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Recent studies in behavioral finance discover that emotional impulses of stock investors affect stock prices. The
challenge lies in how to quantify such sentiment to predict stock market movements. In this article, we propose
a media-aware quantitative trading strategy utilizing sentiment information of Web media. This is achieved by
capturing public mood from interactive behaviors of investors in social media and studying the impact of firm-
specific news sentiment on stocks along with such public mood. Our experiments on the CSI 100 stocks during
a three-month period show that a predictive performance in closeness to the actual future stock price is 0.612
in terms of root mean squared error, the same direction of price movement as the future price is 55.08%, and a
simulation trading return is up to 166.11%.

© 2014 Elsevier B.V. All rights reserved.
1. Introduction

Since Keynes put forward the concept of “animal spirits” in the
1930s, a large number of researchers have explored to understand the
determinants of movements in stock market prices [20]. In traditional
financial theory, a stock price is always driven by “unemotional” inves-
tors to equal the firm's rational present value of expected future cash
flows. In other words, investors of the stock market are “rational” and
they efficiently respond to new information regarding the stockmarket
products. Investors' decisions in the market fully reflect the effects of
any information revealed. This Efficient Market Hypothesis (EMH)
contains three different levels of information sharing: the weak form,
the semi-strong form, and the strong form [14]. Inspired by the weak
form of EMH, numerous attempts have been made to measure move-
ments of stock markets using quantitative information related to firm
fundamentals [2,14,26]. Unfortunately, some studies show that sub-
stantial stock market movements cannot be captured ideally by the
quantitative measures of firms' fundamentals [9,19]. This is because
the actual market is not as efficient as explained by the EMH and inves-
tors are inevitably emotional.

In contrast, recent studies in behavioral finance show that emotion
does influence investment decisions. In particular, investors are not as
aggressive in forcing prices according to fundamentals as traditional fi-
nancial theories would suggest [34], and a belief about future cash flows
and investment risks is not only justified by the cold facts at hand [11].
These findings are consistent with examples such as the frustrating
ghts reserved.
news about Steve Jobs' health caused the lower stock return of Apple,
Inc. in 2003 and 2009, although the fundamentals of the firm were
healthy. In factuality, investment decisions can be affected by emotional
impulses of investors. Thus, we hypothesize that the tones of newly-
released news articles influence investors to buy or sell. It would be
interesting to quantify such financial news sentiment to investigate its
impact on stock markets.

With the technological advancement fertilizing vibrant creation,
sharing, and collaboration among Web users, the impact of media on
stock markets has been increasingly prominent. Specifically, traditional
news has evolved into various forms of social media including blogs,
tweets/micro-blogs, discussion boards, and social news. With such
broad communication channels, investors can rapidly reach more valu-
able and timely information. Meanwhile, the adaption of user engage-
ment in social media effectively magnifies the information in the news
via comments, votes, and so forth. With such rapid information influx,
decisions of investors tend to be influenced by emotion of peers and
the public. This may well lead to a herd behavior in investment.

In this article, we propose and implement a media-aware trading
strategy to study the impacts of Web information on stock markets. It
has the following unique features that have not been attempted in pre-
vious work.

• It is the first attempt to study the combined effect of Web news and
social media on stock markets, particularly at the individual stock
level. Our experiments on the CSI 100 stocks show that the amplifica-
tion of social media on Web news contributes to the performance of
stock predictions.

• To successfullymeasure news sentiment and capture publicmoods on
investment, we propose an innovative approach to automatically

http://crossmark.crossref.org/dialog/?doi=10.1016/j.dss.2014.01.013&domain=f
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1 A list of so-called stop-words including “the”, “of”, and “at” are removed because they
are semantically empty.
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extract finance-oriented sentiment words from the Web to construct
a financial sentiment dictionary.

The rest of this article is organized as follows. We first briefly
describe related research in Section 2. The design details for our
media-aware quantitative trading strategy are presented in Section 3.
We then implement a trader with such principles and test its perfor-
mance using real stock data from the Shanghai Stock Exchange and
the Shenzhen Stock Exchange (Section 4). This paper is concluded
with speculation on how the current prototype can be further improved
in Section 5.

2. Related work

Observing fluctuations of stock prices with news feeds, some econo-
mists have explored the power of verbal information on stock markets.
The research can be traced back to thework of Cutler, Poterba, and Sum-
mers in 1989 [9], which on one hand showed that there was no direct
link between news and stock returns at that time. On the other hand,
later evidence for the impacts of news on stock markets has been dis-
covered in current markets. For instances, Das and Chen [10] extracted
investor sentiment from stockmessage boards, and found that it was re-
lated to stock index, volumes and volatility. This work is more about
finding such links than providing prediction. Veronesi [39] showed in
theory that stock prices overreacted to bad news in good times and
underreacted to good news in bad times using a rational expectations
equilibrium model of asset prices. Chan [7] empirically examined
monthly stock returns following public news and found that stocks
with bad public news displayed a negative drift for up to 12 months
and less drift for stocks with good news. Tetlock et al. [35,36] suggested
that news itself had limited and short-lived predictive power on future
stock prices. The fraction of negativewords in firm-specific news stories
can be used to forecast low firm earnings. Vega [38] further verified the
media influence by revealing that stocks associated with private infor-
mation experience low or insignificant drift while stocks associated
with publicly-available news experience significant drift.

