not predict industry-adjusted returns or abnormal trading
volume, which is consistent with market efficiency. Yin and Tan (2017) found
that mass media cannot select analysts with high forecast accuracy, which then
misleads investors. Kim and Kim (2014) picked up more than 30 million posts
of 91 companies on Yahoo! Finance during a 6-year period (from January 2005
to December 2010) in order to test the impact of investors’ sentiment on stock
returns, volatility as well as volume, and claimed that neither for the entire
industry nor an individual company did investors’ sentiment impact on
prediction of future earnings. Instead, they noticed that investors’ sentiment
was influenced positively by previous stock price. Besides the variables of
investors’ sentiment derived from news media, social platforms and search
engines, there are two types of sentiment proxy variables. One is from the stock
market, which includes: (i) share turnover on the New York Stock Exchange,
the number and average first-day returns on initial public offerings (IPOs), the
equity shares in new issues and the dividend premium, and combinations of the
closed-end fund discount (Baker and Wurgler, 2006, 2007; Huang et al., 2016);
(i1) net mutual fund redemptions (Neal and Wheatley, 1998); (iii) fluctuations in
discounts of closed-end funds (Lee et al., 1991); (iv) bid-ask spreads/turnover
(Baker and Stein, 2004); and (v) the portfolio allocations to equity versus cash
and fixed-income securities (Edelen ez al., 2010). The other is formed by survey
and investigation, which includes: (i) CCI (Consumer Confidence Index)
published by the Conference Board (CBIND) and the Survey Research Center
of the University of Michigan (Lemmon and Portniaguina, 20006); (ii) investors’
intelligence published by the American Association of Individual Investors
(Solt and Statman, 1988; Fisher and Statman, 2000; Lee ef al., 2002; Brown
and CIliff, 2004, 2005); and (iii) investors’ sentiment on animusX (Lux, 2011).
Investors’ sentiment is of great importance to stock markets because plenty
of scholars are trying to characterize investors’ sentiment from various
perspectives to explore its influence on stock markets (Xu and Zhou, 2018).
Nevertheless, whether investors’ sentiment has a significant impact on foreign
stock markets is controversial based on the literature above. Thus, the first
issue to focus on is to examine the interaction between investors’ sentiment and
stock returns on the Chinese stock market. By means of the stock BBS of
Oriental Wealth, the most-visited online stock BBS on China’s stock markets,
we need to explore whether the emerging and updating of online information in
China’s stock BBS are similar to foreign social platforms. In line with the
efficient market hypothesis, the price contains all revealed information on this
stock. Even though some new information comes from the stock message
board, the price would reflect the new information without any substantial
influence. But according to the literature above, numerous scholars argue that
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investors’ sentiment has positive prediction power on stock returns. Whether
the sentiment tracked from the stock message board in China could also predict
positively on stock returns becomes the first problem we need to solve. We
would expect that:

H1: Stocks with high BBS bullishness in the past obtain higher returns than their
low-bullishness counterparts in the short term.

Investors use the stock BBS as an important means for two-way commu-
nication like a social platform. Someone posts a message on the stock forum
and others would post replies (agree or disagree), which could make the
original poster pay attention to the content. In existing studies, some scholars
started to focus on the quality of information and tried to figure out proxy
variables to measure the quality of the posts, aiming to explore the post
spreading mechanism and posters’ reputation on the basis of post quality. Fan
et al. (2005) proposed a theoretical model to describe network feedback loops
that provide a continuous incentive to users’ real self-expression. Gu et al.
(2008) thought the reduction of noise in stock BBS and the posts of high quality
could attract more users because of the increasing cost of information
processing and information overload. To investigate posters’ reputation, Zhang
(2009) chose the posts on the online bulletin board of TheLion, Wall Street Pit,
and built indicators to reflect the quality of information categorized by
sentiment threshold. One-day follow-up opinion on yesterday’s stock returns
can earn a higher reputation. Additionally, the poster’s reputation depended on
the quality of posting content rather than the quantity of posting. Sprenger
et al. (2014) established a sentiment indicator and quality indicator by
collecting and extracting the content on Twitter so as to investigate the
diffusion of information there. The findings showed above-average investment
advice could gain more retweets and approval. Instead, from the standpoint of
the individual, high-quality information could not earn more retweets. In other
fields related to information quality, most scholars mentioned that poster’s
reputation showed significant positive correlations with high-quality posting
information (Konana et al., 2000; Litan and Rivlin, 2001; Resnick and
Zeckhauser, 2002; Houser and Wooders, 2006).

The studies mentioned above show investors have the potential to identify
information quality. When new information becomes available, investors
would search for high-quality information on stock BBS to acquire abnormal
returns. If investors do dig out high-quality information on stock BBS, the
high-quality information which has already appeared there has more positive
predicting ability about stock returns. The intuition of this approach is similar
to the discussion about market efficiency by Jensen (1968) who argued that the
market should be efficient if the most professional participants (mutual fund
managers) in the stock market cannot obtain positive excess returns. In a
similar way, if the main readers cannot discover useful information on the stock
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BBS or they never even try to, it is untenable to argue that stock BBS is
valuable for investment decisions. Therefore, focusing on China’s stock market,
this paper proposes to test the predicting function of high-quality information
on Chinese stock message boards to stock returns. Therefore, we expect:

H2: A high quality of stock BBS in the past improves the predicting ability of
bullishness on future return by showing a bigger spread between portfolios with
high and low bullishness.

