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ABSTRACT 
 

Behavioural finance tells us that investors may be characterised 
by a lack of singular introspection, which causes them to act 
and think in the same way as those around them. The question 
asked is whether social media can reflect this behaviour and if 
so, can networks such as Twitter be correlated to, or even 
predictive of, market returns? 
 
This thesis aims to explore how sentiment reflects earnings 
season events on attention-grabbing stocks. Twitter – a 
microblogging platform – is examined as a proxy for social 
mood with regards to its potential in predicting investor 
sentiment around market events. Ten major technology- and 
service-based stocks are analysed during Q4 2016.  
 
Together with Google App Scripts and natural language 
processing, sentiment indicators are extracted and converted 
into quantifiable values. The predictive power of investor 
sentiment is examined to determine whether ex-ante Twitter 
sentiment can explain ex-post stock price and volume 
movements.  
 
The results show high correlations between financial market 
instruments and sentiment indicators. Further, using 
regression analysis, it is validated that the movement of stock 
prices and volume can be modelled up to four days in advance. 
Of the stocks measured, 80% indicated predictability through 
sentiment models. Moreover, influencer weights were 1.9 times 
more significant when compared to collective sentiment.  
 
Finally, the results indicate that the accuracy of security 
predictions can be significantly improved by the inclusion of 
the Weighted TIS sentiment dimension. The results are 
consistent with existing theories of social mood and are 
supportive of the investor sentiment hypothesis in behavioural 
finance.  
 
Keywords: stock market prediction, behavioural finance, social 
sentiment, Twitter sentiment, social media, microblogging 
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1 INTRODUCTION 

‘Breaking: Two Explosions in the White House and Barack Obama is injured’, stated a 
fake Tweet from one of the world’s most reputable news sources (Foster, 2013). In just 
two minutes the Dow Jones plunged 145 points and by the three-minute mark, around 
US$136.5 billion had been temporarily wiped off the S&P index’s value (Selyukh, 2013). 
 

 
Figure 1 Bloomberg Terminal Chart, indicating Dow Jones moments after @AP tweet 

(Callan, 2013) 

 
Such an event may highlight the need for news agencies to have better security on their 
social media profiles, or for algorithmic traders to have better quality control. However, 
what is undeniably clear is that there is something new at the core of efficient markets. 
News has a significant impact on securities but, above all, the news is now breaking on 
social media.  
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Can investors use Twitter1 and other social media portals to find market-moving 
information not yet in the news? And can such information be used to beat the market? 
Efficient markets work under the assumption that stock prices will at any time fully 
reflect all available information (Fama, 1969). Under the Efficient Market Hypothesis 
(EMH), stock prices are largely driven by fresh news. Furthermore, in line with the EMH, 
the Random Walk Theory argues that equity market prices evolve according to a random 
walk and therefore cannot be predicted. In this theory, Burton G. Malkiel supports 
Fama’s view that stock prices will exhibit signs of a random walk, and thus one cannot 
consistently outperform market averages (Malkiel B. G., 2012). Therefore, given that 
new information is unpredictable, the underlying assumption is that as prices are guided 
by the news and news is random, stock prices cannot be predicted with more accuracy 
than that of a coin toss (Malkiel B. G., 2012). 
 
There are three issues with the EMH that can be addressed for the purpose of this study. 
Firstly, the EMH argues that humans are rational in their decision-making and act as 
wealth-maximisers, where emotions and other extraneous factors have no influence on 
economic choices. Thus, it asserts that the predictions that humans make are unbiased 
(Levin & Milgrom, 2004). However, the Homo-Economicus is an unrealistic view of how 
individuals invest, as human behaviour is far from rational. Moreover, due to various 
external factors, the influencer’s bias is inevitable (Persky, 1995). 
 
The second issue is that various academic works have uncovered empirical evidence 
showing that equity returns contain predictable components (Lo & MacKinlay, 1988) 
(Malkiel B. G., 2003). Keim and Stambaugh find that certain pre-determined variables 
such as seasonality can be used as forecasts in determining returns in the stock and bond 
markets (Keim & Stambaugh, 1986). Furthermore, according to Fama and French 
(1988), there is evidence of negative serial correlation on equities over longer holding 
periods (Lo & MacKinlay, 2002). 
 
Finally, the third issue with the EMH is that efficient markets dictate that news spreads 
quickly and becomes a factor in the prices of securities without delay (Malkiel B. G., 
2003). However, recent studies indicate that even though the news may be unimpeded, 
early indicators predicting changes in economic factors may be extracted from social 
media outlets such as Twitter feeds and financial blogs (Hailiang Chen, 2014). Bollen et 
al. measure collective mood states derived from large-scale Twitter feeds on high 
sentiment events, i.e. Thanksgiving or a general election. The data show an accuracy of 
87.6% in predicting the daily up-and-down changes in the closing values of the Dow Jones 
Industrial Average (DJIA). Moreover, research on the opinions conveyed in both articles 
and commentaries on the website SeekingAlpha.com indicates that the perspectives as 
an aggregate predict future stock returns and earnings surprises (Hailiang Chen, 2014) 
(Contributors, 2016). Even moderately minor correlations between price and Twitter 
																																																								
1 Twitter is a social platform with more than 310M monthly active users who share information, opinions, 
thoughts, and general content. Messages are limited to 140 characters and consist of ideas, videos, photos, 
links, charts, and other data (Twitter, Company, 2016). 
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content showcase opportunities for outperformance on stock trading strategies (Ruiz, 
Hristidis, Castillo, & Gionis, 2012). 
 
The importance of news as a mechanism is not in dispute, as the existence of revelatory 
news allows the investor to recalibrate his knowledge of the market continuously. 
However, if news influences and conveys sentiment, then it may be argued that sentiment 
moves markets (Mitra, diBartolomeo, Banerjee, & Yu, 2011). From behavioural finance, 
it is known that emotions have an intrinsic effect on an individual’s decision-making 
process (Kahneman & Tversky, 1979) (Loewenstein & Lerner, 2003). 
 
Furthermore, there is empirical evidence suggesting that the opinion and beliefs of a 
collective will weigh upon one’s financial decisions (Nofsinger J. , 2005). Therefore, the 
formation of herd behaviour may merely be a consequence of psychological biases. If one’s 
economic outlook is not based solely on research, the result will be ‘gut-driven’ decisions, 
which in turn are augmented by herding behaviours. Thus, the social element of 
interaction may have a considerable impact and lead to a ‘shared emotion or social mood’. 
In this way, group opinion and beliefs will weigh upon one’s financial decisions, which is 
an aggregation of social trends (Nofsinger J. , 2005). 
 
The inference can be made that shared emotion may reflect the intrinsic value of a given 
stock. In other words, shared emotion may be predictive of economic indicators. This 
thesis aims to correlate ex-ante observable sentiment variables that reliably predict ex-
post equity price movement and volume. To this end, an event study is conducted, in 
which social sentiment is investigated as a significant predictor of investor behaviour. 
Twitter is used as a proxy for social sentiment and a total of 10 technology- and service-
based stocks are investigated. These stocks have been selected due to their large share of 
opinions on Twitter. 
 
The study begins by creating filters to select relevant Tweets for the selected companies; 
to this end, various filtering approaches are applied, such as using the stock symbol as a 
variable. Next, the Tweets are processed via natural language processing to turn 
qualitative data into quantitative data. The base for the dictionary is a combination of 
Tetlock’s Harvard negative word list combined in addition to Loughran and McDonald’s 
open source master dictionary combined with the AFINN affective lexicon by Finn Årup 
Nielsen (Loughran & McDonald, 2011) (Tetlock, 2007) (Nielsen, 2011). 
 
A sentiment analysis with predictive analytics is regressed on over 400 different 
equations. The approach used aims to extract relevant features and to construct 
individually robust models for each security and their respective sentiment. Overall, the 
study will look to indicate that Twitter sentiment contains valuable information for 
financial decision-making. 
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1.1 RESEARCH QUESTIONS 
 
Based on the preliminary analyses of freely available Twitter data and past research 
within the field, the following research questions are examined:  
 

• Given a single attention-grabbing stock, can the ex-ante social sentiment reflect 
the ex-post movement of that same stock during a market event? 

• Are there specific users who provide more ‘weight’ to the sentiment of a given 
attention-grabbing stock during a market event? 
 

1.2 HYPOTHESIS 
 
This study evaluates the following hypotheses to answer the previously mentioned 
research questions. 
 
H1: The herd serves as a reliable reflector of financial market movement. 
 
The sentiment regarding a stock can be used to predict the movement of the stock during 
earnings season. In other words, the causality of sentiment and stock market movements 
are examined. 
 
H1A: The ex-ante sentiment regarding a stock can be used to predict the return direction 
of the given stock ex-post earnings season. 
 

The null hypothesis (H0A) states that there will be no noticeable relationship 
between the sentiment regarding a stock and the overall return movement during 
earnings season. 

 
H1B: The ex-ante sentiment regarding a stock can be used to predict the volume direction 
of the given stock ex-post earnings season. 
 

The null hypothesis (H0B) states that there will be no noticeable relationship 
between the sentiment regarding a stock and the overall volume movement during 
earnings season. 

 
H2: The network’s critical nodes serve as a driver for financial market movement. 
 
Not all Tweets carry equivalent weights of information and therefore communication 
gleaned from a more influential user, or thought leader has a greater influence on the 
financial community.  
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H2A: The ex-ante weighted sentiment regarding a stock can be used to predict the return 
direction of the given stock ex-post earnings season. 
 

The null hypothesis (H0A:) states that there will be no noticeable relationship 
between the weighted sentiment regarding a stock and the overall return 
movement during earnings season. 

 
H2B: The ex-ante weighted sentiment regarding a stock can be used to predict the volume 
direction of the stock ex-post earnings season. 
 

The null hypothesis (H0A) states that there will be no noticeable relationship 
between the weighted sentiment regarding a stock and the overall volume 
movement during earnings season. 

 

1.3 STUDY OVERVIEW 
 
Twitter is used as a proxy to extract social sentiment. The construct of sentiment is built 
upon by integrating previous knowledge with new constraints and data sets. It is built 
as a derivative of Twitter feeds, which are correlated and regressed on the return and 
volume of 10 stocks during their respective Q4 earnings season.  
 
Twitter feeds are extracted through the Twitter public API integrated with Google App 
Spreadsheets Twitter Archiver (Twitter, Streaming APIs Public streams, 2016) 
(Agarwal, 2016). The content is then processed by an adapted version of Mike 
Alexander’s sentiment formula (Alexander, 2016). The function returns a score between 
-1 and 1, based on positively or negatively charged words. 
 
The sentiment categories used are based on standard market nomenclature: 
 

‘Bullish’ for the Tweets with a positive sentiment;  
‘Bearish’ for the Tweets with a negative sentiment; and 
‘Neutral’ for the Tweets with neither positive nor negative sentiment.  

 
Compared to previous studies, the focus is not on social events and their effects on market 
indices, but on the individual stocks and their respective sentiment. The selected period 
of examination is the 2015 Q4 earnings season as it is considered to be one of the busiest 
times of the year for equities. Until the period when earnings reports are released, analysts 
set their guidelines, interpretations, judgements, and framing. This information is then 
heavily publicised and debated and may often have a sizeable role in the performance of 
the corresponding stocks. 
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Finally, robustness checks are performed to account for first-day, second‐day, third-day, 
and fourth-day lagged sentiment. The choice of allowing for various intervals has been 
made to determine the optimal period for predictive power. The table below showcases 
the ten selected stocks and their respective sectors. 
 

Code Earnings 
Release Count Name Sample 

Start Date 
Sample 

End Date Sector 

BBRY 18 Dec 15 1330 BlackBerry 11 Dec 15 25 Dec 15 Technology 
WMT 17 Nov 15 865 Wal-Mart 10 Nov 15 24 Nov 15 Services 
CSCO 12 Nov 15 758 Cisco Systems 05 Nov 15 19 Nov 15 Technology 
HD 17 Nov 15 668 Home Depot 10 Nov 15 24 Nov 15 Services 

TGT 18 Nov 15 644 Target 11 Nov 15 25 Nov 15 Services 
URBN 16 Nov 15 476 Urban Outfitters 09 Nov 15 23 Nov 15 Services 
CRM 18 Nov 15 474 Salesforce.com 11 Nov 15 25 Nov 15 Technology 
COST 08 Dec 15 426 Costco 01 Dec 15 15 Dec 15 Services 
BBY 19 Nov 15 355 Best Buy 12 Nov 15 26 Nov 15 Services 

ADOB 10 Dec 15 329 Adobe Systems 28 Nov 15 22 Dec 15 Technology 

Table 1 Selected Stocks, Tweets Extracted and Interval Dates. 

 

1.4 OUTLINE 
 
This research is comprised of seven sections, the subsequent section, section two will look 
to cover the existing relevant literature for the study at hand. Key economic, behavioural 
and social elements will be elaborated upon to set the scene for the reader. Section three 
covers the research methodology, here it is described how the data was mined from 
Twitter and process to turn text strings into quantifiable variables. Section four models, 
tests and iterates the data into multiple regressions in order to determine causality. 
Section five showcases the results. Section six discusses the contributions, evaluations 
and limitations as well as possible future research. Finally, in section seven the findings 
are concluded. 
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2 LITERATURE REVIEW 

In this literature review, the specific areas of study that are relevant to this thesis are 
highlighted to add context to the research. Scientific knowledge of market efficiency and 
the role of emotions in financial decision-making have changed from an obscure and even 
controversial practice to one that is widely accepted among social scientists today. The 
present literature review aims to cover the theoretical underpinnings of meta-analysis 
and the application of these procedures in relation to how emotions, social mood, and 
social media sentiment influence financial behaviour. In addition, if possible, it aims to 
identify their relationship to equity value. The objective is to analyse the existing 
consensus in order to build upon it with new knowledge. 
 
With the underlying notion that emotions influence financial behaviour, the argument is 
that the collective sentiment of individuals can be a key variable in measuring financial 
trends. The EMH and Rational Choice Theory set the theoretical basis for the functioning 
of capital markets, followed by principal mood-related elements so as to better assess 
collective sentiment. This knowledge will complement existing science on how emotions 
affect trading. This will, in turn, support the argument that social sentiment is a product 
of personality and therefore a driver of financial outcomes. 
 

2.1 THE EMH 
 
As discussed in the introduction, the EMH asserts that the value of an existing equity 
reflects all current, new, and hidden information. At the core of the assumption is the 
principle that economic agents act as rational actors, basing their decisions rationally to 
maximise their interests (Olson, 2006). However, it has been shown by behavioural 
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finance that these same agents often exhibit irrational behaviour that disregards utility 
and emphasises psychological satisfaction (Gao & Schmidt, 2005). 
 
