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Twitter based sentiment effect on stock market returns

- sentiment analysis of Twitter data and its effect on the U.S. stock market: perspective of

S&P 500, industries and investor types

ABSTRACT. The purpose of this study is to investigate the effect of Twitter based sen-

timent on stock market returns. We use a uniquely large dataset of 95 million tweets

concerning the 102 biggest US companies, S&P 500 index and other market keywords for

the year 2017. Correspondingly, the dataset also includes the returns from our sample com-

panies and the S&P 500 index. The methodology used in this study comprises of several

steps, but above all, 1) we use two dictionary based sentiment analysis tools for converting

the tweets to sentiment scores, and 2) we use an autoregressive distributed lag (ADL) model

for the empirical analysis. Our contribution to the literature can be summarized with the

following four key findings: a) the newer data confirmed that Twitter sentiment, especially

the bullishness index, has predictive power of S&P 500 returns; b) Vader NLTK sentiment

analysis outperforms the traditionally used Loughran and McDonald Lexicon-based method;

c) some industry returns have higher sensitivity to sentiment, while predictive power was

only found for the IT industry, up to 2 days ahead; and d) the conventional opinion that

retail investors are more affected by sentiment is not confirmed, on the contrary, we find

that sentiment has more predictive power for companies with a high institutional investor

share.
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1 Introduction

The knowledge of which factors can explain and predict asset prices is highly valuable for

investors, regulators and other parties, thus it is not a coincidence that this research field

is well studied in academia. Consequently, well known asset pricing models have emerged

over time such as the Efficient Market Hypothesis (EMH), developed by Nobel prize winner

Eugene Fama (1970), that stated that asset prices reflect all publicly available information

and should react only to new relevant information. Thus, artifacts as feelings, emotions or

opinions, i.e. sentiment, should not have any effect on asset prices.

However, more than half a century ago Stone, Dunphy, Smith, and Ogilvie (1968) described

how texts with emotional information, or sentiment, could be essential for the prediction of

investor behavior and thus asset prices. Despite this, not until the 1980s, serious attempts

were made to explore the possibility that the market was not as efficient as the theory pre-

dicted. Within behavioral finance, theories started to develop that explained how sentiment

might have an effect on asset prices. Since then, a growing body of empirical research has

emerged, trying to explore the relationship between sentiment and asset prices and a lot of

results have been found. (Brown & Cliff, 2004)

To begin with, research investigated traditional sources for sentiment such as company

disclosures and news-media, which were the only mediums at the time. With the rise of

the Internet, new mediums arose as blogs, message boards and social media, i.e. Twit-

ter. Twitter is the largest micro-blogging platform in the world and has received more

research attention after the highly significant results were published by Bollen, Mao, and

Zeng (2011). They found that certain types of sentiment had significant predictive power of

DJIA returns for up to five days ahead. They also expanded the model including a neural

networks and found an 87% prediction accuracy of the returns direction. Since then, the

study has become an inspiration for a lot of research to come.

In this study we continue to explore the connection between Twitter based sentiment and

stock market returns. Specifically, we investigate whether 1) previous found results can

be replicated with new data as well as using different methodologies, 2) certain industries

can be better predicted than others, and 3) there is a difference in predictability among

companies with large share of retail-to-institutional investors. These areas are investigated

using a traditional and extended methodology with data for 2017 comprising of around 95

million top tweets.

The remainder of this paper is composed as follows. Section 2 provides an extended litera-

ture review explaining the development of the sentiment related research in connection with

asset prices, its main empirical findings and ends with our hypotheses. Section 3 presents

our Twitter- and Financial data. Section 4 explains methodology applied in this study and

the extensions we made. Section 5 presents our results and discussions and lastly, Section

6 outlines some concluding remarks and proposals for further research.
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2 Literature overview and our contribution

A lot of research have investigated whether new relevant information affects asset prices as

the efficient market hypothesis predicts and plenty of supporting results have been found

over the years. In connection with EMH, researchers took different perspectives: some tried

to prove the efficiency of the market and the degree of it, while the others took EMH as a

fact and tried to identify which news are relevant in predicting asset returns. However, the

backbone of this research says that irrelevant information for asset fundamentals should not

affect its prices (Fama, 1970). Thus, the emotions embedded in newly published news or

the feeling towards the aggregated market should not have any price effects (Brown & Cliff,

2004). However, more than half a century ago Stone et al. (1968) described how texts with

emotional information, or sentiment, could be essential for the prediction of investor behav-

ior and thus asset prices. But what is sentiment and how could it be relevant for asset prices?

In this paper we describe sentiment as a feeling, attitude, emotion or opinion of an in-

dividual person or a group (i.e. aggregated market). The sentiment can be expressed in

many ways, while in this paper we focus only on sentiment expressed in texts. The connec-

tion between sentiment and asset prices is explored through the field of behavioral finance

and this relationship started to develop as late as in the mid 1980s, at a time when serious

attempts were made to explore the possibility that liquid financial markets were not as

stable as was predicted by the efficient market theory (Brown & Cliff, 2004). In order to

describe further developments of this field, we structure the Literature overview part in

several sections. We start by outlying the theories that attempt to explain why the rela-

tionship between sentiment and asset prices should exist or exists. Further, we focuses on

the existing financial literature, which explored the relationship between asset prices and

sentiment from different mediums. Lastly, we provide a more focused literature overview

that investigated the relationship between asset returns and our chosen sentiment medium

- Twitter. We conclude this section by focusing on our research questions and their moti-

vation.

2.1 Reasons for sentiment effect on asset prices

As mentioned, the Efficient Market Hypothesis assumes that all relevant information is

incorporated in asset prices, and thus the price movements are unpredictable. However,

many studies found market inefficiencies. One of the common theory that talks about pro-

longed inefficiencies for asset prices is the noise trading theory. It explains why mis-pricing

of assets can persist over a period of time and only after a while the prices rebound to its

fundamentals (De Long, Shleifer, Summers, & Waldmann, 1990; Shleifer & Vishny, 1997).

The most common underlying reason for prolonged mis-pricing is ’noise trader risk’, which

implies that arbitrageurs do not correct the market straight away because they can lose

money in the short term. This risk is especially pronounced in small companies, as relevant

information for large ones gets incorporated significantly faster (Hong & Stein, 1999). It

can be concluded that the noise trading theory explains asset mis-pricing over a period of

time, however, it does not say how people actually form their beliefs and expectations for

it to happen in the first place.
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There is no consistent explanation how people form their beliefs in the literature, however,

it is possible that sentiment might relate to several existent interpretations. In relation to

this, Barberis, Shleifer, and Vishny (1998) use well known behavioral biases, to be more

precise: representation and conservatism, to explain how people form their beliefs and how

it leads to asset mis-pricing over a period of time. Representation bias refers to people

forming beliefs about new information and expressed opinions mainly in relation to their

prior beliefs about the asset or asset class and neglects the actual statistical probabilities.

For example, new spreading popular opinions, which are in line with the investors’ initial

assumptions about that asset, could lead to an overreaction. While conservatism relates

to slow updating of publics’ expectations in relation to new information. In the financial-

markets conservatism leads to investors updating their strategies in the right direction, just

in lower magnitude, which in turn leads to underreaction. Griffin and Tversky (1992) com-

bined these two biases and proposed a theory that people base their decisions on ’strength’

and ’weight’, where ’strength’ refers to emotional importance and salience of the news,

while ’weight’ refers to the statistical properties of the event. According to Griffin and

Tversky (1992), people put too much importance on the ’strength’ and care substantially

too little about the ’weight’. Thus, underreaction would occur when news are not that

salient, but fundamentally important (high ’strength’), which is in line with the conser-

vatism bias. Contrary, the ’overreaction’ would occur when news or opinions are popular

and spreading fast, while the real relevance to fundamental prices are low, which is in line

with representation bias. Both of these biases would be expressed as well as exploited by

noise traders and would be corrected by arbitrageurs only after some periods. The research

of these biases, especially through sentiment, is becoming more and more common. We are

going to discuss the existent literature in the subsequent section.

2.2 Asset prices and sentiment from different mediums

From an empirical point of view, a lot of research have explored the connection between

sentiment and asset prices. Kearney and Liu (2014) have done an extensive summary within

this field and found that sentiment sources used in the literature are predominately from:

public corporate disclosures/filings, media articles and Internet messages, where the later

source is the least studied but rapidly growing. All mediums come with different advan-

tages, disadvantages and characteristics.

The characteristics of corporate disclosures are that they come embedded with relevant

fundamental information together with sentiment. This presence of fundamental informa-

tion within the medium exposes it to both, underreaction and overreaction possibilities

discussed in the previous section. In addition, the disadvantage of corporate disclosures

medium is low reporting frequency and thus limited data. Due to this limitation, most

researchers conducted event studies in relation to different types of corporate announce-

ments. The main conclusions were that mood changes in these disclosures compared to

previous filings had a significant contemporaneous effect on returns, even after controlling

for surprises in fundamentals. Thus, even controlling for relevant information, this source

of sentiment had an effect on asset prices. (Kearney & Liu, 2014)
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Media-expressed sentiment refers to the news articles with relevant information. This

medium focuses on reporting information rather than expressing new opinions, therefore it

could be said that information provided is more related to the past or current events, rather

than future prospects (Kearney & Liu, 2014). One of the main contributors within this sen-

timent data source is Tetlock (2007). In the paper he found that high media pessimism

predicts negative pressure on market index prices. The effect is followed by reversion to fun-

damentals over a few days. While for small stocks, the price impact of negative sentiment

is even larger and reversal is slower. He concluded that the found results were consistent

with the theoretical noise trading models and that the sampled media information was not

providing new relevant fundamental information.

With the rise of the Internet, a completely new medium - social media - was born with

very different characteristics. Here we find blogs, message boards and micro-blogs, includ-

ing Twitter. We will discuss literature concerning Twitter in section 2.3. However, talking

about social media data, it is important to note that it is far more abundant but simulta-

neously contains substantially more noise with respect to new relevant information. This

makes it an interesting source to show market inefficiencies and confirm some behavioral

finance theories (Kearney & Liu, 2014)1. The lack of fundamental information within the

social media platforms and the ease of spreading (high salience) expose this medium sig-

nificantly to investors’ overreaction and less so to underreaction (Barberis et al., 1998).

Additionally, Yu, Duan, and Cao (2013) found that social-media is a better predictor of

stock returns than conventional media, when only regarding sentiment. Thus, social media

is 1) the newest of the three discussed data sources, 2) the most relevant for behavioral

sentiment analysis, especially in relation to overreaction, 3) as well as it has been found to

be the best for predicting the stock market, with regards only to the sentiment. Therefore,

we have chosen to focus our paper on social media source. Antweiler and Frank (2004) is

one of the first well-cited papers within this medium. They found that positive shocks in

message boards postings predict negative returns for the next day. The effect on stock re-

turns was statistically significant but economically small. However, more interestingly this

study also used intraday data (15 min intervals) in modeling sentiment and stock market

movements, which is unique as daily data is by far the most common time frame used in

the literature. They found statistically significant predictive power of sentiment even in 15

min intervals. Following these findings, and the rise of new social platforms, research using

these mediums have expanded significantly.

The rise of popularity in social media sources increased the importance of deciding which

source of data is the most effective within the group. H. Mao, Counts, and Bollen (2011)

compared sentiment from different social media as well as conventional media sources and

their predictive power on market returns. They found that Google search volume of fi-

nancial terms as well as Twitter (both sentiment and volume) were the most significant

predictors of returns. They also found that Twitter volumes were earlier indicator of big

changes compared to Google search volumes. This was again confirmed in their later study,

1It could be argued that texts in social media express lagging reaction to fundamental information. Even

if that is true, their predictive power would indicate slow information incorporation in asset prices - thus

low efficiency of the market.
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which found that Google search volumes lag Twitter sentiment (H. Mao, Counts, & Bollen,

2015). Following these results, we decided to focus on Twitter as a data source for extract-

ing sentiment in our paper.