All of these researchers focus on the influence of media on stock
markets. However, it is questionable whether any of these methods is
efficient to quantify the media influence for econometric analysis. Two
general approaches are adopted in these studies. One is to treat the
number of firm-specific news feeds as an independent variable [7,38],
the other is to compute a sentiment indicator based upon the percent-
age of the positive or the negative words in an article [35,36]. Both
approaches, to a degree, capture the linguistic power of news, and con-
sequentially weaken or even distort the impact of news on stock
markets.

While economists are uncovering the relationship between media
and stocks, computer scientists working in the areas of artificial intelli-
gence and natural language processing are taking a step further by
studying how various media-aware traders make profits in stock mar-
kets. A pilot study by Wüthrich et al. [45] attempted to forecast the
trends of five major stock market indexes in terms of news articles.
Later on, several studies investigated the predictive power of news on
a single stock. For instance, Lavrenko et al. [21] proposed the e-analyst
system based on the Relevance Language Model (RLM) to associate
stock price trends with news stories. Mittermayer [25] developed the
NewsCATS system to predict stock price trends for the time immediate-
ly after the publication of press releases. Fung, Yu and Lam [15] captured
the relationships between Reuters Market news and 33 stocks listed in
the Hang Seng Index.

One unique contribution of their work is the consideration of the
inter-relationship among different stocks, i.e., it selected and assigned
relevant news of other similar firms to the target firm while training
the predictive model. Instead of predicting trends in prior research,
Schumaker and Chen [30–32] proposed the AZFinText system based
on support vector regression (SVR) to predict the +20 minute stock
price after a news article was released (i.e., the price with a 20-minute
delay). Wang et al. [40] proposed a hybrid stock prediction approach
by combining ARIMA and SVR together.

The strategies of this research follow a common paradigm. It starts
off with representing a news article as a weighted vector of terms and
builds a predictive model to capture the relationship between news
and stocks. The stock price trends are estimated with this model on
the new arrival of a firm-specific news article. How to quantify a news
article is crucial and requires a thoughtful design. Schumaker and
Chen [31] experimented on several textual representation approaches,
including bag of words, noun phrases, proper nouns, and name entities,
and found that representing news with proper nouns is the most
efficient. Here, we argue that sentiment words, particularly finance-
specific sentiment words, are also valuable to represent a news article
since investors are subject to sentiment as observed in behavioral
financial research. A crowd's tendency can strengthen or weaken the
influence of a news article on investors. Knowing the public mood on a
stock is helpful to forecast its pricemovements. In this article, we capture
the publicmood on a certain stock from the relevant discussion threads in
social media.

Table 1 summarizes previous research on stock analysis using textu-
al information. For each study, the table summarizes its focus, media
sources, analysis models, and experiment settings. It also highlights
how the research relates to the issues that we aim to address in this ar-
ticle, i.e. quantifying the influence of public moods and news to predict
stock market movements.

3. System framework

In this study, we implement a Media-Aware Quantitative Trader,
dubbed MAQT, to examine the effectiveness of the proposed trading
strategy. The framework of MAQT is sketched in Fig. 1. Essentially, it is
a news-driven trading system incorporating public mood. It first repre-
sents the firm-specific news articles as weighted vectors of terms, and
then captures the investors' sentiment on this stock by analyzing the
relevant postings in financial discussion boards. Such information
along with stock quotes is fed into the predictive model for training.
The stock selection engine selects a number of stocks to predict their
future prices using the trained predictive model.

3.1. Media quantification

In this section, we first describe how to represent news articles to
quantify their influence on stock markets, and then present the ap-
proach to capture the public mood on investing a single stock. To assist
sentiment analysis in suchmedia quantificationmethods, an innovative
approach to automatically extract sentiment words in financial domain
from the Web is proposed at the end of this section.

3.1.1. Representation of news articles
The basic idea to represent an article in amachine-friendly form is to

transform it into a term vector, where each entry is a weighted term in
the article. Such a textual representation is called bag of words model,
which has been used widely in Computer Science areas of natural
language processing and information retrieval. Since this approach
includes almost all the words 1 in a document, it may not scale very
well. Therefore, we use the “important”words in an article to represent
it. Essentially, the influence of news articles on stocks originates in two
facets:

• Event: people tend to adjust their investment strategies if a latest
news article conveys some aspects of firms' fundamentals to enrich
their knowledge.
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• Emotion: emotional investors can be affected by optimistic or pessi-
mistic news.

Therefore, we model a news article as a weighted term vector, V,
with a number of nouns and sentiment terms selected from the article.
We believe that the important concepts of firms' fundamentals in a
news article can be captured by a set of nouns, and news sentiment is
reflected by a set of sentiment terms. Noun detection is a relatively
mature technique in natural language processing. Here, we adopt a
standard part-of-speech (POS) tagger to extract nouns from news arti-
cles. The challenge of sentiment term detection comes from domain-
specific sentiment analysis. There are various studies on the detection
of general-domain sentiment terms, but they are not applicable here.
As per Loughran and McDonald [24], about three-fourths (73.8%) of
the negative word counts in the open-domain emotion word list of
Harvard-IV-4 2 are not considered negative in a financial context. Ap-
parently, building a comprehensive finance-specific sentiment word
list is of great necessity. We defer the description of how to extract
finance-specific sentiment terms to Section 3.1.3.

