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Abstract Behavioral economics has revealed that investor
sentiment can profoundly affect individual behavior and deci-
sion-making. Recently, the question is no longer whether in-
vestor sentiment affects stock market valuation, but how to
directly measure investor sentiment and quantify its effects.
Before the era of big data, research uses proxies as a mediator
to indirectly measure investor sentiment, which has proved
elusive due to insufficient data points. In addition, most of
extant sentiment analysis studies focus on institutional inves-
tors instead of individual investors. This is despite the fact that
United States individual investors have been holding around
50% of the stock market in direct stock investments. In order
to overcome difficulties in measuring sentiment and endorse
the importance of individual investors, we examine the role of
individual sentiment dispersion in stock market. In particular,
we investigate whether sentiment dispersion contains infor-
mation about future stock returns and realized volatility.
Leveraging on development of big data and recent advances
in data and text mining techniques, we capture 1,170,414 data
points from Twitter and used a text mining method to extract
sentiment and applied both linear regression and Support
Vector Regression; found that individual sentiment dispersion
contains information about stock realized volatility, and can
be used to increase the prediction accuracy. We expect our
results contribute to extant theories of electronic market finan-
cial behavior by directly measuring the individual sentiment
dispersion; raising a new perspective to assess the impact of

investor opinion on stock market; and recommending a sup-
plementary investing approach using user-generated content.

Keywords Investor sentiment . Text mining . Return and
volatility predictability
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Introduction

The idea of investor sentiment dates back to mid-twentieth
when Keynes (1936) proposed that markets are influenced
by investors’ Banimal spirits^, causing prices to deviate from
fundamentals. This idea is formalized by De Long et al.
(1990), who theoretically demonstrated that sentiment chang-
es can lead to noise trading and excessive volatility. Now, the
question is no longer whether investor sentiment affects stock
market valuation, but how to directly measure investor senti-
ment and quantify its effects. Extant studies identified two
kinds of sentiment measures (Lee et al. 1991; Neal and
Wheatley 1998; Brown and Cliff 2004). The first sentiment
measures are derived from surveys while the second measures
relied on objective variables that correlate with investor sen-
timent. Both of these two measurements has limitations as
they heavily relied on some proxies as mediators to reflect
investor sentiment (Schmeling 2009; Carlin et al. 2014). The
way to directly measure investor sentiment is still waiting for
further exploration.

Despite the number of published works on the issue of
investor sentiment, several avenues of research remain unex-
plored. In particular, the empirical question of a relationship
between individual sentiment dispersion and stock price val-
uation remains unresolved. Dispersion in investor sentiment
are often mentioned as a factor that could explain the stock
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volatility but rarely analyzed (De Long and Shleifer 1991;
Shiller 2000). Although various proxies of sentiment are uti-
lized in these papers, most of these research ignored the dif-
ference of opinions among investors, or the diversity of inves-
tor sentiment, which in theory has impact on asset price, risk
and returns (Varian 1985; Qian 2014; Miller 1977) and can
lead to higher uncertainty and more trading (Carlin et al.
2014). The fact that sentiment diversity is ignored could result
from the proxies of measuring investor sentiment. Some of the
methods such as survey questionnaire is difficult to generate
enough data points to estimate the sentiment dispersion, some
of them can only provide one sentiment score for eachweek or
each month, and common sentiment analysis tools only pre-
dict the polarity of the sentiment (i.e. only predict positive or
negative for each sentence). The high difficulty of sentiment
measurement causes big challenges for scholars. This condi-
tion leads to a second limitation. Most of extant research only
focuses on institutional investor sentiment (Gao and Kling
2008; Verma and Soydemir 2009), and the individual senti-
ment is commonly measured by proxies such as the survey of
expectation (Brown and Cliff 2004; Fisher and Statman 2000)
and consumer confidence (Schmeling 2009). This is despite
the fact that United States individual investors have been hold-
ing around 50% of the stock market in direct stock invest-
ments. Therefore, the role of individual sentiment dispersion
in theories of financial behavior and the relationship between
this factor and stock price valuation are two pieces of white
papers.

To conclude, there are two major research gaps in extant
studies of investor sentiment. First, most of extant research only
focuses on institutional investor sentiment (Gao and Kling
2008; Verma and Soydemir 2009) and ignores individual sen-
timent, while individual investors have been holding around
50% of the stock market in direct stock investments. Second,
extant studies face big challenges in measuring individual in-
vestor sentiment. Most of the previous studies use proxies or
questionnaires to conduct a measurement. Such self-report and
indirect measurement can be biased. It is also not practical to
generate sufficient data points to measure sentiment dispersion
on a reasonable time window, such as daily or weekly.

Corresponding to previous research gaps, the objective of
this study is clear. We would like to directly measure individ-
ual investors’ sentiment and to explore the roles of individual
sentiment and its dispersion in the stock market. Fortunately,
proliferation of online social media and the phenomenal
growth of data mining technologies have brought to us the
era of big data. Today’s digital environment provides previ-
ously unavailable measures of investor sentiment. In particu-
lar, emerging social platforms such as Twitter and Facebook
can potentially provide real-time information on individual
sentiment. Clearly, the availability of measures of investor
sentiment is only going to increase as we move further into
the digital age. The big data era provides us with a great

opportunity to overcome difficulties in measuring individual
sentiment, and quantifying its effect on stock price valuation.

Consonant with this trend, this study explores the roles of
individual sentiment and its dispersion in the stock market. In
particular, we provide empirical evidence to show the impact
of individual investors’ sentiment diversity on stock returns
and volatility. Three months’ messages of twitter containing
stock ticker symbols (e.g. $AAPL, $GOOG) are used to cal-
culate the investor sentiment on each day. The dollar sign tag
is for twitter users to express opinions on publicly traded com-
panies. This new tag was popularized by StockTwits, which is
an online social media platform for investors and traders to
exchange ideas. Labeling each tweet with sentiment scores
gives us a direct measure of individual investor sentiment.
The sentiment dispersion on each day will be used to predict
future stock returns and future realized volatility.