2.3 Twitter and asset prices

In regards to Twitter (www.twitter.com), it is the largest micro-blogging platform in the

world. It allows the users to share the tweets, which are short messages of up to 140 char-

acters (recently changed to 280). The information posted is visible publicly through their

website. People can search for specific messages using the search query of specific words or

terms. This micro-blogging platform grew significantly over the years and now have a total

amount of 650 mn registered users and 500 mn newly generated tweets a day (Aslam, 2018).

The tweet text might involve both business related information as well as general financial

market-irrelevant statements. Many institutional and retail investors, as well as analysts,

post news and investment opinions on Twitter, providing a more extensive news media than

the traditional outlets (Sprenger, Tumasjan, Sandner, & Welpe, 2014a). Due to its growth

in general public popularity, the research using the medium expanded significantly.

The first well-cited study to test the connection between Twitter sentiment and stock

market returns was conducted by Bollen et al. (2011). They collected the tweets about

the general public feeling using search queries, such as ’I am feeling’, and investigated dif-

ferent text sentiment dimensions. They found that certain types of sentiment, specifically

a measure they called ’calm’, had significant predictive power for DJIA returns up to five

days ahead. They also expanded the model including a neural networks and found an 87%

prediction accuracy of returns direction, thus concluding that the connection between twit-

ter sentiment and returns may not be linear. After these results, this study has become an

inspiration for many of the studies going forward.

However, as this medium is fairly new, the relationship between Twitter sentiment and

the stock market is still in its early days, but rapidly growing. Additionally, due to techni-

cal improvements in sentiment extractions from text, the research field that includes text

analysis or sentiment analysis is also growing. In Table 1, we made a comprehensive sum-

mary of the main studies that researched the relationship between Twitter sentiment and

the stock market - our paper’s focus area. We discuss these findings in more details in the

following part.
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Table 1: Literature review
The table includes the literature that covers the relationship between Twitter data and asset returns. The Research column includes the author

and the date of the publication. The Data column shows the number of data points (if provided in the paper), the used medium for sentiment

and the used financial data. The Time frame includes the time period used for testing the data, both the year and number of months, as well as

data frequency. In the Methodology section, one can found which sentiment analysis as well as which empirical analysis were used in modeling

the relationship between dependent and independent variables. In Results section we provide the summary of the key results of the papers.
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In the literature overview in Table 1, all the studies use Twitter sentiment to see its relation

to stock market metrics. The DJIA and S&P 500 are the two most commonly used financial

market indices and a smaller sample of studies investigates individual stocks. Additionally,

as the number of tweets reported in these studies (not all studies reported this metric)

does not exceed 10 million, compared to our sample of 95 million tweets (see Table 7), we

may have the largest dataset to our knowledge. Most studies investigate a timespan of less

than one year, thus our 12 months sample is in line with literature. Concerning methodol-

ogy, these studies do not seem to have any preferred method when it comes to sentiment

analysis: machine learning, dictionary based analysis or just counting tweets containing

sentiment predefined words are all popular. After tweets have been converted to sentiment,

most studies use linear regressions to find the relation with the stock market metrics. VAR

models, panel regressions, neural networks and trading strategies are also used while event

studies are not as common compared to traditional sentiment sources.

Looking at the main results we see that sentiment from Twitter has a statistical associ-

ation with the stock market (Bollen et al., 2011; X. Zhang, Fuehres, & Gloor, 2011; H. Mao

et al., 2011; Mittal & Goel, 2012; Ruiz, Hristidis, Castillo, Gionis, & Jaimes, 2012; Si et

al., 2013; Smailović, Grčar, Lavrač, & Žnidaršič, 2013; Chen & Lazer, 2013; Yu et al., 2013;

Sprenger et al., 2014a; Sprenger, Tumasjan, Sandner, & Welpe, 2014b; H. Mao et al., 2015).

Most studies have found that sentiment has a strong same day correlation with market re-

turns, even statistically significant predictive effect has been found by numerous studies.

Many studies have found significant sentiment predictive power of 1 day lag or 2 lags and

some studies even found predictive power of up to 5 lags (Bollen et al., 2011). However,

1 significant lag is the most common finding. Interestingly, H. Mao et al. (2015) found

that sentiment had significant predictive power, however, returns reversed to fundamental

values within a week. This is consistent with Tetlock (2007) who found similar results and

concluded that it is in line with behavioral noise trading theory. Besides market returns, the

small sample that focus on individual stocks also found significant predictability (Ruiz et

al., 2012; Smailović et al., 2013; Yu et al., 2013). However, it is important to mention, that

the presented studies in Table 1 do not discuss in large extent, whether the sentiment-return

relationship is economically significant. Nevertheless, several studies (Bollen et al., 2011;

Ruiz et al., 2012; Chen & Lazer, 2013) have conducted forecasting and trading strategies

that led to higher portfolio returns. This discussion is a strong indication of sentiment

significance in predicting stock returns.

In addition to the significant relationship with returns, there were other important findings

in these studies. It seems that tweets containing emotional words showed larger influence

on returns. For example, Bollen et al. (2011) who used tweets only containing mood expres-

sions, such as ’I feel’, ’I am feeling’, had strong results, as well as X. Zhang et al. (2011),

who used only emotional words, such as ’anxious’, ’worry’ and ’hope’, had also convincing

results. The later study also found that combinations of several words, especially negative

ones, had a stronger effect on returns. Similarly, predictability can be improved by focusing

on specific topics (Si et al., 2013). H. Mao et al. (2015) expanded the predefined emotion

and included the search queries of ’bearish’ and ’bullish’ words. These terms have already

expressed emotions and they have more finance related nature.
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In general, the overall results are in line with traditional mediums. However, the com-

mon relationship in traditional media sources, which says that negative sentiment has a

larger impact than positive, does not seem to be an equally discussed finding within the

Twitter medium. Some contradicting results were found in the data, where Sprenger et al.

(2014b) showed that positive events sentiment is more pronounced while X. Zhang et al.

(2011) wrote that negative sentiment combination is more significant compared to positive.

There are many other findings in the studies worth mentioning. For example, one study

found that Twitter volume is negatively correlated with returns and positively correlated

with volatility (X. Zhang et al., 2011), while sentiment is more correlated with stock trad-

ing volume than returns (Ruiz et al., 2012). Sentiment disagreement is a common measure

in the studies as well, which also showed significant predictive power of trading volumes

(Sprenger et al., 2014a).

2.4 Our research questions

The relationship between Twitter and the stock market is still in an early stage but rapidly

growing. The aim of this study is to contribute to this research field by testing found

relationships in the literature with new data and methodologies as well as by adding dis-

tinct perspectives. Bellow we describe and discuss the three tested hypotheses in this paper.

H1: Twitter sentiment has predictive power of S&P 500 index returns.

This is naturally a common hypothesis in literature. The aim of this hypothesis is there-

fore to simply replicate some of the main results found in previous research with new data

and methodologies, as well as to extend the research in several ways. In addition to the

traditional search queries (i.e. S&P 500 and Bullishness), our data includes market terms

(i.e. search terms as ’equities’ and more) and company based tweets. Thus, with higher

variation in search queries as well as with a larger extent of data, we want to verify and

extend current research.

Additionally, within this research area, the construction of the sentiment datasets requires

an extensive number of steps and the possible options are vast. Therefore, as Twitter is still

a rather new medium, we can see a lot of experimentation in the methodology part. Conse-

quently, we also want to add to the field by comparing and extending some methodologies

within sentiment analysis and sentiment indices construction. The extensions are discussed

throughout the section 4. However, the main methodology contribution in this study is

a comparison of a traditional sentiment analysis tool (Financial Loughran and McDonald

Lexicon - LM) and a newer Vader NLTK method. To our knowledge there are no well-cited

paper that used Vader NLTK method for the tweets’ sentiment analysis in the financial

literature.

In relation to this hypothesis, we also construct a new intuitive sentiment index by taking

advantage of our larger dataset. We construct this new sentiment index by aggregating the

sentiment of the main individual companies in the same way as the S&P 500 composite is

aggregated. Additionally, it could be naturally assumed that not only the public opinion
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about the stock but also the public opinion about the company’s products and services

should have an effect on the returns (Pagolu, Reddy, Panda, & Majhi, 2016). Therefore, we

construct a unique company-based index by focusing not only on financial tweets. To our

knowledge, non-financial Twitter companies sentiment (without ’cashtag’) has never been

analyzed in the financial literature.

H2: Returns of some industries are more sensitive to Twitter sentiment.

Extending the research related to company based sentiment, we investigate whether some

industries are more sensitive to changes in the public mood compared to others. We believe

that some industries might be more prone to sentiment. The reasoning behind this hy-

pothesis stems from the previous discussion about representation bias. It could be argued

that investors have stronger prior irrational opinions about certain industries compared to

others, and therefore in those situations they might trade more on sentiment rather than

fundamental information. While on the contrary, industries with low prior investors opinion

should be less affected by sentiment. To our knowledge, there is no studies in literature

that checked the industry based sentiment effect on returns using Twitter data.

H3: Twitter sentiment has stronger predictive power of returns for companies with a higher

concentration of retail investors.

It is conventionally believed that retail investors are more sensitive to sentiment compared

to institutional investors. With this hypothesis we want to verify or deny this belief. Tetlock

(2007) found that small stocks are more affected by sentiment and he argued that those

results were driven by the fact that the individual investors are more sensitive to publics’

mood swings. However, he did not directly test whether the retail (individual) investors

share in the company is a significant factor in explaining the relationship. Therefore, with

this hypothesis we want to substantiate that argument by directly testing it.

To summarize, we add to the literature by 1) trying to replicate the main previous findings

with a newer and broader dataset; 2) testing the traditional financial LM sentiment analysis

method against the Vader NLTK sentiment analysis method, 3) examining whether certain

industries are more predictable than others, and 4) exploring whether the share of retail

investors in a firm has an effect on its return predictability using sentiment.
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3 Data

3.1 Twitter data

We have collected data of original public tweets from Twitter for the period 2017-01-01 -

2018-01-01. For each record we have a tweet identifier, user identifier, tweet text, date and

time of submission, number of retweets and number of likes. The data was collected using

search queries of the targeted companies, S&P 500 and the market terms (the list of used

queries can be found in Table 7). The company related tweets were collected for the 102

biggest U.S. companies of S&P 500 composite. We collected company related data partly

for testing the relationship between company-based sentiment and S&P 500 returns and

we expect that the 102 biggest companies are sufficient to test this relationship, since S&P

100 and S&P 500 indices’ returns have daily correlation of 98.1% in the tested sample. In

addition, we decided to use the search queries of the entire name, rather than a ’cashtag’

(common financial way in Twitter to reflect the company with a dollar sign ($) in front of

the ticker (Daniel, Neves, & Horta, 2017; Y. Mao, Wei, Wang, & Liu, 2012; Smailović et

al., 2013)), because it was a common recommendation for future studies in the literature

(Daniel et al., 2017; Y. Mao et al., 2012). In addition, not only the public opinion about

the stock but also the public opinion about the company and its products should have an

impact on the returns (Pagolu et al., 2016). Furthermore, we have divided market terms in

the words with implied bullishness (bearish / bullish), S&P 500 search query and general

market words, such as ’equities’, ’stock market’ and similar. The discussion for chosen

search queries and grouping follows in section 4.3.1, while the used data can be found in

Table 7.