Furthermore, Kahneman and Tversky present a critique of Expected Utility Theory, 
especially when agents make decisions under considerable risk alongside their capacity to 
calibrate results. Under Prospect Theory, agents exhibit behaviours that are inconsistent 
with utility theories, i.e. agents are risk-averse in gains and risk-prone in losses 
(Kahneman & Tversky, 1979).  
 
Dreman identifies other issues presented to traders, such as the existence of information-
overload. This occurs when data pertaining to key market events, both broad and narrow, 
‘overwhelms’ investors alike; too much information may result in decision-making fatigue 
(Dreman, 2004). 
 

2.2 PROSPECT THEORY 
 
As opposed to Utility Theory, Prospect Theory is based on human behaviour. It aims to 
explain the way in which people make decisions when risk is involved. What Kahneman 
and Tversky find is that when given a choice, users behave in ways that are not consistent 
with Utility Theory. Instead, they find that users value gains and losses differently and 
therefore make their decisions based on possible gains as opposed to possible losses 
(Kahneman & Tversky, 1979).  
 

 
 

Figure 2 A hypothetical value function (Kahneman & Tversky, 1979) 
 
They propose the above value function, which has some key characteristics: it is concave 
for gains and convex for losses, and furthermore it is steeper for losses than for gains 
(Kahneman & Tversky, 1979). 
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2.2.1 FRAMING EFFECT 
 
Framing effects are a form of cognitive biases in which, depending on how a choice is 
presented, users will react in different ways. An example can be seen in Prospect Theory 
when a loss or a gain is presented (Plous, 1993). Framing effects can be especially 
dangerous when users are shown only two frames (Druckman, 2001). Users tend to stay 
away from risk when a positive frame is shown but look for risks when a negative frame 
is shown. Framing effects are important when measuring social mood, as influencers may 
often frame their opinions with strong weights, thereby placing pressure on the herd to 
act. 
 

2.2.2 MENTAL ACCOUNTING 
 
Psychological accounting or metal accounting describes the way in which users categorise 
and evaluate economic outcomes (Heath & Soll, 1996). Users frame assets which relate 
to their income, wealth, or future income, and therefore as having effects on their 
consumption, most noticeably on their marginal propensity to consume. Similar to the 
behavioural effects seen in Prospect Theory, users frame transactions subjectively and 
mentally devalue expected utilities. 
 
In the next section, the previously discussed behavioural finance elements will be debated 
in the context of social mood. This should allow the reader to better contextualise 
sentiment and its effect on financial indicators. 
 

2.3 SOCIAL MOOD 
 
Literature in this area has shown that computational indicators of public sentiment may 
also have predictive value of financial market movements, both through the argument of 
social mood as an indicator of market trends and as a driver of these same events (Olson, 
2006). 
 
Nofsinger argues that ‘emotions are correlated across participants and mood determines 
the types of decisions’. The premise of the argument made is that a person’s responses 
are not solely based on independent analysis and that interaction with others is a 
decision-making drive and therefore leads to a collective emotion also known as social 
mood. These social moods, which are merely aggregates of the population’s opinion, are 
often described as social trends. Given that an economy is a sum of its parts, a collective 
trend can result in an economic shift as a product of its internal participants (Nofsinger 
J. , 2005). 
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This notion is highly supported by the importance given to consumer confidence data 
releases, in which the media and analysts alike strive to find meaningful relationships 
between societal mood and economic results (Nofsinger J. , 2005). 
 
Building upon Nofsinger’s notion, if the stock market is a gauge of social mood, then over 
time the stock market should reflect the social mood. Consequently, the present study 
tests for the correlation of social movements reflected in aggregate stock prices. 
 
As it is established that public mood showcases group opinions, the next section will look 
into the individual behavioural elements and biases that investors exert.  
 

2.4 BEHAVIOURAL CHARACTERISTICS AND MARKET 
EFFECTS 
 
Behavioural economics are referenced when evaluating market peculiarities. In the 
following, the three core behavioural components impacting securities exchange variances 
are examined.  
 

2.4.1 OVERCONFIDENCE BIAS 
 
Overconfidence bias or illusory superiority is a bias whereby individuals overestimate 
their abilities. Research has shown that investors overestimate their ability to assess the 
market and to self-measure their success. This lack of “self-reflection” occurs when the 
investor is under the illusion of success from previous returns (Odean, 1998). In a study 
by Montier, fund managers held the illusion of control: 74% of the participants believed 
that they were above average (Montier, 2006). The greatest by-product of overconfidence 
bias is the distortion of risk, which leads to more risk-taking actions (Nofsinger J. , 2005). 
Overconfidence Bias is a core behavioural bias and leads to an increased volume of 
trading (Odean, 1998). 
 

2.4.2 HERD BEHAVIOUR AND THOUGHT LEADERS 
 
An iconic moment in stock markets was that of the internet bubble, a historic speculative 
bubble converging around the year 2000 (Lowenstein, 2004). One of the key 
characteristics of the speculative behaviour of that period was the willingness of investors 
to follow the group consensus or, in other words, to follow the herd.  
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As previously shown, core to the principle of herd behaviours is the readiness of 
individuals to do what others are doing instead of relying on the facts (Banerjee, 1992). 
There are two drivers of herd behaviour. The first driver is influence, which motivates 
users to have a desire to conform to the group in order to fit in (Crutchfield, 1955). The 
second driver is that there is power in numbers; this is also referred to as the common 
rational. The reasoning is ‘how can so many people be wrong?’, causing cascading effects 
(Hirshleifer & Teoh, 2003). 
 
These cascading effects can have astonishing results on the stock markets. However, to 
reach any consensus, thought leaders must be present. The opinions generated by the 
thought leaders biassed as they may be, carry weight among the herd. 
 
People use an informational reference in two different ways. The first way is to search 
actively for information from thought leaders or amongst a collective group with the 
appropriate expertise. The second is to make inferences by observing the behaviour of 
significant others, i.e. partners (Park & Lessig, 1977). 
 
When combining overconfidence, herd behaviour, and opinion leaders together, social 
media has the capacity to augment all of them simultaneously (Kryzhanovska, 2012). In 
the subsequent section context will be given to social media and microblogging activity 
on Twitter, this element is a key proxy within the equation and should, therefore, be 
covered in depth. 
 

2.5 SOCIAL MEDIA AND TWITTER 
 
With the growth of the internet of things, studies have emerged analysing Twitter and 
its ability to predict trends. Initial research regarding the predictive capabilities of 
Twitter by simple sentiment analysis has found significant mood correlation around key 
social, political, cultural, and economic events (Mao, Pepe, & Bollen, 2011).  
 
Bollen, Mao, and Zang investigated whether public sentiment extracted through Twitter 
was correlated with or predictive of economic indicators (Bollen, Mao, & Zeng, 2011). 
The collective mood construct was extracted from Twitter feeds, which were then 
correlated to economic indicators. Not all moods displayed within the Twitter messages 
had equal influence in determining equity returns. Furthermore, the study found that 
Twitter had a three- to four-day lag period on the Dow Jones Industrial Average. With 
an accuracy of 87.6%, Bollen and his team were able to predict up-and-down daily 
changes in the closing values of the Dow Jones Industrial Average (Bollen, Mao, & Zeng, 
2011). 
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The predictability of Twitter as measured by Bollen et al. focused on highly polarising 
political events during which opinions were actively discussed. Only extremes were tested, 
allowing for further research on social-cultural-financial events such as earnings season, 
scheduled data releases, and critical announcements.  
 
Further studies on social content and sentiment include Schumaker and Chen’s showcase 
of predictive machine learning for economic news article analysis (Schumaker & Chen, 
2008). Ruiz et al. study on the correlation of financial time series and microblogging 
activity and Zang et al. research on predicting market indicators through Twitter (Ruiz, 
Hristidis, Castillo, & Gionis, 2012) (Zhang, Fuehres, & Gloor, 2011). 
 
Weng et al. focused on influencers and their respective weights. Furthermore, Chen et 
al. find, when assessing the predictive power of social content on equity values, that not 
all content is created equal, and showcase the importance of thought leaders (Weng, Lim, 
Jiang, & He, 2010). Influencer rank is an important metric to take into account, as 
content contributors who enjoy greater success will attract a larger following thus 
influencing a wider net  (Chen, De, Hu, & Hwang, 2014). This thesis will look to build 
upon the existing knowledge and predictive power of influencer opinions.  
 
A final note should be made on the predictive capabilities of search engine volumes of 
stock market prices. By crawling information stored in Yahoo!’s search engine metadata, 
Bordino et al. find a positive correlation between today’s equity-related web search traffic 
and tomorrow’s trading volume (Bordino, et al., 2012). Furthermore, Mao et al. conduct 
a comprehensive analysis on the possibility of market prediction though survey, news, 
Twitter, and search engine data. By analysing a range of online data sets and sentiment 
tracking methods, they can compare the real strength in financial prediction on a range 
of elements, chiefly the Dow Jones Industrial Average (DJIA), trading volumes, CBOE 
Volatility Index (VIX), and the price of gold. Their conclusions are that traditional 
surveys lag behind indicators of the financial markets. Moreover, Google analysis on 
market search queries demonstrates positive predictive power. Furthermore, lagged 
Twitter analyses are also found to be strong indicators of daily market log return, in 
other words, Twitter has the capacity to predict market movements up to four days prior 
to an event (Mao, Counts, & Bollen, 2011). 
 

2.6 LITERATURE REVIEW SUMMARY 
 
This study examines the empirical relationships between measures of investor social mood 
and financial outcomes. The understanding is that a greater appreciation of the use of 
social mood should lead to a greater ability to understand financial behaviours and 
trends. 
 



PAGE 13 
	

Similarly, to techniques used by Bollen et al., the text content of daily Twitter feeds is 
analysed using a single sentiment analysis tool, which allows for measurements on a 
positive versus negative mood scale. A key difference in the analysis presented in this 
thesis is that it does not limit itself to high mood events, but also applies the existing 
theory to earnings season.  
 
Finally, in the literature, it is unclear which mood indicators constructed from the various 
sources can reflect and indicate investor-triggered signals. In other words, it is unclear 
which constructs allow for the best predictive power. 
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3 RESEARCH 
METHODOLOGY 

The ‘sine qua non’ of this thesis is to explore the use of automated content collection and 
to determine sentiment from microblogging activity and its predictive capacity. 
Moreover, this thesis investigates the individual weights of the influencers and therefore 
measures their weighted contributions to determine if there is a parallel between returns 
and influence.  
 
The research methodology will cover how the data was extracted and processed to be 
made ready for statistical data handling. Decisions on stock selection are discussed, and 
the reader is guided through the natural language processing and text qualification 
methods employed. 
 

3.1 DATA SOURCES AND DATA EXTRACTION 
 
The various data sources are covered, from both a server and a library perspective. The 
data extraction will also be discussed to prepare for data migration. 
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3.1.1 TWITTER DATA 
 
The Twitter API was used as it allows for low latency across the global data stream 
(Twitter, Streaming APIs Public streams, 2016). In this study, all selected queries and 
necessary messages were pushed automatically into a Google sheet by implementing a 
stream. With support from the Twitter Archiver, the application fired each time a new 
Tweet was found that matched the defined search query (Agarwal, 2016).  
 
Open API Tweets were recorded from November 1 to December 31, 2015 (7,462 Tweets). 
For every Tweet recorded, the following metrics were extracted: Date, Screen Name, Full 
Name, Tweet Text, Tweet ID, App, Followers, Follows, Retweets, Favourites, Verified, 
User Since, Location, Bio, Profile Image, and Google Maps GPS Location. 
 
After the expulsion of stop-words and accentuation, all Tweets were aggregated and 
submitted on the same date. Only Tweets that contained the English language were 
examined, and spam, news, and promoted content were excluded by the removal of 
‘HTTP’, ‘HTTPS’, and ‘WWW’.  
 
Content selected was restricted to $cashtags. Cashtags were used to identify financial 
instruments, as they are composed of the company ticker preceded by the ‘$’ symbol, 
allowing for unnecessary social noise to be omitted. 
 

3.1.2 STOCK SELECTION 
 
Financial experts are net consumers of ‘attention-grabbing stocks’, which are equities 
that have high trading volume and exposure. As investors have limited attention, they 
can only research certain stocks; therefore, those with media exposure take a front seat 
for investors (Barber & Odean, 2008). 
 
Ten attention-grabbing stocks from two sectors, service and technology, were selected for 
the experiment2. These single stocks were chosen because they have a substantial posting 
volume on Twitter due to their attention-grabbing profile. This provides a larger sample 
and is thus potentially more indicative of investors’ sentiment regarding these securities. 
For each stock, Twitter’s publicly available API data were retrieved, as well as stock 
market data from Yahoo Finance (Yahoo, 2016). It should be noted that Twitter only 
allows around 5% of public data extraction from its API. 
 
The stock market variables considered here are daily returns. Price and volume data were 
collected from Yahoo Finance. Market returns measure changes in the asset value. The 

																																																								
2 BBRY (BlackBerry), WMT (Wal-Mart), CSCO (Cisco Systems), HD (Home Depot), TGT (Target), URBN 
(Urban Outfitters), CRM (Salesforce.com), COST (Costco), BBY (Best Buy) and ADOB (Adobe Systems). 
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adjusted close prices were used to calculate returns. The adjusted close price is the official 
closing price adjusted for capital actions and dividends. 
  

3.1.3 LEXICON AND SENTIMENT  
 
Twitter streams arrive as text-based, unstructured, qualitative data. Their main feature 
is that they are non-numeric, and thus do not facilitate quick data processing the way 
that quantitative data do. However, Tweets may contain information about the effect 
and possible causes of an event. Therefore, in order to be used alongside trading systems 
in this study, the information had to be converted into a quantitative series. Three 
lexicons were used, the Loughran and McDonald Sentiment Word Lists, which includes 
the Harvard negative word list, and the AFINN affective lexicon by Finn Årup Nielsen 
(Loughran & McDonald, 2011) (Nielsen, 2011). 
 
LOUGHRAN AND MCDONALD SENTIMENT WORD LISTS 
 
Loughran and McDonald Sentiment Word Lists focus on financial applications. The word 
list was relevant to this study as it identifies common words in financial texts that are 
usually misclassified. Furthermore it includes Tetlock’s Harvard negative word list 
(Tetlock, 2007) (Loughran & McDonald, 2011). 
 
AFINN AFFECTIVE LEXICON 
 
AFINN is a list of English words that were rated by Finn Årup Nielsen manually for 
valence with an integer between -5 (negative) and +5 (positive) (Nielsen, 2011). The 
word list was used under an ODbL license3. 
 