To overcome the difficulties in measuring individual senti-
ment, we utilize Naive Bayes probability model. Specifically,
we use Naive Bayes to assign a probability (p) to each tweet,
so that p represents the probability that a tweet is generated
from positive sentiment, and 1-p would be the probability of
this tweet being negative, given the words it uses. The senti-
ment score will then be a continuous number ranging from 0
to 1, allowing us to directly measure the dispersion on each
day by calculating standard deviation.

To our knowledge, this is one of the earliest study measur-
ing the impacts of individual investors’ sentiment dispersion
on future stock returns and volatility. We expect this study can
fill in the research gap by quantifying sentiment dispersion of
individual investor and explore how this factor affects stock
return and volatility. More broadly, our work offers the fol-
lowing two contributions. First, the direct measurement of
individual sentiment dispersion is an essential building block
to further advance theories of financial behavior. Results of
this study provide important empirical evidence to extant the-
ories and may inform scholars on the future roadmap for sub-
sequent research. In practice, any improvement in stock vola-
tility and return prediction accuracy helps investors and
traders make better informed decisions.

Literature review

The role of investor sentiment in stock market

There has been an increasing interest in using investor senti-
ment to predict market behaviors, especially stock returns. For
example, Baker and Wurgler (2006) studied the investor sen-
timent and the cross-section stock return, and they discovered
that stock returns following a low sentiment period are
relatively higher for stocks that are difficult to arbitrage.
Tetlock (2007) first used the pessimism information extracted
from media content as a proxy to investor sentiment, and he

See-To E.W.K., Yang Y.



found that the pessimism in media content has the ability to
explain the Dow Jones returns. Schmeling (2009) also inves-
tigated the relationship between consumer confidences and
expected stock returns in 18 industrialized countries, and
concluded that sentiment can be used to forecast aggregate
market returns. A systematic review done by Akter and
Wamba (2016) had addressed the importance of sentiment
analysis in different types of markets.

Investor sentiment is also proven to have predictive power
on stock movement. Bollen et al. (2011) used twitter to mea-
sure public mood to forecast the daily movement of Dow
Jones Industrial Average (DJIA), and reported a noteworthy
accuracy. Zhang et al. (2011) investigated business engage-
ment through extracting sentiment from tweets and brought
insight to the analytics of social networks and online word-of-
mouth message diffusion patterns. Similarly, Bing et al.
(2014) used twitter sentiment to forecast the stock movement
for 30 companies in New York Stock Exchange (NYSE) and
NASDAQ, and achieved 76.12% accuracy. In these cases, the
prediction is normally about up and down trend.

Currently, there are mixed results about whether investor
sentiment is correlated with stock returns and volatility, al-
though in theory trading based on investor sentiment will
cause excessive volatility (De Long et al. 1990). Tetlock
(2007) only find a weak correlation between his pessimism
measure and market volatility. Wang et al. (2006) deems that
previous works may have overestimated the predictability of
investor sentiment to stock volatility. When he added past
volatility into the equation as independent variables, he found
that investor sentiment does not predict the future volatility.
His research also shows that the past returns and volatility
causes the sentiment changes. We try to test this issue as well.
We used Vector Auto Regression (VAR) and considered past
5-day data as control variables to avoid overestimation.

Influence of individual investor sentiment

Apart from institutional investors, individual investors, or retail
investors are also an important part of the market. The behavior
of institutional investors and individual investors in stock
market differ in several ways. Stoffman (2008) states that the
biggest difference between institutional and individual inves-
tors is the fact that institutions exhibit the ability to produce risk-
adjusted excess returns. This ability required large amounts of
resources. They have sufficient information obtained from con-
sultant, advisor or investment team who is running the portfo-
lio. Compared to institutional investors, individual investors
perform much more randomly and irrationally. They do not
have the professional knowledge to conduct systematic
market analysis and are highly influenced by external
environment. As Stoffman (2008) shows, they tend to buy or
sell stocks when those stocks are in the public discussion. This
attention-based buying and selling can lead individual investors

to trade too speculatively and has the potential to influence the
pricing and volatility of stocks. Poteshman (2001) documents
that individual investors exhibit the same pattern of under-
reaction or over-reaction to public information that has been
found in stock markets. The irrational decision of individual
investor may lead to poor performance of trading activities.
Further confirmation comes from Barber et al. (2009b), they
show that stocks bought by institutions (sold by individuals)
earn strong returns, while stocks bought by individuals (sold
by institutions) perform poorly. Above statements are supported
by a growing literature. Individual investors often base their
investment decisions on their own research, or on the sugges-
tions from media (De Long et al. 1990). Black (1986) believes
that these investors sometimes treat noise as information and act
on it. Verma and Verma (2007) investigated the sentiments of
both institutional and individual investors, and concluded that
individual investor sentiments are more irrational than senti-
ments of institutional investors.

The behavior of individual investors is worth studying be-
cause individual investors are proven to be influential in stock
market. The model of De Long et al. (1990) states that when
noise traders act as a group, they could influence stock price,
driving it away from equilibrium. Barber et al. (2009a) then
found that individual investors do act as a group and affect
stock price. Fisher and Statman (2000) also found evidence
that there is a negative relationship between individual inves-
tor sentiment and future stock returns.

Impact of opinion difference

Although the role of sentiment level in stock market has been
studied by lots of scholars, and it has been proven to have
predictive power on stock movement, its derivative, sentiment
dispersion is rarely analyzed. Some of the information about
volatility may be contained in sentiment dispersion instead of
sentiment level. De long et al. (1990) argues that excessive
volatility attributes to the unpredictability of noise traders’ be-
liefs. Some of the information about volatility may be contained
in sentiment dispersion instead of sentiment level. De long et al.
(1990) argues that excessive volatility attributes to the unpre-
dictability of noise traders’ beliefs. Unpredictability may in-
crease when people hold various expectations on future returns.
The risk may, in turn, drives up the divergence of the dispersion
of opinions (Miller 1977). This statement is theoretically sup-
ported by Gruca et al. (2005), in that study, they demonstrated
that dispersion of the traders’ individual forecasts performs well
in market prediction. Some empirical evidence has been found
showing how opinion differences of institutional investors af-
fect the stock returns, such as Diether et al. (2002), who found
that higher dispersion in analysts’ forecasts was correlated with
lower future returns, and Carlin et al. (2014), who instead found
expected return to be negatively correlated to sentiment disper-
sion. Carlin et al. (2014) also found that sentiment dispersion of
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institutional investors was negatively associated with return
volatility, which is consistent with De Long et al. (1990).

