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Abstract. Over the past several years, as the development of Internet, social media websites such as Twitter and Weibo have
received much attention due to their enormous users. A lot of research has been done on sentiment analysis and opinion mining
in these websites. However the number of research on using the data in the social media websites to predict the stock market
price movement is limited. Behavioral economics and behavioral finance believe that public mood is correlated with economic
indicators and financial decisions are significantly driven by emotions. This paper first presents a Chinese emotion mining
approach and discusses whether the public emotions or opinions in the Chinese social media websites could be used to predict
the stock market price in China. The experimental results demonstrate that the emotions automatically extracted from the large
scale Weibo posts represent the real public opinions about some special topics of the stock market in China. Some public mood
states extracted such as the “Happiness” and “Disgust” states are highly correlated with the change of stock price according to
the Granger causality analysis. Finally, a nonlinear autoregressive model with exogenous sentiment inputs is proposed to predict
the stock price movement.
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1. Introduction the behavioral finance, the early indicators could be de-
tected through different approaches. Many researchers

For many years, a lot of research has been conducted suggest to use online social media (blogs, micro-blogs,
on the stock price prediction [10]. Early research fo- facebook etc.) to obtain these indicators and improve

the forecasting performance [3,24].

The number of social media website users around
the world has a high rapid growth over the past
10 years. The exponentially increased user-generated
content in social media websites such as Facebook and
Twitter has provided a potential data source for opin-
ion mining as users share their opinions in these web-
sites by text posts, pictures and even videos. In China,
Weibo is one of the largest microblog social media
*Corresponding author. E-mail: wenhachen2-c@my.cityu.edu.hk. websites and the platform is similar as Twitter. The

cuses on efficient market hypothesis and random walk
theory [8] which indicates that the stock prices are
driven by new information such as news rather than
previous prices. Nowadays many different kinds of
model have be developed to forecast the stock price
[17,29,36]. And some recent research indicates that al-
though news are unpredictable however according to
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distinctive nature of social media websites makes it a
valuable source for mining public opinions or emo-
tions. Firstly, a lot of users post their opinions about
different topics in the website which represent their
emotions in some extent. Secondly, these posts are
highly time sensitive. Active users in these websites
post their opinions every day, even every hour. Thirdly,
some social media websites such as Weibo have an ap-
proval mechanism for registration which makes sure
each user in these systems is a real person. Fourthly,
some organizations and companies use social media
websites such as Facebook, Twitter and Weibo as their
formal channel to publish their opinions to the public.
As a result the data collected from these social media
websites can help researchers to understand the public
mood states or emotions.

Recently significant progress has been achieved in
extracting states of public mood directly from social
media websites such Twitter and use them to predict
the stock price movement [14]. However, the number
of research on Chinese social media websites is lim-
ited and the number of research on how to use the
textual sentiment analysis result of social media web-
sites towards Chinese stock market is even lower. In
recent years, China has already been the second largest
economies and the stock market in China has a great
impact to the global stock markets. The intraday trad-
ing volume on Shanghai Stock Exchange (SSE) has
been more than 1 thousand billion RMB on 20th April
2015 which is more than any stock exchange intra-
day trading volume in the history. Instead of Shang-
hai Stock Exchange, there are also Shenzhen Stock
Exchange and Hong Kong Stock Exchange in China.
How the stock market price in China be affected by
the public mood change is important for economists,
traders and socialist.

This paper is interested in discussing whether the
public mood states extracted from Chinese social me-
dia websites such as Weibo can represent the real opin-
ion of publics towards the stock market and how the
public mood states impact the stock market. Although
researches on behavioral economics and finance have
already demonstrate the correlation between emotions
and the stock price, this paper will discuss whether
Weibo is a valid source to monitor the public mood
states about the stock market and demonstrate the
causality between the Weibo public mood states and
the stock price. This paper first presents a topic-based
approach to extract public mood states from Weibo.
After that a Granger causality analysis is used to in-
vestigate the hypothesis that the extracted public mood

states are predictive of the stock price movement in
China. The experimental results indicate that some
public mood states such as the “Happiness” and “Dis-
gust” states are highly correlated with the movement
of stock price. Finally, the nonlinear correlation be-
tween the stock price movement and the public mood
in Weibo is discussed. A topic-based nonlinear autore-
gressive model with exogenous Weibo mood input is
then proposed to predict the future stock price move-
ment. The prediction accuracy of the price movement
direction is competitive and high. The model could be
used as a reference for the investment decision making
process.

2. Background

In recent years, social media websites, such as Face-
book, Twitter and Weibo become more and more pop-
ular. The user number is enormous and there are differ-
ent user communities with diversified natures in these
websites. A lot of data is published by the online users
including comments and news in these websites. The
data, to some extent, represents the public emotions
or opinions. An increasing number of research has at-
tempted to integrate sentiment analysis result of the
online data into different models.