During and after the process of collecting tweets, we filtered the data (see Figure 1). Initially,

we manually filtered the companies data and excluded the names that might refer to other

general words (i.e. Apple, Oracle). We also eliminated companies that have undergone the

merger during the year. Moreover, we filtered the data to contain only the English language

texts, because the further sentiment analysis tools are mainly trained for English lexicons

(used sentiment analysis tools are discussed in section 4.1). As discussed before, Twitter

is one of the biggest social media outlets with ∼500 million newly generated tweets a day

(Aslam, 2018). In order to eliminate the noise in the data and optimize the data accumula-

tion process, we collected only the ’top tweets’. ’Top tweets’ reflect the proprietary Twitter

algorithm-based assessment of the most impactful tweets (McGee, 2010). After filtering the

data, our database was composed of ∼95 million tweets. The companies are divided in 7

groups of industries, based on Global Industry Classification Standard (GICS): Healthcare,

Financial, Industrial, Information Technology, Consumer Discretionary, Consumer Staple

and Other industries. Other industry is composed of Energy, Telecommunication Services,

Real Estate, Utilities and Materials (each companies classification can be found in Table

7). This industry based classification will be used in hypothesis 2 testing.

3.2 Financial data

We collected the daily closing prices of S&P 500 from the Yahoo!Finance (2018) database

for the period 2017-01-01 - 2018-01-01. For the same period, we collected the prices of
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each company in the sample from the Compustat database (2018). The daily prices were

converted to log returns in line with previews research (H. Mao et al., 2011):

Rt,i = log
( St,i

St−1,i

)
(1)

where Rt is return at time t and St is the closing price of a financial asset i. The de-

scriptive statistics of used variables’ returns can be found in Table 3.

In addition, we collected the market capitalization data for each sample company from

the Compustat database (2018), which is used later for data grouping (market-weighting).

Trading volumes for S&P 500 as well as for each company were also collected from the

Yahoo!Finance database (2018). The share of institutional investors and insiders were col-

lected from Thompson Reuters EIKON (2018) for the day 2018-03-16. We calculated retail

investor share using the following formula: RetailHoldingsi = 1−InstitutionalHoldingsi−
InsiderHoldingsi, where i is the company in consideration. We expect that the investor

structure in the company does not change significantly over a one year period, therefore

we did not include the time dimension. The companies with the highest and lowest retail

investor share are marked in Table 7.
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4 Methodology

The research methodology includes further processing of data, sentiment analysis, indices

construction, grouping of dependent and independent variables and empirical relationship

modeling. The steps of the process are depicted in the Figure 1

Figure 1: Steps of data collection and processing
The figure depicts the steps of Twitter and financial data processing done before the regressions. In the previous

part we discussed the outer layers of the figure, including Collected original tweets, Filtered tweets and Collected

financial data. The next step is Sentiment analysis. The methods used in Sentiment analysis are discussed in

section 4.1. Bullishness has already implied sentiment, therefore the text analysis is not necessary. After the

sentiment score is given to every tweet, the Indices construction is done. The methods used in this part are

discussed in section 4.2. After the indices, we do Sentiment as well as financial data grouping (Grouped financial

data). This part is also discussed in section 4.2. Then we move to construction of empirical models to test the

hypotheses (Denoted in Figure as ’Regression to test hypotheses’), which is described in section 4.3. Finally each

regression results are checked for robustness and necessary parts are transformed. The preformed robustness checks

are discussed in part 4.4. Bullishness refers to tweets with search queries, such as bullish and bearish, market terms

refers to both S&P 500 related search queries as well as general terms, such as ’equities’ and ’stocks’. Companies

refers to companies related tweets as well as financial information.

4.1 Sentiment analysis on Twitter data

Sentiment analysis is the method of processing natural language, using textual analysis and

computational linguistics, that aims at identifying and extracting the opinion, subjectiv-

ity and emotion from the source text (Pang & Lee, 2008; Liu, 2012; Wilson, Wiebe, &

Hoffmann, 2005). There are two most common areas in the literature for the textual senti-

ment classification: dictionary-based analysis/lexical and machine learning (Kearney & Liu,

2014). The dictionary-based technique maps the text at hand with a provided list of words.

This approach depends highly on the quality of the dictionary and the weighting algorithm

(Kearney & Liu, 2014). The machine learning technique classifies the text sentiment based

on learned dynamics from the training data. We decided not to use the machine learning

technique because 1) the tweet data we use does not have predefined sentiment for training,

2) the extensive level of complexity and 3) because machine learning algorithm does not

have significant advantages over dictionary-based techniques for, specifically, social media

data classification (Gilbert & Hutto, 2014). We decided to use two sentiment analysis tools
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for analyzing texts of market and company related tweets: Vader NLTK (NLTK) as well

as Financial Loughran and McDonald Lexicon (LM). The tweets with the predefined senti-

ment words, such as bullish and bearish, were not translated into sentiment, because they

have already implied sentiment.

Among dictionary based techniques, there are no consensus on which one performs the

best (Gilbert & Hutto, 2014; Ribeiro, Araújo, Gonçalves, Gonçalves, & Benevenuto, 2016;

Araujo, Reis, Pereira, & Benevenuto, 2016; Lin et al., 2018). The results highly depend on

the way the dictionary was created: which industry and which media outlet the algorithm

was trained on and what training data size was used (Araujo et al., 2016; Lin et al., 2018).

Vader NLTK2 is a new and simple technique and was created for micro-blogging and social

media sentiment identification, especially Twitter (Gilbert & Hutto, 2014). Many dictio-

nary based techniques focus on identifying the number of positive and negative words in the

text (Kearney & Liu, 2014). In addition to that, Vader NLTK also includes the strength of

emotion (intensity) and sentence characteristics processing (Gilbert & Hutto, 2014; Ribeiro

et al., 2016). To be more precise, Vader includes the predefined treatment of negation,

punctuation, capitalization, constructive conjunctions (i.e. but) and strengthening adjec-

tives (i.e. extremely good) (Ribeiro et al., 2016). Furthermore, Vader NLTK outperformed

many well known dictionary-based techniques as well as machine learning models, especially

in English tweets classification (Gilbert & Hutto, 2014; Ribeiro et al., 2016; Araujo et al.,

2016). We know that some of the financial papers used several features of Natural Language

Toolkit, however, to our knowledge there are no well-cited paper that used Vader NLTK

for the tweets’ sentiment analysis in financial modeling.

We used Vader NLTK compound score, which includes normalization and the intensity

of the sentiment and ranges from -1 (extreme negative) to 1 (extreme positive), while val-

ues around 0 represent neutral sentiment. Some examples of tweets and their sentiment

scores can be seen in Table 2. Some literature suggests to use this convention: score ≥ 0.5:

positive; −0.5 > score < 0.5: neutral; score ≤ −0.5: negative (Lin et al., 2018; Gilbert &

Hutto, 2014), however, we did not find added value of this convention. The reason might

be the limitation of the data: by using conservative thresholds, we decrease the amount of

data points and fail to explain smaller variations in returns. The NLTK method has high

positivity in our data sample: 70.24% of tweets with identified sentiment during the trading

day were classified as positive (see Table 7).

Due to our finance focus, we also used the Loughran and McDonald Lexicon (LM list)

for the sentiment analysis. LM list expanded GI/Harvard negative words list with finance-

specific words: the LM lexicon was created based on large sample of 10-Ks fillings with a

clear direction of analyzing financial texts (Loughran & McDonald, 2016; Kearney & Liu,

2014). Traditional dictionaries misclassify words as negative 73.8% of times while they are

not negative in finance context(Loughran & McDonald, 2011), therefore a finance-based

dictionary should increase the accuracy in analyzing tweets in relation to companies and

financial markets. The LM lexicon outperformed several known methods in classifying data

2Vader sentiment analysis was recently added to Natural Language Toolkit, also known as NLTK. How-

ever, in this paper we use NLTK only in reference to Vader itself.
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on company, industry and index level(Li, Xie, Chen, Wang, & Deng, 2014). In addition, LM

is manually constructed, which is more accurate compared to automatic or semi-automatic

lexicons (Li et al., 2014). The LM lexicon is also one of the most common method used

in financial literature (Cortis et al., 2017; H. Mao et al., 2011) and it’s popularity is only

growing (Kearney & Liu, 2014). The disadvantage of LM is the fact that it was trained

on long texts rather than micro-blogs and thus it might not be optimal in analyzing tweet

texts. We used the common way of calculating sentiment polarity (Twedt & Rees, 2012;

Kearney & Liu, 2014):

LMi =
Ni,positive −Ni,negative

Ni,positive +Ni,negative
(2)

where LMi stands for LM sentiment polarity score of one tweet (i), Ni,positive and

Ni,negative refer to a number of positive and negative words in a tweet text respectively.

Similarly to NLTK, the score ranges from -1 to 1, while 0 being neutral. See the examples

in Table 2. We used the updated 2016 master LM list for the sentiment analysis. The

positivity was lower compared to NLTK method: 46.88% of classified tweets during trading

time were positive (see Table 7). In addition, the NLTK method classified more tweets than

the LM method during trading time as having a non-neutral sentiment. The conservative

measure of LM might be a limitation in analyzing the relationship between the classified

sentiment and returns.

Table 2: Examples of tweets and their sentiment scores
The table shows the randomly selected tweet texts and computed Vader NLTK compound scores (NLTK) as well

as the polarity scores using Loughran and McDonald Lexicon analysis (LM). Both sentiment scores range from -1

and 1, where -1 represents negative sentiment, 1 - positive, and scores around 0 represents neutral opinion.

4.2 Sentiment conversion to indices

After we have converted every individual tweet to a sentiment score (st)
3, the scores were

aggregated to form sentiment indices (It). To do so, one needs to define the time thresholds

(T to T-1) as well as the aggregation formula.

3Actually, every tweet has two sentiment scores as the NLTK and LM method were used, except for the

Bearish and Bullish keywords, thus we have done the remaining steps with both scores separately in order

to be able to compare the two methods, but due to notational convenience we do not denote this with any

subscripts going forward.
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Regarding the agregation formula, Antweiler and Frank (2004) conducted a deeper dis-

cussion in this area and proposed three different formulas. We decided to use two out of

the ones suggested that are presented as equation 3 and 4 because we found them more

appropriate for our research. The first equation presented in this section is neutral to the

number of tweets (count-neutral), while the second one is count-dependent that leads to the

sentiment index being amplified with the number of tweets that day. Antweiler and Frank

(2004) found similar results between the methods but equation 4 was the slightly better

performer. This result is also consistent with previous research which found that number

of messages had an effect on the results (H. Mao et al., 2011)4. Equation 4 is commonly

used in the literature (H. Mao et al., 2015; Sprenger et al., 2014a).

Daily count neutral sentiment index:

It,i ≡
MBUY

t,i −MSELL
t,i

MBUY
t,i +MSELL

t,i

(3)

Daily count dependent sentiment index:

I∗t,i ≡ ln

(
1 +MBUY

t,i

1 +MSELL
t,i

)
(4)

M c
t,i ≡

∑
wi |̇sct,i| (5)

for the two methods, M c is defined as in equation 5 where c ∈ {BUY,HOLD,SELL}
indicates the sentiment category of a tweet that was classified by the sign of the sentiment

score, i.e. a positive, neutral or negative sentiment score represents a BUY , HOLD and

SELL, respectively. This is a very commonly used classification method in the literature.

Furthermore, the weight wi is defined as normalizer, calculated as 1/|st| that is in line with

most literature. In this case for example MBUY
i,t would simply be the number of tweets

with a positive sentiment score during time t with the keyword or keywords i that we want

to build an index I for. 5 Lastly, one could think that weighting the sentiment scores by

the likes and retweets from the corresponding tweet might provide additional information.