3.1.4 TEXT QUANTIFICATION 
 
The text was quantified with a home-grown Excel-based sentiment analysis tool, where 
each string was processed for either a positive or a negative charge. The home-grown 
sentiment tool used a simple scoring system: With ‘+1’ representing positive, ‘0’ neutral 
and ‘-1’ negative. 
 

																																																								
3 The Open Database License (ODbL) is a license which permits users to share, modify and use freely the 
database in question (International, 2016). 
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3.2 RESEARCH METHODOLOGY SUMMARY 
 
The research methodology covered the data extraction and processing through the 
Twitter API and with the support of the Twitter Archiver. The ten selected stocks were 
discussed and the lexicon selection procedure which combined three key dictionaries was 
reviewed. Finally, the text was qualified with the Excel based processing tool to allocate 
negative or positive charges to the content.  
 
The following section will review the data modelling; the sentiment functions will be 
discoursed as well as the market returns and volume variables. Further, the event study 
equations will be modelled and presented. The final section within the data modelling 
section will cover the proposed regression models which will incorporate the model 
assumptions, sentiment functions and the event study equations. 
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4 DATA MODELLING 

Data modelling is essential when designing the research equations as it allows the 
conceptualization and visualization of the iterative steps. To ensure the best model 
specification the models are built on existing literature. 
 

4.1 EXCEL SENTIMENT FUNCTION 
 
The function used was a derivative of the formula created by Mike Alexander and returns 
a single value for a string of text (Alexander, Bacon Bits - Downloads, 2016). It was 
modified to return a score between -1 and 1 as opposed to -5 and 5 based on positively 
or negatively charged words. 
 
Scoring is based on a combination list of words from the AFINN affective lexicon and 
the Loughran and McDonald Sentiment Word Lists. 
 

Get Sentiment Value =  Sentiment Score
Word Count  

Equation 1 Get Sentiment Value 

 

4.2 SENTIMENT INDICATORS 
 
There are many different ways in which Bull and Bear sentiments may be aggregated 
into a single measure, for the purpose of this thesis two distinct models were selected.  
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4.2.1 BULLISHNESS EQUATION 
 
One of the most commonly used measures of ‘bullishness’ was first proposed by Antweiler 
and Frank (Antweiler & Frank, 2004). The equation below accounts for the number of 
Tweets expressing a particular sentiment; it is an aggregation function and homogenous 
of a degree between 0 and 1. 
 

Bullishnesst = Bt = ln 1 + NBull
1 + NBear

 

Equation 2 Bullishness Equation 

 
Where 
 
NBull is the number of positive Tweets on day t and NBear is the number of negative 
Tweets on day t. 
 

4.2.2 TWITTER INVESTOR SENTIMENT 
 
Mao et al. propose the Twitter Investor Sentiment (TIS) formula. The construct is 
simple: A Tweet is bullish if it contains a positive weight, and bearish if it contains a 
negative weight. The calculation is done on a daily basis. 
 

Twitter Investor Sentiment = TISt = NBull
NBull + NBear

 

Equation 3 Twitter Investor Sentiment 

 
Where 
 
NBull is the number of positive Tweets on day t and NBear is the number of negative 
Tweets on day t. 
 

4.3 MARKET RETURNS 
 
The historical price of each equity was downloaded from Yahoo! Finance and collected 
daily, from Monday to Friday. The adjusted close price was used to calculate each 
security’s return, which is equal to the daily percentage change in price.  
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Market returns Rt were computed as follows by using the following formula and as per 
literature consensus (Oliveira, Cortez, & Areal, 2013). 
 

Rit  = ln Pit − ln Pit−1  
Equation 4 Market Returns 

 
Where  
 
Pit is the adjusted close price of security i on day t; and 
Pit−1 is the adjusted close price of security i on day t-1. 
 
Furthermore, given that there are no returns on the weekends but that we nonetheless 
have sentiment, the average of the Friday and Monday values were taken as the base 
values for Saturday and Sunday. Below is the equation used to calculate weekend values. 
 

RSaturday = RSunday  =
RFriday + RMonday

2  

Equation 5 Weekend Returns 

 

4.4 VOLUME VARIABLES 
 
The historical volume of each equity was downloaded from Yahoo! Finance and collected 
daily from Monday to Friday. Single stock volumes VOLt were computed as following 
by using the given formula and as per the market returns. 
 

VOLit  = ln Vit − ln Vit−1  
Equation 6 Volume Variables 

 
Where 
  
Vit is the volume of security i on day t; and 
Vit−1 is the volume of security i on day t-1. 
 
Moreover, given that there is no trading over the weekends, the average of the Friday 
and Monday values were taken as the base values for Saturday and Sunday. Below is the 
equation for weekend values. 
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VOLSaturday = VOLSunday  =
VOLFriday + VOLMonday

2  

Equation 7 Weekend Volumes 

 

4.5 EVENT STUDIES 
 
A way of understanding how new information impacts stocks returns is to conduct an 
event study and measure its returns when the incident occurs. Event studies examine the 
return of a given single stock, or index, ex-ante and ex-post a given announcement.  
 

4.5.1 IDENTIFICATION OF THE EVENT 
 
The first step is to identify the given event and its exact date. For the purpose of this 
thesis, earnings announcements of 10 given equities for Q4 2016 were measured as an 
event study. Not all announcements are made on the same day. 
 
To conduct an event study, the security being measured must be assessed against a 
benchmark. The benchmark is usually the return that the security would otherwise have 
achieved had the event not occurred. There are three principle event study measures: 
The mean-adjusted, market-adjusted, and market- and risk-adjusted event models; all 
three models are discussed below (Schweitzer, 1989). 
 

4.5.1.1 THE MEAN-ADJUSTED RETURN MODEL 

 
ARjt = Rjt − Rj 

Equation 8 The Mean-Adjusted Return Model 

Where 
 
ARjt is the abnormal return on the security of firm j in the period t; 
Rjt is the observed return on the security of firm j in the period t; and 
Rj is the mean return for the security of firm j over a given sample period. 
 
The mean-adjusted method includes the assumption that the expected returns for a given 
equity are constant and equal to the historical average return, and therefore changes that 
deviate from the mean are considered abnormal returns (Schweitzer, 1989). 
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4.5.1.2 MARKET-ADJUSTED RETURN MODEL 

 
ARjt = Rjt − Rmt 

Equation 9 Market-Adjusted Return Model 

 
Where 
 
Rmt is the return on the market portfolio in period t. 
 
It is assumed that the abnormal returns are those that are above market return. In other 
words, the abnormal return is the difference between the security and the market returns 
(Schweitzer, 1989). 
 

4.5.1.3 MARKET- AND RISK-ADJUSTED RETURN MODEL 

 
Rjt = α + βRmt + εjt 

Equation 10 Market- and Risk-Adjusted Return Model 

 
Where 
 
α, β are regression parameters; and 
εjt is the error term for the period t. 
 
The consensus in the literature is that the market- and risk-adjusted return model 
provides superior results. Therefore, this model was selected for the present study 
(Binder, 1998). 
 

4.6 REGRESSION MODELS 
 
A regression model was examined to assess the relationship between the daily return and 
the sentiment variables. The aim was to determine whether the slacked variables of 
sentiment had any relation with the daily returns. This approach is similar to that of 
previous works (Sprenger & Welpe, 2010) (Counts, Mao, & Bollen, 2011) (Bollen, Mao, 
& Zeng, 2011). 
 

y = f x1, … , xn = β0 + βixi

n

i=1
 

Equation 11 Simple Regression 
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Where 
 
y  is the dependent variable in the regression model and the daily return of each respective 
security; 
xi are the independent variables (total of n inputs) or the lagged sentiment variables; 
and 
β0, … , βn are the set of parameters to be adjusted by applying a least squares algorithm. 
 
If an association is observed, this suggests that returns lag behind ex-post sentiment 
movements, and thus that sentiment has an ex-ante predictive property over returns. A 
linear regression was chosen because it is not only an easy to interpret model, but it also 
allows for quick variable alteration, meaning that many combinations can be tested 
(Oliveira, Cortez, & Areal, 2013). 
 

4.6.1 ABNORMAL RETURNS MODELLED AS REGRESSION COEFFICIENTS 
 
The event study methodology applied is based on the standard ordinary least squares 
(OLS) regression model. The market- and risk-adjusted model was chosen, and instead 
of modelling the returns as errors, as per the literature consensus, the regression was 
extended to contain the event period. The event was thus modelled in the equation with 
a dummy variable with the value of 1 on the day of the event, and all other values in 
the same dataset represented as 0 (Binder, 1998). Therefore, the estimation of the 
equation was parameterised within the market model equation. 
 

Rit = α + βRmt + γD + εit 
Equation 12 Regression Modelled with Dummy Variable 

 
Where 
 
γi Is the abnormal return for the security during period t and is directly estimated in the 
selected regression (Binder, 1998). 
 
This method was favoured as it allowed for more robust estimates of the abnormal returns 
around earnings season (Veld-Merkoulova & Viteva, 2015). 
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4.6.2 REGRESSION MODEL ASSUMPTIONS 
 
For the regression model to be true, certain assumptions must be verified; these 
assumptions are presented below (Charry, Demoulin, & Coussement, 2012). 
 
Causality: The linear regression acts under the assumption that a causal relationship 
exists between the regressor and regressand variables.  
 
Model specification: The model must include all of the relevant variables in order to be 
correctly specified. 
 
Linear in parameters: The equations should be linear in parameters so that the explained 
variable may be calculated as a linear function of a set of explanatory variables. This 
may require the inclusion of polynomial or logarithmic variations on a variable. 
 
The sample should be sufficiently expansive: The sample must comprise n-paired 
elements that are randomly selected from a given population. Furthermore, the amount 
of observations should be greater than that of the estimated parameters, n > k. Finally, 
the explanatory variables are non-stochastic with fixed values. 
 
No presence of multicollinearity: There is no exact or perfect relationship among the 
independent variables. It is important to avoid perfect collinearity as this could adversely 
affect not only the quality but also the direction of the independent variables. 
 
Residuals must respect the following characteristics. 
 

Normality: The error term must have a normal distribution. 
 
Independent and identically distributed: This requires that the error terms 
associated with different observations not be correlated with each other. 
 
Homoscedasticity: This requires the homogeneity of the variance of the errors.  
 
Zero conditional mean: The expected value for the mean of the errors is 0, 
E(U)=0.   

 
Outliers: Special attention should be paid to outliers as they may result in bias on the 
regression estimates. For the purpose of this study, the outliers were not removed as they 
provide valuable information that should be considered in the prediction of the event 
model.  
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4.6.3 LAG APPLICATION TOWARDS SENTIMENT REGRESSION 
 
The literature discusses Twitter’s capacity to reflect general movement up to four days 
before events occurring (Bollen, Mao, & Zeng, 2011). Therefore, lag variables and 
individual lags were included to account for the various day movements.  
 
Dummy lags: Non-zero variables were included to represent the event day, ex-post the 
event and ex-ante the event.  
 
Time series lags: The core experiment was constructed on a (t=0) basis. However the 
data sets were lagged within the robustness analysis to up to four lags (t-1, t-2, t-3, and 
t-4) in order to capture the full relationship between past sentiment and current events. 
 

4.6.4 EQUATION COMPOSITE AND MULTIFACTOR ANALYSIS 
 
The objective is to understand whether Twitter sentiment as a proxy for social mood has 
the ability to reflect market movements on certain securities. In the following section, 
the previous elements described are broken down as components to allow for the single 
equation construction. 
 
We take a multiple linear regression:  
 

yi = α + β1x1 + ⋯ + βixi + ε 
Equation 13 Multiple Linear Regression 

 
We take into account the market model for abnormal returns of each security, where Rit 
represents the return of individual security i at time t and Rmt is the measure of market 
return and is equal to the S&P500 Composite index rate of return. 
 

Rit = αi + βiRmt + uit 
Equation 14 Market Model for Abnormal Returns 

 
Modelling the returns as coefficients, a 0-1 variable is included in the equation to 
represent the single event EventDayit , and  γi is the abnormal return for security i 
during period t. 
 

Rit = αi + βiRmt + γiEventDayit + εit 
Equation 15 Market Model for Abnormal Returns with Event Dummy Variable 
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Ex-ante and ex-post dummy variables are included to probe whether the event 
significantly affects the security before and after it happens.  
 

Rit = αi + βiRmt + γiEventDayit + γiExAnteit + γiExPostit + εit 
Equation 16 Market Model for Abnormal Returns with Event, Ex-Ante and Ex-Post 

Dummy Variables 

 
The sentiment variable is included: 
 

Rit = αi + βiRmt + γiEventDayit + γiExAnteit + γiExPostit + βiSentimentij + εit 
Equation 17 Market Model for Abnormal Returns with Event, Ex-Ante, Ex-Post 

Dummy Variables and Sentiment Variable 

 
Where 
 

Sentimentij = Bulli, TISi   
 
A multifactor model can support the control of market-wide mood developments and 
exogenous influences on single stock returns. Under OLS, the main assumption is that 
the regressors are exogenous to the dependent variables. To prevent this, interactive 
regressors were not included.   
 
The single stock and weighted return equation is as follows: 
 

Rit = αi + βiRmt + γiEventDayit + γiExAnteit + γiExPostit + βiSentimentij + εit 
Equation 17 

 
Where 
 

Sentimentij = Bulli, TISi, BullWeightedi, TISWeightedi   
 
The single stock and weighted volume equation is as follows: 
 

VOLit = αi + βiVOLmt + γiEventDayit + γiExAnteit + γiExPostit + βiSentimentij

+ εit 
Equation 18 A Modified Equation 17 to Model for Volume 

 
Where 
 

Sentimentij = Bulli, TISi, BullWeightedi, TISWeightedi   
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Finally, to test for temporal effects, both Equation 17 and Equation 18 are expanded as 
part of the robustness checks and are therefore lagged up to four days. By adding the 
lags, this should allow the models to capture the full relationship between past sentiment 
and current events. 
 
To facilitate the comprehension of the model and data flow, a flowchart is proposed with 
the iterative steps taken throughout the analysis.  
 
 
 

 
Figure 3 Information Flow and Modelling Architecture 

 

4.7 DATA MODELLING SUMMARY 
 
The models were constructed in a controlled and iterative approach. Starting with simple 
sentiment constructs and carefully adding the return, volume and weighted variables, a 
baseline model was established. Once the baseline model was recognised, the event study 
was constructed to represent all available information. The goal was to create a robust 
multifactor equation composite. The following section describes the results. 
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5 RESULTS 

The results are broken down into three core sections. To start, the correlations are 
analysed, then to assert causality the regressions previously modelled are tested, 
validated and modelled for performance. 
 