2.1. Public mood in social media websites

Social media is known as a computer-mediated tool
which allows people to create, share or exchange in-
formation. It has many different forms including blogs,
microblogs, photo sharing, video sharing, forum, tag-
ging system and social network. The increasing pop-
ularity of social media websites and Web2.0 has led
to exponential growth of user-generated content, espe-
cially text content on Internet. Abbasi et al. [1] have
demonstrated that the information retrieval and auto-
mated analysis technique are useful for understanding
the online content such as forum posts and social inter-
actions in online communities. Through analyzing the
blog content, Liang et al. [22] indicated that a company
can get the first hand knowledge or feedback from its
clients. And it can also help to understand how the
online customer networks appear and evolve [5]. This
kind of information extracted from blogs enable orga-
nizations to make better decision on critical business
area which is important for business intelligence [27].
In terms of integration of social media sentiment to ap-
plications in different industries, a lot of research is
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conducted to use the sentiment from twitter to fore-
cast spikes in book sales [14] and the revenues of box-
office for movies in North America [24]. Another re-
search area for using text sentiment analysis result is
the recommendation system. Many experiments have
been done to integrate sentiment analysis results of on-
line text into recommendation systems [32].

2.2. Behavioral economics and finance

Behavioral economics and finance study the impact
of psychological or emotion factors on the related deci-
sion making area and the effect on stock price, returns
and the risk of the market. Psychological research has
already proved that emotions, in addition to informa-
tion has a significant effect in human decision-making
[7]. Behavioral finance has further demonstrated that
investment decision of investors is more likely driven
by their emotions [26]. And the momentum generated
from the public mood with other factors such as eco-
nomic factors determine prices of the stock market.

Early research on stock market prediction focus
on building models with random walk theory and
Efficient Market Hypothesis [9]. However many re-
searches show that the stock market prices do not fol-
low a random walk and some researchers suggest that
some indicators of the price can be extracted from
the online social media. Schumaker & Chen [31] ap-
plied machine learning methods to financial news ar-
ticles and find that the sentiment in news articles has
an immediately impact on the market price. The pre-
diction model has the best performance by adding the
news article factors. Based on the community senti-
ment retrieved from the posts on the Yahoo Finance
Forum through an expert classification system, Liu et
al. [23] has indicated the correlation between the sen-
timent and the stock price. Gibert [13] using the Live-
Journal as a source, has extracted the anxiety, worry
and fear mood from the posts. He found out that the in-
crease on expression of anxiety have indicated that the
S&P 500 Index will move downward soon. Bollen et
al. [3] has investigated the correlation between the col-
lective mood states from large-scale twitter feeds and
the value of the Dow Jones Industrial Average (DJIA)
over time. Using twitter posts as well, Zhang et al.
[35] found out that the emotions can be used to predict
NASDAQ and S&P500 index as well. Li et al. [20,21]
discussed the problem in using News or summarization
of News to predict stock price in Hong Kong. Rao et al.
[30] propose a topic-level maximum entropy (TME)
model for social emotion classification over short text.

2.3. Chinese social media analysis

As Chinese is quite different with English and it is
more complicated in terms of recognition, segmenta-
tion and analysis, the number of research on Chinese
social media mining is limited and the number of re-
search on using the textual sentiment analysis result
to predict the stock market in China is even lower. In
previous research, Gao et al. [12] indicated the dif-
ference between Sina Weibo and Twitter. Yang et al.
[34] have proposed a classifier to automatically detect
the rumors from a mixed set of information from the
posts in Sina Weibo. For sentiment analysis, Rui et al.
found out that the correlation of anger among users
is significantly higher than that of joy in Sina Weibo
[11]. There are also researches about multi-lingual sen-
timent analysis, K. Ahmad et al. [2] developed a local
grammar approach which works equally on English,
Chinese (Sino-Asiatic) and Arabic (Semitic).

As the stock market in China including the Shanghai
Stock Exchange, Shenzhen Stock Exchange and Hong
Kong Stock Exchange has already been one of the
largest stock market around the world. The turnover
or trading volume in these stock exchanges is enor-
mous and the volatility of the stock price is high. As
a result, the risk of trading in these exchanges is quite
high especially for the Shanghai Stock Exchange and
Shenzhen Stock Exchange as they are still be consid-
ered as the emerging markets in which the regulation
and rule is not mature and the stock price is more eas-
ily controlled by inside information, special events and
public emotions. Accordingly, it is an important re-
search topic that to find out how the price movement is
affected by different behavioral factors especially the
public emotions. This is the area that this paper want
to discuss and the paper demonstrates that the public
mood derived from Weibo is correlated with the stock
price movement in China. In addition, at the end of
this paper, a Chinese sentiment analysis approach to
extract public mood states from Weibo and a nonlinear
autoregressive exogenous model using Weibo mood to
predict the stock price movement are proposed.

3. Data and system framework overview

Some research has already been conducted on us-
ing the overall public mood from Twitter to predict
the stock market price [3]. However a lot of unrelated
posts are in these social media websites. If researchers
want to discuss the emotion impact on a stock, they
need to find out the text which is highly related to the
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stock. For example, even most users have bad com-
ments on a movie in Twitter that should not have a big
impact on the stock price of an oil company. As a re-
sult, to filter the unnecessary noise, this paper uses a
topic-based approach to analyze the public mood, and
discuss how users’ comments or emotions about these
topics affect the stock market. Because of the charac-
teristic of social media websites, discussions and news
in these websites such as Twitter and Weibo are topic
based. For example, a lot of posts are published to dis-
cuss the impact of “Shenzhen-Hong Kong Stock Con-
nect (SZ-HK connect)” in Weibo. In Twitter, users use
hashtags to identify different topics for discussion. Ex-
tracting the public mood states or opinions based on
topics has two advantages. First, it can filter out unre-
lated information and only focus on opinions about the
specific topic. Second, the public mood states about
some special topics are easily be reused to discuss the
relationship between different topics and data. One of
the data source discussed in this paper is the text con-
tent from a Chinese social media website called Weibo.
It was launched in August 2009. As of mid 2014, there
are 167 million monthly active users, more than 25
million posts each day.