However, a study that analyzed individual tweet messages found that tweets with higher

quality information was not retweeted more often (Sprenger et al., 2014a). In addition,

the timing of likes and retweets are lagging the tweets themselves. Thus, as we want our

results to be interesting for real time usage, we do not use such weighting system in line

4We investigated this equation further, and we could see that this formula was not so ’count dependent’

for search queries with more tweets. As many of our queries had a substantial number of tweets, equation

4 may be closer to the Neutral measure than anticipated.
5We also investigated additional weighting methods: threshold-based classification and equally weighted

classification. As discussed before, some studies suggest to use thresholds for assigning the sentiment to

positive and negative texts: we used polarity of +/−0.2 as well as more conservative +/−0.5 as thresholds

for positive and negative text classification, respectively. None of these two methods added any value to our

results. We also investigated another weighting method i.e. an equally weighted score, since we wanted to

capture the intensity of the sentiment. We expected, especially, that Vader NLTK method would show some

different results, due to its structure. However, we did not see any significant differences. We concluded to

use the normalized weighting system due to its popularity among researchers. In this paper, we only report

the results for normalized method but upon request other results can be presented as well.
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with literature (Antweiler & Frank, 2004).

Regarding the definition of T and T-1, we simply set all tweets posted during trading

time as T and all tweets posted during previous trading time as T-1. Trading time is de-

fined as 9:30 AM - 4:00 PM (GMT-04:00) during weekdays and excluding the weekends

and holidays. The literature is not consistent in this distinction. The key reason for our

choice is to use the most relevant tweet data and control for irrelevant information outside

the trading hours. The time outside trading hours represent around 80% of total hours a

year. We expect that tweets during those hours have a smaller impact on the trading behav-

ior and including a proportionally large amount of them might just add noise to the dataset.

As a note, research (Tetlock, 2007) has found that negative sentiment has more effect than

positive one 6. The indices we use neutralize the distinction between the two and only focus

on the change in the positivity. We can see the risk of using these indices since they do

not take into account the relative importance of negative versus positive tweets. However,

in oder to be able to compare the results with other studies we still use the previously

mentioned index building formulas.

Sentiment indexes are built for every search query, for example S&P 500, bullishness, mar-

ket terms as well as for each individual company as in equation 3 and 4. However, for

companies there was an additional step where they were aggregated into one sentiment in-

dex using an equation 6. Thus, we have four different indexes for count-dependent and four

different indexes for count-neutral measures at this stage for testing our first hypothesis7.

The indices are graphically represented in Figure 3.

Daily aggregated company sentiment index combining all the 102 companies:

IAggregated
t ≡ 1∑102

i=1 wi,t

102∑
i=1

wi,t · Ii,t (6)

where Ii,t is the sentiment index value and wi,t is the market capitalization for company

i at time t. The companies were aggregated in this manner (market capitalization-weighted)

in order to replicate the way market returns for S&P 500 are calculated.

To test the hypothesis concerning industries, equation 6 was used again but only aggregat-

ing the companies belonging to a specific industry to create their corresponding sentiment

index. The dependent variable in this case, which is used in regressions presented later, is

market weighted returns comprising of the companies belonging to a specific industry, i.e.

same companies are used in the industry sentiment index as well as for industry market

weighted returns. In addition, we also used equally weighting for industry grouping to avoid

the dependency of the company size. To the similar convention, we constructed the indices

for Investor Type (H3). We used equation 6 to group the sentiment of companies with high

6These results were not confirmed using Twitter medium.
7Actually, we have twice as much indices, since we construct them both for LM as well as NLTK sentiment

scores.
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retail investors share and low retail investors share. The dependent variable used the same

market weighting principle. The number of companies grouped by industry can be checked

in Table 3 and the names of the companies can be found in Table 7 for the industries

as well as for the investor types. For H2, the firms were grouped in accordance with the

broad Global Industry Classification Standard (GICS). A more detailed sub-grouping was

not done in order to avoid small sample problems. A small sample might lead to non repre-

sentative results for the industry at hand and include high dependency on one big company.

4.3 Empirical methods of analysis

After we have created the indices, it is finally time to use them for testing their relationship

with the stock market returns. Kearney and Liu (2014) discuss the different methods that

are used to model the relationship between the sentiment and asset returns. The most

common method is a linear regression (autoregressive distributed lag model - ADL) with

addition of the most common control variables. Some studies also use VAR models as well

as the less common panel regressions. Chen and Lazer (2013) discuss some reasons why

the regression model is used and it comes down to the speed of it when applying trading

strategies in real time specifically when using large amount of data as twitter data. They

also argue that it provides benefits over commonly used classifier, since it give the indication

of level not just a direction. The VAR model is usually applied to see the interrelationship

in both (all) directions between the two (all) variables of choice. However, as Brown and

Cliff (2014) found evidence of both way directional relationships as well as other studies

found predictive power of the stock market using twitter data (Bollen et al., 2011; H. Mao

et al., 2015), we will focus directly on the directional relationship concerning our hypotheses

testing, i.e. we want to see the predictability of returns with twitter sentiment as a main

explanatory variable. For this reason we use the most common method at this stage of the

methodology: autoregressive distributed lag model with control variables. Its general form

is presented in equation 7.

Rt = α+

n∑
j=1

βR
j Rt−j +

n∑
j=0

βS
j St−j +

C∑
c=1

n∑
j=0

βc
jXt−j,c (7)

where Rt, St, and Xt,c are the return, sentiment index value, and vector of control

variables c on day t, respectively. Some studies do not use the contemporaneous variable,

however, research found significant intraday predictability (Antweiler & Frank, 2004), thus

we do not want to omit this variable even though its coefficient may reflect a two sided

relationship.

Concerning control variables, apart from the lagged returns that are commonly included to

control for momentum or autocorrelation, there are no consistent variables in the literature.

This is expected due to the fact that the daily returns predictability has high complexity,

and the studies that find some explanatory significant variables become the basis for trading

strategies that may ’correct’ asset prices and the significance of the variables could thus

fade away. Some studies do not use any additional control variables after controlling for
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autocorrelation in returns. That being said, we follow studies that control for liquidity

effects as well (H. Mao et al., 2015; Tetlock, 2007). For the industry and investor type

based regressions we use the market return as an additional control variable. It is also in

line with other studies (Antweiler & Frank, 2004).

4.3.1 Rationalization for the chosen main explanatory variables in H1

In the first regression we use a sentiment index built only with tweets containing the key-

word with the same name as the financial index we are predicting returns for, namely the

keyword S&P 500. This is the most common method in the literature not only for pre-

dicting S&P 500 returns but also for predicting other indexes as well as individual stocks

(Si et al., 2013; Sprenger et al., 2014a, 2014b; Ruiz et al., 2012; Smailović et al., 2013).

Consequently, we start with this regression to simply see if we can find similar results as

previous research with new data and methodology.

Secondly, we use keywords bearish, bear market, bullish, and bull market to form another

independent variable, due to multiple reasons. It does not rely on any natural language

processing technique as the words already have a predefined sentiment within them. Thus,

this tests our results for robustness in a small way, however, the sentiment signal is different

in its fundamental characteristics as well. For example, we expect there to be higher degree

of autocorrelation with this signal as it is more forward looking feeling of the markets rather

than instant reactions to variations in key factors. We expect the bullishness view to shift

slower than the S&P 500 sentiment index. Lastly, we also see it as some kind of ”improved”

version of the very well known study (Bollen et al., 2011), where they only used tweets

that contained, the words ’I feel’, ’I have a feeling’ and similar. The reason we see it as

a similar measure in the first place comes down to that all these keywords do a good job

of maximizing tweets that contain actual sentiment or feelings, and thus also filtering out

neutral tweets and plain facts or similar potential noise. Furthermore, it is an improvement

due to the closer connection to the financial markets. Thus, we see this being a more clean

sentiment signal with less noise for our usage, with the forward looking distinction. This

variable has also been used in literature (H. Mao et al., 2015).

As the third main independent variable, we use market terms related to the general stock

markets. Studies show that combing keywords can improve prediction accuracy (X. Zhang

et al., 2011). Thus, this variable could improve prediction accuracy. In comparison to the

S&P 500 signal discussed before, we find this variable to be broader. However, it is still

related as the S&P 500 is commonly referred to as the main stock market performance

indicator. Regarding autocorrelation, we expect it to be in between the previous mentioned

sentiment signals as its broader than the first (S&P 500), but not as forward looking as the

second (bullishness).

The forth and last sentiment signal, related to hypothesis one, is constructed in a completely

different but intuitive way by aggregating the sentiment signals from the main individual

companies belonging to the S&P 500. Beside it to be different in its construction, it may

also capture sentiment from a completely different audience. For the first three sentiment
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indices we expect the tweets to be mainly financially related. For the companies, we can

expect that the tweets are more related to the companies’ products, services or latest news,

since we did not use the financial tweets convention of using a ’cashtag’. We also expect the

highest autocorrelation with the reasoning that companies cannot change their products or

services that often nor does the public opinion about such offers change fast and frequently.

4.4 Robustness checks

To test our results for robustness, we mainly make sure that the models are used in a correct

way by checking if the needed assumptions are satisfied. Before running the regressions we

have tested all the variables for stationarity and multicollinearity. After the regressions we

also check the residuals for heteroscedasticity and autocorrelation.

The information about not met assumptions we state in the description part of the re-

gression results. But in summary, we found that some independent variables are trend-

stationary which we detrended. Regarding multicollinearity, we see no significant issues in

any of regressions, since we are not close to 80% correlation (used rule of thumb threshold).

Further, we control the residuals for autocorrelation using the Durbin-Whatson test and

we did not receive any red flags from this test (All presented regression results are within

range of the test statistic from 1.5 to 2.5). Lastly, we found some heteroskedasticity in our

residuals based on at least one of the used tests (we used White Test and Breusch–Pagan

test). This implies that the coefficients are unbiased but that the variance of those could

either be under or overstated, affecting the p-values. Due to this, we recalculated the p-

values using MacKinnon and White’s (1985) alternative heteroskedasticity robust standard

errors. Specifically, we used the HC3 method as proposed by research when dealing with a

sample size of 250 or less observations (Long & Ervin, 2000).
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5 Empirical results and discussion

In this section, we present the results of our research. We start with analyzing descriptive

statistics of used variables and then we move to discussing the results of the regressions. We

discuss both the results found of different methodologies as well as the results of hypotheses.

Finally, we end this section with the discussion of our models’ limitations. For the reader’s

convenience we only mention the failed robustness checks and done transformations in the

regression table descriptions. In addition, we limit the discussion of results in relation to

data drawbacks. We acknowledge that this is highly possible explanation, however, dis-

cussing it in every part of the text might become cumbersome.

5.1 Descriptive data analysis

In Table 3, we show the descriptive statistics of each variable used in the upcoming re-

gressions, for H1, H2 and H3. We have categorized the statistics in the order as it will

be discussed: 1) pure tweets related statistics that only concerns the sentiment indices, 2)

index composition statistics that are the same for the sentiment indices as for the return

indices, and 3) general descriptive statistics that is unique for each regression variable.