After extractingnouns and sentiment terms to represent an article as
a term vector, the weight of each term indicating its topic importance is
measured using the standard TF/IDF weighting schema [4,23].

3.1.2. Detection of public mood
As social creatures, people are generally affected by others in deci-

sionmaking. This phenomenon is particularly serious in the stock inves-
tors who work with great expectations and in high pressure [27]. An
example is the research on predicting stock movements using Twitter
mood [6].

In this study, we analyze firm-specific messages in financial discus-
sion boards to capture public mood in investing stocks. To this goal,
we applied our focused Web crawler to download postings from the fi-
nancial discussion boards of www.sina.com and www.eastmoney.com,
two most popular stock discussion forums in China. These data sources
provide a solid basis for capturing public mood as both websites each
have over 20 million independent visitors per day, and they produce a
large number of postings and votes. In addition, each traded firm has
its own discussion section on both websites. It is easy to capture the
crowd's tendency to invest a single stock with this data source.

Since the influence of public sentiment is waning but last for several
days [36], such continuing impact should be considered in quantifica-
tion. Here, we measure the crowd's mood on a stock from two aspects,
i.e., optimism and pessimism. The optimistic mood on a stock, s, on a
daily basis is measured as,

Mþ
s ¼

Xτ

i¼0

Pi

Li
� e−i=β

; ð1Þ

where Pi is the number of the positive words in the discussion threads
about stock s on the i-th day after the news breaks, and Li is the total
number of the words in these discussions. τ is the number of the past
days that we consider their sentiment continuing influences, and β is
a constant to tune the scale of time attenuation, set to 20 to simulate
the attenuation for the number of work days in a month. Similarly, the
pessimistic mood of a stock s is measured as

M−
s ¼

Xτ

i¼0

Ni

Li
� e−i=β

; ð2Þ

where Ni is the number of the negative sentiment words in the firm-
specific discussion threads on the i-th day.
2 http://www.wjh.harvard.edu/~inquirer/homecat.htm.

http://www.sina.com)
http://www.eastmoney.com)
http://www.wjh.harvard.edu/~inquirer/homecat.htm)


3 Here, we chose the Chinese version of Loughran and McDonald Financial Sentiment
Dictionary (http://www.nd.edu/~mcdonald/) as our initial paradigm set. More entries de-
tected by the proposed approach are added as new finance-specific sentiment words.

Fig. 1. Design scheme.
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3.1.3. Sentiment word detection
Both news representation and public mood detection rely on the

technique of judging the sentiment-polarity of a word. A related prob-
lem of this issue is sentiment analysis. It maps a given piece of text,
such as a document, sentence, or lexicon, to a label drawn from a pre-
specified finite set using various supervised or unsupervised machine
learning techniques including SVM, Naïve Bayesian Networks andMax-
imum Entropy [12,28]. Most previous research focuses on general-
domain opinion analysis. Here, the challenge lies in domain-specific
sentiment analysis. The general sentiment word categorization cannot
translate effectively into a discipline with its own dialect [1,24]. Specif-
ically here, an emotionless word in the context of finance can express
strong sentiment or a typical emotion word is unemotional in the
realm of finance. For instance, the word “bull” originally refers to a
male bovine animal but indicates good earning returns in finance
domain such as “bull stock”. Some typical emotion words, such as
“crude”, “tire”, or “capital” are more likely to identify a specific industry
segment in financial events than expressing a negative sentiment as
suggested by Harvard-IV-4.

A few researchers study the domain-specific sentiment word
extraction [1,8]. The basic idea of these studies is to identify domain-
specific words in terms of their statistical associations with domain-
specific texts that are ready labeled as positive or negative. In this article,
we take a step further by using context information of stock markets to
extract domain-specific sentiment words. Specifically, finance-specific
sentiment words are extracted based on two hypotheses.

• A word is characterized by the immediate context it appears, i.e., the
semantic orientation of a word tends to correspond to the semantic
orientation of its neighbors in the context [37].

• A firm-specific article with a positive (negative) tone is typically ac-
companied by the rising (falling) price trend of relevant stocks. This
hypothesis is further confirmed by the findings of Tetlock regarding
the interaction between stock markets and daily news, particularly
bad news [35].

Therefore, we calculate the joint conditional probability of a word with
these two hypotheses as follows and select the words with high proba-
bilities. In particular, the positive probability of word w is denoted as

Pþ wð Þ ¼ P wjE ¼ þ; T ¼ ↑ð Þ
≈P wjT ¼ ↑ð ÞP E ¼ þjw; T ¼ ↑ð Þ;

ð3Þ

where E denotes the semantic orientation of its neighbors with two
values, + and −, representing positive and negative emotion, re-
spectively. T denotes the stock price trend with two values, ↑ and ↓,
indicating the upward and downward price trends, respectively.
P(w|T = ↑) can be simply estimated as

P wjT ¼ ↑ð Þ ¼ U wð Þ
N wð Þ ; ð4Þ

where U(w) is the number of the documents tagged with upward stock
trend containing word w in the training corpus. N(w) is the total num-
ber of the documents containing word w in the training corpus.