5.1 PAIRWISE CORRELATIONS 
 
The Pearson r correlations were run to assess the degree of relationship between the 
dependent and independent variables. The Pearson correlation was selected as it has the 
ability to describe the degree in which two separate variables are related.  
 
The correlations were modelled in order to be able to accurately answer the research 
questions and hypotheses, but it should be noted that the correlations are only the initial 
step: even if all have significant values independently with return and volume, this does 
not necessarily mean that they all add up to collectively better predict the dependent 
variable. 
 
The linear correlation hypothesis is as follows: 
 

HOXY: ρ = 0 
H1XY: ρ ≠ 0 

 
Where X is the security and Y is the correlation variable. 
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X = BBRY, JWN, WMT, CSCO, HD, TGT, URBN, CRM, COST, BBY  
Y = TIS, BULL, VT, VF, ADS  
 
The p-value is examined because it allows for the evaluation of how well the sample 
supports the null hypothesis: A low p-values suggest that the given sample provides 
enough evidence to allow for a rejection of the null hypothesis for the entire population. 
The p-value should also have a given significance level or there is the risk that a Type I 
error may occur. 
 

If the p − value < α, reject H0. Otherwise, do not reject H0. 
 
Research Question 1: Given a single attention-grabbing stock, can the ex-ante social 
sentiment reflect the ex-post movement of that same stock during a market event? 
 
The following examined indicators were correlated with single stock returns and volume: 
Twitter Investor Sentiment (TIS), Bullishness Index (BULL), Volume of Tweets (VT), 
Volume of Followers (VF) and Average Daily Sentiment (ADS). 
 
H1A: The ex-ante sentiment regarding a stock can be used to predict the return direction 
of the given stock ex-post earnings season. 
 

 BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

TIS 0.078 0.133 -0.089 -0.075 0.016 0.361 -0.075 0.059 -0.104 0.07 
BULL 0.038 0.135 -0.18 -0.078 0.027 0.045 -0.064 0.088 -0.024 -0.096 
VT 0.537*** 0.331 -0.593*** 0.755*** -0.048 -0.232 0.713*** -0.25 0.01 -0.845*** 
VF 0.437** 0.145 -0.565*** 0.658*** 0.006 -0.204 0.688*** -0.187 -0.035 -0.828*** 
ADS 0.095 0.051 -0.153 -0.105 0.033 0.253 -0.142 -0.004 -0.035 -0.092 

Table 2 Returns Correlated with Sentiment Variables 

p-value < 0.01: ***, p-value<0.05: **, p-value<0.1 * 
 
The data supports the rejection of the null hypothesis for the VT and for the VF on 
returns for BBRY, COST, WMT, CRM, and CSCO at an alpha of less than 1%. No 
supporting claim can be made with the remaining variables. 
 
H1B: The ex-ante sentiment regarding a stock can be used to predict the volume direction 
of the given stock ex-post earnings season. 
 

 BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

TIS 0.331 0.149 0.043 0.13 -0.323 -0.008 0.067 0.123 -0.035 -0.092 
BULL 0.417** 0.378* 0.093 0.155 -0.196 0.144 0.159 0.014 -0.171 0.112 
VT 0.709*** 0.683*** 0.882*** 0.84*** 0.292 0.919*** 0.891*** 0.743*** -0.201 0.79*** 
VF 0.659*** 0.518*** 0.879*** 0.622*** 0.233 0.892*** 0.865*** 0.58*** -0.116 0.743*** 
ADS 0.357* -0.058 0.051 0.118 -0.222 -0.09 -0.023 0.033 -0.14 0.096 

Table 3 Pearson Correlation Coefficient: Volume Correlated with Sentiment Variables 

p-value < 0.01: ***, p-value<0.05: **, p-value<0.1 * 
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The data supports the rejection of the null hypothesis for the VT and for the VF on 
returns for ADOB, COST, WMT, URBN, CRM, BBY, and CSCO at an alpha of less 
than 1%. No supporting claim can be made with the remaining variables. 
 
Conclusion H1  
 
There was a strong linear correlation for 50% of the stocks when the volume variables 
for followers and Tweets were compared to returns. However, when compared to volume, 
80% of stocks had a significant correlation to the volume variables. No noticeable 
relationship was identified with the TIS, BULL, and ADS variables. 
 
Research Question 2: Are there specific users who provide more ‘weight’ to the sentiment 
of a given attention-grabbing stock during a market event? 
 
The following examined indicators were correlated with single stock volume and returns: 
Volume of Bull Tweets (BuV), Volume of Bear Tweets (BeV), Bullishness Weighted 
(BuW), Twitter Investor Sentiment (TISW), Volume of Bull Followers (BuF) and 
Volume of Bear Followers (BeF). 
 
H2A: The ex-ante weighted sentiment regarding a stock can be used to predict the return 
direction of the given stock ex-post earnings season. 
 

 BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

BUV 0.512** 0.38* -0.64*** 0.661*** -0.54*** -0.225 0.664*** -0.247 0.007 -0.86*** 
BEV 0.516*** 0.41** -0.505** 0.669*** -0.457** -0.247 0.699*** -0.278 -0.069 -0.83*** 
BUW 0.132 -0.071 0.011 0.036 0.216 0.327 0.189 0.157 -0.051 0.099 
TISW 0.257 0.016 0.077 0.112 0.088 0.325 0.261 -0.052 -0.016 -0.028 
BUF 0.404* 0.352* -0.56*** 0.565*** -0.126 -0.228 0.713*** -0.035 0.096 -0.84*** 
BEF 0.547*** 0.366* -0.57*** 0.284 -0.57*** -0.214 -0.419** -0.215 -0.21 -0.81*** 

Table 4 Pearson Correlation Coefficient: Returns Correlated with Weighted Sentiment 
Variables 

p-value < 0.01: ***, p-value<0.05: **, p-value<0.1 * 
 
The data supports the rejection of the null hypothesis for the BUV, BEV, BUF, and 
BEF on returns for BBRY, ADOB, COST, WMT, TGT, CRM, and CSCO at varying 
alphas of less than 10%, 5%, and 1%. No supporting claim can be made with the 
remaining variables. 
 
H2B: The ex-ante weighted sentiment regarding a stock can be used to predict the volume 
direction of the stock ex-post earnings season. 
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 BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

BUV 0.76*** 0.679*** 0.879*** 0.835*** 0.883*** 0.922*** 0.903*** 0.703*** -0.223 0.829*** 
BEV 0.649*** 0.568*** 0.828*** 0.599*** 0.773*** 0.925*** 0.853*** 0.764*** -0.042 0.792*** 
BUW 0.265 -0.028 -0.089 -0.023 -0.164 -0.054 0.053 -0.001 -0.016 -0.069 
TISW 0.369* 0.146 -0.086 0.045 -0.11 0.062 0.174 0.137 -0.004 0.195 
BUF 0.646*** 0.676*** 0.846*** 0.511*** 0.444** 0.884*** 0.876*** 0.397** -0.14 0.766*** 
BEF 0.7*** 0.614*** 0.858*** 0.221 0.913*** 0.913*** 0.214 0.764*** 0.102 0.721*** 

Table 5 Pearson Correlation Coefficient: Volume Correlated with Weighted Sentiment 
Variables 

p-value < 0.01: ***, p-value<0.05: **, p-value<0.1 * 
 
The volume data match the return correlations. However, here one of the sentiment 
indicators TISW was significant at an alpha of 10%. Like the previous analysis, the data 
support the rejection of the null hypothesis for the BUV, BEV, BUF, and BEF, on 
returns for BBRY, ADOB, COST, WMT, TGT, URBN, CRM, BBY, and CSCO at 
varying alphas of less than 10%, 5%, and 1%. No supporting claim can be made with the 
remaining variables. 
 
Conclusion H2 
 
There was a strong linear correlation for 70% of the stocks when the volume variables 
for followers and Tweets were compared to returns. However, when compared to volume, 
90% of stocks had a significant correlation to the volume variables. Apart from one single 
stock expectation, no noticeable relationship was identified with the TISW and BUW. 
 

5.1.1 CORRELATIONS SUMMARY 

 
Both the additive variables and the weighted variables showed relationships with the 
volume metrics, indicating relationships with the amount of Tweets and on the amount 
of followers. However, no inference was made on the sentiment variables. In sum, the 
correlation results confirm that Tweets have some relationship with return and volume, 
however correlation is not indicative of causality, and thus a regression analysis is 
necessary. 
 

5.2 REGRESSION PROBLEM 
 
The objective was to evaluate whether social sentiment can act as a predictor of market 
movements. The dependent variables that were analysed were return and volume, 
whereas the sentiment variables were the independent variables; these were broken down 
into aggregate and weighted sentiment. The regression analysis was used to establish the 
causality among one dependent variable and various independent variables. It also 
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assessed the extent to which the independent variables explained the variation of the 
dependent variables. 
 
Recalling the equations modelled:  
 

Rit = αi + βiRmt + γiEventDayit + γiExAnteit + γiExPostit + βiSentimentij + εit 
Equation 17 

 
Where 
 

Sentimentij = Bulli, TISi, BullWeightedi, TISWeightedi   
 
And 
 
VOLit = αi + βiVOLmt + γiEventDayit + γiExAnteit + γiExPostit + βiSentimentij + εit 

Equation 18 
 
Where 
 

Sentimentij = Bulli, TISi, BullWeightedi, TISWeightedi   
 

5.2.1 HYPOTHESES TESTING 

 
The meaningfulness of the regression can be inferred with the null hypothesis, which 
states that no relationship exists between the regressor and regressand. 
 

c: β1 = ⋯ = βp = 0 
H1: At least one the βi ≠ 0  

 
To test H0 an F Test was performed: the variance explained by the model over the 
variance that is not explained. The F values were assessed in combination with the p-
values. For the regressions, those with p-values lower than 0.05 were rejected, but in 
some instances this was relaxed to include p-values lower than 0.01. However, if the null 
hypothesis is not rejected, then no conclusion can be made regarding the independent 
and dependent variables. Here, the regression analysis is terminated. 
 
In addition to the overall model significance, the independent variables were tested for 
overall model contribution.  
 

H0: βi = 0 
H1: βi ≠ 0  
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In order to determine the significance of the relationship between the regressor and each 
regressand, a t test was performed. This test is used to determine whether the estimated 
factor is significantly different from 0. The t test has a distribution with n-p-1 degrees of 
freedom. Furthermore, as with the model equation for each t-value, the p-values were 
used in order to reject the null hypothesis if the values were lower than the designated 
alpha of 5%. 
 

5.2.2 REGRESSION ASSUMPTIONS 
 
The underlying assumptions of each linear model must be met. 
 

5.2.2.1 CORRELATION OF ESTIMATES 
 
The correlation of estimates showcases the correlations between the parameter estimates, 
and was used to pinpoint multicollinearity issues between the variables. To avoid 
multicollinearity, ideally there should be low correlations between the independent 
variables, thus indicating no propensity for the issue. In case multicollinearity is present, 
decisions on variable triage should be made. 
 

5.2.2.2 TEST FOR HETEROSCEDASTICITY AND ERROR TERM INDEPENDENCE 
 
The test of first- and second-moment specification was used to assess the 
heteroscedasticity and independence of the error terms. 
 

H0: There is evidence of homoscedasticity 
H1: There is evidence of heteroscedasticity 

 
The critical p-value is at an alpha of 5%, and therefore should be lower than 0.05 for the 
null hypothesis to be rejected. 
 

5.2.2.3 NORMALITY OF THE ERROR TERM 
 
The distribution of the residuals was analysed to determine whether the error term was 
normally distributed with a mean equal to 0. If the Kernel distribution follows the 
theoretical normal, then the residuals are evaluated as normally distributed.  
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5.2.2.4 HOMOGENEITY ASSUMPTIONS 
 
By looking at the predicted residual, if homoscedasticity is present then no pattern will 
be recognisable. The distribution should be one of points scattered around 0. If the 
residuals funnel or curve around 0, then heteroscedasticity is present.  

 

5.2.2.5 OUTLIER ASSESSMENT 
 
Outliers were respected in this study due to their contributions to the model. The 
following elements were investigated. 
 

• Studentised residual: If these values exceed +2.5 or -2.5 this presents the 
indication of potential outliers in the sample.  

• Cook's D statistics: The measurement used to highlight influential observations. 
• Outlier and leverage: The R-Student plot versus Leverage shows the limits for 

high leverage points. 
• Q-Q plot of residuals: Beneficial to test for the normality of the residuals and to 

identify outliers. The outliers are the points that are far away from the overall 
pattern of points on the 45-degree line. 

• The box plot: Useful for visually classifying likely outliers as they are plotted as 
points on the box plot.  

 

5.3 REGRESSION RESULTS 
 
A total of 400 regressions were run, constructed on 40 different models. Of these same 
regressions, 223 had an F value significant at an α equal to 5%. For brevity, only the 
models with significant sentiment variables will be discussed in this section. 
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5.3.1 THE SINGLE STOCK RETURN EQUATION: BULLISHNESS AS THE 

INDEPENDENT VARIABLE AND RETURN AS THE DEPENDENT VARIABLE  
 
 BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept -0.012 0.013 -0.024*** 0.004 0.01 -0.017 0.028*** 0.007 0.004 -0.017 
(0.015) (0.012) (0.008) (0.005) (0.008) (0.018) (0.006) (0.013) (0.01) (0.013) 

R.SPY 1.942*** 1.074*** 0.556** 0.922*** 1.453*** 1.526 1.104*** 0.671 1.12** 1.866** 
(0.531) (0.327) (0.258) (0.284) (0.505) (1.039) (0.381) (0.58) (0.488) (0.757) 

Event 0.144*** -0.033 0.039** 0.031*** -0.079*** -0.029 -0.044*** -0.024 0.005 0.045** 
(0.025) (0.02) (0.014) (0.008) (0.016) (0.032) (0.012) (0.019) (0.014) (0.017) 

Ex-Ante 
0.018 -0.014 0.027*** -0.004 -0.014 -0.002 -0.029*** -0.018 -0.007 0.019 

(0.016) (0.012) (0.009) (0.006) (0.008) (0.02) (0.006) (0.015) (0.011) (0.012) 

Ex-Post 0.012 -0.016 0.026** -0.007 -0.008 0.027 -0.029*** -0.001 0.001 0.012 
(0.016) (0.012) (0.009) (0.005) (0.008) (0.019) (0.006) (0.013) (0.01) (0.014) 

Bull 0.003 0.004 -0.002 0 0.001 -0.003 0.001 -0.004 -0.006* -0.001 
(0.007) (0.005) (0.003) (0.002) (0.003) (0.008) (0.002) (0.004) (0.003) (0.006) 

F Value 7.77*** 2.5* 3.82** 13.04*** 6.28*** 2.79* 6.23*** 2.33* 2.85** 3.16* 
R-S 68% 40% 50% 78% 62% 48% 62% 38% 44% 59% 
R MSE 0,020 0,014 0,011 0,006 0,010 0,024 0,008 0,015 0,010 0,013 

Table 6 The Single Stock Return Equation 

p-value < 0.01: ***, p-value<0.05: **, p-value<0.1 * 
 

5.3.1.1 MODEL SPECIFICATION 
 
Table 6 indicates the significance of the linear regression for the 10 single stocks and their 
respective regressions. The F values were used to test the null hypothesis 𝑯D  that none 
of variables within the model significantly impact the dependent variable (return). The 
associated F values were between 2.33 and 13.04 with p-values all smaller than 0.1, 
providing strong evidence that at least one parameter estimate within the 10 regressions 
was different from 0. 
 