1) Firstly, the number of tweets collected for the first four explanatory variables used

in H1 (sentiment indices for S&P 500, Bullishness, MarketTerms, and Companies) are very

different. This is naturally due to some sentiment indices having more search queries. For

example, S&P 500 has around 28 thousand classified tweets during trading hours while the

companies’ sentiment index has around 15 million tweets as it contains data from many

different companies. Surely, the amount of tweets depends not only on a number of search

queries used, but also the popularity and awareness. In addition, more tweets should im-

prove the true sentiment signal and thus making it less prone to noise (reduce the impact

of outliers). However, in our sample, 27 thousand is the lowest number of tweets collected,

which is large enough compared to previous studies. The number of tweets per company

is more important than the total amount. For each group (both industry based as well as

investor type based), the average number of tweets per company varies from 11.5 thousand

tweets per company (Healthcare) to 450.5 thousand per company (Consumer discretionary),

while 144.1 is an average among all companies. This could thus imply that the sentiment

index from some industries (Healthcare) are more prone to noise than others. However, it is

important to note that this may not be a full story. There are many possible explanations

and interpretations. For example, one could assume, that the fewer tweets from the certain

industries could be due to lack of general public interest in the company and thus more con-

centrated within industry experts, and therefore may have a larger influence on investment

decisions. In this regard, the relevance of the sentiment may be larger. The noise created

from not having the perfect sentiment method may still be larger for the industries with

fewer tweets per company. This discussion is also relevant for the investor type variables

used in H3. We can see that the Top15Retail variable was constructed using a significantly

larger number of tweets compared to the Lowest15Retail variable. As the companies con-

tained in the Top15Retail are more likely to be well-known, the firms with fewer tweets are

more likely to be tweeted by industry experts. This conclusion also assumes that the share
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of experts is higher for less known companies, which is reasonable. The main take away is

that sentiment indices built with fewer tweets per company could be of more importance

for predicting investor behavior.

Table 3: Descriptive statistics
The table shows all variables (independent, dependent and control) used in the following regressions (Reg 1-

Reg 14). We divide the variables in Sentiment variables, Log returns variables and Trading Volumes. All pre-

sented sentiment variables (except cBullishness) are count-dependent sentiment indices made of NLTK scores.

cBullishness is a count-dependent sentiment index made of ’bullish’ and ’bearish’ Twitter data (predefined senti-

ment Tweets - no sentiment conversion needed). cNLTK S&P500 uses the tweets data that was collected using

S&P 500-related search queries and cNLTK MarketTerms variable refers to collected data of general financial

market terms (the list of words can be found in Table 7). cNLTK CompaniesIndex, each Ind SentIndex and each

InvType SentIndex are the market capitalization-weighted sentiment indices comprised of all the individual com-

pany sentiment indices related to the relative group. The industries are: Health - healthcare, Fin - financial,

Indust - industrials, IT - information technology, CD - consumer discretionary, CS - consumer staples and Other.

Top15Retail represents a variable of the 15 companies in our sample with the biggest share of retail investors,

while Lowest15Retail represents the 15 companies with the biggest share of institutional investors and insiders

(lowest retail investors share). A Log return for an industry and investor type is the market cap weighted sum of

log returns of the related individual companies. TradingVolume: S&P 500 is trading volume of S&P 500, while

every other Trading Volume variable is a mcap-weighted sum of the trading volumes of the related companies.

The related companies are either grouped by industry or by composition of investor type (Ind TradingVolume

and InvType TradingVolume). All variables’ statistics are calculated on the observations used in the regressions,

except Trading Volumes are scaled up by multiplying the observations with 103 for visual purposes. The Reg

column shows in which regressions the variables were used. Statistics are only presented for the variables used in

the main regressions (not the ones in Appendix). tr tweets refers to the total tweet number over trading time (ex-

cluding neutral tweets) used in constructing the indices. Pos shows the average of positivity among the sentiment

measures. Detailed distribution of the positivity measure can be seen in Table 7. # represents the number of

companies used to make the sentiment indices. Retail shows the average share of retail investors in the companies.

Size refers to the average market cap level per company in the specific industry or group (expressed in USD bn).

General descriptive statistics, or to be more precise: Mean, Standard Deviation (Std), Maximum value (Max) and

Minimum value (Min), are calculated for each variable used.
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2) Secondly, we consider the index composition statistics. For the industry-based indices

(both sentiment and return indices), a similar number of companies is in each category,

ranging from 12 to 18. The similar distribution of companies should limit the problems

arising from uneven grouping. Additionally, there is no big variation in the share of retail

investors among the industries. Thus, the results of investor type based regressions should

not be biased towards the industries. Naturally, the difference in average retail share in

Top15Retail and Lowest15Retail is high. Further, we can see that the average market cap-

italization per company is rather similar among the industries, except for the Industrial

industry that is notably lower. However, the variation among companies within the indus-

tries are big, for example, within the IT industry the smallest company had an average

(over sample year) market capitalization of USD 42.4 bn, while the biggest - USD 555.5

bn. Therefore, market cap weighted variables such as Log returns, Trading Volumes and

some Sentiment Indices, will be more driven by the largest players. Lastly, Top15Retail

companies are on average twice as large compared to the Lowest15Retail companies. Since

all companies in our sample are big, this might be explained by the fact that the bigger the

company, the more well-known it might be to the general public and thus more popular for

retail investors. If our company sample would have included smaller firms, this explanation

might not hold, since some institutional investors might have restrictions to invest in small

companies and thus the retail share would be higher in those.

3) For the general descriptive statistics by specifically looking at the first four sentiment

index variables, we see a lot of interesting findings. In the methodology we discussed why

these signals were chosen and why they may be different in their characteristics. The vari-

able statistics can be found in Table 3, but due to the importance of these variables and to

give the reader and intuitive understanding, they are also graphically presented in Figure

3 (Appendix) together with their autocorrelation properties in Figure 2.

We see that the S&P 500 sentiment index8 is the most volatile, closest to negative territory

as well as it is the index with the least autocorrelation i.e. its values are less correlated with

its past values. This is in line with our expectations and thus may support our discussion

that this sentiment is mainly short term driven as it is the case for the day to day returns

of the S&P 500. Further, we also expected Bullishness to be the most forward-looking

sentiment and thus least likely to change as quickly. As the autocorrelation for this index

is among the highest and persistent it may again be an indication that our discussion is in

the right direction. Regarding the third variable, the sentiment index of the Market Terms,

we see that it is not as volatile as S&P 500. We also mentioned that we believed it to be a

broader measure but not as forward looking as bullishness. This could again be supported

by the displayed autocorrelation, volatility as well as the level being lower. Lastly, the

company index seems to be the most persistent as confirmed by the low volatility and the

strongest autocorrelation. This is in line with our discussion that this measure could be

mostly targeted towards a company’s products and services from a non-financial perspec-

tive. Because neither the products nor the opinions change that quickly it would be natural

for the signal to be the most persistent as we see. However, we cannot conclude this with

8S&P 500 sentiment index has trend stationarity, and in regressions we use detrended values, however,

here we show the results before detrending for comparison reasons.
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any certainty as this result may be mostly driven by the construction of the index. Namely,

the companies index is an aggregated signal, thus it will neutralize the individual company

sentiment indices to a large extent as they are combined. This effect can be partly seen

through the volatility of industry sentiment indices. We can see that they range from 0.11

to 0.19, while cNLTK CompaniesIndex has volatility of only 0.06. By combining companies

into sentiment index, we neutralize the sentiment volatility. Another observation is that

there is significant variation among average sentiment of the industries.

Figure 2: Autocorrelation for the the main explanatory variables
Autocorrelation for the fours sentiment indices from 1 to 4 lags, S&P 500, Bullishness, Market Terms and aggre-

gated companies.

If we focus on returns, the volatility of S&P 500 is the lowest among the presented groups

in Table 3. It is a combination of the chosen sample year as well as it is composed of more

firms than the other variables. The most profitable was the IT industry in our sample with

average daily return of 0.12%. The returns and volatility are different among the industries

and could refer to the industry specific risks. In addition, there is a big difference between

the average returns of Lowest15Retail and Top15Retail. However the return volatility is

not that different, while the sentiment volatility for Lowest15Retail is significantly higher.

From the Trading Volumes part in Table 3, we can also see the variation in liquidity among

the companies. Naturally, S&P 500 trading volume is highest since it is not divided by the

number of companies, thus not comparable to the other groups. We can see that the Finan-

cial industry is the most liquid group in our sample with the highest average trading volume,

while the Consumer Staple companies’ are the least liquid. Since we market-weighted the

Trading Volumes, the presented numbers might also be leaning towards the liquidity of the

biggest companies in the industry. We can also see that the Lowest15Retail has a substan-

tially lower liquidity compared to Top15Retail. This is expected because the Top15Reatil

also has larger market capitalization.
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5.2 Relationship between S&P 500 returns and Twitter sentiment

In this part we discuss the results of Hypothesis 1. We structured this part in two sec-

tions. In the first one we discus the results of different methodologies. We conclude that

NLTK is a better suited sentiment analysis tool in this case compared to LM and that

count-dependent indices construction technique carries several benefits over count-neutral.

In addition, we discuss the lag selection method and conclude that 2 lags are optimal go-

ing forward. Therefore, in the following discussed results we use count-dependent NLTK

sentiment indices and 2 lags for every variable at hand. We discuss the implications of

using these methods and possible reasons of results in more details in subsequent section.

After that, in section 5.2.2, we start discussing the results of regressions that model the

relationship between S&P 500 returns and Twitter sentiment.

5.2.1 Methodologies related results

In the methodology section we discussed several ways of conducting the sentiment anal-

ysis and constructing the sentiment indices. Before analyzing the results of the specific

regressions, we discuss which method of sentiment analysis works better comparing the

performance of LM based sentiment and NLTK based sentiment as well as comparing count-

neutral indices performance versus count-dependent indices performance (see sections 4.1

and 4.2 for clarifications). After that we discuss selected lag specifications for the following

regressions.

Tables 4, 8, 9 and 10 report the results of the regressions between S&P 500 returns and sen-

timent. From the initial view, we can see that the regressions using NLTK based sentiment

find more significant relationship than using LM method: the adjusted R-squared measures

are higher and coefficients of independent variables are more significant (see Table 4 vs. 9

and 8 vs. 10) . This might be an indication that either NLTK is a better sentiment analysis

method for the sample data or, if LM method is actually correct, that the relationship is

just weaker. However, Reg 2 in each table (4, 8, 9 and 10) indicates a strong relationship

between the S&P 500 returns and the independent variable, while being not subject to the

sentiment analysis tools (bearish/bullish tweets). This lets us to believe that NLTK might

be a better measure in analyzing tweets sentiment. There are several implications from the

results that NLTK performs better than LM. First, it might imply that sentiment analysis

method’s performance depends more on what type of data it was trained on rather than

the type of lexicon. In addition, it shows that the predefined treatment of certain sentence

characteristics play an important role for micro-blogging texts. Finally, conservative sen-

timent measures (low ’coverage’) might provide less benefits than expected, since it might

fail to identify some important trends especially for the search queries that had smaller

amount of tweets (i.e. S&P 500, some companies). However, it is important to note that

both measures lead to the same coefficient signs in almost every regression (see Table 4

vs. 9 and 8 vs. 10) and thus could be concluded that they both model similar relation-

ships. Despite the popularity of LM in the financial literature, we believe using NLTK

might provide more accurate results and thus we use it for all reported regressions moving

forward. For future research, a potential improvement for the sentiment conversion could

be to combine the two methods: use the Vader NLTK specifications with a financial lexicon.
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In a similar way we compare the performance of the count-neutral and count-dependent

aggregation formulas for forming indices (see equations 3 and 4). Comparing Tables 4 vs

8, we can see that the performance of both sentiment indices is very similar: coefficients’

signs are the same for independent as well as control variables. In addition, parameters

significance and adjusted R-squared measures are very similar, too. This is in line with

research, which finds that both indices perform similarly (Antweiler & Frank, 2004). At

the same time, it shows that the inclusion of the number of messages (count-dependent)

does not have a significant impact on the results. There could be opposing reasons for

the found results. It is possible that the volume of messages is less important compared

to the sentiment polarity, however it does not go in line with literature, which found high

significance of sentiment volume variable (H. Mao et al., 2015). It is also possible that the

logarithmic normalization of the count eliminated the significance of it, especially for the

variables with high number of tweets. Therefore, inclusion of the not normalized volume of

messages might improve the regression results. However, this was not found by literature

that compared the indices (Antweiler & Frank, 2004), therefore, we did not perform this

analysis. Finally, the reason could be the limitations of our data. Due to the fact that

we only collected ’top tweets’, we are highly dependent on Twitter’s algorithm. Thus, the

volume of messages becomes sensitive to the design of Twitter’s proprietary ’top tweets’

algorithm as well as it becomes sensitive to the assumption that underlying rules of the

algorithm did not change over time. Due to the fact that both sentiment indices performed

similarly, we chose to use the more common method in the literature for the further analysis

of our results - count-dependent.