P(E=+ |w, T= ↑) can be estimated with the statistical information
obtained from thefinance-specific sentimentword set 3 and the training
corpus where each article is associated with a price trend. Specifically,

P E ¼ þð jw; T ¼ ↑Þ ¼
XM

i¼0

P ei ¼ þjw; T ¼ ↑ð Þ

≈
XM

i¼0

Iþ w; eið Þ;
ð5Þ

where ei is the sentiment word in the paradigm set S, andM is the total
number of the positive words in this set. I+(w, ei) is the statistical asso-
ciation between word w and positive word ei in the articles with an up-
ward trend which is measured by χ2. The estimation of P(w|T= ↓) and
P(E=− |w, T= ↓) is quite similar to the description abovewith the dif-
ference that the positive paradigmwords are replacedwith the negative
paradigm words, and the selected documents are associated with a
downward trend rather than an upward trend.

3.1.4. Stock trend
To calculate the statistical information for sentimentword detection,

it requires to associate firm-specific news with a downward or upward
stock trend. Here, the challenge lies in discovering trends from the time
series of stock price. There are approaches for trend discovery.

One is based on curve segmentation analysis. The basic idea is to plot
(or approximate) the numerical data into a curve and then segment it
into a series of straight lines. For instance, Lavrenko et al. [21] segment-
ed price curves into increasing and decreasing trends for stock predic-
tion. Fung, Yu and Lam [15] adopted curve segmentation to identify
the “drop”, “steady”, and “rise” trends of stocks.

The other approach is based on a moving average theory. Moving
average is a technique to smooth a series of data points, typically for ob-
serving them at a coarser granularity. It is often used in science, engi-
neering, finance, and other domains as a sort of high-pass filter or
historical summary. The general approach is to replace a data point of

http://www.nd.edu/~mcdonald/)
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the series with an average of those “nearby”. Depending on the specif-
ic variant of the moving average, the size, i.e. the number of data
points taken the average over, and position, i.e. one- or two-sided, of
the window, along with how weights are assigned to the data points,
define how the average is calculated. The simplest case would be an
unweighted average over an equal, finite number of data points on
either side.

In contrast, a one-sided moving average is often used to summa-
rize real-time data series at the current point of time, where the fu-
ture remains unknown yet. This particular form of moving average
is called simple moving average, and is used extensively in stock
analysis [18].

Since the purpose of trend discovery here is to tag a news article
with a stock trend in terms of the media influence after the press re-
lease, we adopt the simple moving average approach which accommo-
dates such time-lag effect. The intensity of time lag is determined by the
window size n in moving average. We defer the setting of this window
size n to Section 4.3.
3.1.5. Predictive model
In this study, the function of our predictive model is to capture

the relationship between finance indicators and future stock prices.
These finance indicators include firm-specific news articles, public
mood, and the stock prices at the point of releasing these news arti-
cles. The public mood provides a measurement for the recent invest-
ment atmosphere, and a firm-specific news article conveys the
information of firm's fundamentals and the attitudes of domain ex-
perts. These indicators allow us to explore their combined effect on
stock movements.

There are variety of machine learning methods for stock market
prediction including Relevance Language Model (RLM) [21], Support
Vector Machine (SVM) [25] and Naïve Bayesian [33]. However, all of
these works focus on the directional movements rather than numer-
ical stock prices. In this study, we adopt the extended SVM, i.e., SVR
(Support Vector Regression) Model, which applies a regression tech-
nique to SVM to predict the numerical values of future stock prices
[31].
4 CSI 100 consists of the largest 100 stocks inmainland China at this point of writing. CSI
100 aims to comprehensively reflect the price fluctuation and performance of the large
and influential companies in Shanghai and Shenzhen securities markets.

5 Since the CSI 100 list is adjusted every half a year, we only experiment on the compa-
nies listed in the entire year of 2011.
4. Experimental evaluation

The ultimate goal of this study is to examine the combined influence
of news articles and public moods on stock market movements. We are
of particular interest in the following research questions:

• Does the quantitative information of news articles have the ability to
impact stockmarkets? If this is the case, it proves that public informa-
tion events are subject to differential interpretations by investors. This
presents profitable trading opportunities for skilled investors and,
therefore, the trades of informed investors should be more profitable
with news releases. Otherwise, the public information would reduce
asymmetric information and the trades of informed investors should
be less profitable [13].

• Do investors react to the sentiment of news and other people? If so,
it provides a concrete evidence to support a critical hypothesis in
behavioral finance that investor sentiment affects stock prices [5].

Here, we target on the stock markets in Mainland China. There
are two independent stock exchanges, i.e., Shanghai Stock Exchange
(SSE) and Shenzhen Stock Exchange (SZSE). Prior relevant studies
[30,31,35,36] are mainly on stock exchanges in the United States, espe-
cially, New York Stock Exchange (NYSE). Due to lack of market makers
in Chinese markets, this study on SSE and SZSE provides a unique in-
sight in the relationship of the media and the stock market without
the interference from the trades of market makers.
4.1. Experimental settings

Three databases were constructed and maintained for our experi-
mental study and further peer study.

• Financial News Corpus: This corpus contains 124, 470 financial news
articles related to 100 companies listed in China Securities Index
(CSI 100).4 This corpus was constructed by querying the Baidu and
Google search engines with their advanced search functions specify-
ing date range andwebsites to download news articles with company
common names, abbreviations, or stock number IDs. The collected
news articles were released from January 1, 2011 to December 31,
2011 in the reputed Chinese financial websites including finance.
sina.com.cn, finance.caixin.com, and finance.people.com.cn. We
adopted bloom filters to detect and remove the duplicate news arti-
cles [17], and only kept the news articles with company name in titles
which narrows the retrieved articles to a certain degree [36]. After
removing the HTML tags of each news article, the news body and
publication date were stored in the database.