The coefficient of determination (R-S) is used to assess the ‘goodness-of-fit’ of the 
estimated regression equation. The standard assessment is that the higher the R-square 
value is, the better the regression model is, with above 70% considered as a good fit 
model. In Table 6 only BBRY and WMT approximate these levels. Nevertheless, as this 
is a model attempting to explain user sentiment within social sciences, it is acceptable to 
have a lower level R-squared due to challenges in specification (Thomson Learning, 2016). 
 

5.3.1.2 PARAMETER ESTIMATES 
 
The table indicates the estimates of the 10 initial regression models. The respective 
standard error and p-value are reported for each coefficient. The primary independent 
variable of interest is the sentiment variable followed by the event dummies. Only HD 
stock presented the Bull variable as significantly different from 0 α = 10% . Conversely, 
the event variables were not significant for HD but rather for BBRY, COST, WMT, and 
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CSCO, which presented significant positive values. This indicates that when there were 
earnings events, returns increased. On the other hand, for TGT and CRM, with their 
negative sign, the return decreased. 
 
Further analysing the HD model, the tolerance and variance inflation were used to 
determine multicollinearity. A tolerance value of less than 0.20 or a variance inflation 
index of more than S indicates a multicollinearity problem. In this case, the values of 
both the Ex-Ante and Ex-Post statistics indicate multicollinearity and lack of good model 
specification. 
 
With assessment of the Bullish aggregate model, none of the parameter estimates may 
be used for the prediction purpose of sentiment.  
 

5.3.2 THE SINGLE STOCK RETURN WEIGHTED EQUATION: WEIGHTED 

BULLISHNESS AS THE INDEPENDENT VARIABLE AND RETURN AS THE 

DEPENDENT VARIABLE 
 
 BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept -0.01 0.017 -0.025*** 0.005 0.01 -0.021 0.028*** 0.003 -0.003 -0.02 
(0.014) (0.011) (0.008) (0.005) (0.007) (0.018) (0.006) (0.012) (0.01) (0.012) 

R.SPY 1.899*** 1.101*** 0.598** 0.856*** 1.432*** 1.731 0.958** 0.737 1.065* 1.854** 
(0.536) (0.333) (0.25) (0.265) (0.473) (1.08) (0.391) (0.586) (0.516) (0.751) 

Event 0.143*** -0.028 0.04** 0.029*** -0.077*** -0.033 -0.043*** -0.023 0.002 0.046** 
(0.025) (0.02) (0.014) (0.007) (0.015) (0.031) (0.012) (0.019) (0.014) (0.017) 

Ex-Ante 0.018 -0.016 0.028*** -0.007 -0.013 0.001 -0.03*** -0.014 -0.002 0.019 
(0.016) (0.012) (0.009) (0.006) (0.008) (0.02) (0.006) (0.014) (0.011) (0.012) 

Ex-Post 0.012 -0.016 0.027** -0.009 -0.009 0.024 -0.03*** 0.002 0.005 0.012 
(0.016) (0.012) (0.009) (0.005) (0.008) (0.02) (0.006) (0.013) (0.01) (0.013) 

Bull*w 0.001 0 0 0.001 0 0.001 0 0 -0.001 0 
(0.001) (0.001) (0.001) (0) (0.001) (0.002) (0) (0.001) (0.001) (0.001) 

F Value 7.75*** 2.29* 3.79** 15.11*** 6.41*** 2.79* 6.74*** 2.16 2.14 3.22** 
R-Square 68% 38% 50% 81% 63% 48% 64% 36% 37% 59% 
RMSE 0,020 0,014 0,011 0,005 0,010 0,024 0,008 0,015 0,011 0,013 

Table 7 The Single Stock Return Weighted Equation: Weighted Bullishness as the 
Independent Variable and Return as the Dependent Variable 

p-value < 0.01: ***, p-value<0.05: **, p-value<0.1 * 
 

5.3.2.1 MODEL SPECIFICATION 

 
The Table 7 indicates the significance of the linear regression for the 10 single stocks in 
the initial regression. The associated F values were between 2.14 and 15.11, with eight 
of the models being significant at an α = 10%. For the eight regressions, the results 
suggest that at least one parameter estimate within the 10 regressions was different from 
0. WMT and BBRY presented solid R-squared values, at 81% and 68%, respectively.  
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5.3.2.2 PARAMETER ESTIMATES 

 
As previously mentioned, the independent variable of interest was the sentiment. 
However, as none of the sentiment variables were significant, the evaluation of the model 
was terminated, and rejected as insufficient information.  
 

5.3.3 THE SINGLE STOCK VOLUME EQUATION: BULLISHNESS AS THE 

INDEPENDENT VARIABLE AND VOLUME AS THE DEPENDENT VARIABLE 
 
 BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 0.071 0.068 0.53** -0.219 -0.488* 0.23 0.403** -0.473** 0.273 0.647*** 
(0.353) (0.244) (0.227) (0.224) (0.242) (0.248) (0.154) (0.216) (0.171) (0.189) 

LN(VSPY) 0.207 0.591** 0.96*** 0.465* 0.42* 0.163 0.381** 0.462** 0.284* 0.324 
(0.327) (0.215) (0.226) (0.226) (0.225) (0.28) (0.144) (0.183) (0.143) (0.259) 

Event 
1.243* 0.749* -0.448 0.938** 1.486*** -0.205 -0.073 1.391*** -0.119 -0.59* 
(0.612) (0.408) (0.393) (0.4) (0.418) (0.421) (0.262) (0.338) (0.244) (0.287) 

Ex-Ante 
0.011 0.086 -0.591** 0.448* 0.566** -0.019 -0.387** 0.559** -0.297 -0.554*** 

(0.379) (0.236) (0.247) (0.257) (0.263) (0.268) (0.165) (0.232) (0.174) (0.168) 

Ex-Post -0.213 -0.064 -0.73*** 0.25 0.465* -0.60** -0.51*** 0.378* -0.162 -0.682*** 
(0.367) (0.247) (0.251) (0.247) (0.256) (0.262) (0.165) (0.21) (0.162) (0.169) 

Bull -0.03 -0.116 0.171* -0.121 0.009 0.163 0.016 0.064 -0.132** -0.085 
(0.16) (0.095) (0.089) (0.097) (0.09) (0.103) (0.059) (0.078) (0.062) (0.089) 

F Value 2.18* 3.82** 6.84*** 2.26* 3.83** 2.95** 3.61** 4.29*** 2.68* 4.58** 
R-Square 37% 50% 64% 37% 50% 50% 49% 53% 41% 68% 
RMSE 0,473 0,277 0,321 0,316 0,329 0,332 0,212 0,268 0,198 0,206 

Table 8 The Single Stock Volume Equation: Bullishness as the Independent Variable 
and Volume as the Dependent Variable 

p-value < 0.01: ***, p-value<0.05: **, p-value<0.1 * 
 

5.3.3.1 MODEL SPECIFICATION 
 
The associated F values were between 2.18 and 6.84 with p-values all inferior to 0.1, 
providing strong evidence that at least one parameter estimate within the 10 regressions 
was different from 0. Lower level R-squared values were seen, with the highest at 68% 
for CSCO. 
 

5.3.3.2 PARAMETER ESTIMATES 
 
COST and HD presented a Bull variable significantly different from 0 α = 10%  with a 
positive sign for COST and a negative sign for HD. Conversely, the event day variables 
were not significant for either stock.  
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Multicollinearity was assessed for both COST and HD. With all tolerance levels above 
0.20 and the variance inflation index below 5, it can be observed that there is no 
multicollinearity issue. 
 
For COST and HD, parameter estimates may be used for prediction purposes. Therefore, 
based on the estimated regression model, one may forecast volume with support of the 
Bullish sentiment index. 
 

5.3.4 THE SINGLE STOCK VOLUME WEIGHTED EQUATION: WEIGHTED 

BULLISHNESS AS THE INDEPENDENT VARIABLE AND VOLUME AS THE 

DEPENDENT VARIABLE 
 
 BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 0.053 -0.013 0.619** -0.246 -0.483* 0.334 0.408** -0.467** 0.138 0.598*** 
(0.344) (0.225) (0.238) (0.211) (0.238) (0.26) (0.151) (0.199) (0.147) (0.153) 

LN(VSPY) 0.224 0.629*** 1.005*** 0.438** 0.416* 0.049 0.4** 0.513** 0.356** 0.418 
(0.321) (0.211) (0.227) (0.204) (0.238) (0.294) (0.141) (0.186) (0.137) (0.265) 

Event 1.234* 0.798* -0.533 0.921** 1.496*** -0.038 -0.084 1.416*** -0.185 -0.656** 
(0.612) (0.413) (0.406) (0.368) (0.405) (0.442) (0.261) (0.334) (0.247) (0.29) 

Ex-Ante 0.026 0.204 -0.667** 0.463* 0.561** -0.104 -0.394** 0.553** -0.175 -0.549*** 
(0.373) (0.235) (0.255) (0.236) (0.26) (0.286) (0.165) (0.215) (0.158) (0.164) 

Ex-Post -0.219 -0.011 -0.809*** 0.341 0.465* -0.618* -0.52*** 0.346 -0.068 -0.675*** 
(0.367) (0.246) (0.27) (0.24) (0.264) (0.291) (0.167) (0.203) (0.155) (0.166) 

Bull*w 
0.005 -0.022 0.032 -0.053* 0 0.008 0.006 0.014 -0.019* -0.015 

(0.035) (0.016) (0.019) (0.026) (0.02) (0.025) (0.011) (0.013) (0.01) (0.013) 
F Value 2.18* 3.96** 6.44*** 3.05** 3.82** 2.13 3.69** 4.53*** 2.52* 4.88** 
R-Square 37% 51% 63% 45% 50% 42% 49% 54% 40% 69% 
RMSE 0,473 0,275 0,327 0,297 0,330 0,358 0,211 0,264 0,201 0,202 
Table 9 The Single Stock Volume Weighted Equation: Weighted Bullishness as the Independent Variable 

and Volume as the Dependent Variable 

p-value < 0.01: ***, p-value<0.05: **, p-value<0.1 * 
 

5.3.4.1 MODEL SPECIFICATION 
 
The associated F values were between 2.13 and 6.84, with nine p-values inferior to 0.1, 
suggesting that at least one parameter estimate within the nine regressions was different 
from 0. Lower level R-squared values were identified, with the highest at 69% for CSCO. 
 

5.3.4.2 PARAMETER ESTIMATES 
 
WMT presented a weighted Bull variable significantly different from 0 𝜶 = 𝟓% , with 
both the aggregated WMT and the Weighted WMT presented negative signs. The model 
presents an event variable that is significant and positive, indicating that events may 
have an upward influence on volume, whereas sentiment may have a negative one. 
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Multicollinearity was assessed for both WMT, and with all tolerance levels above 0.20 
and the variance inflation index below, 5 it can be observed that there is no 
multicollinearity issue. 
 
For COST and HD, parameter estimates may be used for prediction purposes. Therefore, 
based on the estimated regression model, one may forecast volume with support of the 
Bullish sentiment index. 
 

5.3.5 THE SINGLE STOCK RETURNS EQUATION: TIS AS THE 

INDEPENDENT VARIABLE AND RETURN AS THE DEPENDENT VARIABLE 
 

 BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept -0.009 0.01 -0.034*** 0.004 0.011 -0.024 0.029*** 0.001 -0.007 -0.018 
(0.016) (0.014) (0.009) (0.006) (0.008) (0.017) (0.007) (0.012) (0.009) (0.011) 

R.SPY 1.937*** 0.938** 0.586** 0.905*** 1.39*** 1.633 1.11*** 0.724 1.165** 1.866** 
(0.534) (0.373) (0.226) (0.28) (0.475) (0.984) (0.382) (0.595) (0.496) (0.756) 

Event 0.143*** -0.019 0.041*** 0.032*** -0.076*** -0.03 -0.045*** -0.021 0.004 0.046** 
(0.025) (0.02) (0.013) (0.008) (0.015) (0.03) (0.012) (0.019) (0.014) (0.017) 

Ex-Ante 0.018 -0.01 0.032*** -0.004 -0.014* -0.002 -0.029*** -0.012 -0.002 0.019 
(0.016) (0.014) (0.008) (0.006) (0.008) (0.019) (0.006) (0.013) (0.011) (0.012) 

Ex-Post 0.012 -0.011 0.029*** -0.007 -0.008 0.027 -0.03*** 0.002 0.005 0.012 
(0.016) (0.013) (0.008) (0.005) (0.008) (0.019) (0.007) (0.013) (0.01) (0.013) 

LN(TIS) 0.003 -0.015 -0.013** 0 -0.001 -0.013 0.002 0.001 -0.008 0.004 
(0.015) (0.017) (0.006) (0.004) (0.005) (0.012) (0.005) (0.009) (0.005) (0.022) 

F Value 7.65*** 2.51* 5.51*** 12.99*** 6.23*** 3.22** 6.25*** 2.01 2.69* 3.16* 
R-Square 0,680 0,398 0,592 0,783 0,621 0,518 0,622 0,346 0,428 0,590 
RMSE 0,020 0,014 0,010 0,006 0,010 0,024 0,008 0,015 0,010 0,013 

Table 10 The Single Stock Returns Equation: TIS as the Independent Variable and 
Return as the Dependent Variable 

p-value < 0.01: ***, p-value<0.05: **, p-value<0.1 * 
 

5.3.5.1 MODEL SPECIFICATION 
 
The associated F values were between 2.01 and 12.99 with nine p-values inferior to 0.1, 
suggesting that at least one parameter estimate within the nine regressions was different 
from 0. The highest R-squared value identified was 78% for WMT. 
 