Sentiment measure for individual investors

Even though extant literature has theoretically proved that indi-
vidual sentiment is significantly related to stock price, the mea-
surement methodologies of this variable are still waiting for
further exploration. It is not easy to measure individual inves-
tor’s sentiment. Past research has used various proxies to tackle
different research problems. Schmeling (2009) used consumer
confidence as a proxy because his study involves several coun-
tries. Brown and Cliff (2004), Fisher and Statman (2000), and
Verma and Verma (2008) used the survey data from American
Association of Individual Investor (AAII). AAII conduct week-
ly survey on AAII members each week, asking them about the
expectation of market movement direction (Bullish, Neutral, or
Bearish). Participants are randomly chosen from 100,000 AAII
members, and since this survey targets at individual investors,
this result can be a robust measure of individual investors’
sentiment. There are two major limitations of using AAII sur-
vey. First, result of survey only updates weeks, in which excess
volatility caused by noise traders in short run may disappear
(Da et al. 2015). Second, for a time series study, this survey can
only provide one data point every week, the amount of data
points is not sufficient to conduct unbiased evaluation or real-
time forecasting.

Besides, previous studies pay more attention to institutional
investor’s sentiment instead of individual sentiment (Gao and
Kling 2008; Verma and Soydemir 2009). Carlin et al. (2014)
measured the differences between forecasts among mortgage
dealers on Wall Street, and used it as a proxy for sentiment
dispersion. But this difference only reflects the sentiment dis-
persion for institutional investors. This condition stems from
the high difficulty in collecting individual data and finding a
proper method to conduct analysis.

Fortunately, the development of big data techniques and
social media provide possible solutions for above
challenges. Das and Chen (2007) developed new algorithm
to extract sentiment from talks on stock message boards be-
cause of the rapidly increasing volume of data. Bollen et al.
(2011) used Opinion Finder and Google-Profile of Mood
States on twitter to assign labels to tweets, and achieved a
high accuracy in predicting DJIA movement. Rao and
Srivastava (2012) used the Naive Bayes classifier to assign
positive or negative sentiment on tweets, and they also report-
ed high correlation when correlating with DJIA as well.

Research methodology

In this section, we outline first the data collected for this study.
Then the data preparation process is described. Finally, the

sentiment analysis methods and correlation analysis methods
respectively are discussed. Through the literature review, we
have identified two challenges of investigating individual sen-
timent. The first is the high difficulty in data collection, the
second is the tool to conduct an accurate measurement.
Leveraging on the development of big data and recent advances
in data and text mining techniques, these two challenges can be
well solved. Bollen et al. (2011), and Rao and Srivastava (2012)
found that twitter contains significant amount of information
about stock market, we will also use twitter data to calculate
the investor sentiment. Specifically, we only download stock
related data (Rao and Srivastava 2012), which provides a better
estimation for individual investors.

Stock related tweets

We collect Data for 30 companies in Dow Jones Industrial
Average (DJIA). DJIA is a market index comprised of 30
companies which, according to McGraw Hill Financial
(n.d.), have an excellent reputation, attract a large number of
investors, demonstrate sustainable growth, and are represen-
tative of the sector covered by DJIA. During the study period
(from Jan 20, 2015 to Jul 17, 2015), one of the DJIA 30
companies, American Multinational Telecommunications
Corporation (AT&T), is replaced by Apple Inc. (AAPL) on
March 19, 2015. Compared with AT&T, AAPL can provide
us with more stock-related tweets. We decide to choose AAPL
as one of the DJIA 30 companies instead of AT&T.

Twitter data is collected from Twitter RESTAPI. Messages
are filtered with the dollar sign tag (B$^), which is also called
the Bcashtag^ corresponding to the Bhashtag^ commonly used
in twitter to discuss focused topics. The cashtag sign is for
investors to share investment related opinions on specific
stocks. For example, the message containing B$DIS^ will be
specifically related to the Disney’s stock. This cashtag is pop-
ularized by StockTwits, a platform specialized in sharing stock
related opinions. There are many recent studies using the
Bcashtag^ filtered tweets to measure investor sentiment.
They are selected commonly because they are less noisy than
generalized tweets because of its dedication to stock market
(Oliveira et al. 2014, 2013a, b).

For the target stocks in DJIA, we collected 1,170,414
tweets from Jan 20, 2015 to Jul 17, 2015. Omitting the week-
ends and holidays, there are 120 training days in the study
period. The average tweet volume ranges from an average of
67 (TRV) to 2540 tweets per day (AAPL), as shown in Fig. 1.
We will call this corpus DJIA corpus thereafter, and use this
corpus to examine the effect of sentiment dispersion on the
stock returns and volatility.

For the same time period, we also collect messages that
contain both the cashtag (followed by any stock ticker in
New York Stock Exchange or NASDAQ), and the word
Bbullish^ or Bbearish^. This corpus will serve as a training
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corpus. We simply define the tweets that contain the word
Bbullish^ as bullish in sentiment, meaning the person who
posted this twitter expects the price of the target stock to in-
crease, and the tweets that contain the word Bbearish^ as bear-
ish in sentiment, meaning the person expects the stock price to
decrease in the future. This approach of labeling tweets as
bullish and bearish is originally used in Mao et al. (2011),
who found that the sentiment level in the previous 2 days is
significantly related to stock returns. This same approach is
later used in Oliveira et al. (2013a) to test the relationship
between investor sentiment and volatility. In the data selection
stage, we found that some stock observers keep posting tweets
with only numbers change. Such message could cause the
classifier biased towards the words used in these posts. For
example, a tweet is B$AAPL crossed my 116.14, 118 next^,
and then a repetitive tweet, B$AAPL crossed my 116.24, 118
next^, was posted the next minute. For this kind of observers,
we will filter them out in our datasets. Also, some tweets
posted are too short and only contain modal particle or emo-
ticons. For example, a tweet is B$AAPLWOW!^. We added
this kind of tweets in stop word list and removed them from
training corpus as well. After filtering out repetitive tweets and
meaningless tweets, the training corpus contains 6709 bearish
tweets and 17,807 bullish tweets. Data collected in this study
showed that the bullish tweets (17807) are muchmore than the
bearish tweets (6709). The result implied that the stock market
is booming. This is a good opportunity for this study to inves-
tigate the role of individual sentiment dispersion under the
movement of stock market.