Finally, there is a lack of agreement in the literature which lags are the best in predicting

returns using sentiment. Due to this fact, we have chosen the number of lags by minimizing

Akaike information criterion (AIC) up to five lags in Reg 1 from Table 4. We have found

that two lags were optimal in the specification of the model, which are going to be used for

all following regressions in this paper (for comparability reasons). We tried to have as small

amount of lags as possible in order to have a parsimonious model. In addition, since we

have only big companies in our sample, we expect that both, overreaction and reversal to

fundamentals, should happen in a very short period, which goes in line with the literature

(Hong & Stein, 1999). Therefore, we believe that 2 lags supposed to be optimal to model

the relationship.

5.2.2 Results of S&P 500 regressions

To test the first hypothesis, whether S&P 500 returns are affected by Twitter expressed

sentiment, we constructed several linear regressions as discussed in the methodology part.

The summary results can be found in Table 4. In each regression we control for lagged

effects of S&P 500 returns and Trading Volume9

9Trade Volume was scaled down by 1012 for easier reporting of results.
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Table 4: H1: Regressions results with count-dependent NLTK
In this table we present the results of five different regressions that try to model the relationship between de-

pendent variable (S&P 500) log returns and selected independent variables. We used distributed lag regression

model on daily observations. Log returns are calculated by taking the natural logarithm of the quotient of

the consecutive closing prices of S&P 500. All regressions include constant, control variables of scaled daily

S&P 500 Trading Volume and its lags as well as lagged dependent variable (S&P 500 log returns). Indepen-

dent variables - cNLTK S&P500 and cNLTK MarketTerms - are count-dependent sentiment indices made of

NLTK scores. cNLTK S&P500 uses the tweets data that was collected using S&P 500-related search queries

and cNLTK MarketTerms variable refers to collected data of general financial market terms (the list of words

can be found in Appendix). cBullishness is count-dependent index of ’bullish’ and ’bearish’ Twitter data (no

additionally added sentiment). cNLTK CompaniesIndex is the market capitalization-weighted index comprised of

each of the 102 biggest S&P companies count-dependent sentiment indices of NLTK scores. Each independent

variable has two lags. In addition, cNLTK S&P500 was trend-stationary, which we corrected by detrending the

time series with polynomial of order 1 (linear trend). We also corrected Reg 1 and Reg 3 for the heteroscedasticity

in residuals with heteroscedasticity consistent standard errors (HC3), because at least one of the tests rejected

the homoscedasticity hypothesis (White test and Breusch–Pagan test). The stars indicate the significance of

coefficients.

The first regression (Reg 1 in Table 4) follows the common practice in the literature, where

we try to explain the market index returns with tweets sentiment data, which was collected

by using the index name as a search query. Looking at the results, we can see that the

S&P 500 sentiment (cNLTK S&P500) has a significant contemporaneous coefficient at 1%

level. The coefficient is positive, which indicates the expected relationship - positive tweets

are correlated with positive returns, which might be an indication of overreaction. The

coefficient value means that an increase in sentiment index by 1 unit raises the return over

the same day by 0.59 percentage points (pp). From an econometric perspective, literature

suggests several explanations for why not-lagged values of independent variables have sig-

nificant effects: either that (a) the variable has a finer-grained effect than the data allows to

investigate, or (b) the variables are misspecified and they are associated with distant lags

not included in the model, or (c) the effect is legitimate, but to the extent where it is not

possible to distinguish which variable causes the other from the regression used (Granger,

1969; Geweke, 1982). We find evidence in the literature that argument (a) is feasible in this

situation, but in combination with (c). Studies have shown that sentiment has predictive

26



power within 15 minutes intervals (Antweiler & Frank, 2004). Despite the fact that this

research was done using different medium than Twitter, the results could be expected to

be similar. This supports argument (a). However, Brown and Cliff (2004) found that the

relationship is two sided: both the sentiment has an effect on returns, as well as returns

have an effect on sentiment, which is relating to the argument (c). At this point we also

want to stress that, since studies have shown that sentiment has a predictive effect on re-

turns, we do not investigate the relationship from both directions, but rather focus on the

direction that is related to our interests and hypothesis: we focus on explaining S&P 500

returns only. As a result of the significance in discussed coefficient, we cannot reject the

null hypothesis at this stage - that sentiment has no valuable information for the prediction

of S&P 500 returns. The predictive power might be lying within shorter periods.

On the contrary to the contemporaneous sentiment variable, the coefficients of the lags

are insignificant at 10% level. However, the first lag has a predicted coefficient sign - nega-

tive. This implies that the price reversal to the fundamental value might happen after one

day. There are several possible explanations of this insignificance. First of all, it is possible

that the reversal to fundamentals happen after longer period of time, which is not included

in our regression. However, due to high popularity and liquidity of S&P 500 index, it is also

possible that its prices became very efficient and reverse itself even faster. In relationship to

this argument and taking into account the assumption (a) explained in the previous part,

it is possible that part of the reversal already happened over the same day, which led to

lags being insignificant. If this is true, then non-lagged cNLTK S&P500 coefficient is also

under-reported. Further research needs to be done using shorter intervals.

Adjusted R-square of the regression (Reg 1) indicates that the 28.32% of dependent vari-

able’s variation is explained by the specified variables. In addition, we see that all lags of

Trading Volume are statistically significant at least at 10% level. The first lag has a posi-

tive sign, while the second - negative. The former might indicate that higher liquidity the

previous day leads to higher demand for S&P 500 asset(s) and thus leads to higher prices.

Only the first lag of dependent variable is statistically significant and has a negative sign.

As discussed in methodology, we try to explain the variations of S&P 500 returns using

bullishness index in Reg 2. To summarize the motivation of this variable discussed in the

methodology, one can say: it is most likely a less noisy sentiment signal due to no sentiment

analysis needed and it is also more forward looking sentiment index compared to the one

used in Reg 1. Looking at the results, we can see that both cBullishness and cBullish-

ness Lag 1 are significant at 1% level and have the expected coefficient sign. The results

are somewhat consistent with literature (H. Mao et al., 2015), where the researchers found

the reversal to the fundamentals in the upcoming days using the Bullishness as independent

variable. It is also interesting to note that H. Mao et al. (2011) also found that bullishness

lags have a significant effect on DJIA returns. They found that lags 1, 2, 5, and 6 are

statistically significant. The first lag had a positive coefficient and the second lag had a

negative, while we found negative sign of the first lag and no statistical significance on the

second lag. If we assume that DJIA and S&P 500 indices move in a similar way and are

effected by similar underlying factors, the differences between our found results and theirs
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might indicate that market became more efficient and investors, to some degree, already

trade on the sentiment based strategies. Therefore second lag reduced in the significance

in our findings and the reversal to fundamentals already happens the next day (compared

to two days lag before). It is also possible that these two indices have different underlying

factors and that S&P 500 prices are more market efficient compared to DJIA. Therefore,

the contemporaneous variable in Reg 2 can be interpreted in line with the discussion under

Reg 1. At this point, we can reject our null hypothesis, which we could not completely do

in the previous regression as discussed.

Adjusted R-squared is similar to the previously discussed regression. This indicates that

the usage of simple data that does not require additional sentiment analysis might be at

least as good at explaining the variations of S&P 500 returns. Also, control variables show

similar relationship as discussed in Reg 1, however, the significance decreased.

The third regression focuses on finding a relationship between the general market terms

and the S&P 500 returns. Since S&P 500 is commonly referred to be the market perfor-

mance measure, the general market terms such as ’stock market’, ’equities’, ’stocks’ and

’indexes’ should carry a statistically significant sentiment. These market terms have a

broader perspective than the S&P 500 sentiment but not as forward looking as Bullishness

(the more detailed discussion can be found in methodology part). In the Reg 3 both the

cNLTK MarketTerms and cNLTK MarketTerms Lag 1 are significant at 1% and 10% level,

respectively. Therefore, we cannot reject with confidence the null hypothesis at this stage.

Despite this fact the parameters have the same signs as in Reg 1 and Reg 2, therefore the

similar explanations and reasons can be used here, both for contemporaneous as well as

lagged variable.

In addition, the R-squared is slightly higher for the Reg 3 compared to other regressions

discussed previously. This might be an indication that to a small degree the general mar-

ket sentiment trends are more predictive than the sentiment of the index itself (in Reg 1).

Moreover, these results go in line with X. Zhang et al. (2011), who showed that it is benefi-

cial to make combinations of several terms with sentiment. However, the higher R-squared

could have happened also due to the differences in data collected: we have a larger amount

of tweets data for the general market terms compared to S&P 500 search query. The bigger

amount of tweets might have led to better calibration of the sentiment analysis, and thus

we received better results. Looking at the control variables, we can see that coefficients

have the same signs and similar significance in comparison to Reg 1. Only the first lag of

of trading volume decreased in significance from 1% level to 5% level.

Forth, S&P 500 is still the index of its composites, therefore in the Reg 4 we tried to

model the relationship between the sentiment of the top 102 biggest U.S. companies and

the S&P 500 returns (Table 4). As discussed more extensively in the methodology, this

is an aggregated sentiment with a couple of expected key differences in its nature com-

pared to the variables used in previous regressions. Briefly put, it is a market weighted

index with sentiment from tweets that most likely have the least ’financial’ information and

are more product focused. The coefficient of cNLTK CompaniesIndex is significant at 5%
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level, however the significance is lower than found in other regressions. Also the lags of

the sentiment are not significant at 10% level. However the coefficient signs are the same

as discussed in Reg 1. In addition, we can see that the significance of the regression fit

decreases dramatically compared to the previously discussed regressions (Adj. R-square is

4.93%), while control variables have similar coefficient signs. The significance of first lag of

TradingVolume decreases compared to previous regressions, while the significance of second

lag increases. In addition, first lag of dependent variable is significant at 5% level.

There are many possible reasons why we find less significant results in this regression.

First, it is possible that as discussed before, S&P 500 index is rather a reflection of the

market, and thus market trend sentiments are more important in modeling the possible

relationships. This would imply that the logic used in Reg 4 supposed to be reversed in

nature: the sentiment of market trends should have led to the increase in demand of S&P

500, which in turn translated to the increase in demand for composite companies shares

(since they are the components of the index). This relationship would lead to the situation

where S&P 500 becomes the driver of companies’ prices, rather than the result. Second, it

is also possible that our company based data collection was limited. We have collected a lot

of tweets for each company, but some companies had a larger amount of tweets compared

to the others. The companies that had a smaller amount of tweets might have contributed

to a poor sentiment accuracy. Another limitation of companies data is the possibility of

irrelevant information. We have filtered the data and excluded the companies that have the

names of general terms, however, some of the used companies might still have irrelevancies,

i.e. Abbott term could reflect some people with that same last name, like Diane Abbott.

Also, we only collected 102 companies of the S&P 500 and we had to exclude several big

companies due to generic name, i.e. Apple. These big companies that we excluded might

have had a significant part of explaining S&P 500 returns variations (since it is a market

cap-weighted index). Third, it is possible that people overreact more to financial infor-

mation, compared to product driven information. Since this index had possibly the lowest

amount of financial information compared to other discussed sentiment indices, the investor

behavior might not have been impacted as much. Also, publics’ opinion to the products and

services are less volatile than information about the financial markets. The less variation

in this sentiment index (as discussed in the descriptive statistics) might have hindered the

possibility to explain the variations in returns. Finally, it is possible that some type of

companies within the sample are more sensitive to public sentiment than others. This goes

in line with study conducted by Smailović et al. (2013), which found that certain stocks are

easier to predict using sentiment compared to others. Therefore, when we combine them in

one index, the significant sentiment variations might have been neutralized by the sentiment

of hard to predict stocks. In order to test the possible differences of companies’ sensitivity

to sentiment, we group the companies in relation to industries and investor type. We expect

that these groupings could provide clearer explanations and we test them in hypotheses 2

and 3.