The database used in this paper is a collection of
public Weibo posts that was recorded from Jan 2015
to Feb 2016. For each post the database provides an
identifier, the datetime of the submission and the text
content. All these posts are crawled for Weibo.com.
After that the posts are classified by date and stop-
words and punctuation are removed for each post. As
this paper is discussing the public mood related to Chi-
nese stock market, 3 topics for discussion are selected
which are: “Shanghai-Hong Kong Stock Connect (SH-
HK connect) and Shenzhen-Hong Kong Stock Con-
nect (SZ-HK connect)”, “Interest rate and reserve rate
cut in China”, “Greece Government-Debt Crisis”. The
reason why these 3 topics are selected is that from
1st Jan 2015 to 31th Dec 2015, they are mostly dis-
cussed topics related to the stock market in the web-
site. SH-HK connect has been launched on November
2014 and SZ-HK connect is planned to launched in
2016. It allows the individual and institutional traders
in Shanghai or Shenzhen to trade the stock market in
Hong Kong through the Connect. And the traders in
Hong Kong also can use it to trade the stock market
in Shanghai or Shenzhen. It provides different choices
and an arbitrage chance for the traders in Hong Kong
and Mainland China. It is considered as a great mile-
stone in the development of China stock market and
people believe that it will have a positive impact on

China stock market. Greece Government-Debt Crisis
is the debt crisis that happens in European Union (EU)
in 2015, people worry that if Greece cannot pay the
debt on time, it will cause the financial crisis in EU
and the international crisis will be triggered again. In-
terest rate and reserve rate cut means the central bank
in China plan to cut the bank lending interest rate and
the amount of cash banks must keep in reserve. It will
increase the flow of money in the economy and re-
duce the cost of financing to support the investment
and developments of the real economy. As it will help
to boost the growth of economy, it has a positive im-
pact on the stock market. The second source of data is
the daily end price of stocks in Hong Kong and Shang-
hai stock exchanges which could be downloaded from
public available websites such as Yahoo!Finance and
http://finance.sina.com.cn/.

The system framework can be summarized as fol-
lows. In the first phase, it will filter the posts and only
extract the posts containing the keywords related to the
3 topics. Posts are grouped under the same topic. In the
second phase, it will use two tools to measure the sen-
timent score for different emotions in the posts. The
first tool, Jieba, will help to analyze the Chinese text
and segment the text into meaningful Chinese words. It
is an useful tool to segment user-generated content in
forums [33]. The second tool, Chinese Emotion Word
Ontology (CEWO), is a Chinese sentiment word dic-
tionary which classifies the Chinese emotion words
into 7 different categories [6]. A novel method to gen-
erate the sentiment score or mood states for each post
based on the CEWO is applied to the dataset. After
that it combines the sentiment score for all posts on the
same day under the same topic. As a result, the daily
sentiment score for different emotions are generated
for each topic. The sentiment score across the obser-
vation time can be regarded as time series. In the third
phase, it investigates the hypothesis that public mood
measured by our mechanism is predictive of future
stock price using Granger causality analysis. As the
public mood generated is related with different stocks,
the impact on different kinds of stocks are discussed.
At the end, a nonlinear autoregressive model with ex-
ogenous Weibo mood inputs is proposed to predict the
price and moving directions of a stock.

4. Data processing: A new Chinese sentiment
analysis method

As mentioned above, the raw text data is restored in
database first. And then the Chinese segmentation tool
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Fig. 1. The 7 Categories in the Chinese Emotion Word Ontology.

Jieba is used to segment the text into different words.
The Jieba tool use the dynamic programming to find
out the most probable combination based on the word
frequency. The segmentation result will be restored in
the database as well. The next step is to generate the
sentiment score or mood states from each post. For this
part, the model will use the Chinese Emotion Word
Ontology constructed by the IR lab in Dalian Univer-
sity of Technology. This ontology is constructed based
on Ekman theory of 6 basic emotions (Happiness, Sad-
ness, Surprise, Fear, Disgust and Anger). And one
more emotion “good” is added to make it more com-
fortable for Chinese language analysis [6]. Figure 1
shows the mapping from English to Chinese for the 7
categories of emotion words. These categories are also
known as different dimensions of public mood. Each
emotion word in the Ontology has its own category
tag such as “Happiness”, intensity value and polarity
value.