The remainder of this paper is organized as follows. Section 2 describes the
data source, classification of posts on the Online Message Board, and then
introduces related explanatory variables. Section 3 presents the descriptive
statistical analysis, portfolio analysis and Fama—Macbeth cross-sectional
regression analysis of our two main hypotheses. Section 4 concludes.

2. Data set and methodology
2.1. Data set and sample selection of stock BBS

We chose the ‘Oriental Wealth’ stock message board (http://guba.castmone
y.com/) as our data source for stock BBS because it is the most-visited online
stock BBS for China’s stock markets. As illustrated in the introduction,
investors obtain stock information and exchange their opinions easily and
almost freely on this website and it deserves special attention. We study the
3.5-year period between 5 January 2011 and 30 June 2014, holding a total of
843 trading days, to deal with stable developments on the China financial
markets and to avoid potentially distorting repercussions of the turbulence in
2015. We focus on the Shanghai-Shenzhen 300 Index to adequately reflect the
entire spectrum of China equities, including a wide range of industries. We
limit our study to 286 companies from the stock components of the Shanghai-
Shenzhen 300 Index, as 14 stocks are eliminated because of missing data or
long trading suspensions. It gives priority to the crawling data on stock BBS
related to text messages of posting titles and daily postings of each stock
because posting titles show posters’ main point of view to the future trend of
the stock market, and the number of daily postings describes the activity level
of each stock.

The stock data are obtained from the CSMAR database, the biggest financial
database in China and the only database which is included in Wharton
Research Data Services (WRDS) as stock trading data for the stock market in
China. The data obtained include: daily return, trading volume, turnover,
book-to-market ratio, market equity, market return, Small-Minus-Big return
(size factor) and High-Minus-Low return (value factor).
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2.2. Sentiment classification

In order to examine the relationship between signals from stock BBS and
market movements, we had to classify messages into three types: positive,
neutral and negative. As our data set contains too many messages for manual
classification, we chose to classify messages automatically using well-
established methods from computational linguistics.

Chinese sentiment classification consists of two steps: word segmentation and
sentiment classification. Word segmentation is usually unnecessary in English
sentiment classification because the words in an English sentence are separated
naturally. However, Chinese sentences are composed of Chinese characters.
Characters usually have their own meaning, such as ‘4f” means good. But generally,
one word is composed of 24 characters, and the meaning of the characters is not
always the same as the word. For example, the word ‘% 3k’ means bull side of the
market, but neither the character ‘%’ nor 3k’ has the same meaning. Therefore, we
must divide the sentences into the words appropriately and the meaning must remain
the same. We employ the ‘FudanNLP-1.6.1" software as our word segmentation
instrument, which is also widely used in other studies of natural language processing
for Chinese text (Li et al., 2015).

The process of sentiment classification applied in this paper is same as in
Antweiler and Frank (2004): Naive Bayesian Classification (NBC). It is a basic
but functional classification in human natural language. We provide the technical
details in the Appendix and only report the classification results in Table 1.

We use 5,000 training samples with NBC to determine the in-sample accuracy. In
Antweiler and Frank (2004), the same NBC was used to classify English messages
and their in-sample accuracy was 88.1 percent with 1,000 manual samples. Our result
is given in Panel A of Table 1. Our in-sample accuracy is 85.4 percent, which is a little
lower than the accuracy in Antweiler and Frank (2004). One possible reason is that it
is difficult to recognise tone and sarcasm in Chinese. Moreover, we randomly chose
and manually classified a further 1,000 messages for our out-sample test. Panel B of
Table 1 shows the accuracy of the out-sample classification. The accuracy declines
from 85.4 to 77.9 percent, which is also at a high level. We cannot compare our out-
sample accuracy with Antweiler and Frank (2004) because they do not report it.
However, our accuracy is higher than other studies with English classification (e.g.
Das and Chen, 2007; Kim and Kim, 2014). Most importantly, the situation of
messages has been classified to opposite sentiment (the messages classified as positive
ones by manual but negative ones by NBC and vice versa) keep a low percentage (0.4
and 0.2 percent). This result ensures our classification does not have systematic error.

2.3. Bullishness of stock BBS
This paper is aimed at determining the predictive effect of information in
stock BBS on stock returns. To test the relationship between the fluctuation of

stock returns and thousands of daily messages in stock BBS, we need to extract
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Table 1
Accuracy of Naive Bayesian classification

Naive Bayesian learning classification

Manually classify % Positive Neutral Negative

Panel A. In-sample classification accuracy

Positive 15.6 10.9 4.4 0.3
Neutral 62.6 1.6 58.8 2.2
Negative 21.8 0.1 6.0 15.7
5,000 messages 12.6 69.2 18.2
Panel B. Out-sample classification accuracy

Positive 12.5 7.1 5.0 0.4
Neutral 69.3 49 60.5 39
Negative 18.2 0.2 7.7 10.3
1,000 messages 12.2 73.2 14.6

The titles of 6,000 posts are randomly picked as our trading data set of which 5,000 are used
for Naive Bayesian conditional probability trading and the other 1,000 posts are used for the
out-sample test. We manually classified these 6,000 posts into three types, which are the labels
for trading and testing. This table reports the probabilities of manually classification, NBC-
based classification and the cross-probabilities of both classifications. Panels A and B show
the in-sample (5,000 posts) and out-sample (1,000 posts) results, respectively.

messages to a firm-specific variable called Bullishness (referred to as Bul) in
accordance with the definition of Antweiler and Frank (2004).