Finally, in order to check general market trends’ effect on S&P 500 returns, we combine the

first three regressions’ independent variables (see Reg 5 in Table 4). As discussed before,

these variables have different characteristics, however they all have the broader focus than
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an individual company-based sentiment. The reasoning for this regression goes in line with

the literature, which reports the increase in significant results when using sentiment combi-

nations (X. Zhang et al., 2011). We can see from results that each of the contemporaneous

independent variable is significant at 1% level and can add additional information in ex-

plaining the returns. This is an additional indication that future literature should focus on

shorter time intervals in explaining S&P 500 returns. It is important to note, that none of

the independent variables have the correlation higher than 41%, thus, we assume that the

model does not have multicollinearity problem10. The signs of contemporaneous variables’

coefficients are positive and the explanation of them could be similar as used in discussing

Reg 1. The only lag that stayed statistically significant in this regression is the Bullishness

first lag (cBullishness Lag 1). This goes in line with our discussion that Bullishness has

more forward looking effect. The sign of this variable supports the assumption of reversal

to asset’s fundamental value. However, cNLTK S&P500 Lag 1 coefficient sign unexpect-

edly changed to positive. The finer grained data is needed to explain this result.

This regression explains 47.83% of dependent variable daily variation. The signs of control

variables stayed the same as in previous regressions. However, the significance changed.

Only the first lag of TradingVolume is significant at 5% level, while both lags of dependent

variable shows the significance of up to 10%.

5.3 Industry based returns and sentiment

In oder to test the hypothesis, whether some industries are more related to sentiment than

others, we conducted seven separate regressions: one for each industry. The results can be

seen in Table 5. The number of companies grouped by industry can be checked in Table 3

and the names of the companies can be found in Table 7.

From the regressions we can see that the contemporaneous S&P 500 return is a strongly

significant variable in each regression. The coefficient of each regression indicates that there

is a high positive correlation between this control variable and industry returns. The co-

efficient says that if the S&P stock index goes up with 1%, this would lead to a 0.47 and

up to a 1.60 percentage-point increase in returns depending on the industry. In addition,

compared to previous regressions in Table 4, the trading volume (control variable) decreases

in predictive power and is no longer significant in any of the regressions.

10We use a common convention used in literature that identifies multicollinearity problem only if the

correlation among independent variables is higher than 80%.
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Table 5: H2: Market cap-weighted Industry Regressions results
In this table we present the results of seven regressions that try to model the relationship between different

industry returns (dependent variable) and company-based combined sentiment. We used the distributed lag

regression model on daily observations. We also report only the results of count-dependent sentiment indices

made of NLTK scores. Log returns for the industries are calculated by taking the natural logarithm of the

quotient of the consecutive closing prices of each company and combining the returns in industry based indexes

(market capitalization-weighted). The industries are: Health - healthcare (number of companies - 18), Fin -

financial (15), Indust - industrials (14), IT - information technology (18), CD - consumer discretionary (12), CS

- consumer staples (12) and Other (13). All regressions include constant, control variables of S&P 500 returns

and its lags, as well as scaled daily mcap-weighted trading volumes of each company (Ind TradingVolume) and its

lags as well as lagged dependent variable. Independent variables are different for each regression and reflects the

market-weighted combination of companies sentiment indices (Ind SentIndex). Each independent variable has two

lags. We corrected all regressions, except Reg 10, for the heteroscedasticity in residuals with heteroscedasticity

consistent standard errors (HC3), because at least one of the tests rejected the homoscedasticity hypothesis (White

test and Breusch–Pagan test). The stars indicate the significance of coefficients.

The aim of these regressions was to find whether Twitter sentiment related to the industry

has an effect on the performance within the industry and which ones might be more sen-

sitive. We can see that the industry sentiment indices (Ind sentIndex) or their lags have a

significant effect only for healthcare, financial and information technology at a 10% or 5%

significance level. The other industries did not show significant sensitivity to sentiment.

Concerning healthcare and financial, we can see that the contemporaneous effect of senti-

ment is positive for both industries and it might be an indication of short term reactions

to the public opinion. As discussed in hypothesis 1, there are several reasons for why the

contemporaneous variable might have a significant effect. The similar discussion could be

used in this situation, too. If the contemporaneous variable has causal power embedded

within, it is still hard to argue why these industries are more sensitive to the public opin-

ion compared to consumer discretionary or consumer staple industries for example. One

reasonable explanation could be that people tweet a lot more basic and irrelevant informa-

tion about consumer industries and products. These tweets might neutralize the effect of

the really significant tweets. The healthcare and financial industries might have a bigger

share of more impactful tweets that can actually have some predictive power. In addition,

these two industries had the lowest amount of tweets over the sample period (see Table

3). Following the discussion in section 5.1, it is possible that people who tweeted about

these companies were more knowledgeable and thus their tweets carried more important

information. Thus, since these industries possibly had a lower amount of irrelevant tweets,

we were able to find significant coefficients. It is also apparent that, when using GICS in-

dustry specification, the companies attributed to the healthcare and financial industries are

very similar to each other, mainly big pharma companies and financial institutions, respec-
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tively. The same cannot be said in relation to the consumer industries as these groups are

more diverse i.e. incorporate more different sub-industries. Therefore, a division in smaller

subcategories for these industries could be interesting and might give more precise results.

For example, literature found that aerospace is the industry that is most correlated with

media exposure (W. Zhang, Skiena, et al., 2010). Thus as, the Aerospace players are part

of Reg 8 (industrials) for which the coefficients do not show any significance, this might be

an indication that we could have issues related to broad-categorization.

Furthermore, the Information technology (IT) industry has a significant lagged effect by its

related sentiment index. The one trading day lag has a positive sign and the second has

a negative. Both coefficients are significant at 10% and 5%, respectively. The signs might

be and indication of lagging overreaction to sentiment. This industry also has the highest

adjusted R-squared and by combining market performance and lagging sentiment, we can

model almost 56% of the return variation within the industry. This finding is interesting in

relation to other research findings and behavioral theory. Firstly, Baker and Wurgler (2006)

found that companies, which are harder to value, are more sensitive to public sentiment.

Even though, the companies in our sample are big corporations, the IT sector is known for

being hard to predict regarding future cash flows, and thus harder to value. This result

could therefore be somewhat consistent in relation to Baker and Wurgler’s findings (2006).

Secondly, Smailović et al. (2013) found that companies with higher return volatility also

showed stronger predictability. As the IT industry is known for having volatile returns as

well as it was the second most volatile industry in our sample (see Std for Log returns: IT

in descriptive statistics, Table 3), we find support for Smailović et al. findings. Lastly, there

is also signs that these results are in agreement with behavioral theory. For example the IT

industry is generally more covered by media and usually more hyped (high salience). This

can be supported by looking at the extraordinary high number of tweets within this indus-

try 11 as well as the positivity of the tweets is among the highest (see table of descriptive

statistics 3). According to one of the behavioral finance theories described in the literature

overview, such hype should make the industry more prone for displaying signs of overreac-

tion in prices. Thus, it could also explain why the IT industry had the best predictability.

One also needs to note that the average daily return for the IT industry was by far the

highest and could have influenced the results. Similarly, the results could possibly only be

attributed to this year and may not be a finding that is consistent and reliable going forward.

Another important aspect to keep in mind, is that we used market capitalization-weighted

indices in the industry analysis. In Table 11, the results of equally weighted combinations

can be found. The signs of the coefficients are the same for all independent variables,

except in the Other industry regression (Reg 12). We chose to focus on market-weighted

results though, because it has additional underlying effect: the size of the companies might

be important in the sentiment and return relationship modeling that is found by research

(Brown & Cliff, 2004). Additional, we believe that sentiment of the bigger companies in the

industry might have an effect on the industry itself, therefore a market weighted sentiment

may be a smarter measure.

11This is also true if one takes into account market capitalization for the industries. Also, the size does

not vary as much as the number of tweets.

32



5.4 Relationship between investor type and sentiment

To test the third hypothesis we grouped the company based sentiment and their correspond-

ing stock returns, in a similar way as in industries part, only with a focus on retail investor

share. We grouped the companies in our sample by taking 15 companies with the highest

share of the retail investors (average share of retail investors among them - 38%) and 15

companies with the lowest (7%). The results can be seen in the Table 6. Contrary to our

hypothesis, Reg 13 does not show any significant coefficients of the independent variable at

10% level. While the second lag of Reg 14 has a statistical significance at 1% level.

Table 6: H3: Regressions results based on Investor type
In this table we present the results of two regressions that try to model the relationship between different sentiment

and returns interdependencies in relation to shareholders structure (investor type). We used distributed lag

regression model on daily observations. We also report only the results of count-dependent sentiment indices made

of NLTK scores. We divide regressions in two extremes: Reg 13 represents the relationship between sentiment

and the 15 companies in our sample with the biggest share of retail investors, while Reg 14 represents the 15

companies with the biggest share of institutional investors and insiders (lowest retail investors share). Log returns

of dependent variables are calculated by taking the natural logarithm of the quotient of the consecutive closing

prices of each company and combining the returns in indexes (market capitalization-weighted). All regressions

include constant, control variables of S&P 500 returns and its lags, as well as scaled daily mcap-weighted trading

volumes of each companies within the group (InvType TradingVolume) and its lags as well as lagged dependent

variable. Independent variables are different for each regression and reflects the market-weighted combination of

companies sentiment indices (InvType SentIndex). Each independent variable has two lags. We corrected both

regressions for the heteroscedasticity in residuals with heteroscedasticity consistent standard errors (HC3), because

at least one of the tests rejected the homoscedasticity hypothesis (White test and Breusch–Pagan test). The stars

indicate the significance of coefficients.

The contemporaneous independent variables are insignificant at 10% level for both regres-

sions. It is possible that concerning both of them, the prices are less efficient, and thus the

overreaction as well as reversal to fundamentals have more lagging effect than compared

to S&P 500 returns (discussed in H1). It is also important to note that different market

participants have different trading motivations and patterns. Retail investors mainly think

about the trading strategies after they come back home from the regular work, and thus
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call brokers or place automated trades after trading hours (Antweiler & Frank, 2004). This

might be a reason why there is no contemporaneous effect of sentiment in Reg 13. However,

the signs of InvType SentIndex coefficients are positive, which goes in lines with expecta-

tions.

In Table 6, we find that the second lag of the sentiment has a strong significant effect

on the returns for companies with the highest share of institutional and insider investors.

The other lags in both regressions are insignificant at 10% level. The significant lag has

a negative coefficient, which might indicate the price correctness of previous overreaction.

The found differences between these two regressions can be analyzed from several different

points. First of all, this might be an indication that contrary to our previous assump-

tions, the companies with high degree of institutional investors can be easier predicted

using sentiment. Thus, it is possible that we did not find predictive significance in Reg 13

because individual retail investors are less systematic in their investment decisions and In-

veType SentIndex:Top15Retail variable incorporates many different investor motivations.

The different type of incentives for building individual trading strategy might have diluted

the general effect of sentiment. Second, as we have seen in descriptive statistics in Table

3, Top15Retail had a larger amount of tweets compared to Lowest15Retail variable. In

relation to the discussion in section 5.1, it is possible that low amount of tweets might

indicate that people who actually tweeted about those companies were more knowledge-

able, and thus their sentiment had more impact on returns. The literature can add similar

but, at the same time, a little bit different perspective. A study found that institutional

investor-expressed sentiment had more predictive power compared to individual investor

sentiment (Brown & Cliff, 2004). In addition, the researchers concluded that, contrary to

the traditional opinion, institutional investor decisions might be easier affected by their

own (institutional investor) expressed sentiment, compared to retail investors decisions.