For a classification problem, normally we expect that clas-
ses evenly represented in the training dataset, a dataset with
this property is called a balanced dataset (Kotsiantis et al.

2006). A balanced dataset is more likely to produce unbiased
result (Wei and Dunbrack 2013). In our case, the size of bull-
ish class is much larger than bearish class. The training corpus
contains 6709 bearish tweets and 17,807 bullish tweets. We
then randomly sampled 6709 bullish tweets in order to bal-
ance the bullish and bearish classes, and make our training
dataset to fulfill the balanced dataset criteria to reduce the
chance of producing a biased result if we use all the bullish
tweet in the training process.

Stock returns

Stock return measures the profit of investment. We calculate
stock returns using the daily adjusted close price. Adjusted
close price is the official close price adjusted by splitting and
dividend. Stock close prices are collected from DataStream,
which provides current and historical data on more than
140,000 securities and instruments in the worldwide market.
Daily stock returns, stored in percentile, are calculated using
the following formula Oliveira et al. (2013b):

returnt ¼ pt−pt−1
pt

*100 ð1Þ

Realized volatility

Volatility is a measure of equity risks. A higher volatility in-
dicates that the amplitude of fluctuation of the corresponding
stock is higher. There are many ways to measure the volatility
of a stock. A simplest measure is the standard deviation of the

Fig. 1 Average posting volume for DJIA composite stocks
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daily close prices in a sampled period, say a month. Realized
volatility is another measure of equity risk. In this study, we
select the realized volatility because it is asymptotically unbi-
ased and it adapts quickly (Corsi 2005) since the realized
volatility of day t is only dependent on the returns observed
in day t, while independent of the information contained in
past returns. We can also see this property in the formula
below.

The realized volatility, presented in percentile and in yearly
value, on day t is calculated using the following formula
(Almgren 2009; Areal and Taylor 2002):

RVt ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
252*∑n

i¼1rt;i*100
p

ð2Þ

Where rt.,i is the intraday returns. The square root of 252
normalizes the daily realized volatility to yearly realized vol-
atility. The intraday return is calculated using the following
formula:

rt;i ¼ ln
pt
pt−1

ð3Þ

Existing empirical work on realized covariance usually
compute the realized volatilities based on the 5 to 30 min
return interval. Taylor and Xu (1997) relied on 5-min returns
in the measurement of daily exchange rate volatilities,
Schwert (1998) choose 15-min returns to estimate daily stock
market volatilities. Corsi (2005) stated that such frequencies
are heuristically chosen to avoid the bias and market micro-
structure effects. Following previous researchers, we choose
five minutes as sampling interval (Corsi 2005), and we use the
log return here because it is the convention of calculating
realized volatility. The 5-min stock prices are obtained from
Bloomberg Professional Service, which contains real time and
historical data about equities, securities, derivatives, commod-
ities, and foreign exchanges. It also contains analysts’ fore-
casts, news, and other economic data.

Data pre-processing

Punctuations, numbers and hyperlinks are removed first be-
cause hyperlinks and punctuations themselves do not add any
new information, while numbers are normally different tweet
by tweet. Words are then transformed into lower case. Tweets
in both DJIA corpus and training corpus are lemmatized to
reduce the variety of words. Lemma is the base form of words,
for example, the lemma of words Bwas^, Bis^, Bare^ is Bbe^,
and the lemma of both Bgoes^, Bgone^ is Bgo^. We use
lemmatizer over stemmer because the lemmatizer returns a
real word instead of part of the original word, so that the result
is more interpretable. We use the WordNet lemmatizer
(Pedersen and Banerjee 2011) because of its popularity.

Words that appear in less than 20 documents in the
DJIA corpus is also removed. We select 20 as the
threshold based on Griffiths and Steyvers (2004), who
filtered words which appear in less than 5 documents
when the corpus contains 28,154 documents. The ab-
stracts in the corpus used by Griffiths and Steyvers
(2004) normally contain around 100 words, the average
number of words in the DJIA corpus is 9.2 words.
Considering the number of documents and the number
of words in each document, we select 20 as threshold.
A total number of 204,599 words are reduced to 12,441
in this step. The filtered words are least frequent words
and typos.

This paragraph describes a method to filter out do-
main specific stop words. Stopwords refer to most com-
mon words in a language. Stopwords normally contain
little information. In this case, stopwords have less
distinguishing power between bullish and bearish senti-
ment. Since the DJIA corpus is related to stock market,
and the word used in twitter is slightly different from
everyday English, we choose to build corpus specific
stopwords list. We create stopwords list based on the
Term Frequency - Inverse Document Frequency (TF-
IDF) score. There are many variations in calculating
TF-IDF score, here we follow the one used in Hornik
and Grün (2011). The formula is presented below.

tfidf t ¼ 1

d∈D : t∈df gj j ∑
D
d¼1 f t;d*log

N
d∈D : t∈df gj j ð4Þ

Where d stands for a single document, D is whole corpus,
N is the number of documents in the corpus, and t stands for
term. |{d ∈D : t ∈ d}| is the number of documents that contain
term t. We consider 1% of all tue words (124 words) as stop
words. Common stopwords such as Bbe^, Bthe^, Bto^, Bhave^,
Bbut^ etc. all receive low TF-IDF scores. The word Brt^,
which stands for retweet, is also successfully identified as a
stopword. Specially, words such as Bstock^, Bmarket^,
Btrade^, Binvest^, Bcompany ,̂ Bnasdaq^, Bfinance^, Bnews^,
Bdaytrading^, Binc^ are all regarded as stopwords, which is
desirable because they are common words in the field of fi-
nance, and provide little information about sentiment.

We also look at the face validity of building training corpus
in this way. Face validity implies that a method that is put into
practical use, should appear to be practical (Mosier 1947). We
extracted those words which affect the sentiment most to see
whether they are interpretable. In the Naïve Bayes model we
will introduce in the next section, the influence of words is
determined by the odds ratio, that is, the ratio of the occur-
rence in bullish records and the occurrence in bearish records.
Also, if a word appears frequently, the influence will also be
larger. So we calculate the influence simply by the product of
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odds ratio and the word frequency. We then rank the words,
and select top 10 words for both bullish and bearish classes.
The results are shown as follows (Table 1).