The proposed method to generate the sentiment
score or public mood states including 4 steps. First,
Jieba is used to segment the post and translate the post
to a list of meaningful words including different lex-
ical class such noun, verb, adv and adj. Secondly, it
will process the word list and search each word of the
list in the Chinese Emotion Word Ontology based on
its lexical class. If a word i is found in the Ontology,
the intensity value of the word in the Ontology will be
recorded as s;. Thirdly, the sentiment score of the post
will be calculated as follows:

y= ,max7(Z si) (1)

iel(j)

Where [(j) is a set including all words found in
Jjth emotion category of the Ontology for a post, I(1)
means the words found in the first emotion category
of the Ontology which is the category of “Happiness”.
The algorithm assumes that each post only presents
one kind of emotion which is the one that has the
overall highest intensity value or sentiment score. As

a result each post in the database will be attached an
tag which identifies the category it belongs to such as
“Happiness”. In the fourth step, the frequency of the
posts belong to the same emotion category is calcu-
lated for each day. The value will be represented as x; ;
where i belongs to one of the 7 emotion categories and
¢t means date ¢ in the observation period. Then the time
series for emotion i can be represented as X;.

After processing the raw text data of Weibo posts,
for each topic discussed, the model generates 7 time
series. Each time series represent the movement of
one dimension of the public mood or emotion such
as “Happiness”. Another data source is the time series
of the stock price. The time series of the stock close
price is downloaded from Yahoo!Finance and other
public websites. As the emotion time series are associ-
ated with different stocks. the close prices from 1st Jan
2015 to 31th Mar 2016 for 4 different stocks including
the Hang Seng Index (HSI), Shanghai Stock Exchange
Composite Index (SSECI), Hong Kong Exchanges and
Clearing Limited corporation stock (stock code is 388)
and Shanghai Connect Index (stock code is 000159)
are downloaded.

5. Public mood validation

To validate the ability of the proposed method to
capture various aspects of public moods, the algorithm
is applied to the Weibo posts published from 1st Jan
2015 to 31th Mar 2016. The distribution of the posts
indicates that the main part of the positive topic posts
such as “interest rate cute” are the posts with the posi-
tive emotion such as “Happiness” and “Good” and vice
versa. The distribution of the posts is shown in Fig. 2.

As mentioned, the interest rate and reserve rate cut
will booth the economy and the stock market. Actu-
ally, the China government has cut the interest rate
or reserve rate three times during 1st Jan to 31 July
2015 (on 28th Feb, 10th May, 27th June). As a re-
sult, most posts about the interest rate and reserve rate
cut locate in the positive emotions such as “Happi-
ness” and “Good” which is 85% of all related posts.
The distribution of the posts related to SH-HK and
SZ-HK connect is similar. However the distribution
of the posts related to Greece government-debt cri-
sis is different. As a lot of people is worried about
the future of the European Union financial system
and whether the Greece crisis will cause an interna-
tional government debt crisis, there is almost 27%
posts is classified as “Disgust” emotion. There are
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Fig. 3. Public mood states between Mar to June 2015 shows public responses to the announcement of interest rate cut.

also a lot of posts locating in the “Good” category
as the Greece government-debt problem is solved in
July. As the posts are mainly distributed in the three
categories: “Happiness”, “Good”, “Disgust”, this paper
will discuss the correlation between the stock market
and these three emotions.

Figure 3 shows the two public mood time series af-
ter the data processing which are “Happiness” time se-
ries and “Good” time series for the topic “interest rate
and reserve rate cut”. On 10th May, China central bank
announced a new round of interest rate and reserve rate
cut which is an event that may have a unique, signifi-
cant and complex effect on the public mood. The result
demonstrates that the time series generated through the
approach successfully identifies the public emotional
response to the announcement of interest rate cut. It
has a significant but short-lived up tick in positive sen-
timent “Happiness” and “Good” on that day. Actually
after the announcement, the sentiment score increases
a lot sharply. In addition, before the announcement the
sentiment score starts to climb up as there are some
rumors appearing in the market which mentioned that
the government will cut the interest rate soon and the
expectation of the new round interest rate cut becomes
higher.

To visualize the correlation between the public
mood time series and the stock price movement, the
data set for the topic “Shanghai-Hong Kong Stock

Connect (SH-HK connect) and Shenzhen-Hong Kong
Stock Connect (SZ-HK connect)” for the period 1st
April to 31th May is used. The reason for using this
time period is that on 8th April, Chinese investors, for
the first time, used the entire 10.5 billion RMB daily
quota in a cross-border programme buying Hong Kong
stocks, boosting turnover under the Shanghai-Hong
Kong Stock Connect to a record. The buying makes
the Hang Seng Index increase 3.8 percent to its highest
level in nearly seven years.

Two time series are plotted in Fig. 4. First one is the
daily close price of Hang Seng Index. And the Second
one is the time series for the public mood state “Hap-
piness”. To normalize and compare the value in these
two time series, the z-score of their delta value is cal-
culated. As shown in Fig. 4, both time series frequently
overlap or on the same direction. The movement of
the two time series is similar according to their peaks
and bottoms. On 8th April, both time series climb to
the peak with almost the same z-score which is more
than 1.5 standard deviations comparing to the aver-
age (Hang Seng Index: 1.74 and Happy Mood: 1.68).
These behaviors of the time series demonstrate that
the “Happiness” time series generated by the approach
correctly indicate the public mood change to some pos-
itive events and is related with the Hang Seng Index
price. The correlation between these two time series
will be discussed in more details in next section.
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Fig. 4. The z-score of the Hang Seng Index delta price vs the z-score of the Happiness time series.