• Financial Discussion Board Corpus: This corpus contains the discussion
threads of the CSI 100 companies from January 1, 2011 to December
31, 2011 from two premier financial discussion boards in China,
i.e., www.sina.com and www.eastmoney.com.

• Stock Transaction Data: This corpus contains the high-frequency fi-
nancial data from January 1, 2011 to December 31, 2011 from the
China Stock Market Database (CSMD).

It provides intraday transaction information including price, volume,
and time at the granularity of second. In this research, we use thefirst 9-
month of data in year 2011 as training corpus, and the last 3-month data
for testing. Instead of using all 100 companies, we remove 11 companies
due to the inconsistency in the CSI 100 list.5 In this testing period, the
percentage of the upward trend is 46.12%, the percentage of the down-
ward trend is 49.53%, and the rest is still. The standard deviation of the
stock prices in this testing period is 27.12.

To gauge howwell the proposed trader, MAQT, performs in captur-
ing stock movements, we choose two evaluation metrics as suggested
by Schumaker and Chen [30]: directional accuracy and closeness.
Directional accuracy measures the upward or downward direction of
the predicted stock price compared to the actual movement direction
of the stock price. Realizing the fact that it may be close in prediction
yet predict a wrong movement direction, the closeness metric is used
in complement to evaluate the difference between the predicted
value and the real stock price in terms of Root Mean Squared Errors
(RMSEs).

4.2. Time window of the quantitative trader

The predictive model of MAQT is to capture the hidden connections
between the input (textual information, public mood, and current stock
prices) and the output (future stock prices). Here,we are particularly in-
terested in the outlook time window of the predictive model.

Gidofalvi [16] pointed out that a good outlook timewindow for stock
forecast is about 20 min after the release of the relevant information.
Subsequent research [30,31] adopted this window size in their stock
prediction studies. However, Chan [7] showed that the influence of
news on stock markets could last for several days or even months. To
find a proper outlook window for MAQT, we conducted a series of ex-
periments with different window sizes using the first 9-month data of
year 2011 for training and the remaining 3-month data for evaluation.
Fig. 2 shows the sensitivity results of different outlook window sizes

http://finance.sina.com.cn)
http://finance.sina.com.cn)
http://finance.caixin.com)
http://finance.people.com.cn)
http://www.sina.com)
http://www.eastmoney.com)


a) Directional accuracy b) RMSE

c) Directional accuracy d) RMSE

e) Directional accuracy f) RMSE

Fig. 2. Predictive outlook window.
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at the scale of minute, hour, and day for 89 listed companies on CSI 100.
Note that SSE and SZSE run for 4 h everyworkday. The trade time is 9:30
to 11:30 am and 1:00 to 3:00 pm.

In Fig. 2(b), (d), (f), we can observe that the predicted price accuracy
decreases with time at all outlook window scales. It decreases slowly
from 0.5715 to 1.5658 within 20 days in terms of RMSE.
In Fig. 2(a), (c), and (e), the directional accuracy increases and
achieves the best performance of 0.5421 at the 26th minute after the
news release. It then turns less predicable although there is a small
increase at the one-day closure of the markets. At the day level, the
directional accuracy also increases and approaches the optimal perfor-
mance of 0.5279 on the 5th day of the news release, and then becomes



Fig. 4. Sensitivity analysis of sentiment words.
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less predicable thereafter. It can be observed that there is a good predic-
tive window of around 20 min after the news release.

Thisfinding indeed agreeswith theprevious research statement that
a lag exists between the time that information was introduced and
when the stock market would correct itself to an equilibrium [22].
That is, themarket could be forecast in short durations after introducing
new information.However, itmay takedays or even longer for investors
to fully absorb information as in Chan [7] since the predicted directional
performance still keeps increasing for several days after the news
release (Fig. 2(a)).

In addition, we determine the optimal predictive outlookwindow of
26 min for the following experiments in terms of directional accuracy
rather than RMSE (Fig. 2(e)). This is because the performance of our
investment strategies (Section 4.7) relies on the directional accuracy,
i.e. the difference between the predicted future price and the price at
the point of news release.
4.3. Emotion words extraction

Previous work [32,35,36] relies on domain-independent sentiment
analysis techniques to capture the tone of an article. However, the emo-
tion word list developed for psychology and sociology cannot function
well in the realm of finance. To testify this hypothesis, Loughran and
MacDonald manually analyzed annual reports of listed companies
(Form 10-K) and extracted 354 positive and 2349 negative English
words as finance-specific sentiment words [24]. In our study, we pro-
posed an innovative approach to automatically construct a finance-
specific sentiment word list and represent the emotions of financial
articles with these sentiment words (Section 3.1.3). Specifically, the
Chinese translations of the Loughran andMcDonald Financial sentiment
wordswere used as our initial paradigm set. More entries were extract-
ed from the training corpus of news articles in terms of their connec-
tions with the sentiment words in the initial paradigm set.

A unique feature of our method is that it segments articles by
stock trend (up or down) and uses this context-aware information for
domain-specific sentimentword extraction. In this work, a simplemov-
ing averagemethod is adopted to analyze stock trends (Section 3.1.4). It
detects the current trend in terms of the unweightedmean of the previ-
ous n data points in the series of stock price. Therefore, we carried out a
series of experiments to explore the sensitivity of this moving-average
windows. Fig. 3 shows the predictive performance using the different
emotion word sets that were constructed with the different moving-
average window sizes from 1 to 30 days. It can be observed that the
a) Directional accuracy

Fig. 3. Sensitivity of movi
predictive performance is not quite sensitive to this window size once
we set it to 1–5 days.