Having looked at the antonyms, wemove on to other words
in each class. For bullish class, investors use BBO^ for
Bbreakout^ in short. Breakout is commonly used to describe
the point where stock price breaks the level of resistance and
keep growing up. When investors use the word, it means the
investors observe a breakout, and expect the stock price to
continue increasing. BNice^ is just for investors to describe
an optimistic situation such as Bnice double bottom^, Bnice
monthly pattern^, Bnice breakout^ etc. BStrong^ is also a pos-
itive word that is used in Bstrong stocks^, Bstrong bullish
trend^. It also appears in phrase Bstrongly bearish^, but the
frequency is much lower. Investors also use the phrase
Bbullish flow^ much more than Bbearish flow .̂ Therefore
the word Bflow^ has a high influence. Finally, Bstockaction^
has a very high influence because few messages with negative
sentiment contain this word. When we search this term in past
tweets, the results are generally about positive news and stock
recommendations.

For bearish class, it is not apparent why some words are
related to bearish market such as Bchart^, Bsupport^,
Bsentiment^, Btrend^, and Bobv .̂ When we look at the train-
ing set, we find that people use Bchart^ more often when
describing a bearish trend, and refer to Bsupport level^ and
Bbearish sentiment^ when in the description. They also use
BOBV^ (On Balance Volume) to support their argument. We
regard this phenomenon as a convention of word selection.
Although there are some words we find hard to interpret, but a
large proportion of influential words are reasonable. The
method described above successfully identifies words that
will be used when experiencing bullish and bearish sentiment.
Therefore, we would say using word Bbullish^ and Bbearish^
to build training set is reasonable, and the Naïve Bayes clas-
sifier based on this training set can be used to assign reason-
able sentiment scores for DJIA corpus.

Sentiment level and dispersion

We use Naive Bayes as a classifier. Although this is a simple
classifier, it is proven to be effective in Natural Language
Processing (NLP). The fundamental theorem behind Naive
Bayes classifier is the Bayes Theorem. Specifically, we first
assume the prior probability of being bullish and bearish are

both 50%. For each word, the classifier will update the prob-
ability of bullish and the probability of bearish. Normally, the
last step is to choose the class that achieves the highest prob-
ability. However, since sentiment has intensity, simply classify
a tweet as bullish or bearish may cause information loss.
Therefore, here we normalize the probability so that the prob-
ability of bullish and bearish sum to one, and treat the bullish
probability as the sentiment score. So that a higher sentiment
score represents a bullish sentiment, and a lower sentiment
represents a bearish sentiment.

Although Naïve Bayes classifier has been proved to be
valid in tweets sentiment analysis (Rao and Srivastava
2012), we still want to test if it can produce unbiased result
for sentiment measurement in our context. We would like to
do a further step to validate this method. As we mentioned
above, now we have a tweet corpus with Bbullish^ and
Bbearish^ label, which contains 6709 bullish tweets and
6709 bearish tweets (thereafter referred as labeled dataset
D0). We followed the steps below to conduct the accuracy
check. First, we divided D0 into 15 sub-datasets (D1-D15)
and randomly chose 10 of them as training sets, 5 of them as
test sets. We used the training set to train a Naive Bayes clas-
sifier and applied this classifier on the test set to obtain a
sentiment score for each tweet. This sentiment score can be
used to interpret if the tweet is bullish or bearish. Second, we
compared the result given by Naive Bayes classifier and the
label assigned by Twitter. If their results aligned with each
other, then we say the measurement model is validated.
Finally, we redid previous steps for several times to evaluate
the overall performance of Naïve Bayes classifier. The overall
result is good, at about 75%.

The test result is shown in Table 2.
After the validation process, the result produced by Naïve

Bayes classifier was sufficiently reliable. Then we can calcu-
late the sentiment score for each tweet in the DJIA corpus. We
group these tweets according to the stocks and dates. For each
stock on each day, we can generate a score for aggregate
sentiment level (Sent) using the mean of sentiment scores,
and a score for sentiment dispersion (Disp) using the standard
deviation of all sentiment scores. In order to ensure the accu-
racy of these two measures, we only choose the days that
contain more than 50 data points (Nash 2001).

Table 1 Top 10 most influential words in both bullish and bearish
classes

Bullish Bbullishness^, Bbullish^, Bstockaction^, Bcall^, Bnice^, Bflow ,̂
Bbo^, Bhigher^, Bstrong^, Blong^

Bearish Bbearish^, Bbearishness^, Bshort^, Btrend^, Blower^, Bsupport^,
Bchart^, Bput^, Bsentiment^, Bobv^

Table 2 Accuracy test of Naïve Bayes classifier

Process Training set Test set Accuracy

1 1,3,4,5,7,8,9,12,13,15 2,6,10,11,14 74.23%

2 2,3,4,5,7,8,9,10,12,14 1,6,11,13,15 76.96%

3 3,4,6,7,8,11,12,13,14,15 1,2,5,9,10 75.46%

4 1,2,3,4,5,7,9,10,11,14 6,8,12,13,15 72.89%

5 1,2,3,4,6,7,8,11,13,15 5,9,10,12,14 76.38%

Average 75.18%

Sentiment dispersion on stock return and volatility



Results: Information contained in sentiment
dispersion

Since this study investigates the relationship between
individual sentiment dispersion and realized volatility,
and this topic is not studied by previous scholars.
Thus, we cannot compare the results to extant theories
to seek support or difference. However, the results can
be an essential building block to remedy current re-
search gap in this field and provide a foundation for
further study.