6. Granger causality analysis

Many economic time series are unit root pro-
cess [25]. Therefore, the Augmented Dickey-Fuller
(ADF) test is applied to each time series for iden-
tifying the unit root process. As the generated time
series are proved to be unit root process, first dif-
ferencing method is used to minimize the chance
of spurious relationships. The public mood time se-
ries that is not covariance stationary is converted to
D;,

Di,t = A)Ci,t = Xi,t — Xi,t—1 (2)
To avoid the effect of various magnitudes, the public

mood time series D; is normalized by computing the
z-scores:

Zi, =2 3)

Where D; is the average of D; and o; is the standard
deviation of D; over time period n. In the experiment,

as it will discuss the moving average of stock price, n
is defined as 10 and D; is the 10 days moving average
of the sentiment score change.

The time series of stock prices is defined to re-
flect the daily changes in stock market value, i.e, the
delta value between the close price of a stock in day
t and day r — 1. Z-score computing is also applied to
the delta value which helps to standardize the stock
price change. P;; equals to the z-score value of the
delta. After establishing the public mood time series,
to discuss whether variations of the public mood states
affect the price in the stock market, this paper will
apply the Granger causality analysis to the time se-
ries generated by the new Chinese sentiment analy-
sis method, Z;, and the stock close price time series,
P;. This paper performs the Granger causality analy-
sis according to the linear model as shown in Eq. (4)
for the period of time between 1st Jan to 31st July
2015. As there are three topics to discuss and these top-
ics are related to different stocks, different linear re-
gression experiments between specific stock price time
series and the public mood time series will be con-
ducted.
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Table 1

The linear regression analysis result between the “Happiness” time
series and the close price movement of Shanghai Connect Index

Table 2

The p-value of linear regress analysis result between “Happiness”
time series and 3 different stocks

Lag Std Error t stat P-value Lag 000159 388 HSI

1 Day 0.096308 —0.646502 0.519301 1 Day 0.519301 0.096123 0.538607
2 Day 0.098495 —1.300428 0.196172 2 Day 0.196172 0.546172 0.428106
3 Day 0.101275 —2.219358 0.028515 3 Day 0.028515 0.458417 0.045231
4 Day 0.103179 —0.251972 0.801533 4 Day 0.801533 0.010188 0.155256
5 Day 0.101925 —0.225403 0.822084 5 Day 0.822084 0.130202 0.198888
6 Day 0.098601 0.961458 0.338431 6 Day 0.338431 0.220351 0.500008
7 Day 0.093337 1.237520 0.218529 7 Day 0.218529 0.934022 0.301673

n n
Pr=a+ Z,BiPt—i + Z Yili—i + & “)

i=1 i=1

Where P; is the z-score of the stock day close price
difference between day ¢ and r — 1, Z; is the z-score of
the sentiment score change of a specific public mood
dimension or emotion such as “Happiness”. The value
of n is set to 7, as previous research [3] has demon-
strated that public mood on day # — 3 has the highest
correlation with stock price on day ¢.

First the topic “SH-HK and SZ-HK connect” is dis-
cussed. Table 1 presents the linear regression result be-
tween the time series for the close price of Shanghai
Connect Index (stock code: 000159) and the time se-
ries of the emotion “Happiness” related to the topic
“SH-HK and SZ-HK connect”. Shanghai Connect In-
dex is the composite index including all stocks that can
be traded through the SH-HK connect by international
traders in Hong Kong. As a result, the price move-
ment of the Shanghai Connect Index is directly af-
fected by traders’ opinions or emotions about SH-HK
connect. The result shows that the lag value of Z,_3
has a P-value equal to 0.028515 which is lower than
the significance level 0.05. Based on the result of the
Granger causality, the null hypothesis that the mood
series do not predict the price movement of Shang-
hai Connect Index can be rejected, i.e. y123,...7 # 0.
However only the lag with 3 days has significant causal
relations with price movement of the Index which is
similar as Bollen’s research [3] on Twitter post. In
his research, he mentioned changes of public mood
match shifts in the stock price that occur 3-4 day
later. This behavior can be explain as that it may take
some time for the public mood in social media web-
sites to gain a momentum that will affect investors de-
cision in the real market. Other 6 emotions time se-
ries are not significantly correlated with the time se-
ries of Shanghai Connect Index according to the p-
value.

To further demonstrate the forecast ability of the
“Happiness” time series to other stocks, the p-value of
the Granger causality correlation with 2 more stocks
are calculated as well. The 2 stocks are HSI and the
Hong Kong Exchanges and Clearing Limited corpo-
ration stock (stock code is 388). They are highly re-
lated to the topic “SH-HK and SZ-HK connect”. HSI
is the composite Index of Hong Kong stocks which
will be affected by the SH-HK connect as more cap-
itals can be invested on Hong Kong market. Hong
Kong Exchanges and Clearing Limited Company is the
company that provides the service of SH-HK connect.
More trader are investigating through the SH-HK con-
nect, more commissions it can receive. As it can gain
more profits, the valuation of the stock is changed and
the price will be increased as more investors will be
attracted. The results are shown in Table 2. According
to the p-value 0.045231, the lag value of Z;_3 has sig-
nificant correlation with the price movement of HSI.
Similar as HSI, the price movement of 388 is signif-
icantly correlated with the lag value of Z;_4. The p-
value is 0.010188 which is much lower than the signif-
icance level 0.05. The null hypothesis can be rejected
and the “Happiness” time series is predictive of the
stock price movement including Shanghai Connect In-
dex, HSI and the stock of Hong Kong Exchanges and
Clearing Limited.