5.3.5.2 PARAMETER ESTIMATES 
 
COST presented a TIS variable significantly different from 0 α = 5%  with a negative 
sign. The model presented all variables as significant and, with an R-squared of 59%, it 
is a robust equation for sentiment. 
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Multicollinearity was assessed for COST, and with all tolerance levels above 0.20 and a 
variance inflation index below 5, it can be observed that there is no multicollinearity 
issue. 
 
Therefore, parameter estimates may be used for prediction purposes for COST. Based on 
the estimated regression model, one may forecast volume with support of the TIS 
sentiment index. 
 

5.3.6 THE SINGLE STOCK WEIGHTED RETURNS EQUATION: WEIGHTED 

TIS AS THE INDEPENDENT VARIABLE AND RETURN AS THE 

DEPENDENT VARIABLE 
 

 BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept -0.009 0.011 -0.04*** 0.009 0.011 -0.02 0.035*** -0.001 -0.004 -0.018 
(0.014) (0.012) (0.008) (0.006) (0.007) (0.017) (0.004) (0.012) (0.01) (0.011) 

R.SPY 1.86*** 0.852** 0.69*** 0.797*** 1.488*** 1.544 0.521* 0.817 1.037* 1.9** 
(0.509) (0.375) (0.198) (0.276) (0.483) (0.987) (0.271) (0.577) (0.533) (0.75) 

Event 0.142*** -0.02 0.054*** 0.027*** -0.08*** -0.034 -0.04*** -0.02 0.002 0.046** 
(0.024) (0.018) (0.012) (0.008) (0.015) (0.03) (0.008) (0.019) (0.015) (0.017) 

Ex-Ante 
0.022 -0.012 0.042*** -0.008 -0.015* -0.005 -0.03*** -0.013 -0.001 0.019 

(0.015) (0.012) (0.008) (0.006) (0.008) (0.019) (0.004) (0.013) (0.012) (0.012) 

Ex-Post 0.014 -0.011 0.037*** -0.011* -0.009 0.026 -0.04*** 0.003 0.005 0.011 
(0.015) (0.012) (0.008) (0.006) (0.008) (0.019) (0.004) (0.012) (0.01) (0.013) 

LN(TIS*w) 0.004 -0.01 -0.01*** 0.002 -0.002 -0.008 0.008*** -0.004 -0.001 0.002 
(0.003) (0.008) (0.002) (0.002) (0.003) (0.007) (0.002) (0.003) (0.001) (0.008) 

F Value 8.89*** 2.76** 8.58*** 14.81*** 6.51*** 3.18** 19.81*** 2.44* 1.87 3.19* 
R-Square 0,712 0,421 0,693 0,804 0,632 0,515 0,839 0,391 0,342 0,592 
RMSE 0,019 0,014 0,009 0,005 0,010 0,024 0,005 0,014 0,011 0,013 

Table 11 The Single Stock Weighted Returns Equation: Weighted TIS as the 
Independent Variable and Return as the Dependent Variable 

p-value < 0.01: ***, p-value<0.05: **, p-value<0.1 * 
 

5.3.6.1 MODEL SPECIFICATION 
 
The associated F values were between 1.87 and 19.81 with nine p-values inferior to 0.1, 
providing evidence that at least one parameter estimate within the nine regressions was 
different from 0. The highest R-squared value was identified at 84% for WMT. 
 

5.3.6.2 PARAMETER ESTIMATES 
 
COST and CRM presented Weighted TIS variables significantly different from 0 
α = 1%  with a negative and positive sign, respectively. The model presented all 

variables as significant, and with an R-squared of 69% and 84%, respectively. 
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Multicollinearity was assessed for COST; however, the Ex-Ante variables presented 
multicollinearity issues, suggesting that the non-weighted model is a better specification. 
Conversely, the CRM model presented tolerance levels above 0.20 and a variance inflation 
index below 5, and it can be observed that there is no multicollinearity issue. 
 
Therefore, parameter estimates may be used for prediction purposes of the CRM results 
on a Weighted TIS sentiment model. 
 

5.3.7 THE SINGLE STOCK VOLUME EQUATION: TIS AS THE 

INDEPENDENT VARIABLE AND VOLUME AS THE DEPENDENT VARIABLE 
 

 BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 0.041 0.017 0.76** -0.394 -0.461* 0.522** 0.443** -0.37* 0.029 0.472*** 
(0.372) (0.254) (0.274) (0.282) (0.242) (0.201) (0.166) (0.193) (0.143) (0.15) 

LN(VSPY) 0.217 0.625** 0.976*** 0.45* 0.423* 0.207 0.378** 0.444** 0.297* 0.318 
(0.322) (0.219) (0.231) (0.227) (0.219) (0.229) (0.142) (0.186) (0.143) (0.252) 

Event 1.238* 0.522 -0.469 0.926** 1.483*** -0.128 -0.079 1.364*** -0.142 -0.612* 
(0.612) (0.411) (0.403) (0.404) (0.406) (0.339) (0.261) (0.338) (0.246) (0.28) 

Ex-Ante 0.017 0.089 -0.701** 0.443 0.562** -0.071 -0.394** 0.495** -0.195 -0.554*** 
(0.378) (0.253) (0.262) (0.262) (0.256) (0.216) (0.166) (0.211) (0.159) (0.163) 

Ex-Post -0.214 -0.09 -0.76*** 0.245 0.463* -0.599** -0.523*** 0.344 -0.083 -0.694*** 
(0.368) (0.26) (0.263) (0.25) (0.255) (0.217) (0.168) (0.208) (0.155) (0.164) 

LN(TIS) -0.033 0.182 0.298 -0.225 0.053 0.449*** 0.065 0.095 -0.195* -0.416 
(0.32) (0.305) (0.185) (0.208) (0.153) (0.138) (0.138) (0.163) (0.097) (0.325) 

F Value 2.18* 3.4** 6.34*** 2.15 3.87** 5.7*** 3.66** 4.15** 2.55* 5** 
R-Square 0,364 0,473 0,625 0,361 0,505 0,655 0,491 0,522 0,402 0,695 
RMSE 0,473 0,285 0,328 0,319 0,329 0,275 0,212 0,270 0,200 0,200 

Table 12 The Single Stock Volume Equation: TIS as the Independent Variable and 
Volume as the Dependent Variable 

p-value < 0.01: ***, p-value<0.05: **, p-value<0.1 * 
 

5.3.7.1 MODEL SPECIFICATION 

 
The associated F values were between 2.15 and 6.34 with nine p-values inferior to 0.1, 
suggesting that at least one parameter estimate within the nine regressions was different 
from 0. The highest R-squared value was seen at 67% for CSCO. 
 

5.3.7.2 PARAMETER ESTIMATES 
 
URBN presented a TIS variable significantly different from 0 α = 1%  with a positive 
sign. However, the event variables were only found to be significant on the Ex-Post 
variables. The URBN model presented tolerance levels above 0.20 and a variance inflation 
index below 5; it can be observed that there is no multicollinearity issue. Therefore, the 
parameter estimates may be used for prediction purposes of the URBN volume on a 
Weighted TIS sentiment model. 
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5.3.8 THE SINGLE STOCK VOLUME WEIGHTED EQUATION: WEIGHTED 

TIS AS THE INDEPENDENT VARIABLE AND VOLUME AS THE 

DEPENDENT VARIABLE 
 
 BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 0.055 -0.041 0.957*** -0.488* -0.473* 0.368 0.419** -0.383* 0.063 0.508*** 
(0.344) (0.236) (0.281) (0.243) (0.234) (0.241) (0.163) (0.19) (0.147) (0.147) 

LN(VSPY) 0.221 0.629** 0.919*** 0.461** 0.441* 0.04 0.394** 0.48** 0.357** 0.441 
(0.32) (0.221) (0.218) (0.203) (0.224) (0.279) (0.143) (0.185) (0.142) (0.277) 

Event 1.237* 0.582 -0.793* 1.05** 1.502*** -0.023 -0.076 1.355*** -0.155 -0.629* 
(0.612) (0.401) (0.406) (0.375) (0.403) (0.42) (0.268) (0.335) (0.254) (0.289) 

Ex-Ante 0.021 0.138 -0.947*** 0.509** 0.578** -0.045 -0.388** 0.504** -0.191 -0.58*** 
(0.382) (0.241) (0.278) (0.239) (0.258) (0.273) (0.167) (0.21) (0.166) (0.168) 

Ex-Post -0.218 -0.056 -0.958*** 0.41 0.467* -0.60** -0.52*** 0.337 -0.081 -0.69*** 
(0.367) (0.256) (0.269) (0.246) (0.254) (0.269) (0.173) (0.206) (0.161) (0.167) 

LN(TIS*w) -0.002 0.015 0.137** -0.181** 0.048 0.136 0.009 0.042 -0.042 -0.147 
(0.078) (0.138) (0.057) (0.083) (0.099) (0.105) (0.056) (0.055) (0.026) (0.133) 

F Value 2.17 3.28** 7.84*** 3.22** 3.92** 2.66* 3.59** 4.25*** 2.13 4.76** 
R-Square 0,364 0,463 0,674 0,459 0,508 0,470 0,486 0,528 0,359 0,684 
RMSE 0,473 0,288 0,306 0,294 0,328 0,341 0,213 0,268 0,207 0,204 

Table 13 The Single Stock Volume Weighted Equation: Weighted TIS as the 
Independent Variable and volume as the Dependent Variable 

p-value < 0.01: ***, p-value<0.05: **, p-value<0.1 * 
 

5.3.8.1 MODEL SPECIFICATION 
 
The associated F values were between 2.13 and 7.84 with eight p-values inferior to 0.1, 
suggesting that at least one parameter estimate within the eight regressions was different 
from 0. The highest R-squared value was at 68% for CSCO. 
 

5.3.8.2 PARAMETER ESTIMATES 
 
COST and WMT presented significant Weighted TIS values different from 0 𝜶 = 𝟓%  
with a positive push for COST and a negative pull on WMT. Both stocks had significant 
event variables. When assessing the tolerance and variance, it is noted that COST 
displays signs of multicollinearity whereas WMT does not. Therefore, the parameter 
estimates may be used for prediction purposes of the WMT volume on a Weighted TIS 
sentiment model. 
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5.3.9 RESULTS OVERVIEW 
 
To assess the results, the initial hypotheses are recalled. Eight regressions were run over 
10 stocks. 
 

  RETURN VOLUME 

H
1:

 T
he

 h
er

d 

B
U

LL
 

H1A−BULL: Return direction on 
BULL 

 

No significance and presenting 
multicollinearity. Thus no sufficient 

evidence to reject the null 
hypothesis. 

H1B−BULL: Volume direction on 
BULL 

 

Significance for COST and HD, 
with a well-specified regression and 

sufficient evidence to reject the 
null hypothesis on COST and HD. 

T
IS

 

H1A−TIS: Return direction on TIS 
 

Great specification for COST, with 
all equation variables significant at 
5% and sufficient evidence to reject 

the null hypothesis for COST. 

H1B−TIS: Volume direction on TIS 
 

Solid specification for URBN, and 
sufficient evidence to reject the 

null hypothesis for URBN. 

H
2:

 T
he

 n
et

w
or

k’
s 

cr
iti

ca
l n

od
es

 

B
U

LL
 

H2A−BULL: Return direction on 
weighted BULL 

 

No significance, with no sufficient 
evidence to reject the null 

hypothesis. 

H2B−BULL: Volume direction on 
weighted BULL 

 

Well-specified model with evidence 
for WMT on all parameters and 

sufficient to reject the null 
hypothesis for WMT. 

T
IS

 

H2A−TIS: Return direction on 
weighted TIS 

 

A good model for CRM, however 
presenting multicollinearity with 
COST. Nevertheless, provides 

sufficient evidence to reject the null 
hypothesis for WMT. 

H2B−TIS: Volume direction on 
weighted TIS 

 

Well-specified model with strong 
evidence for WMT and sufficient 

evidence to reject the null 
hypothesis for WMT. 

Table 14 Initial Hypotheses and High-level results 

 
These linear regressions show that not all equities can be constructed with sentiment 
variables. However, the securities can have a recurring pattern of appearance. The 
sentiment model for TIS appears better to explain the information than the BULL model 
does when referring to returns. However, when assessing volume, TIS and BULL appear 
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to be equally strong. The most easily explained equities are HD, COST, URBN, WMT, 
and CRM, of which COST and WMT are the most important. 

5.4 ROBUSTNESS CHECKS 
 
As an exercise in this empirical study, robustness checks were conducted to ascertain 
how the core regression would react when elements were added or removed. In the 
literature, there have been significant findings on lagged variables of sentiment (Bollen, 
Mao, & Zeng, 2011). Lags were added from t-1 to t-4 in this study. 
 
A total of 320 robustness equations were run, of which 170 were significant at 5%, and 
84 were significant with the sentiment variables at 5%. When cross-validating the 
resulting models, there were 22 significant sentiment models with 30 significant 
regressions. Subsequently, after applying the normal procedures to test for equation 
validations, a total of 27 well-specified regressions remained. Full results can be found in 
the Appendix. 
 

5.4.1 ROOT MEAN SQUARE ERROR (RMSE) 
 
To measure the quality of the models and therefore their respective predictions, the Root 
Mean Squared Error (RMSE) was used to benchmark and compare them. This supported 
the evaluation of the lag models, as the RMSE measures the overall ‘closeness’ of model 
performance (Yi, 2009). 
 
A fixed window was kept with +12 days on either side of the event for a total of 25 
observed days; this ensures model robustness. These values were rolled to reflect the lags. 
As a baseline, the market- and risk-adjusted return model equation was used. 
 