Information about realized volatility

We first use multiple regression to test whether there is a linear
relationship between sentiment dispersion and stock return
and volatility. If there is such relationship, we would also like
to know whether the relationship is positive or negative.
Multiple regression is useful in this situation. The independent
variables are the past 5-day sentiment dispersion (L5(Dispt)).
In order to eliminate the effects of past returns, volatilities and
sentiment, we also include past 5-day returns (L5(Returnt)),
volatility (L5(Rvt)), and sentiment level (L5(Sentt)) as control
variables. To evaluate the effects of sentiment dispersion. We
compare the adjusted R2 of following two equations:

RVt ¼ L5 RVtð Þ þ L5 returntð Þ þ L5 Senttð Þ ð5Þ

RVt ¼ L5 RVtð Þ þ L5 returntð Þ þ L5 Senttð Þ þ L5 Disptð Þ ð6Þ

Similarly, we use the same set of independent variables to
explain the normalized daily stock returns using the following
equations.

returnt ¼ L5 RVtð Þ þ L5 returntð Þ þ L5 Senttð Þ ð7Þ

returnt ¼ L5 RVtð Þ þ L5 returntð Þ þ L5 Senttð Þ
þ L5 Disptð Þ ð8Þ

In the multiple regression, adding any new predictor
would cause the R2 to increase, as long as the coefficient
of the new predictor is not zero, which rarely happen in
reality. Adjusted R2 adjusts the R2 by the number of pre-
dictors so that a model is punished for having more var-
iables. Therefore, if adjusted R2 increases, we could say
that the sentiment dispersion contains information about
the dependent variables. We also applied ANOVA F test
to see whether any of the new independent variables are
necessary to explain the dependent variable. ANOVA.

We estimate the exploratory and predictive power of senti-
ment dispersion using pooled regression. As stated in Hsiao
(2014), pooling panel data can possibly generate more accu-
rate result in predictions since it provides the possibility of
learning from other groups. Pooled Ordinary Least Square
(OLS) was used in Tetlock et al. (2008) to forecast companies
accounting earnings, and was used in Antweiler and Frank
(2004) to predict volatilities of 45 companies. There are some
situations where pooled regression is not suitable. Hsiao
(2014) stated that pooled OLS could lead to biased result if
the intercepts are heterogeneous. We solve this problem by
standardizing the return and volatility series, as used in
Tetlock et al. (2008). The second situation is when the slopes
across groups are different. In this section, we would like to
examine the effect of sentiment dispersion on the market level,
therefore, wemake the assumption that the effect of dispersion
is independent on an individual stock.

The pooled OLS result of eq. 6 is presented in the Table 3.
We first examine the coefficients of sentiment dispersions, and
the significance of these coefficients. Generally speaking, the
past sentiment dispersions negatively affect the realized vola-
tility. Past 1 day sentiment dispersion is most significantly
related to the current realized volatility, with the confidence
larger than 99%. Past 3-day and 4-day sentiment dispersion
also negatively affects the realized volatility, at 95% confi-
dence and 90% confidence respectively. Finally, the effect of
sentiment dispersion reverses to positive with 90% confidence
level.

According Theil and Nagar (1961), The use of an adjusted
R2 is an attempt to eliminate the condition of R2 automatically
increasing when more explanatory variables are added to the
model.When the increase in R2 is not totally adjusted away by
using adjusted R2, this adds an additional dimension of reli-
ability to the results. The results of this study showed that
adjusted R2 increases when sentiment dispersion L5(Dispt)
is added in the model, indicating its significant explanatory
power for realized volatility. The adjusted R2 increases from

Table 3 Explaining realized volatility using sentiment dispersion with
different time lags

Equation (5) Equation (6) Add current Dispersion

Disp1 −2.027*** -2.459 ***

Disp2 −0.925 −1.155 *

Disp3 −1.460** −1.638**
Disp4 −1.322* −1.320*
Disp5 1.120* 0.889

Disp0 1.686 **

Adj. R2 0.235 0.245 0.247

F-test p value <0.001*** 0.019**

*** 99% confidence level; ** 95% confidence level; *90% confidence
level
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0.245 to 0.247. The increase of 0.01 is comparable with many
papers that try to use information to explain stock price
(Bollen et al. 2011; Tetlock 2007; Chordia et al. 2002).

This result does not seem to be consistent with the theories
of institutional investors’ sentiment, which state that the insti-
tutional sentiment dispersion positively affects the realized
volatility. We suspect, based on Efficient Market Theory
(EMT), that the information about sentiment dispersion may
have been incorporated into stock price within a day.
Therefore, we add the current sentiment dispersion into the
equation, and the result is shown in the third column of
Table 3. The adjusted R2 of the new equation increases from
0.245 to 0.247, indicating that the individual sentiment disper-
sion would affect the realized volatility on the same day. We
can see that the current individual sentiment dispersion is pos-
itively related to the same day’s realized volatility. Intuitively,
this result suggests that the individual sentiment dispersion
will firstly increase the stocks’ realized volatility, and it re-
verses the effect and starts to decrease the stocks’ realized
volatility on the following days. The p value from ANOVA
F-test suggests the same result that past sentiment dispersion
adds significant amount of information to the stock price vol-
atility, and the current sentiment dispersion is also reflected in
the same day’s stock volatility.

Information about returns

The pooled OLS result of Eq. 8 is listed in Table 4. Only the
past 2-day sentiment dispersion is significantly related to the
daily stock returns, the coefficient is 2.04, and it is significant
at 99% confidence level. The adjusted R2 increases from
0.0271 to 0.0291. The increment is not significant, and the
R2 themselves are quite small. Therefore, we conclude that
the past sentiment dispersion does not contain much informa-
tion about stock returns, and daily stock returns are much
harder to predict than realized volatility.

We also test whether stock market is so efficient that the
information contained in sentiment dispersion is incorporated
into stock price within the same day. Therefore, we add the
same day’s sentiment dispersion as an independent variable,
and the result is shown in the last column. First of all, the
adjusted R2 does not increase. Instead, R2 decreases from
0.0291 to 0.0288, suggesting that the current sentiment dis-
persion does not add any new information into same days’
stock returns.We can draw the same conclusion by the p value
from ANOVA F-test (0.899).