Based on the classified messages and the bullishness building method of
Antweiler and Frank (2004), we define buying as 1, holding as 0, and selling as
—1. M (M3 represents the number of buy (sell) signals on day 7. We follow
Antweiler and Frank (2004) by defining bullishness as:

e

The bullishness index considers not only the changes of signals but also the
number of messages giving greater weight to a more robust larger number of
messages expressing a particular opinion. A high value for Bullishness means
more postings which support buying. The more investors who claim positive
opinions of the trend in the stock market, the greater possibility that they
believe a rise in stock price will occur.

2.4. Quality index of stock BBS

Quality of stock BBS should precisely estimate the standpoints of the trend of
the stock market to one stock from all posters and become a signal for other

© 2019 Accounting and Finance Association of Australia and New Zealand



1394 X. Xiong et al./Accounting & Finance 58 (2019) 1385-1411

investors to evaluate the quality of online message of one stock in BBS.
According to the study by Zhang (2009), who studied the determinants of
poster reputation on online message boards, we define the quality as forecast
accuracy rate of postings which involves the investing opinions about stock i on
day t—1 to the return of stock i on day . The value range of Quality is 0-1,
where 0 means the forecast accuracy of stock i on day 7—1 is 0 percent and 1
means the forecast accuracy of stock i on day 7—1 is 100 percent. We follow
Zhang (2009) by defining Quality as:

i’[:;7 2)

where 7 is the total number of postings of stock i on day 7—1 in stock BBS and
¢ is a dummy variable, which is equal to 1 when sentiment direction of post j of
stock i on day 7—1 is the same as the return of stock i on day ¢. Otherwise,
¢;, = 0. The formula is as follows:

j_J1, ifS!,_|RI>0

e = { 0, otherwise ’ 3)
where S/I;tfl represents the opinion of post j of stock i at day ¢—1
(S, € {—1,1}), excluding the posts with ‘opinion of holding (0) when
counting quality of stock BBS. We do not consider the post with S, | = 0 due
to meaningless posts, such as one-character posts, whose number is highly
volatile. These meaningless posts may significantly dilute the quality measure-
ment if they are considered. There is a small difference between our measurement
and Zhang’s where there is one-day lag between post and return when we define
the dummy ¢},, whereas Zhang use the simultaneous return to evaluate the
correctness of posts. The reason is that the quality of BBS posts should be
measured by their predicting ability on future returns rather than their reaction
to the same period return. Therefore, if a post makes a correct prediction about
future one-day returns, we consider it as a high-quality post with ¢/, = 1.

Figure 1 gives the fluctuation of overall quality of stock BBS posts between 5
January 2011 and 30 June 2014. We can see that the quality of stock BBS
fluctuates around 0.45. The mean quality of posts with 286 stocks during the
period is 0.436, which is below 0.5, illustrating that the prediction capacity of
an individual post is worse than random predictions.

In the following analysis, we try to identify the posts that carry a high
reputation in the past whose Q, is high. We use a dummy variable Qd,, which
equals 1 when Q, is higher than the threshold value 0.5, to define a high-quality
stock forum. Therefore, the bullishness on day ¢ interacted with Qd, = 1 should
give a higher prediction ability if investors are trying to find higher quality
information.
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Figure 1 The fluctuation of overall quality of stock bulletin board systems. The x-axis represents
the 843 trading days of our sample period. The y-axis marks the value of overall quality of given
days.

Some other commonly used return predictors are also considered, including
market equity (ME), book-to-market ratio (BM) and turnover rate (7Turnover).
Table 2 presents definitions of all the variables in this paper.

3. Empirical methods and main results
3.1. Summary statistics and single-sorted portfolios

This section reports summary statistics and the results for single-sorted
portfolios. During our sample period, we have collected 8.8 million stock-

related posts on Shanghai-Shenzhen 300 Index companies. The number of
postings for individual stocks ranges from 0 to 5,600 daily, and all the postings

Table 2

Variable definitions

Ret, Daily return

Bul, Bullishness

MV, Number of daily posts

0, Quality index of stock BBS

Qd, High-quality dummy variable, Q, > 0.5, Qd, = 1. Otherwise, Qd, = 0
ME, Market equity

BM, Book-to-market ratio

Turnover, Turnover rate
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represent an average of 10,600 postings per trading day for all listed stocks. An
average 36.5 posts per company-day indicates that our data set comprises a
dense information stream.

Table 3 presents summary statistics of stocks’ BBS and firm characters sorted
on bullishness (Panel A) and quality (Panel B). At the end of each day 7, we sort
stocks into quintiles based on bullishness (Panel A) or sort stocks into three
portfolios based on quality (Panel B). In each group, the average stock number,
the ex-ante portfolio return (Ret,), is calculated as average return of stocks in
each portfolio on day ¢. Bul, is the equal-weighted bullishness of stocks in each
portfolio on day ¢. Q, is the average quality of stocks” BBS in each portfolio on
day ¢. Bul*Qd, is the average value of the interaction term of lagged high-
quality dummy and bullishness. We also calculate other firm characteristics
such as nature logarithm of market equity (In(ME,)), book-to-market ratio
(BM,), accumulated return in the past five trading days (Ret, s 1) and share
turnover (Turnover;) for each quintile in the same way.