To understand the impact of the training corpus size on sentiment
word extraction, we carried out a series of experiments with variable
months of news articles released in the first 9 months of the year
2011. In Fig. 4, the x-axis depicts the number of the months from
which the news articles are selected for constructing sentiment words,
and the y-axis depicts the percentage overlap between sentiment
words for the given number of months indicated and all 9 months of
data. It can be observed that similar sentiment words are obtained
when more than 8 months of data are utilized to build the sentiment
dictionary. Here, we used 9 months of data to construct the finance-
specific sentiment word list.

Table 2 is an example of these words and a detailed description of
thefinance-specific sentimentwords can be found in theOnline Supple-
ment that accompanies this paper. To our knowledge, this is the largest
and the most comprehensive Chinese sentiment word list in finance.
The proposed approach is able to extract finance-specific sentiment
words in different languages if only the training corpus in the corre-
sponding language is provided.
4.4. News representation

The influence of news on investors comes from two sources,
i.e., event and emotion. Therefore, we extracted proper nouns and sen-
timent words to represent a news article with the assumption that
proper nouns reflect a firm's fundamentals and sentiment words con-
vey the optimistic or pessimistic attitudes to news articles.
b) RMSE

ng-average window.



Table 3
Representation.

Method RMSE Directional precision

PN 0.6385 54.21%
Harvard 0.6291 49.38%
FS 0.6204 51.36%
PN + FS 0.6121 55.08%

Table 2
Examples of the finance-specific sentiment words.

Positive Negative

安定 (stable) 套牢 (stuck)
富足 (abundant) 唾弃 (despicable)
蓬勃 (booming) 阻力 (resistance)
公道 (impartial) 下跌 (fall)
周到 (comprehensive) 流出 (exodus)
红火 (prosperous) 阴谋 (conspiracy)
精湛 (proficient) 更低 (lower)
如意 (satisfactory) 涉水 (wading)
昭著 (evident) 衰退 (recession)
强悍 (robust) 威胁 (threat)
高瞻远瞩 (visionary) 动荡 (turmoil)
划时代 (epochal) 低迷 (murky)
榜首 (top) 疲软 (weak)
透明度 (transparent) 破产 (bankrupt)
激增 (ballooned) 赤字 (deficit)
得体 (appropriate) 放松管制 (deregulate)
十全十美 (perfect) 付诸东流 (drain)
始终不渝 (steadfast) 违约 (default)
无可厚非 (legitimate) 惨淡 (gloomy)
家喻户晓 (renowned) 下滑 (slide)
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Here, we adopt FudanNLP, a state-of-the-art lexical analysis system
for Chinese,6 as our standard part-of-speech (POS) tagger to extract
seven noun categories as our proper noun set from news articles. Senti-
ment words are detected based on our finance-specific sentiment word
list obtained in the previous section.

In our experiments, we study several ways to represent a news arti-
cle. The predictive performances of these representations are shown in
Table 3. NP denotes that a news article is represented by a number of
weighted proper nouns. Harvard is to represent an article by a number
of weighted sentiment words from the Harvard-IV-4 list. FS means
that an article is modeled as a number of weighted sentiment words
from the finance-specific sentiment word list.

Before reporting our comparison results using directional preci-
sion and RMSE, we provide a significance test to show that the ob-
served differences are not incidental as in Schumaker et al. [32].
Specifically, it takes a pair of equal-sized sets of predicted values on
each article in the testing news corpus generated by the targeted
and baseline methods, respectively, and assigns a confidence value
to the null hypothesis that the values are drawn from the same dis-
tribution. If confidence in the hypothesis (reported as a p-value) is
less than 5%, it typically means that the results of experiments are re-
liable and convincible.

Aswe can see, the representationbased onfinance-specific sentiment
words can greatly improve the predictive performance as compared to
those based on general sentimentwords. In contrast, representing news
articleswith proper nouns can achieve a good directional prediction but
a poor RMSE. In addition, we represent news articles with both finance-
specific sentiment words and proper nouns. As shown in the last row
of Table 3, this representation achieves the best performance among
the four methods. These results are all significant as all targeted values
versus baseline's values have p-values less than 0.05. Therefore, we
favor representing news articles with both proper nouns and finance-
specific sentiment words.

4.5. Industry sensitivity

To show the generalizability of the predictive performance over
industry, we partitioned the stocks listed in CSI 100 into 6 industry
sectors, i.e. manufacturing, finance, mining, transportation, real estate &
construction, and service. Fig. 5 shows the predictive performance of
each industry sector. It can be observed that these industry sectors are
6 FudanNLP is developed by FudanUniversity, and accessible at http://code.google.com/
p/fudannlp/.
of various predictive performances. This might be caused by the different
media coverage of each sector. Therefore,we carried out a series of exper-
iments to show the generalizability over each industry sector. To find
the minimum number of industry sectors needed for training, we took
all k-combinations of six industries as the training data and carry out
the predictive experiments C(6,k) times. The industry generalizability is
evaluated by the average performance of these combinations. In Fig. 6,
the y-axis is the average predictive performance, and the x-axis is the
number of industry sectors, k, used for training. We use all 6 industry
sectors in our following experiments to achieve the best performance.
4.6. Stock price prediction based on news articles and public moods

In behavioral finance, investors are subject to sentiment in their
decision-makings. Information and public mood are two important
sources to affect the feelings of investors. In this study, we analyze the
firm-specific messages in two premier financial discussion boards
from www.sina.com and www.eastmoney.com to capture public
mood of each single stock. We carried out a series of experiments to
study the influences of such mood (Ms

+ andMs
−) on stock movements.