To demonstrate the predictive ability of public mood
states with different topics, the Granger causality anal-
ysis is also applied to other topics. For the topic
“Greece Government-Debt Crisis”, the public mood
time series other than “Disgust” is not significant cor-
related with the price movement of HSI. Only the lag
value Z;_, of the time series of “Disgust” has signif-
icant causal relation with the price movement of HSI
considering the significance level 0.1. The experiment
result is shown in Table 3.

For the topic “interest rate and reserve rate cut”, as
it is a method that China government used to booth the
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Table 3

The linear regress analysis result between “Disgust” time series
about“Greece Government-Debt Crisis” and the close price of HSI

Lag Std Error t stat P-value
1 Day 0.131315 —0.60719 0.546991
2 Day 0.146389 —1.86881 0.068634
3 Day 0.1709 0.635789 0.528363
4 Day 0.176888 1.476039 0.147392
5 Day 0.17898 1.233007 0.22443
6 Day 0.166583 0.024174 0.980829
7 Day 0.146273 —0.21275 0.832549
Table 4

The linear regress analysis result between public mood states related
to “interest rate cut” and the close price of SSECI

Lag Happiness Good Disgust
1 Day 0.254616 0.515584 0.395321
2 Day 0.111199 0.455075 0.041898
3 Day 0.007864 0.0676 0.008356
4 Day 0.944177 0.201313 0.959366
5 Day 0.858916 0.925238 0.995641
6 Day 0.8697 0.555839 0.193032
7 Day 0.355159 0.069943 0.384485

China stock market, the paper will discuss the correla-
tion between the public mood time series and the close
price of Shanghai Stock Exchange Composite Index
(SSECI). The results are shown in Table 4. Accord-
ing to the p-value (0.007864), the lag value of Z,_3
for emotion “Happiness” is highly correlated with the
price movement of SSECI considering the significance
level 0.05. And for the “Good” time series, consider-
ing the significance level 0.1 and p-value 0.0676, the
lag value of Z;_3 is also correlated. In addition, the lag
value of t — 2 and ¢ — 3 of the “Disgust” time series
have significant causal relationship with the SSECI
value as well as the p-value is 0.041898 and 0.008356.
The experiments are not testing the actual causation
but whether one time series has predictive informa-
tion about the price movement or not. The result shows
that the null hypothesis that the stock price movement
is not correlated with the change of public mood ex-
tracted from Weibo can be rejected with high level con-
fidence and the time series of “Happiness”, “Good”
and “Disgust” could be used to predict the price move-
ment of SSECI. The reason why only “Happiness”,
“Good”, “Disgust” are correlated with the stock price
is because of the characteristics of Weibo. Most of the
post are related and classified to these 3 dimensions
through the proposed new Chinese sentiment analy-
sis model. Another reason is that investors’ decision

is more likely be affected by strong emotions which
has high polarity such as “Happiness” and “Disgust”.
In addition, the spread of these strong emotions such
as “Happiness” in the social media websites is more
quickly as it will attract more attentions than other
kinds of emotions. As a result, there will be more posts
with the same strong emotions.

7. A nonlinear autoregressive model with
exogenous sentiment inputs for stock prediction

Although Granger causality analysis result has
proved that certain public mood dimensions are corre-
lated with the specific stock price movement in China,
the analysis is based on linear regression. However the
relation between public mood and the stock market is
more likely to be non-linear. The ability of artificial
neural network in solving the non-linear time series
modeling issue has already been proved [16,18]. Some
researchers have already applied the neural network
to the topic of stock price prediction [17]. Zhu et al.
indicate that neural network models augmented with
trading volumes leads to improvements in forecasting
performance under different terms of forecasting hori-
zon [36]. In addition, some research has been done to
forecast the exchange rate using some specific type of
neural network such as self-organizing dynamic neural
network [19]. In previous literatures [36] trading vol-
ume is considered as an augmentation to improve the
performance of neural networks. In this paper, whether
the public mood states from Weibo could reinforce the
forecasting ability of neural network will be discussed.

7.1. Model set up

The overview of the nonlinear autoregressive model
with exogenous sentiment inputs is shown in Fig. 5.
Two data sets are required in the model. one is the
historical stock price which can be downloaded from
the Internet, another one is the public posts set from
Sina Weibo. As the purpose of this model is to under-
stand the moving direction of the stock price and pre-
dict the future trend, the raw price of a stock will be
first transformed to the 5 days moving average of the
stock price. Moving average is widely used in previous
research to predict the trend of the stock price move-
ment [4,15,28]. As a result, the first input time series is
generated based on 5 days moving average, for exam-
ple, {1591, 159,, ..., 159;} where ¢ is the total number
of days for the testing period.
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Fig. 5. The nonlinear autoregressive model with exogenous sentiment inputs.