5.4.1.1 RETURN MODEL AND MRSE TABLE 
	

Rit = αi + βiRmt + γiEventDayit + εit 
Equation 15 Modelled for Baseline 

 
t BBRY COST WMT TGT URBN CRM BBY HD Regression Regression 

M0 0.01459 0.01346 0.00562 0.01064 0.02578 0.01142 0.01535 0.01042 - - 
0 0.01987 0.01029 0.00569 0.01043 0.0236 0.00833 0.0149 0.01006 TIS Aggregate 
0 0.01886 0.00892 0.0054 0.01028 0.02367 0.00543 0.01437 0.01079 TIS Weighted 
-2 0.01682 0.01218 0.00587 0.01046 0.0269 0.00887 0.01455 0.00943 TIS Aggregate 
-2 0.01946 0.01115 0.00592 0.00874 0.02651 0.0087 0.01449 0.00945 TIS Weighted 
-3 0.01518 0.01328 0.00636 0.00806 0.02378 0.00945 0.01266 0.00964 TIS Weighted 
-4 0.02014 0.01438 0.15311 0.01292 0.02064 0.01021 0.01562 0.01071 BULL Weighted 
-4 0.02015 0.01406 0.00667 0.01029 0.02121 0.00921 0.01363 0.01073 TIS Weighted 

Table 15 MRSE for Lagged Regression with Sentiment Variables 
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5.4.1.2 VOLUME MODEL AND MRSE TABLE 
	

VOLit = αi + βiVOLmt + γiEventDayit + εit 
Equation 19 Modelled from Equation 15 and Adapted to fit Volume Requirements 

 
t BBRY COST WMT TGT URBN CRM BBY HD Regression Regression 

M0 0.45656 0.29553 0.32404 0.34254 0.41361 0.24320 0.28648 0.20969   
0 0.47267 0.3205 0.316 0.32945 0.33244 0.21237 0.2676 0.19837 BULL Aggregate 
0 0.47297 0.3283 0.31901 0.32852 0.27483 0.21156 0.26989 0.20042 TIS Aggregate 
0 0.47309 0.30639 0.29363 0.32751 0.34066 0.21266 0.26822 0.20742 TIS Weighted 
-1 0.47313 0.32123 0.17 0.332 0.38241 0.21322 0.2847 0.2332 BULL Aggregate 
-1 0.47607 0.29379 0.17016 0.33724 0.37079 0.21536 0.28564 0.23229 BULL Weighted 
-1 0.47632 0.3186 0.16733 0.33494 0.38457 0.21666 0.27685 0.23328 TIS Weighted 
-2 0.45165 0.37453 0.14858 0.3489 0.3846 0.21872 0.2395 0.19384 BULL Aggregate 
-2 0.51822 0.3871 0.14692 0.36026 0.40314 0.22081 0.22358 0.195 BULL Weighted 
-3 0.53209 0.35267 0.15898 0.34775 0.41575 0.22245 0.26194 0.15921 TIS Aggregate 
-3 0.39306 0.34989 0.15917 0.33033 0.43 0.2196 0.26208 0.15965 TIS Weighted 
-4 0.53371 0.37852 0.15311 0.34582 0.46713 0.19733 0.33796 0.12741 BULL Aggregate 
-4 0.56257 0.37953 0.17195 0.34689 0.47314 0.19448 0.33917 0.11786 BULL Weighted 
-4 0.54058 0.38124 0.16352 0.3307 0.45658 0.18733 0.25495 0.13484 TIS Aggregate 
-4 0.53845 0.37361 0.17205 0.34724 0.45426 0.20586 0.22862 0.11378 TIS Weighted 

Table 16 MRSE Results for Lagged Variables Modelled on Volume 

 

5.4.1.3 RMSE RESULTS AND SUMMARY 
 

The above tables present the baseline (M0) and resultant outputs from the RMSE. The 
objective of the RMSE was to evaluate the predictive capacity of the models. Thus, a 
choice was made only to select following for the RMSE analysis: Firstly, statistically 
significant equations and secondly, equations with significant sentiment variables at the 
designated alpha (α=5%). 
 
An analysis of Table 15 and Table 16 reveals that the baseline is outperformed by the 
sentiment variables on 50% of the stocks amongst the return models. In other words, 
when measuring return around an event, by adding sentiment variables to the model 
50% of securities found improved predictive results over the baseline model (the M0 event 
model). Comparatively, when measuring volume, 70% of the securities were improved by 
adding sentiment variables to the equation. These results highlight that sentiment can 
support models as it provides investors with information which they would otherwise not 
have. 
 
With reference the to the RMSE tables the green values highlight the optimal values 
that outperform the baseline model, the red values highlight those that only 
outperformed, and the blue highlight the suboptimal values with statistical significance 
that did not outperform the baseline model. For returns, a total of eight models 
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outperformed the baseline, and for volume, a total of 14 models outperformed the 
baseline.  
 
For the return values, significant models that outperformed the baseline were constructed 
with COST at lag 0, TGT at lag-3, URBN at lag-4, and CRM at lag 0. It should be 
noted that COST had predictive power at lag-2. However, lag-2 was not the optimal 
solution. Comparatively for volume, BBRY at lag-3, COST at lag-1, URBN at lag-0, 
CRM at lag-4, BBY at lag-2 with the optimal, but feasible solutions were also seen at 
BBY lag-3 and BBY lag-4, and finally HD at lag-0.   
 
The good performance of the baseline models combined with the well specified and 
statistically significant models make a strong argument in favour of rejecting the null 
hypothesis for both the collective mood (the herd) and especially for the weighted 
sentiment (the influencers). Of note is that the retail-based equities are found to have 
predictive power of up to four lags prior to earnings announcements. In summation, by 
adding the lags to the models, interesting relationships arise, which if assessed soon 
enough can provide investors with a strong competitive advantage.  
 
The next section will cover the relevant discussions relating to the thesis in its entirety. 
It will look to showcase contributions made by this research to the literature, evaluate 
results and highlight potential limitations which can be developed in future research. 
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6 DISCUSSION 

The discussion will look at the contributions made to the field of behavioural finance, 
the evaluation and potential future research. Here any qualifications or reservations are 
aired. 
 

6.1 CONTRIBUTION 
 
This thesis represents a contribution to the existing social sentiment and behavioural 
finance literature. 
 
SENTIMENT CLASSIFIERS 
 
There are two existing market sentiment measures: classifier- and dictionary-based 
measures (Antweiler & Frank, 2004). Instead of selecting a single method, this study 
attempts to take the standard methods and compare them critically. It is found that 
message bullishness can help predict market volume. However, they have limited power 
when predicting returns. Comparatively Bollen et al.’ TIS model was also used but was 
adjusted with logarithmically transformed variables. This allowed the non-linear 
relationships to be managed effectively and therefore resulted in greater predictive power 
when compared to the Bullishness model. 
 
STOCK SELECTION 
 
Most of the research focuses on either index stocks (i.e. DJIA) or technology-based 
attention-grabbing stocks (Barber & Odean, 2008). Conversely, the present study uses a 
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mix of service and technology stocks, and it was found that the retail securities provided 
the strongest validations to the sentiment based models. 
 
PERIOD SELECTION 
 
Current social mood literature is conducted around polarising mood days, such as 
Thanksgiving and general elections (Bollen, Mao, & Zeng, 2011). However, the present 
event study aims to take social sentiment closer to market events and focuses on earnings 
season. 
 

6.2 EVALUATION AND FUTURE RESEARCH 
 
In this section, the study limitations are discussed, and future research methods are 
postulated. Whilst this research merely skims the surface, future analysis may be 
developed within a range of studies. 
 
AMBIGUITY OF THE DATA 
 
Investors are in general contrary to ambiguity and uncertainty (Mao, Counts, & Bollen, 
Quantifying the effect of online bullishness on international financial markets, 2015). 
Therefore, for social indicators to play a significant role in the “financial toolkit” they 
need to be computationally dependable and precise, but above all, they should reduce 
risk as opposed to increasing it. 
 
CAUSALITY 
 
Whilst the study showed promising predictive power between Twitter sentiment variables 
and stock market activities it is not uniform to all equities and therefore does not offer 
universal causality. 
 
Furthermore, there are some philosophical and socio-economic questions that should be 
answered as they create a circular causality. Are traders upset because equities are down 
or are equities down because traders were upset? The traditional approach is that the 
market reacts to government and economic activities, however, social mood is quick to 
be rationalised by the markets and therefore this, in turn, determines legislation and 
economic activities. Future research should look to answer this chicken and egg dilemma 
faced by social scientists. 
 
INFERENCE ON BIG DATA 
 
To draw causal inferences from Big Data can often be a challenge. As was stated in the 
study overview, the Twitter feeds were extracted through the Twitter Public API, a total 
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of 7,462 tweets were extracted which represent a sample of 5% of the real volume 
(149,240). Future research should look to have full access to the Twitter Firehose API 
(Twitter, Firehouse, 2016). The development of a novel sentiment framework with full 
API access and combined with machine learning and experimental design could prove 
successful in the betterment of the existing mood models. 
 
Furthermore, for the scope of this thesis misinformation may have occurred due to issues 
with the data sampling, in other words, the 7,462 tweets analysed may not completely 
reflect the actual picture.  
 
GEOGRAPHY AND LINGUISTICS	
 
The tweets collected were limited to English language tweets. Language and geography 
might be important components to consider since US stocks are not only traded but 
affected the world over. Therefore, to avoid sampling errors, future research should 
consider the addition of location and linguistics to features. 
 
LIMITED TO A SINGLE SOCIAL PLATFORM 
 
This thesis was conducted with only data from Twitter, and no alternative social pulse 
was collected. The mindset of the user on one social platform varies greatly, not only 
because information is presented in a different way (i.e. Twitter is limited to 140 
characters whereas Facebook is limited to circa 60.000 characters) (Kelly, 2011). This 
different content caters to different users and therefore different online personalities 
(Correa, Hinsley, & Zúñiga, 2010). Expanding the research to include alternative streams 
such as Facebook and LinkedIn will result in higher quality sentiment variables as they 
will account for different social personalities (Bollen, Mao, & Zeng, 2011). 
 
Furthermore, as information is published in different ways on different platforms, certain 
environments might be more prone to breed herding behaviours, future research with 
alternative platforms could look into answering questions around irrational decision 
making and noise trading. 
 
ADDITIONAL CLASSIFICATION 
 
The current study looks to identify three key mood states, bullish, bearish and neutral. 
Complex regressions with additions physiological metrics would add strength to the 
global model. 
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6.3 SUMMARY OF DISCUSSION 
 
Even though the technology used in this thesis is still relatively rudimentary, and has no 
capacity to outperform a seasoned trader, the ground work has been done for future 
research. Social analytics is still in its early days, and as the research becomes more 
critical to investors, it is not unreasonable to estimate that there will be eventually 
models sophisticated enough to quantify and relate the social pulse with extreme 
precision. Needless to say, social analytics systems will continue to grow possibly reaching 
the point where they will surpass human performance. 
 
The next section will cover the conclusion of the thesis; it will look to evaluate the final 
decisions and opinions made throughout the research. It is a summation of the final 
thoughts and comments.  
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7 CONCLUSION 

Bob Shiller controversially claimed in his 1984 paper that the Efficient Market Hypothesis 
(EMH) was “one of the most remarkable errors in the history of economic thought”. 
Perhaps he was trying to quib at the “old-guard professors” or more conceivably to voice 
his economic views. Regardless, by the crash of 1987, the notion that stock prices were 
more volatile than the economic fundamentals started to gain ground, and come the early 
2000s with the burst of the tech bubble many had changed their minds on the EMH 
(Shiller, 1984). 
 
Fast forward to today, 32 years later, and the efficiency of the markets is still a relevant 
debate. However today it is a science fully in and of its own. Behavioural finance looks 
to explain these anomalies and to shed light on behaviours that traditionally could not 
be explained. With the emergence of social media and the growth in user connectivity, 
this creates the perfect breeding ground for collective bias formation. Moreover, it allows 
for the fast proliferation of influencer opinions and resultant heard behaviours.  
 
This thesis worked towards identifying key relationships between Twitter sentiment 
analysis and the short term market performance of individual securities. It is an attempt 
to answer the research questions initially proposed and their respective hypotheses. A 
comprehensive review of the literature was conducted so as to build upon existing 
knowledge, followed by an extensive description of the research methodology and data 
modelling. 
 
With the support of large-scale data collection, this study was able to establish causality 
between social sentiment and financial instruments. The results show that sentiment 
models, both weighted and aggregate, carry causal relationships with equity returns and 
volumes.  
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The key question asked was whether social media might service as a proxy for market 
movements. Of stocks selected only 20% presented with no sentiment effect. Two distinct 
sentiment measures were analysed the Bull model and the TIS model, and it was the TIS 
that presented itself as relevant amongst 65% of the sample population. 
 
The secondary question researched was whether influencer and thought leaders had a 
higher contribution than non-influencers, especially when referring to event models. In 
this study weighted variables had nearly two times4 more significance than their 
respective non-weighted (aggregate) counterparts. 
 
As previously mentioned, volume was also measured as a support to return. According 
to the results presented, sentiment offered a more predictive contribution of a stock’s 
volume as opposed to its return. Trading volume is an interesting metric to observe as it 
can help an investor identify momentum in a stock and therefore confirm a trend. In 
other words, sentiment can improve the forecasts of trading volume, which is useful when 
measuring stock liquidity. 
 
Additionally, robustness checks lags were introduced to proxy how far ex-ante sentiment 
can showcase ex-post market movements. There were different significance levels at 
different lags. However, some securities had significant mood up to four days ahead of 
earning season. Moreover, an interesting pattern that arose was the predictability of the 
retail stocks, COST, URBN and WMT, which all indicated strong causality on their 
social variables. The topic of retail securities and social mood should be explored in future 
research. 
 
Finally, the objective was not to identify price movements but to determine whether 
social media had any ex-post prediction capabilities. This was validated by the results of 
this study. Sentiment should thus be seen as a pulse as it can be indicative of the overall 
market model. Concluding, when investors look to recalibrate their portfolios they might 
find additional value in having a look at the social sentiment variables. 
 

																																																								
4 Influencers were 1.9 times more effective as variables predicting market movements.	
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9 APPENDIX 

Presented is the full list of models created for the robustness checks, listed are the series 
of 320 multiple regression models.  
 