In particular, we built three models to study their influences. For each
stock, Model 1 takes the current stock price, term vectors of relevant
news articles, and optimistic public mood on this stock (Ms

+) as the
input of the predictive model. Model 2 takes the current stock price,
term vectors of news articles, and pessimistic public mood (Ms

−)
as the input. In model 3, the input is the current stock price, term
vectors of news articles, Ms

+, and Ms
−. The output of these models is

the +26 minute stock price (i.e., the price with a 26-minute delay).
From Fig. 7, the pessimistic public mood has a significant contribu-

tion in predicting stockmovements. Compared to a pessimistic attitude,
an optimistic public mood has a limited power in sensing stock move-
ments. These findings are consistent with the prior study that the frac-
tion of negative words in firm-specific news stories forecasts low firm
earnings [36]. The joint influence of pessimism and optimism in public
mood is noticeable. It can be observed that the impact of the public
mood lasts for several days. In our experiments, incorporating the public
moods of the recent 3 to 6 days can further increase the stock predictive
performance.With a timeperiod less than 3 days or greater than 6 days,
the accumulative mood is not sufficient to assist stock predictions.
4.7. Investment experiments

In this section, we describe investment simulation with the pro-
posed MAQT. To gauge the performance of our trader, we compared it
to three classic trading strategies, i.e. top-N, Simple Moving Average
(SMA) [18], and adjustedAZFinText [31,32]. In our simulation, the initial
investment budget is RMB10,000 (approximately USD1630), and the
investment period is from October 10, 2011 to December 30, 2011,7

during which the change of the CSI Index was down by 5.21% from
2363 to 2240. In Chinese stock markets, the average trading cost
is about 0.2% of the invested value for a selling long transaction and
0.05% for a short selling transaction. Here, we take the assumption
of zero transaction cost as previous work [7,21,32,40]. In fact, the
7 The stockmarkets inmainlandChinawere closed fromOctober 1 to October 9 because
of the National Day holiday and its neighboring weekends.
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Fig. 5. Industry impact.
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transaction costs are effectively absorbed by increasing the volume of
each transaction, as long as we are making a profit.

In the top-N strategy,we invested in the top-N stocks that performed
best over the period from January 1, 2011 to September 30, 2011 by
buying each at the beginning of October 2011 and selling it at the end
of the 3-month evaluation period. In Fig. 8(a), the y-axis denotes the
RMB value of the trader's portfolio over the 3-month assessment time.
The x-axis denotes the number of stocks, N, which we select to invest
in accordance with the performance over the last 9 months in a de-
scending order. When the trader's portfolio includes several stocks,
the initial investment budget is equally invested in each stock. It can
be observed that all of the top-N combinations lost in the assessment
period, while the top-30 experienced the smallest loss. To better under-
stand the top-N strategy in this period, we further looked into the stock
return of each stock in the top-30 after three months with the
RMB10,000 startup fund. Only 15 stocks were profitable after three
months (Fig. 8(b)).

We adopted the SMA strategy as a benchmark [18]. Different from
the top-N strategy, which focuses on the long term investment, this
strategy is a relatively rapid trading method, which makes minute-by-
minute trading decisions in terms of stock trends. Specifically, the
investment is triggered when the actual market stock price crosses
through the daily moving average of the same stock by a certainmargin
threshold (or penetration rate), either up or down. Specifically, if
a) Directional accuracy

Fig. 6. Industry
the change is upward, stocks should be purchased; if down, stocks
should be sold. Note that the performance is sensitive to two parame-
ters, i.e., the window size of the moving average and the penetration
rate. Therefore, we experimented with different parameter settings,
and found that the best performance was achieved with the moving
average window size of 29 days (Fig. 9(a)). As shown in Fig. 9(b), the
portfolio returns go up with the increase of the penetration rate, and
the best penetration rate for triggering the transaction is over 1% of
the invested value. However, according to Fig. 9(c), no investment trans-
action occurred when the penetration rate was over 1% of the invested
value. That is, there is no positive earnings with SMA. As such, we con-
jecture that SMA is no longer suitable for current stock markets that
are usually influenced by socialmedia in an involved and timely fashion.

Different from previous two classic approaches, AZFinText [31] is a
media-driven trader. It adopts a SVR model to capture the linkage
between financial news and stock prices. To study the impact of news
sentiment, Schumaker et al. apply a sentiment analysis tool named
OpinionFinder to tell the (positive or negative) tone of a news article,
and use such a binary sentiment result alongside the news textual
vector as the input of the predictive model [32]. In this study, we use
the adjusted AZFinText approach as a benchmark. Lack of Chinese lan-
guage support in OpinionFinder, we implemented a Chinese sentiment
analyzer following the sentiment analysis principles of OpinionFinder
[43]. In particular, we took a two-step classification approach for
b) RMSE

sensitivity.
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Fig. 7. Public mood.
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contextual sentiment analysis as suggested byWilson et al. [44]. The first
classifier focuses on identifying sentiment expressions based on word,
modification and sentence features, and the second classifier takes the
sentiment expressions and identifies those that are positive and negative
in terms of word and polarity features. Both classifiers rely on BoosTexter
[29] for boosting. To label the objective patterns for calculating features,
we adopted the unsupervised learning approach by Wiebe and Riloff
[42] to create objective patterns with unannotated texts. Note that we
ignored the document feature indicating topics suggested by Wilson
et al., since all our focuses are on the same topic, i.e., economics.