Another part of the model is the topic based sen-
timent score time series generation. Through the
Granger causality analysis result in last section, the
stock price is proved to be related with the mood in-
dicators for some specific topic. According to the ef-
ficient market hypothesis theory, stock price is driven
by new information. The new information in the pro-
posed model here is considered as topic related. The
new information for the specific topics which are re-
lated to a stock and the reactions of the public drive the
price movement. To generate the sentiment score in-
puts, the first step is to find out all related topics about
a stock. For example, the topic “Shanghai Hong Kong
Connect and Shenzhen Hong Kong connect” is highly
related to the Shanghai Stock Connect Index (000159).
In addition, for each topic, the correlated keyword list
T = {ki,1, k1,2, ... k1,,} will be extracted from Sina
Weibo. The model then use these keywords to filter
the unnecessary post from Sina Weibo. After that, each
topic will have an associated data set of posts to gen-
erate the topic based sentiment score. Finally the new
Chinese sentiment analysis method presented in Sec-
tion 4 is applied to calculate the daily sentiment score
for each topic and generate the sentiment score time
series for different mood dimensions.

The sentiment score will be normalized to the z-
score as what have been done in Section 6. Through
Granger causality analysis, unrelated mood dimen-
sions will be filtered out, and only useful time series
will be remained. For example for Shanghai Stock

Connect Index (000159), through the above Granger
analysis, “Happiness” time series about “Shanghai
Hong Kong stock connect and Shenzhen Hong Kong
stock connect” are proved to be related with the stock
price. Accordingly it could be considered as an ex-
ogenous sentiment input in the proposed model. Other
mood dimensions such as “disgust” will be ignored.
Through the proposed Chinese sentiment analysis
method in Section 4, for each topic, 7 time series are
generated based on the 7 mood dimensions. However,
not every dimension could be used. It is possible that
all 7 dimensions are proved to be not related. So as
shown in Fig. 5, the number of sentiment inputs, i, is
not equal to the number of topics, n, associated with
the stock. After getting all the related sentiment score
time series, the proposed model will consider them
together with the moving average time series as the
model input and use a neural network to predict the
future price.

A back propagation feed forward neural network
with multi hidden layers is implemented to build up the
nonlinear autoregressive exogenous model. To build
up a unbiased comparison of model performance, the
same parameter value of the neural network is main-
tained. To predict the moving average price of a stock
on day ¢ the historical price of the stock in the past
n days and the past value of specific public mood
time series are considered as input attributes. As the
Granger analysis result in last section suggests that
the most related time lag value is t — 3 or ¢t — 4. In
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Table 5
Stock price prediction result
Dataset 000159 388 Hang Seng Index
Models I Iy L Iy I Iy
MSE 286.2919 460.3728 0.5796 0.9306 3646 6755.2
MAPE 0.0039 0.0064 0.0034 0.0044 0.0024 0.0033
Direction (%) 89.66 75.86 77.14 62.86 87.1 70.9

the neural network model n is defined as 5. For each
hidden layer, the number of neuron is defined as 10
in the model. For training, Levenberg-Marquardt al-
gorithm is adopted as it is considered as a generic
method to solve non-linear least squares problems.
Mean square error (MSE) is used to monitor and com-
pare the performance of the model. The model has
one input layer, one output layer and multiple hid-
den layers. As shown in Fig. 5, the inputs of the neu-
ral network are the moving average price time series
and the different topic-based sentiment score time se-
ries, e.2. {159 —1, ..., 159 _n, X1.1=1, - - s XL.t—ns - - - »
Xit—1, ..., Xi,t—n}, and the output is the moving aver-
age price in the next step and the direction of the price
movement (up or down). This model is topic-based
and could be easily extended by adding new topics or
sentiment inputs. As every topic has a life cycle, there
is no fixed number of topics in the model. The topics
list related to a stock is changed everyday. The model
is self-adaptive. The topic which is not related to the
stock could be removed. Or if a new information or
news is announced, there could be another topic that
can be included. This paper will not discuss how the
topics list could be built. It is only interested in whether
the model with exogenous sentiment inputs is useful
or not.

7.2. Experimental results

For testing of the nonlinear autoregressive model
with exogenous sentiment inputs, the training data set
used is the collection of Weibo posts from 1st Jan 2015
to 31 Dec 2015. And the testing period is from Jan
2016 to March 2016. As discussed in Section 6, ac-
cording to the Granger causality analysis result, the
“Happiness” mood dimension time series derived from
the topic “Shanghai Hong Kong stock connect and
Shenzhen Hong Kong stock connect” are highly re-
lated to the stock price of 000159, 388 and HSI. Other
time series are not related. As a result, in this experi-
ment, only the “Happiness” time series is involved as
an exogenous sentiment input for predicting the price
movement of 000159,388 and HSI. Table 5 is the test-

ing result of the model. To demonstrate the ability of
sentiment inputs, two nonlinear autoregressive models
are applied to the same data set, one has the “Happi-
ness” sentiment score time series as an input, another
doesn’t. Through the result, it is clear that by adding
sentiment time series as an input, the performance is
better. The nonlinear models used in the experiment
are shown in Eq. (5). Iy indicates the normal autore-
gressive model. I represents the proposed model with
exogenous sentiment inputs. In the experiment, only
the “Happiness” time series associated with the topic
“Shanghai Hong Kong stock connect and Shenzhen
Hong Kong stock connect”, X1 ;_5 . ,—1 is consider
as the sentiment input. If more related topics and the
corresponding sentiment time series could be detected,
the performance may be better. However in this exper-
iment, the target is to discuss the ability of the new
model and whether the prediction result could by im-
proved by adding the sentiment score time series, find-
ing out all the related topics for a stock is not the con-
cern of this paper.