Panel A of Table 3 reports summary statistics for portfolios sorted by
bullishness. High-bullishness firms tend to have lower book-to-market ratios,
higher past returns and higher turnover rate than low-bullishness firms. In
particular, stocks with high-bullishness outperform stocks with low-bullishness
during the same period which means the sentiment released in the BBS may be
caused by same-day returns. The return spread between top and bottom
quintiles is 102 basis-points in equal-weighted and 78 basis-points in value-
weighted per day. In addition, the spread between quality of stock BBS for the
high- and low-bullishness portfolios is —3 basis points (BPs). High-bullishness
firms tend to have lower quality of stock BBS, which indicates that investors are
more susceptible to negative sentiment than positive sentiment. Bullishness with
high past quality shows the same trend as bullishness. But the spread between
the bullishness of high quality for the high- and low-bullishness is 10 BPs per
day, which is much slighter compared with the spread between the highest
bullishness and the lowest bullishness. Three of the five portfolios have negative
average bullishness and the average of bullishness of the fourth one is close to 0,
which indicates that most investors lean more towards bearish sentiment on the
stock market in stock BBS of ‘Oriental Wealth” during the selected time period.

Panel B in Table 3 presents summary statistics for portfolios sorted by
quality of stock BBS. High-quality of stock BSS firms tend to have lower
market equity, lower book-to-market ratios and higher turnover rate than low-
quality of stock BSS firms. In particular, stocks with high-quality of stock BSS
underperform stocks with low-quality of stock BSS, due to the lower quality of
stock BSS tending to have higher bullishness. Due to the overall trend of the
stock market during our sample period being slightly downward, a more
negative bullishness tends to have a higher quality, while the simultaneous
return could be lower as shown in Panel A. The spread between top and bottom
portfolios is —39, —7 and —0.6 BPs for return, bullishness and bullishness of
high quality, respectively.
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Table 4
Portfolios’ returns at day 7 + 1 sorted by bullishness

Bul; Bul, Buly Bul, Buly; Buly-Bul;

Panel A: Equal-weighted return of portfolios

Return —0.08¢ —0.07° —0.03* —0.01 0.03 0.11¢
(—2.73) (—2.68) (—1.94) (—1.26) (0.42) (4.49)

Panel B: Alpha of Fama-French three-factors model

Alpha —0.05° —0.04° —0.01 0.02* 0.06° 0.11¢
(—4.45) (—4.15) (—0.67) (1.83) (5.11) (8.36)

Panel C: Value-weighted return of portfolios

Return —0.08* —0.04 —0.04 —0.00 0.03 0.11¢
(—1.90) (—0.97) (—1.04) (—0.05) (0.68) (4.89)

At the end of each day 7, we sort all sample stocks into portfolios based on the quintiles of their
bullishness index based on the stock BBS posts during day 7 and holding the portfolios during day
t + 1. The equal-weighted portfolio returns, alphas of equal-weighted return on Fama—French
three-factors model and value-weighted returns are given in Panels A, B and C, respectively. The
superscripts a, b, ¢ represent the 90, 95 and 99 percent significance levels, respectively.

0.15

—

2 3 1

a s

—B-—Excess return  —@=—alpha

Figure 2 Portfolios’ returns at day 7 + 1 sorted by bullishness. The y-axis marks the average daily
equal-weighted return of each portfolio in percent.

3.2. Bullishness index and stock return
3.2.1. Portfolio analysis

To describe the relationship between bullishness and returns, we keep the
classification of portfolios in Section 3.1 and calculate the portfolio returns at

day 7 + 1 from January 2011 to June 2014. According to the summary statistics
in Section 3.1, portfolios categorized by various factors have correlations to
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size and book-to-market. To remove the influence of corporate characteristics,
we use the Fama—French three-factors model to deduce the intercept term of
different portfolios and depict the relationship between bullishness and returns
in detail.

Table 4 shows the equal-weighted return of day ¢+ 1, corresponding
alphas based on the Fama-French three-factors model and value-weighted
returns of each portfolio. They are given in the Panels A, B and C,
respectively. Figure 2 is a graphical representation of the equal-weighted
result of Table 4. As shown in Figure 2, higher bullishness tends to have a
higher future return. The difference between Buly and Bul; is 11 BPs,
which is not negligible if it is a realized profit as a daily return spread. The
alpha of the Fama—French three-factor model and value-weighted return
show similar results to the equal-weighted one, which confirm the
robustness of the difference between Buly and Bul;,. However, due to the
transaction fee and bid-ask spread, its high transaction frequency vanishes
any economic meaning of this tiny return. However, we still cannot deny
that bullishness has a positive impact on returns and systemic risk exposure
cannot explain this phenomenon, even though the predicting ability is
economically insignificant.

3.2.2. Fama—Macbeth cross-sectional regressions

The sorting result shown in the Section 3.2 is simple and intuitive, but it cannot
explicitly control for other variables that may influence future returns. Multiple
sorting can solve this problem but sorting on three or more variables is impractical.
Thus, to examine other possible mechanisms, we perform Fama—MacBeth cross-
sectional regressions (Fama and MacBeth, 1973), which allows us to control for
additional variables conveniently on the previous research question.