Predictive power

To validate the result, we separate the study period in to train-
ing and testing periods. The training period is used to train the
models and the test set is used to assess the performance of
these models. We treat the first 75% (dates before Jun 05,
2015) as training data, and the last 25% (dates on or after
Jun 05, 2015) as test data. The training data is used to train
the classifiers and the test data is used for evaluation. Note that
since the analysis in this sections does not depend on any
conclusions made in the last section, therefore, this data split-
ting method will not cause overfitting. The performance is
evaluated using the test set. Performance is evaluated using
the Root Mean Square Error (RMSE). The formula is:

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n
∑
n

i¼1
Y i−Y i

� �2
s

Again, we use the independent variables listed in the
Eqs. 5, 6 ,7, 8, and compare the performance of Eqs. 5 and
6, and the performance of eqs. 7 and 8. If sentiment dispersion
has the predictive power to stock realized volatility, we would
expect the RMSE of Eq. 6 to be less than the RMSE of Eq. 5,
and if sentiment dispersion has the predictive power to daily
stock returns, we would expect the RMSE of Eq. 8 to be less
than that of Eq. 7.

Here we also consider whether the effects of sentiment
dispersion are non-linear. The method we use is the Support
Vector Regression (SVR). SVR is a regression model of
Support Vector Machine (SVM) that was developed by
Drucker et al. (1997). Similar to SVM, SVR seeks to mini-
mize its error, and maximize a goal function by fitting a higher
dimension hyperplane. It has been extended to solve non-
linear problems, and is proven to be effective in financial time
series (Tay and Cao 2002; Kim 2003). We use the same set of
inputs as the multiple regression presented in the equation
above, and the adjusted R2 is also used to evaluate whether
sentiment dispersion contains any information about the stock
return and volatility.

Additionally, we compare the RMSE of all models with
three benchmarks models. The first benchmark model is using
past 1-day data as the prediction. For example, we will use the

Table 4 Explaining daily stock returns using sentiment dispersion with
different time lags

Equation (7) Equation (8) Add current Dispersion

Disp1 −0.186 −0.199
Disp2 2.042*** 1.958**

Disp3 0.016 −0.029
Disp4 −1.013 −0.908
Disp5 −1.071 −1.118
Disp0 −0.096
Adj. R2 0.0271 0.0291 0.0288

F-test p value 0.070* 0.899

*** 99% confidence level; ** 95% confidence level; *90% confidence
level
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yesterday’s stock return as the prediction for today. The sec-
ond benchmark model is using the average of past 5 days’ data
as predictions. The third benchmark model is using the aver-
age of all data in the training data as predictions. If traditional
financial theories are correct, that the stock movement is un-
predictable, then we would expect the RMSE of any previous
model to fall around the RMSE of the benchmark.

The RMSE of predicting stock returns and volatility is
shown in Table 5. The first comparison is between bench-
marks and all models. For predicting realized volatility, we
can see that all models are better than the benchmark models,
which means the stock volatility can possibly be predicted
using past information. Since we have normalized the realized
volatility company by company, there should be no company
specific information contained in the past realized volatility.
We then examine whether sentiment dispersion could add ad-
ditional information for predicting stock volatility. When
predicting realized volatility, sentiment dispersion causes the
RMSE to decrease 0.008 in linear model, and 0.004 in SVR.
Although the decrease is not very significant, but both linear
model and SVR agree that the sentiment dispersion adds ad-
ditional information when predicting volatility.

When predicting returns, we can see that average of train-
ing set provides a better prediction to the returns in the test set
(RMSE =0.816). Which is surprising because many previous
studies found that stock returns can be predicted by investor
sentiment (Baker andWurgler 2006; Tetlock 2007; Schmeling
2009). However, if we compare the model performance to the
other benchmarks, we will see that the models actually per-
form better. We also tried to use the Past 2-day to 5-day return
as a prediction, and the RMSE is all around 1.15. This means
the return series is quite noisy, and using these return series as
predictions may confuse the training model. In fact, if we
remove the past returns as inputs, we will obtain a better result.
The linear model with sentiment dispersion achieves a RMSE
of 0.819, linear model without sentiment dispersion achieves a
RMSE of 0.820, SVR with sentiment dispersion obtained a
RMSE of 0.839, and the RMSE of SVR without sentiment
dispersion is 0.847. Again, the performance is not as good as
the benchmark 1. We again conclude that the return series is

hard to predict using the past realized volatility, sentiment, or
sentiment dispersion.

We can also see that from the Figures below. Figure 2
shows the relationship between real realized volatility and
predictions given by multiple regression with sentiment dis-
persion. We add a regression line and the 95% confidence
interval in the plot. We can see that the prediction is correlated
with the real value. This result shows that the realized volatil-
ity is predictable. On the other hand, the predicted returns do
not seem to have a relationship with the real returns, the sig-
nificance level is less than 90%, suggesting return series is
much harder to predict than realized volatility (Fig. 3).

Robustness tests

We use another measure of sentiment dispersion to confirm
the impact of sentiment dispersion. Here we select the Median
Absolute Deviation (MAD) to measure the sentiment disper-
sion. MAD is calculated in three steps. Firstly, median is
subtracted from all the values. Secondly, the absolute values
are calculated for these differences, and finally, the median is
found to represent the dispersion. The advantage of MAD is
that it is more robust to extreme values than standard deviation
because it uses median instead of mean.

We also perform above experiments using the MAD as the
dispersion measure. When predicting the realized volatility,
sentiment dispersion shows the same negative effect as before.
Past 1-day and 3-day sentiment dispersion show the most
significant negative impact on realized volatility. The adjusted
R2 also increase from 0.235 to 0.241. When predicting
returns, past 2-day and 5-day sentiment seem to influence
the current stock returns. The adjusted R2 also increases from
0.271 to 0.287. When fitting SVR on the dataset to predict
realized volatility, the adjusted R2 increase from 0.455 to
0.478, and increase from 0.317 to 0.344 when predicting
returns.

Finally, when separating the training and the test dataset,
we also found a decrease in RMSE when predicting both
returns and realized volatility. Again, the decrease is not sig-
nificant when predicting returns. When sentiment dispersion
is included, the RMSE decrease from 0.828 to 0.827 when
predicting returns using linear model. SVR sees a decrease
of RMSE from 0.877 to 0.861, which is a better decrease,
but the RMSE of SVR is worse than the RMSE of linear
model. When predicting realized volatility, sentiment disper-
sion reduced the RMSE from 0.715 to 0.709 when using lin-
ear model, and from 0.733 to 0.730 when using SVR.