lo = {1595, 11}
I = {159 5,__(—1, X1.1-5..1—1}
lp = {388;—5,__1—1}
I = {388,511, X1.1-5,...1—1}
lo={HSIl;—5 1}
L ={HSl;—s,._1—1, X11-5.. .11}

&)

As shown in Table 5, for the Shanghai stock con-
nect index (000159), the mean square error for the test-
ing period is 460.3728 using the general nonlinear au-
toregressive model as Iy. Comparing to that, the mean
square error is decreased to 286.1919 by adding the
“Happiness” time series as another input. Similar as
000159, the mean square error for the stock 388 and
Hang Seng Index is decreased as well, from 0.9306
to 0.5796 for 388 and from 6755.2 to 3646 for HSI.
According to the result, it can be concluded that by
adding one sentiment time series as an input, the pre-
diction performance is improved. For investment deci-
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Fig. 6. Model outputs comparing to the expect values for 388.

sion making, it is important to know the future direc-
tion of a stock. Moving average represents the moving
direction of a stock in a certain period. To demonstrate
the ability of predicting the price movement direction
for the proposed model, the directions determined by
the model (daily price up or down) are compared to the
exact directions representing in the history data of a
stock. The accuracy of direction prediction is high ac-
cording to Table 5. The highest accuracy is for 000159
which is 89.66 percent. The directions are not matched
only for a few days. Same as the mean square error, the
accuracy is increased by adding the sentiment time se-
ries as inputs, from 75.86 percent to 89.66 percent for
000159, from 62.86 to 77.14 percent for 388 and from
70.9 to 87.1 for Hang Seng Index.

Looking into the details of the prediction results, Ta-
ble 6 has shown the precision, recall and F1 value for
predicting up directions based on the proposed model.
After adding the sentiment time series into the inputs,
the precision, recall and F1 value are all improved for
the Shanghai Stock Connect Index (000159). F1 value
is increased from 0.740741 to 0,888889. The result in-
dicates that the ability of the new model in finding out
the correct up directions and avoid the incorrect clas-
sification of stock price movement directions is much
better than the normal nonlinear autoregressive model
without the exogenous sentiment inputs.

To visualize the performance of the model, Fig. 6 is
presented. Figure 6 compares the prediction output of

Table 6
Predicting the positive moving direction for 000159
Ul Io
Precision 0.923077 0.769231
Recall 0.857143 0.714286
F1 value 0.888889 0.740741

the proposed model and the expected or target value
for the stock 388. According to the figure, the two time
series, the output price and the target price, have al-
most the same curve and moving directions. The er-
ror or the difference between the output price and the
target price is quite small which demonstrates the pre-
diction ability of the proposed model. Most of the er-
ror locate in the range —2 to 2, only a few exceed the
range and the largest error is around 5 only.

8. Conclusion

As the stock market in China has already been
one of the largest market in the world, it is impor-
tant to understand its behavior according to the pub-
lic mood states. This paper investigates whether pub-
lic mood states derived from large-scale collection of
Weibo posts on weibo.com is correlated or predictive
of the price of different stocks in China market. The
results demonstrate the public mood states can be in-
deed tracked using the proposed new Chinese senti-
ment analysis method on the large-scale Weibo posts.
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In addition, the Granger causality analysis results in-
dicate that the null hypothesis that the public mood is
not correlated with the stock price can be rejected and
the time series of public mood states is predictive of
the price movement of different stocks. Among the 7
observed emotions, only some are Granger causative
of the stock price movement. The emotions “Hap-
piness” and “Disgust” have significant causative re-
lationships with different stock prices. Movement of
these two emotions is correlated with the price move-
ment which occurs in 3—4 days. These 3 days time lag
is also discussed in the research of using public mood
in Twitter to predict stock price [3]. A nonlinear au-
toregressive model with exogenous sentiment inputs
furthermore demonstrates the possibility of using pub-
lic mood states to predict the stock price movement in
China. The public mood states help to improve the pre-
diction accuracy even using the basic neural network
model. Given the performance, if more related topics
for a stock are found out, the accuracy could be higher
considering more completed topic-based sentiment in-
puts. Regarding the model, if more sophisticated and
complicated model is implemented according to the
topic-based mood, it is possible that the prediction re-
sult would be even better.

In the future, more experiments will be conducted
to understand why the time lag exists and how to avoid
and use it for real time algorithm trading. Other impor-
tant factors will be examined in future research such
as the geo-location effect and spam detection. In ad-
dition, in this paper, it only discusses the relationship
between the close price of stocks and the daily move-
ment of public mood. How the intraday public mood
change affects the real-time stock price movement will
be discussed in future research as well.
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