The most intuitive idea about the result shown above is that valuable
information is hidden in the enormous BBS data and that investors fail to reflect it
immediately into the trading price. However, in the summary statistics, we also
show that the BBS sentiment or information highly correlated with the return in
the same period. The auto-correlation of stock return is a well-known stylized
fact. It could be an alternative explanation to the predictive ability of the stock
BBS. Therefore, to conclude the confirmation of our first hypothesis, we need to
look deeply into the substitutional relation between stock BBS and past return.

Antweiler and Frank (2004) adopted a panel regression method which tests
the time-series and cross-sectional effect of bullishness simultaneously. How-
ever, it is difficult to identify which component dominates the pricing effect. To
solve the existing problems, we focus on the cross-sectional effect and choose
Fama—MacBeth regression to check the relationship between bullishness of
stock BBS and corresponding stock return.

As we mentioned above, the most concerning problem is that bullishness is
associated with past stock market performance, such as past returns or trading
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Table 5
Cross-sectional predicting ability of bullishness

Rt+l
(1) (2 (3) 4)
Bul, 0.055°¢ 0.051°¢ 0.035°¢ 0.037¢
(9.50) (9.35) (6.53) (6.72)
In (MV) —0.015¢ —0.001 —0.000
(—2.60) (-0.22) (=0.01)
R, 0.040°¢ 0.038°
(6.59) (6.21)
R, —0.007
(—1.30)
Turnover, —0.001°¢ —0.001°¢
(—4.16) (—4.17)
Ave. R-squared 0.006 0.016 0.055 0.078
Number of obs. 841 841 841 841

Each day, we run a cross-sectional regression of returns on lagged variables including the
bullishness of stock BBS and other possible return predictors. The definitions of variables are
given in Table 2. This table reports the time-series average of the coefficients and R-squared.
The z-statistics based on Newey—West standard errors with 20 lags are given in parentheses.
The superscripts a, b, ¢ represent the 90, 95 and 99 percent significance levels, respectively.

volume. We examine the impact of bullishness on returns and add the control
variables one by one to rule out the possible past trading information carried
by our main research variable. We control several traditional return predictors,
such as past returns, past trading volume and number of BBS posts. We do not
control the industry effect due to the limitation of our sample firms which is
only 287. Also, it is hardly convincing that BBS bullishness is highly correlated
with industry. The result is shown in Table 5. Considering that investor
attention, measured by number of posts, is one of the key factors illustrated in
BBS, Regression (2) in Table 5 added the number of posts as a control variable
at first. Regression (3) added return and turnover with 1-day lag as control
variables due to the strong first-order autocorrelation of returns in China and
the attention effect included in BBS bullishness (Antweiler and Frank, 2004).
Regression (4) added return with 2-day lag as control variable to control the
second-order autocorrelation of returns.

Table 5 proves that Hypothesis 1 is tenable but the information argument is
dubious based on the results of the Fama—MacBeth regression. The result in
Regression (1) shows that the coefficient of bullishness is significant and
positive (f = 0.055, t-stat = 9.50). Regardless of whether adding control
variables or not, bullishness remains significantly positive and this is a
confirmation of the result of our previous portfolio analysis. However, even
though the coefficient is significantly positive, the R-squared of univariate
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regression is very small (0.006) compared with the other control variables. The
number of posts predicts stock returns significantly as well with an increased 1
percent R-squared. In addition, we put first-order returns and volume into
Regression (3) and find return has first-order autocorrelation whereas first-
order volume has no significant effect on returns. More importantly, the
coefficient of Bul in (3) is smaller than the one in (1) and R-squared significantly
increases about 5 percent which is about eight times the R-squared of Bul in the
univariate regression. The R-squared keeps increasing, with 2-day lag return to
7.8 percent. We find that the contribution of bullishness to the return
explanation is smallest in several regressing variables. Adding the previous
return and turnover significantly lower the coefficient and t-statistic of
bullishness, proving that a big part of predicting ability of bullishness is from
its reflection on the simultaneous stock performance.

Table 6
Double sorted portfolio returns on bullishness and quality

R, Bul, Bul, Bul, Bul, Buls Buls—Bul,

Panel A: Equal-weighted return of portfolios

0r Mean —0.07° —0.08° —0.02 —0.00 0.04 0.11°
(—2.56) (-2.92) (—1.67) (~1.09) (=0.12) (3.34)
Owm Mean —0.07° —0.07° —0.03 —0.00 0.02 0.10°
(=2.50) (—2.43) (—1.68) (—0.82) (=0.41) (2.56)
On Mean —0.11° —0.07° —0.05° —0.03 0.01 0.12°

(=3.21) (—2.55) (=2.11) (—1.65) (—0.68) (3.67)
Panel B: Alpha of Fama-French three-factor model

0r Alpha —0.04° —0.05° 0.00 0.02* 0.07° 0.11°
(—2.80) (—3.58) 0.18) (1.80) (4.30) (5.97)
Oum Alpha —0.04° —0.03° 0.00 0.04° 0.06° 0.10°
(—2.90) (—2.36) 0.14) (2.59) (3.67) (5.09)
Ou Alpha —0.08° —0.04° —0.02 0.00 0.05° 0.12¢
(—4.93) (—2.79) (—1.41) (0.06) (3.04) (6.29)
Panel C: Value-weighted return of portfolios
0oL Mean —0.10° —-0.07 —0.02 0.00 0.03 0.13¢
(—2.22) (—1.59) (—0.37) (—0.06) (0.66) (4.58)
Oum Mean —0.07 —-0.07° —0.01 —0.01 0.03 0.10°
(—1.50) (—1.98) (—0.15) (—0.27) (0.56) (3.21)
Ou Mean —0.06 —0.04 —0.03 —0.01 0.04 0.10°
(—1.36) (—0.79) (—=0.77) (—0.25) 0.78) (3.48)