Therefore, by combining these two arguments in the literature, we could assume that in-

stitutional investor-expressed sentiment should have a stronger predictive power on the

institutional investors decisions, and thus on the performance of companies with higher

institutional investor base. Since we do not divide our Twitter data in institutionally

expressed and individually expressed data, we can only guess what is the share of the in-

stitutional investors among Twitter participants in each group. However, we might argue

that retail investors tweet less about the companies that they do not invest in, and thus

InveType SentIndex:Lowest15Retail had larger amount of tweets expressed by institutional

investors. This would explain why lag of InveType SentIndex:Lowest15Retail has higher

significance compared to InveType SentIndex:Top15Retail. Finally, the possibility exists

that the difference in found significance between Reg 13 and Reg 14 are simply anomaly.

One side note in relation to companies size might be necessary here. The study found that

lagged institutional sentiment had the strongest predictive power for large stocks (Brown

& Cliff, 2004). Since we constructed the variables using market-weighted method, we indi-

rectly incorporated the size of the companies in predicting the relationship (we gave bigger

weight to larger companies, as it is in line with a literature). However, on average the size

of companies with high retail investors share was larger as discussed in descriptive analysis.

The better control for company size might be optimal in this case.
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It is also interesting to see that the Adj. R-squared measure of Reg 14 explains two times

more variations of the dependent variable compared to Reg 13. We have seen in Table

3 that Top15Retail average size of the company was double compared to Lowest15Retail.

Thus, it is possible to assume that the bigger the company, the higher the complexity of the

business model. Therefore, the prediction of its price movements might be more difficult.

This reason might partly explain big differences in found Adj. R-squared measures between

Reg 13 and Reg 14. As in the industry based regressions in the Table 5, the control variable

of S&P 500 returns is a significant predictor of the relationship in the Table 6. Also, its

economic significance is higher for Lowest15Retail compared to Tope15Retail. In addition,

these regressions fail to find that the Trading Volume of those companies shares have a

significant predictive power. Finally, it is important to note, that we assumed that retail

investors share in companies did not change over time. This assumption might not hold in

real life and thus, the results presented might be misleading.

5.5 Limitations of used models

In this part we want to shed a light on several general limitations of our models across all

hypotheses. It is important to note that after adding sentiment and converting the data

to the daily indices, we have only 250 observations in time series analysis. This still sat-

isfies the rule of thumb of having the number of observations more than 10x independent

variables in regression, however, it is not optimal. Thus, the results reported might have a

lower robustness in this regard. Nevertheless, this is still a similar amount of observations

compared to other established studies in this field (see Table 1) and our found results are

consistent with their findings. Another limitation of our observations is the fact that it is

daily. As discussed before, the probable finer grained effects are not visible in the reported

results. In addition, one more limitation is the fact that we have only collected the data

for the year 2017, which is known to have been a very positive year. The reported results

might not be consistent in other years, especially in economic crises.

In addition, our measure of polarity might have a lower efficiency and hence lower sig-

nificance of regression results. Bollen et al. (2011) found that sentiment division in mood

dimensions (they used six dimensions) might be beneficial in constructing the indices. They

found that especially ’calm’ mood have a significant predictive power in explaining the re-

turns of an asset. Therefore, by dividing our sentiment only in negative and positive mood,

we might have neutralized certain sentiment effects. Moreover, the used sentiment anal-

ysis methods to classify sentiment of the text are not always accurate. Therefore, the

misclassified sentiment scores might have led to somewhat spurious results in regressions.

Similarly, by not using ’cashtag’ in the collection of companies-related tweets, we might

have gathered information that is not actually related to companies. This might add to the

problem of spurious results. In addition, Bollen et al. (2011) found that using non-linear

models increases the significance of the relationship between sentiment and market returns.

Therefore, the linear regression might not be optimal in sentiment modeling and non-linear

transformations might be required.
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6 Conclusion and recommendations

With this paper we try to examine the effect of Twitter based sentiment on stock market

returns. The aim was to add some new perspectives to the relatively young research field

by using recently collected and expanded Twitter data as well as different methodologies.

In addition to data and methodologies, we want to add some unique findings in explaining

the general market returns, industry-based returns and ownership structure-based returns

using sentiment.

Our main results show that sentiment, expressed over Twitter, can have additional value

for explaining stock market returns. We find strong contemporaneous effect of different

sentiment measures on S&P 500 returns, while the Bullishness measure shows stable sig-

nificant predictive power. This is in line with found results in the literature for S&P 500.

We also found that Vader NLTK sentiment analysis tool outperforms the traditionally used

LM method. In addition, we find that by including different types of sentiment indices re-

lated to the general market, it adds value in explaining different characteristics of the S&P

500 price variations. However, our newly built company based index, which focuses more

on non-financial information, has failed to add significant predictive information. After

we divide the company-based sentiment in industries, we find relatively significant con-

temporaneous effect for the healthcare and financial industries. In addition, the sentiment

of the IT industry displays significant predictive power. It seems to display the effect of

both overreaction as well as reversal to fundamental value. Furthermore, contrary to the

conventional assumption, companies with high share of retail investors fail to show higher

sensitivity to sentiment. Instead, the sentiment measure indicates a statistically significant

predictive ability for companies with the biggest share of institutional investors.

Several future recommendations in this field could be suggested, both from a data and

methodology perspective as well as from the following research perspectives. From the data

collection aspect, the time intervals could be more frequent than daily data, and the period

of collected data could be longer as well, in order to investigate such relationship during

both market expansions and contractions. In relation to the sentiment analysis, additional

dimensions (not just positive and negative) could be considered. We also believe that the

combination of Vader NLTK intensity and sentence characteristics techniques with the fi-

nancial lexicon (LM) could add accuracy for financial sentiment analysis. In regards to

the empirical methodology, the inclusion of tweet volumes could be considered, as well as

a non-linear relationship model. Finally, further research could also investigate finer sub-

industries as well as take a closer look at the relationship between firm size and sentiment.
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Appendix

Appendix 1: Twitter and companies data table

Table 7: Twitter and companies data table
This table presents all the companies and other terms together with their corresponding tweets that were collected. Additionally, if

applicable, we present the GICS Industry classification, retail investor concentration, search queries used and # of total tweets. We

also show the percentage of positive tweets classified with the NLTK or LM sentiment analysis method for trading time. The last two

columns exclude all the tweets that happened outside trading hours as well as neutral tweets. In total there are 102 companies, 3

other categories that all in all corresponds to approximately 95 million tweets collected for this study.

(continued on the next page)
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(continued)

Appendix 2: Sentiment indices for H1

Figure 3: Sentiment indices for our first hypothesis
In this Figure the four main (S& 500, Bullishness, Market Terms, Companies) sentiment indices are presented. The aim of this figure

is too visualize the four different indices and especially their differences. It shows count-dependent NLTK indices.

(a) S&P500 sentiment index (b) Companies sentiment index

(c) Bullishness sentiment index (d) Market Terms sentiment index
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Appendix 3: Results of other regressions for H1

Table 8: H1: Regressions results with count-neutral NLTK
In this table we present the results of five different regressions that try to model the relationship between dependent variable (S&P

500) log returns and selected independent variables. We used distributed lag regression model on daily observations. Log returns

are calculated by taking the natural logarithm of the quotient of the consecutive closing prices of S&P 500. All regressions include

constant, control variables of scaled daily S&P 500 Trading Volume and its lags as well as lagged dependent variable (S&P 500 log

returns). Independent variables - NLTK S&P500 and NLTK MarketTerms - are count-neutral sentiment indices made of NLTK scores.

NLTK S&P500 uses the tweets data that was collected using S&P 500-related search queries and NLTK MarketTerms variable refers

to collected data of general financial market terms (the list of words can be found in Appendix). Bullishness is count-neutral index of

’bullish’ and ’bearish’ Twitter data (no additionally added sentiment). NLTK CompaniesIndex is the market capitalization-weighted

index comprised of each of the 102 biggest S&P companies count-neutral sentiment indices of NLTK scores. Each independent variable

has two lags. The stars indicate the significance of coefficients.
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Table 9: H1: Regressions results with count-dependent LM
In this table we present the results of five different regressions that try to model the relationship between dependent variable (S&P

500) log returns and selected independent variables. We used distributed lag regression model on daily observations. Log returns

are calculated by taking the natural logarithm of the quotient of the consecutive closing prices of S&P 500. All regressions include

constant, control variables of scaled daily S&P 500 Trading Volume and its lags as well as lagged dependent variable (S&P 500 log

returns). Independent variables - cLM S&P500 and cLM MarketTerms - are count-dependent sentiment indices made of LM scores.

cLM S&P500 uses the tweets data that was collected using S&P 500-related search queries and cLM MarketTerms variable refers to

collected data of general financial market terms (the list of words can be found in Appendix). cBullishness is count-dependent index

of ’bullish’ and ’bearish’ Twitter data (no additionally added sentiment). cLM CompaniesIndex is the market capitalization-weighted

index comprised of each of the 102 biggest S&P companies count-dependent sentiment indices of LM scores. Each independent variable

has two lags. The stars indicate the significance of coefficients.
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Table 10: H1: Regressions results with count-neutral LM
In this table we present the results of five different regressions that try to model the relationship between dependent variable (S&P

500) log returns and selected independent variables. We used distributed lag regression model on daily observations. Log returns are

calculated by taking the natural logarithm of the quotient of the consecutive closing prices of S&P 500. All regressions include constant,

control variables of scaled daily S&P 500 Trading Volume and its lags as well as lagged dependent variable (S&P 500 log returns).

Independent variables - LM S&P500 and LM MarketTerms - are count-neutral sentiment indices made of LM scores. LM S&P500

uses the tweets data that was collected using S&P 500-related search queries and LM MarketTerms variable refers to collected data

of general financial market terms (the list of words can be found in Appendix). Bullishness is count-neutral index of ’bullish’ and

’bearish’ Twitter data (no additionally added sentiment). LM CompaniesIndex is the market capitalization-weighted index comprised

of each of the 102 biggest S&P companies count-neutral sentiment indices of LM scores. Each independent variable has two lags. The

stars indicate the significance of coefficients.
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Appendix 4: Equally-weighted industry regression results for H2

Table 11: H2: Equally-weighted Industry Regressions results
In this table we present the results of seven regressions that try to model the relationship between different industries returns (dependent

variable) and company-based combined sentiment. We used distributed lag regression model on daily observations. We also report

only the results of count-dependent sentiment indices made of NLTK scores. Log returns of industries are calculated by taking the

natural logarithm of the quotient of the consecutive closing prices of each company and combining the returns in industry based indexes

(equally-weighted). The industries are: Health - health-care (number of companies - 18), Fin - financial (15), Indust - industrials (14),

IT - information technology (18), CD - consumer discretionary (12), CS - consumer staples (12) and Other (13). All regressions include

constant, control variables of S&P 500 returns and its lags, as well as scaled daily equally-weighted trading volumes of each company

(Ind TradingVolume) and its lags as well as lagged dependent variable. Independent variables are different for each regression and

reflects the equally-weighted combination of companies sentiment indices (Ind SentIndex). Each independent variable has two lags. We

corrected all regressions, except Reg 10 and Reg 12, for the heteroscedasticity in residuals with heteroscedasticity consistent standard

errors (HC3), because at least one of the tests rejected the homoscedasticity hypothesis (White test and Breusch–Pagan test). The

stars indicate the significance of coefficients.
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