Discussion and conclusion

In this study, we used both linear regression and SVR to show
that sentiment dispersion contains information about the stock

Table 5 RMSE of four models and three benchmarks

Model Returns RV

Multiple regression – without dispersion 0.820 0.715

Multiple regression – with dispersion 0.819 0.707

SVR – without dispersion 0.847 0.733

SVR – with dispersion 0.839 0.729

Benchmark 1 - Past 1-day 1.163 0.816

Benchmark 2 - Avg. of past 5 days 0.913 0.792

Benchmark 3 - Avg. of training set 0.816 0.873
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volatility and stock returns. Specially, sentiment dispersion
raises the realized volatility on the same day, and then reduce
the realized volatility on the following several days.
Subsequent analysis shows that sentiment dispersion can pro-
vide additional predictive power to realized volatility.
Different from what theory suggests, sentiment dispersion
does not contain much information about the daily stock
returns. As a robustness test, we also used Median Absolute
Deviation to measure sentiment dispersion, and the result con-
firms our findings. The direct measuring of individual senti-
ment remedies current research gap and advance theories of

financial behavior. The findings uncover the potential predic-
tive power of sentiment dispersion and raise a new perspective
to assess the impact of investor opinion on stock market.

We showed the value of our proposed approach in extracting
semantic sentiment of stock related tweets and evaluate their
predictive power on stock volatility and returns. As literature
(Varian 1985; Qian 2014; Miller 1977; Carlin et al. 2014) sug-
gests, sentiment dispersion could contain information about
future returns and volatility, and can be used to increase the
prediction accuracy. It is practically important to forecast real-
ized volatility because some derivatives (e.g. options) are priced

Fig. 2 Relationship between predicted realized volatility and real realized volatility

Fig. 3 Relationship between predicted returns and real returns
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based on it, and realized volatility acts as input in various fi-
nance models. From the results, we can see that all the experi-
ments agree that sentiment dispersion is related to the realized
volatility. Particularly, sentiment dispersion will increase the
volatility, but the effects happen on the same day, and reduce
the realized volatility on the next day. The effects on the stock
returns take place more than three days. In addition, the number
of tweets is found to be influential to the future stock volatilities
and stock returns. Finally, the sentiment dispersion is also af-
fected by the past stock returns and volatility. The effects are
showed to be bidirectional, and future research can confirm and
address this phenomenon.

This research is one of the earliest attempts to measure the
sentiment and its dispersion for individual investors. It was
hard to directly measure the sentiment specifically for
individual investors in the past. Previous researchers
attempted to use some proxies as a mediator to reflect
individual investor sentiment. For example, Schmeling
(2009) used the consumer confidence level as a proxy for
individual investor sentiment. Normally they will obtain only
one sentiment score for each day, each week or eachmonth, so
that it is hard to confidently measure the sentiment dispersion.
Carlin et al. (2014) measured the differences between fore-
casts among mortgage dealers on Wall Street, and used it as
a proxy for sentiment dispersion. But this difference only re-
flects the sentiment dispersion for institutional investors. In
this study, leveraging on the development of twitter and the
prevalent use of dollar tag to exchange opinions about stocks,
we are able to directly measure the individual investors’ sen-
timent, and thus further measuring the sentiment without any
proxies. This successful attempt can significantly advance the-
ories of financial behavior.

Past research is not able to find a significant relationship
between individual investor sentiment and stock volatility
(Wang et al. 2006; Tetlock 2007).We suggest that information
about volatility may be well contained in sentiment disper-
sion, and this study also assesses sentiment dispersion’s ability
to forecast future stock price, which can be further used to
calculate security risks and predict derivative price. In
addition, we examine whether sentiment dispersion of
individual investors contains information about stock
returns. De Long et al. (1990) suggests that investor sentiment
dispersion may increase the risk and uncertainty, thus
investors expect higher risk premium and a higher return,
while Miller (1977) suggests that difference in investor opin-
ion may in fact decrease the stock return. We provide empir-
ical evidence showing the relationship between individual in-
vestors’ sentiment dispersion and stock returns. The signifi-
cant result in this study can increase the accuracy of predicting
stock movement.

Last but not the least, the result of this study highlight the
role played by sentiment dispersion of investors on the stock
market by providing a large amount of empirical evidences.

Investors come to the market bringing with them deep-rooted
differences that can be traced to their wealth, income, social
status and education. These differences affect the way inves-
tors approach the market, evaluate the stocks and design their
trading strategies. The effect of their sentiment and behavior
does not average out in aggregate but directly impacts the
market, generating more potential predictors. With the insight
of sentiment dispersion, this study could be a roadmap for
subsequent scholars.

This study also carries significant managerial impli-
cations for the use of social media as a strategic tool to
conduct stock price evaluation and prediction. Previous
stock market analysis mainly based on company valua-
tion and professional financial measures such as net
income analysis or free cash flow calculation. These
methods are commonly used by institutional investors.
Given the importance of individual sentiment dispersion
for stock volatility, social media can become a useful
data source for stock valuation. Social media (like
Twitter in this study) is a major platform where individ-
ual investors express their opinions. Evidence has
shown that a large amount of data stream is generated
from social media every day (Ekbia et al. 2015), and by
the end of 2012, around 2.5 exabytes of data per day
were brought about, and the number was doubling every
40 months or so (McAfee and Brynjolfsson 2012). The
significant results of this study showed that information
generated on social media is valuable in stock market
evaluation, especially for volatility prediction. Stock an-
alysts now may consider involving the information gen-
erated on social media to achieve more accurate predic-
tive results, with support from the rapid development of
social media analytics and big data techniques.

There are two areas for further investigation. In this study,
we used linear regression and SVR to examine if the sentiment
dispersion contains information about stock volatility and
stock returns. These two methods correspond to linear and
non-linear relationship respectively. This is an issue that re-
quires further investigation. If time permits, it would be better
to use multiple methods to verify the linear and non-linear
relationship respectively. Further research should consider
using other linear methods, such as hypothesis test, to test if
the results align with linear regression. Similarly, using other
non-linear methods to test the performance of SVR. If possi-
ble, we can consider using the Pearson correlation coefficient
to indicate the strength of a linear relationship between senti-
ment dispersion and stock price volatility.

Second, in this study, we collected data from 30 companies
in Dow Jones Industrial Average, which only represents one
part of US stock market. The result obtained may differ in
other types of stock. Further investigation should be
conducted with other stock indices, such as S&P 500,
to yield further insights.
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