At the end of each day ¢, we sort all sample stocks into three portfolios based on the BBS
quality on day 7—1 and then we dependently sort each of them into five sub-portfolios based
on the bullishness on day ¢. Fifteen portfolios in total are held during day 7 + 1. The equal-
weighted portfolio returns, alphas of equal-weighted return on the Fama—French three-factor
model and value-weighted returns are given in Panels A, B and C, respectively. The
superscripts a, b, ¢ represent the 90, 95 and 99 percent significance levels, respectively.
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Figure 3 Portfolio returns of different bullishness stocks with low (panel a), median (panel b) and high
(panel c) quality. The y-axis marks the average daily equal-weighted return of each portfolio in percent.

3.3. High quality stock BBS and predictive ability of bullishness
3.3.1. Portfolio analysis

In this section, we use a double-sorting approach to investigate the
relationship between information quality and the predictive ability of bullish-
ness in stock BBS. We divide all sample stocks into three portfolios based on
previous day BBS quality from low to high and then divide each of them into
five sub-portfolios based on bullishness, respectively. We get a total of 15
portfolios with different past information quality and different bullishness
signal. We calculate the equal- and value-weighted returns of portfolios at day
t + 1 from January 2011 to June 2014 and work out the Fama—French three-
factor alpha of each portfolio to exclude the impact of corporate character-
istics. If we find different return spread of high-low bullishness portfolio
between different quality stock BBS, it can be concluded that the information
quality impacts the prediction power of stock BBS, implying there is available
information hidden in them.

Panel A in Table 6 shows the average returns of portfolios sorted by
information quality and bullishness, and Figure 3 is the graphical representa-
tion of Table 6. In Table 6, we observe that there is no significant difference in
return spread of Bul;-Bul; among different information quality. The spread is
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11, 10 and 12 BPs for the low, median and high quality, respectively. A similar
result is obtained by value-weighted return. After controlling the return factors,
the effect of bullishness on the future return is still statistically significant even
though the predictive power is from the simultaneous return. Meanwhile, the
quality still does not impact the predictive ability of stock BBS. Figure 3 shows
the result in a more distinct way in which all three sub-panels show a similar
slope for future returns from low to high bullishness. As shown in Panel A, the
low information quality slightly impacts the return from Bul; to Bul, (1 BP
with similar ¢-statistics shown in Panel A of Table 6). But in general, there is no
difference in the trend between the three quality groups.

3.3.2. Fama-Macbeth cross-sectional regression
We have shown the tenability of Hypothesis 1, that stock BBS drives changes

of price in the stock market, even though the information argument is still
debatable. The next step is to test Hypothesis 2: higher quality BBS predicts

Table 7
Cross-sectional predict ability of high-quality bullishness

Ry
(1) (2) (3) “)
Bul, 0.062° 0.059¢ 0.041°¢ 0.037¢
(7.89) (7.93) (6.27) (5.98)
Qd*Bul, —-0.010 —0.010 —0.007 —0.002
(—1.09) (~1.19) (—0.83) (—0.18)
Qd, 0.016* 0.017° 0.017* 0.006
(1.90) (1.96) (1.83) (0.60)
In (MV)) —0.018°¢ —0.003 —0.001
(~2.95) (—0.42) (—0.09)
R, 0.040° 0.034°
(5.61) (4.98)
R, —0.006
(—1.15)
Turnover, —0.005° —0.005¢
(—3.77) (—3.58)
Ave. R-squared 0.015 0.025 0.073 0.092
Number of obs. 841 841 841 841

Each day, we run a cross-sectional regression of returns on lagged variables including the
bullishness of stock BBS, cross term of high-quality dummy and bullishness and other
possible return predictor. The definitions of variables are given in Table 2. This table reports
the time-series average of the coefficients and R-squared. The z-statistics based on Newey—
West standard errors with 20 lags are given in parentheses. The superscripts a, b, ¢ represent
the 90, 95 and 99 percent significance levels, respectively.
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future stock returns better, in which the underlying story is the stock BBS
contains useful information for future returns. To explore whether investors
could find the high-quality information for their trading decision making, we
employ a similar approach to that used in Section 3.2.2.

According to our hypothesis, the cross term of past quality and bullishness
should significantly positively predict future returns as well as that the
prediction power of bullishness should decrease when investors are trying to
find high-quality information in stock BBS. For this reason, we regress the
stock return in # + 1 on lagged bullishness and the cross term of Bul, and the
indicator of high-quality stock BBS Qd, ;. As with Section 3.2.2, we add
the number of total posts, past return and volume as control variables.