To tune the parameters of the adjusted AZFinText, we first examine
the prediction accuracy of the adjusted AZFinText with different out-
look window sizes, and find the optimal window size +23 min
(Fig. 10(a)). Then, we vary the threshold to trigger transactions within
3-month evaluation period, andfind that the idealized returningperfor-
mance is achieved when we set the threshold to 0.3% of the stock price
(Fig. 10(b)).

The proposedMAQT takes a step further by utilizing bothWeb news
and socialmedia. It predicts+26 minute stock price of a firmwhenever
a firm-specific news is released. We take both short selling and long
selling methods to obtain stock returns. In long selling, if the predicted
future price is greater than a threshold at the time that article is
released, our trader purchases the stock immediately and disposes of
the stock in 26 min. The stock return is the difference between the sell-
ing and buying prices. In short selling, if the prediction price is less than
a threshold at the time that article is released, we borrow the stocks and
sell it expecting that it will be cheaper to repurchase 26 min later. The
a) Sensitivity of N in Top-N strategy

Fig. 8. Top-N
stock return is the stock price at the point of borrowing minus the
repurchasing price. To determine a threshold for triggering short selling
and selling long, we carried a series of experiments with different
percentages of the stock price as the threshold. As shown in Fig. 11,
the idealized optimal performance is achieved when we set the thresh-
old to 0.3% of the stock price. (Here, the “oracle” guides the investor to
make the maximum possible profit.) To better understand the perfor-
mance of MAQT, we also provide the theoretical optimal performance
of our trading strategy, i.e., the trader had known precisely in advance
what the stock change would be when a news article is released. The
total earnings for the optimal situation is RMB 2.8941 × 1014.

Fig. 12 shows the daily stock returns of these four methods over the
assessment period. Note that the top-N method focuses on the long-
term return. Since the top-N method does not trade within the assess-
ment time, the daily earning just shows its RMB value of its portfolio
on that day. That is, it is the return if the investment period ends at
that point. For other rapid trading strategies, each daily earnings is cal-
culated based on the earning performance of the previous trading day.
Bothmedia-driven strategies show a great advantage over the two clas-
sic methods. Comparing the change of CSI 100 of −5.21% and 103.23%
return of AZFinText, the proposed MAQT is quite promising yielding a
return of 166.11% in threemonths. In addition,we used a randomization
test [21] to determine if such earnings are statistically significant.
Specifically, we conducted 1000 trials of an auto-trader which bought
or shorted stocks randomly. Then we compared the earnings of MAQT
to the distribution of cumulative earnings from the randomized trials.
This auto-trader was set to buy and short particular stocks with the
b) Stock return in Top-30

strategy.
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Fig. 9.Moving average strategy.
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same probability per stock as MAQT, and trading transactions are made
at the same times as MAQT (i.e. at the point of releasing a firm-specific
news article). The earnings of the auto-trader only beat MAQT 8 times
out of the 1000 trials. That is to say, the performance of the media-
aware trader is significant at the 1% level.

5. Conclusion and future work

There are several interesting findings in our research. The first is that
the media influence of financial news on stocks exists and can be
a) Window size

Fig. 10. Parame
quantified using natural language processing techniques in Computer
Science. In particular, the fundamental information of a firm-specific
news article can enrich the knowledge of investors and affect their trad-
ing activities. Meanwhile, news article sentiment may lead to emotion
fluctuations of investors and interfere with their decision making.
Both hypotheses are nicely supported by our experimental results that
representing news articles with a number of proper nouns and senti-
ment words provides an effective way to quantify the news for stock
prediction. In this research, the sentiment of Web media is quantified
by the sentiment words regardless of syntax. It would be interesting
b) Threshold

ter tuning.
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to explore how the advanced sentiment analysis, especially syntax anal-
ysis, could further improve the stock prediction.

In this study, all news articles are treated equally for training thepre-
dictivemodel. However, news articles on different gists and originsmay
affect the stock market differently. Specifically, certain types of news,
such as executive personnel change and new product release, are typi-
cally more influential. In fact, Antweiler and Frank [3] show that the
topic categories of corporate news including corporate governance,
earnings reports, financial issues, operational issues and legal issues, af-
fect investors distinctively. In addition, the article origin, be it official,
leaked, or rumored, may have different influences on investors as well
[41,46]. Indeed, it would be very interesting to further investigate
these factors in combination with the content and sentiment of news.

At the individual level, public sentiment on a stock can affect person-
al investment decisions. Based on our experimental results, incorporat-
ing the public mood of the most recent 3 to 6 days can further increase
the stock predictive performance.With the popularity ofWeb 2.0, there
are various types of socialmedia for readers to express their opinions in-
cluding blogs, tweet/micro-blogs, and social news. An investigation into
these new sources to capture the public mood would be imperative.
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