Table 8
Robustness test

R+
) 2 (3 @
Bul, 0.041°¢ 0.045° 0.042°¢
(8.92) (7.99) (7.97)
Qd,*Bul, —0.009 —0.013
(—1.11) (—1.55)
Qd, 0.016" 0.017%
(1.90) (1.92)
In (MV,) —0.001
(—0.02)
R, 0.035° 0.030°¢ 0.031°¢ 0.030°
(5.92) (5.22) (5.30) (5.12)
Rian —0.000 —0.000 —0.000 —0.000
(—0.22) (—0.26) (—0.24) (—0.26)
Turnover, —0.047¢ —0.044¢ —0.044¢ —0.029°
(—3.14) (—3.58) (—3.59) (=2.09)
Turnover, 4 0.000 0.000 0.000 0.000
(0.82) (0.82) 0.91) (0.80)
In (ME) -0.013* —0.014* -0.013* —0.019°
(—1.89) (—-1.92) (—-1.92) (=2.16)
BM 0.020 0.026 0.025 0.036
(0.76) (0.96) (0.92) (1.28)
Ave. R-squared 0.105 0.109 0.113 0.119
Number of obs. 841 841 841 841

Each day, we run a cross-sectional regression of returns on lagged variables including the
bullishness of stock BBS and other possible return predictor. The definitions of variables are
given in Table 2. This table reports the time-series average of the coefficients and R-squared.
The t-statistics based on Newey—West standard errors with 20 lags are given in parentheses.
The superscripts a, b, ¢ represent the 90, 95 and 99 percent significance levels, respectively.
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Table 9
Cross-sectional predicting ability of bullishness on long-run return

Rivii+s
1 (2) (3) 4) (5)
Bul, 0.060° 0.050° 0.057¢ 0.054¢ 0.065¢
(2.63) (2.25) (2.88) (2.87) (3.30)
Qd,*Bul, —0.005 —0.006 —0.004 0.009
(—0.24) (=0.31) (—0.18) (0.45)
Qd, 0.017 0.021 0.019 —0.004
(0.67) (0.87) (0.85) (—0.18)
In (MV) —0.071¢ —0.030 —0.024 —0.022
(=2.73) (—1.05) (—0.81) (=0.77)
R, 1.685 0.513 0.499
(0.95) (0.30) (0.30)
R —2.023% -2.072
(—1.65) (—1.65)
Turnover, —0.009 —0.009 —0.009
(—1.56) (—1.51) (—1.52)
Ave. R-squared 0.015 0.024 0.073 0.085 0.077
Number of obs. 841 841 841 841 841

Each day, we run a cross-sectional regression of future 5-day returns on lagged variables
including the bullishness of stock BBS and other possible return predictor. The definitions of
variables are given in Table 2. This table reports the time-series average of the coefficients and
R-squared. The z-statistics based on Newey—West standard errors with 20 lags are given in
parentheses. The superscripts a, b, ¢ represent the 90, 95 and 99 percent significance levels,
respectively.

Table 7 describes the result of the Fama—MacBeth regression. The regression
results show that bullishness keeps good predictive ability positively and
significantly (coefficient = 0.062, z-statistics = 7.89) after adding the cross term
whose regression coefficient is negative and non-significant (coeffi-
cient = —0.010, z-statistics = —1.09). The result of the regression with control
variables also shows bullishness keeps its predicting ability positively and
significantly. It confirms the result of portfolio analysis that high information
quality contributes little or nothing to the return prediction from stock BBS
bullishness. The BBS participants were not trying or failed to identify high-
quality information from the massive amount of internet data whose
information density is too low or even just simply noisy.

3.4. Robustness testing

Table 3 indicates that portfolio returns might be related to corporate
characteristics such as book-to-market and market value. Our statement could
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be incorrect if the impact of quality is correlated with these factors. To make
sure of the robustness of our results and to rule out this possibility, we input the
corporate characteristics as control variables into the cross-sectional regression.
Two well-known characteristics, market equity and book-to-market ratio, from
the Fama—French (Fama and French, 1993) three-factors model are considered
as our main controls. We employ Fama—MacBeth cross-sectional regression
only with control variables and then we add Bul, cross term of Qd and Bul, In
(MV) into the regression, respectively, to look deeply into their impact on stock
returns.

Table 8 presents the results of robustness testing. The result of Regression (1)
shows returns have significant first-order autocorrelation and the difference in
daily returns can be explained by market value. After adding control variables
such as corporate characteristics and number of posts, the results of regression
equations (2)—(4) is still in accordance with the results in the previous section,
which deny the information story of stock BBS. Bullishness still has significant
and positive predicting ability but a very small contribution to R-squared. Cross
term of quality and bullishness cannot predict returns, rejecting H2, which means
investors cannot acquire high-quality information in stock BBS.

Another concern is that BBS information predicts the long-run future returns
such as 5-day returns. To test its long-term impact on stock returns, we replace
the dependent variable with 5-day return and similar regression as in Tables 5
and 7 are investigated. Results are given in Table 9 which shows that quality
does not improve the predicting ability of BBS information. The contribution
of bullishness to R-squared remains small, which confirm our main argument
on long-term returns prediction.

We argue that, if the stock BBS contains useful information for investor
trading, the BBS with high quality message should get more attention than the
one with low quality, which should impact the predicting ability of BBS
bullishness. However, we find no evidence that high quality BBS predicts future
returns better. Combined with the tiny R-squared of the regression of
Bullishness, we conclude that the messages in BBS do not contain useful
information of stock for investors and its statistically significant predicting
ability is inherited from reflection on the simultaneous stock returns.

4. Conclusions

As internet technologies have been widely developed and applied at a
snowballing pace, numerous financial scholars have tried to distinguish useful
information in internet data. There are also many scholars who believe that
internet forums contain effective information that can reveal the fundamentals of
the company. This paper employs data from the stock BBS of ‘Oriental Wealth’,
the most-visited online stock BBS on the stock market in China. We indirectly
study the possibility of effective information contained in stock BBS from another
perspective: the relationship between information quality and prediction ability.
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We designed two empirical tests. We first extract messages to a firm-specific
variable called bullishness following the method of Antweiler and Frank (2004).
If stock BBS contains useful information, bullishness should be able to effectively
predict the future changes of stock returns. Using a cross-sectional method, we
find that bullishness in China stock BBS statistically significantly predict the
next-day stock returns with small coefficient and R-squared. Due to the
autocorrelation of stock returns, we consider that stock BBS predicts the stock
returns because of its reflection on the stock returns in the same period rather
than revealing available information that is not priced in the stock market.

Secondly, we follow the method of Zhang (2009) for quality measurement of
stock BBS. If stock BBS contains useful information, investors would search
for high-quality information there to acquire abnormal returns. If investors do
dig out high-quality stock BBS, the high-quality information that has already
appeared in stock BBS should have greater predictive power on stock returns.
However, we find no evidence that high-quality BBS predicts the future returns
better. Neither portfolio analysis nor Fama—Macbeth cross-sectional regression
shows that bullishness in a higher quality BBS better predicts or has a higher
impact on future stock returns.

Based on these results, we conclude that the messages in BBS hardly contain
useful information for future stock pricing and its predicting ability is inherited
from the reflection on simultaneous stock returns and their autocorrelation.
Perhaps there is a little useful information in the BBS, but the information
density in BBS is remarkably low, destroying the possibility of discovery of
useful information. These findings suggest that if researchers want to argue that
the non-authoritative internet information is not released randomly by noise
traders and contain useful information for stock trading, more robust evidence
that is not only statistically but also economically significant, and a clear
influence channel from this information to stock performance, should be
provided.
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Appendix
Sentiment classification based on Naive Bayesian Algorithm

Because of the large number of online messages in our sample, we cannot
manually classify the sentiment of all the messages. We employ the Natural
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Language Process method to classify the messages into three types: positive,
neutral and negative.

Chinese sentiment classification consists of two steps: word segmentation and
sentiment classification. Word segmentation is usually unnecessary in English
sentiment classification because words in English sentences are separated
naturally. However, Chinese sentences are composed of Chinese characters.
Characters usually have meaning in themselves, e.g. ‘UF’ means good. But
generally, a word may be composed of 2—4 characters, and the meaning of the
characters is not always same as that of the word. For example, the word ‘% 3k’
means bull side of the market, but neither the character ‘2’ nor 3k’ has the
same meaning. Therefore, we must divide the sentences into the words
appropriately and the meaning must remain the same. We employ the
FudanNLP-1.6.1 software as our word segmentation instrument, which is also
widely used in other studies of natural language processing for Chinese text.

A key factor for word segmentation and sentiment classification is the
sentiment dictionary. The dictionary included in FudanNLP-1.6.1 contains a
large number of simple and basic words. However, for our study, the dictionary
we need must contain more professional words that relate to the finance and
stock market context. Therefore, we build a special dictionary for Chinese
online stock message boards and classify the messages using the following
steps.

Choosing the training sample

We randomly choose 5,000 messages which contain more than five Chinese
characters from our online messages sample. The five-character limit is used
because short messages lack sentiment content and have no value for training.

Dictionary building and word segmentation of training sample

We segment our 5,000 training sentences using our dictionary, which includes
the default dictionary of FudanNLP, HowNet Chinese sentiment dictionary,
219 items of stock market terminology in MBALlib, and all stock names on the
Chinese stock market. HowNet is a frequently used dictionary in the study of
Chinese sentiment classification (Dong and Dong, 2003) and MBALIib is the
biggest encyclopedia website on economics and management in China.

Manual classification

The training sample is classified manually by 10 masters students who are
majors in finance and have experience in stock trading. We ask the students to
classify the messages into three different types: positive, neutral and negative,
and choose the key words which support their judgements. For example, a
sentence ‘AT IBk/KJRE (the reason for the BOC price collapse)’ is divided
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into words as ‘14T (BOC), ] (for the), Bk/K (price collapse) and J&[X
(reason)’. The word ‘Bk7K’ (price collapse) is chosen by the student as the key
word which makes the sentence sentiment negative.

In order to exclude human error, each message is classified by three different
students. When a message is classified as positive and negative by different
students, we remove it from our sample. Ten messages were removed and most
of our sample was classified into the same type. In particular, when a message is
classified as positive/neutral or negative/neutral, we choose the majority one. If
the result of all three students is identical, the message will be regarded as the
type directly.

Naive Bayesian classification

We collect the sentiment key words identified by the students and remove the
meaningless words. Finally, 1,043 words are considered as the Key Sentiment
Words of the Chinese stock message board. We employ Naive Bayesian
Classification (NBC) for sentiment classification.

The NBC assumes that the occurrences of words are independent of each
other. The conditional probability that one message contains the keyword W,
which is included in Key Sentiment Words and belongs to the sentiment group
T., C € {Positive, Neutral, Negative}, is:

P(WI|T)P(T.) _ P(To) [Ty POWTe)
P(W1) [Tioi POwe)

P(TC|W1) =

)

where wy is the kth word from the sequence W;. I is the total number of ;.
Based on Equation 3.1, we can calculate the sentiment probability of each
message and we choose the one with the maximum probability as its sentiment

type.

Type(W;) = Max{P(Tc|W))}, C € {Positive, Neutral, Negative}
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