 
 
01B Linear Regression BULL (R) (-1)  	
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.009  0.006  -0.023** 0.004  0.012  -0.022  0.028*** -0.006  -0.004  -0.012  
(0.015) (0.012) (0.009) (0.005) (0.007) (0.018) (0.006) (0.012) (0.01) (0.017) 

R.SPY 
2.016*** 1.241*** 0.653** 0.882*** 1.346** 1.314  1.059** 1.186* 1.362** 2.143* 
(0.567) (0.346) (0.285) (0.296) (0.474) (1.037) (0.395) (0.597) (0.604) (0.96) 

Event 
0.144*** -0.019  0.037** 0.032*** -0.08*** -0.029  -0.04*** -0.021  0.007  0.049** 
(0.026) (0.018) (0.015) (0.008) (0.015) (0.031) (0.012) (0.019) (0.015) (0.02) 

Ex-Ante 
0.017  -0.008  0.026** -0.004  -0.015* -0.002  -0.03*** -0.006  0.001  0.018  

(0.016) (0.012) (0.01) (0.006) (0.008) (0.02) (0.007) (0.013) (0.011) (0.013) 

Ex-Post 
0.01  -0.015  0.025** -0.007  -0.007  0.029  -0.03*** 0.008  0.009  0.01  

(0.017) (0.012) (0.009) (0.006) (0.008) (0.02) (0.007) (0.012) (0.011) (0.015) 

Bsh-1 
0.001  0.008  -0.002  0.001  -0.003  0.005  0  0.003  -0.004  -0.004  

(0.007) (0.005) (0.004) (0.002) (0.003) (0.007) (0.002) (0.004) (0.004) (0.008) 
F Value 7.4*** 2.66* 3.31** 12.54*** 6.6*** 3.19** 6.19*** 3.28** 2.03  2.69* 
R-Square 0,685 0,439 0,494 0,787 0,66 0,551 0,645 0,491 0,374 0,599 
Root MSE 0,02025 0,01375 0,01209 0,00581 0,01034 0,0244 0,00843 0,0138 0,01082 0,01432 

 	 	 	 	 	 	 	 	 	 	
01B Linear Regression Weighted BULL (R) (-1) 
 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.009  0.01  -0.024** 0.004  0.01  -0.016  0.028*** -0.005  -0.007  -0.019  
(0.014) (0.013) (0.009) (0.005) (0.008) (0.018) (0.006) (0.011) (0.01) (0.012) 

R.SPY 
2.034*** 1.182*** 0.606** 0.868*** 1.408*** 1.521  1.022** 1.133* 1.175** 1.861* 
(0.551) (0.385) (0.269) (0.281) (0.481) (1.027) (0.386) (0.608) (0.556) (0.888) 

Event 
0.145*** -0.022  0.037** 0.033*** -0.08*** -0.037  -0.04*** -0.02  0.006  0.045* 
(0.025) (0.019) (0.016) (0.008) (0.015) (0.032) (0.012) (0.019) (0.016) (0.021) 

Ex-Ante 
0.016  -0.013  0.026** -0.005  -0.013  -0.007  -0.03*** -0.007  0.003  0.019  

(0.016) (0.012) (0.01) (0.006) (0.008) (0.02) (0.006) (0.013) (0.012) (0.013) 

Ex-Post 
0.011  -0.014  0.025** -0.008  -0.004  0.019  -0.03*** 0.007  0.009  0.01  

(0.016) (0.013) (0.01) (0.006) (0.009) (0.023) (0.006) (0.013) (0.011) (0.015) 
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Bsh*w-1 
-0.001  0.001  0  0  -0.001  0.001  0  0  0  0  
(0.001) (0.001) (0.001) (0.001) (0.001) (0.002) (0) (0.001) (0.001) (0.001) 

F Value 7.93*** 2.02  3.23** 13.29*** 6.28*** 3.24** 6.45*** 3.24** 1.89  2.56  
R-Square 0,7 0,373 0,487 0,796 0,649 0,555 0,655 0,488 0,357 0,587 
Root MSE 0,01977 0,01454 0,01216 0,00567 0,01051 0,02429 0,00832 0,01385 0,01096 0,01453 

 	 	 	 	 	 	 	 	 	 	
01B Linear Regression BULL (V) (-1)  	
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
0.042  -0.096  0.464* -0.21  -0.443* 0.328  0.402** -0.42* 0.059  0.393* 

(0.344) (0.271) (0.229) (0.127) (0.243) (0.277) (0.152) (0.209) (0.181) (0.203) 

L(VSPY) 
0.159  0.478* 1.059*** 0.532*** 0.378  0.024  0.393** 0.456** 0.392** 0.446  

(0.329) (0.258) (0.225) (0.131) (0.237) (0.325) (0.158) (0.196) (0.16) (0.309) 

Event 
1.357** 0.553  -0.232  0.823*** 1.48*** -0.04  -0.058  1.275*** -0.156  -0.697* 
(0.619) (0.415) (0.402) (0.228) (0.409) (0.472) (0.262) (0.377) (0.286) (0.332) 

Ex-Ante 
0.066  0.131  -0.52* 0.208  0.513* -0.115  -0.404** 0.505** -0.117  -0.538** 

(0.378) (0.266) (0.251) (0.133) (0.264) (0.305) (0.172) (0.229) (0.192) (0.181) 

Ex-Post 
-0.044  -0.077  -0.73*** 0.191  0.471* -0.606* -0.55*** 0.336  -0.045  -0.76*** 
(0.387) (0.268) (0.251) (0.133) (0.26) (0.306) (0.169) (0.221) (0.181) (0.188) 

Bsh-1 
-0.194  0.082  0.22** 0.013  -0.08  0.046  0.047  0.053  0.007  0.125  
(0.161) (0.097) (0.095) (0.06) (0.085) (0.108) (0.063) (0.091) (0.067) (0.114) 

F Value 2.26* 2.22* 6.98*** 7.56*** 3.67** 1.65  3.61** 3.66** 1.26  4.2** 
R-Square 0,399 0,395 0,672 0,69 0,519 0,388 0,515 0,519 0,27 0,7 
Root MSE 0,47313 0,28343 0,32123 0,17 0,332 0,38241 0,21322 0,2847 0,2332 0,21903 

 	 	 	 	 	 	 	 	 	 	
01B Linear Regression BULL Weighted (V) (-1) 
 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
0.063  -0.063  0.419* -0.203  -0.514* 0.407  0.399** -0.405* 0.075  0.509*** 

(0.347) (0.276) (0.211) (0.121) (0.244) (0.267) (0.154) (0.205) (0.166) (0.146) 

L(VSPY) 
0.213  0.49* 1.074*** 0.525*** 0.348  -0.013  0.371** 0.463** 0.386** 0.515  

(0.332) (0.262) (0.206) (0.129) (0.237) (0.317) (0.155) (0.197) (0.16) (0.29) 

Event 1.258* 0.538  -0.011  0.81*** 1.548*** -0.156  -0.045  1.302*** -0.174  -0.864** 
(0.618) (0.421) (0.383) (0.217) (0.421) (0.469) (0.267) (0.37) (0.289) (0.339) 

Ex-Ante 
0.019  0.094  -0.437* 0.208  0.579** -0.204  -0.378** 0.488** -0.138  -0.62*** 
(0.38) (0.262) (0.233) (0.134) (0.266) (0.301) (0.169) (0.225) (0.185) (0.175) 

Ex-Post 
-0.163  -0.06  -0.71*** 0.185  0.528* -0.79** -0.54*** 0.325  -0.068  -0.83*** 
(0.374) (0.277) (0.228) (0.134) (0.297) (0.351) (0.169) (0.223) (0.189) (0.184) 

Bsh*w-1 
-0.039  0.01  0.057*** 0.002  -0.011  0.027  0.006  0.007  0.005  0.027  
(0.036) (0.017) (0.018) (0.017) (0.02) (0.026) (0.013) (0.014) (0.012) (0.016) 

F Value 2.19  2.1  9.01*** 7.54*** 3.45** 1.92  3.47** 3.62** 1.29  5.15** 
R-Square 0,392 0,381 0,726 0,689 0,504 0,425 0,505 0,516 0,276 0,741 
Root MSE 0,47607 0,28666 0,29379 0,17016 0,33724 0,37079 0,21536 0,28564 0,23229 0,20354 

 	 	 	 	 	 	 	 	 	 	
01T Linear Regression TIS (R) (-1)  	 	
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.011  0.016  -0.03*** 0.005  0.01  -0.018  0.027*** -0.003  -0.006  -0.016  
(0.018) (0.011) (0.009) (0.006) (0.007) (0.017) (0.007) (0.012) (0.011) (0.013) 

R.SPY 
2.032*** 1.026*** 0.673** 0.871*** 1.359** 1.185  1.104** 1.193* 1.135* 1.715* 
(0.568) (0.339) (0.274) (0.288) (0.477) (1.065) (0.395) (0.603) (0.61) (0.865) 

Event 0.145*** -0.017  0.034** 0.033*** -0.08*** -0.024  -0.04*** -0.018  0.004  0.041* 
(0.026) (0.02) (0.015) (0.008) (0.015) (0.032) (0.012) (0.019) (0.016) (0.02) 

Ex-Ante 
0.017  -0.013  0.027*** -0.005  -0.016* 0.001  -0.03*** -0.008  0.001  0.019  

(0.016) (0.012) (0.009) (0.006) (0.008) (0.02) (0.007) (0.013) (0.012) (0.013) 

Ex-Post 
0.011  -0.014  0.025** -0.007  -0.009  0.033  -0.03*** 0.008  0.007  0.01  

(0.017) (0.012) (0.009) (0.006) (0.008) (0.02) (0.007) (0.012) (0.011) (0.015) 

L(TIS)-1 
-0.002  0.02  -0.007  0.003  -0.005  0.011  -0.002  0.004  -0.002  0.014  
(0.014) (0.02) (0.008) (0.004) (0.005) (0.013) (0.006) (0.008) (0.006) (0.029) 

F Value 7.41*** 2.1  3.52** 12.82*** 6.46*** 3.22** 6.28*** 3.15** 1.73  2.68* 
R-Square 0,685 0,382 0,509 0,79 0,655 0,553 0,649 0,481 0,338 0,598 
Root MSE 0,02024 0,01444 0,0119 0,00576 0,01041 0,02434 0,00839 0,01394 0,01112 0,01433 
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01T Linear Regression Weighted TIS (R) (-1)  
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.012  0.016  -0.024** 0.005  0.01  -0.019  0.029*** -0.004  -0.016  -0.027* 
(0.014) (0.011) (0.009) (0.005) (0.007) (0.018) (0.006) (0.011) (0.012) (0.014) 

R.SPY 
2.1*** 1.027*** 0.614** 0.885*** 1.397*** 1.435  1.098** 1.199* 1.478** 1.761** 
(0.527) (0.34) (0.27) (0.29) (0.478) (1.053) (0.39) (0.579) (0.589) (0.778) 

Event 0.147*** -0.024  0.034  0.033*** -0.08*** -0.031  -0.04*** -0.016  0.014  0.052** 
(0.024) (0.019) (0.021) (0.009) (0.015) (0.032) (0.012) (0.018) (0.016) (0.019) 

Ex-Ante 
0.012  -0.013  0.026** -0.004  -0.015* -0.003  -0.03*** -0.005  0.01  0.023  

(0.015) (0.012) (0.01) (0.006) (0.008) (0.021) (0.007) (0.013) (0.013) (0.013) 

Ex-Post 0.01  -0.016  0.024** -0.007  -0.008  0.029  -0.03*** 0.009  0.015  0.018  
(0.015) (0.012) (0.01) (0.006) (0.008) (0.02) (0.007) (0.012) (0.012) (0.016) 

L(TIS*w)-1 
-0.005  0.007  -0.001  0.001  -0.003  0.001  0.001  0.003  -0.002  -0.011  
(0.003) (0.007) (0.003) (0.002) (0.003) (0.008) (0.002) (0.003) (0.002) (0.01) 

F Value 9.07*** 2.07  3.25** 12.59*** 6.38*** 2.93* 6.29*** 3.67** 2.34* 3.12* 
R-Square 0,727 0,379 0,489 0,787 0,652 0,53 0,649 0,519 0,408 0,634 
Root MSE 0,01884 0,01447 0,01214 0,0058 0,01046 0,02497 0,00838 0,01342 0,01052 0,01368 

 	 	 	 	 	 	 	 	 	 	
01T Linear Regression TIS (V) (-1)  	 	
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.157  0  0.69** -0.184  -0.491* 0.355  0.492** -0.437* 0.076  0.622*** 
(0.426) (0.241) (0.27) (0.132) (0.243) (0.273) (0.178) (0.212) (0.168) (0.189) 

L(VSPY) 
0.177  0.545** 1.083*** 0.543*** 0.324  0.041  0.34** 0.459** 0.391** 0.365  

(0.336) (0.254) (0.245) (0.139) (0.247) (0.325) (0.15) (0.195) (0.16) (0.296) 

Event 1.332* 0.387  -0.225  0.84*** 1.532*** -0.045  -0.054  1.397*** -0.157  -0.677* 
(0.632) (0.433) (0.446) (0.239) (0.426) (0.482) (0.26) (0.361) (0.286) (0.344) 

Ex-Ante 
0.066  0.049  -0.624** 0.208  0.584* -0.127  -0.419** 0.466** -0.112  -0.557** 

(0.387) (0.253) (0.271) (0.133) (0.278) (0.32) (0.173) (0.22) (0.185) (0.187) 

Ex-Post 
-0.07  -0.11  -0.701** 0.196  0.466  -0.591* -0.57*** 0.359  -0.046  -0.75*** 
(0.4) (0.268) (0.271) (0.134) (0.27) (0.312) (0.173) (0.222) (0.18) (0.193) 

L(TIS)-1 
-0.275  -0.311  0.324  0.044  0.052  0.012  0.137  -0.119  0.034  0.37  
(0.327) (0.395) (0.225) (0.137) (0.173) (0.198) (0.148) (0.172) (0.115) (0.43) 

F Value 2.03  2.19  5.47*** 7.59*** 3.36** 1.59  3.72** 3.72** 1.28  3.93** 
R-Square 0,374 0,392 0,617 0,691 0,497 0,38 0,523 0,522 0,273 0,686 
Root MSE 0,48304 0,28422 0,34749 0,16974 0,33949 0,38506 0,21148 0,2836 0,23268 0,22422 

 	 	 	 	 	 	 	 	 	 	
01T Linear Regression TIS Weighted (V) (-1)  
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.001  -0.014  0.563** -0.183  -0.49* 0.357  0.407** -0.396* 0.066  0.756*** 
(0.349) (0.244) (0.226) (0.121) (0.239) (0.273) (0.157) (0.196) (0.188) (0.165) 

L(VSPY) 
0.22  0.57** 1.167*** 0.571*** 0.274  0.031  0.355** 0.517** 0.392** 0.212  

(0.333) (0.263) (0.229) (0.133) (0.253) (0.328) (0.153) (0.197) (0.16) (0.242) 

Event 1.257* 0.522  0.53  0.923*** 1.518*** -0.051  -0.056  1.375*** -0.154  -0.722** 
(0.618) (0.414) (0.557) (0.258) (0.412) (0.474) (0.281) (0.346) (0.299) (0.27) 

Ex-Ante 
-0.047  0.062  -0.542** 0.22  0.61** -0.119  -0.371** 0.41* -0.123  -0.66*** 
(0.387) (0.254) (0.248) (0.131) (0.271) (0.313) (0.17) (0.22) (0.188) (0.164) 

Ex-Post 
-0.181  -0.073  -0.552** 0.187  0.458* -0.595* -0.53*** 0.343  -0.045  -0.92*** 
(0.374) (0.27) (0.251) (0.13) (0.261) (0.307) (0.17) (0.214) (0.192) (0.182) 

L(TIS*w)-1 
-0.087  -0.102  0.187** 0.049  0.082  0.024  0.004  -0.068  0  0.312* 
(0.079) (0.148) (0.079) (0.063) (0.11) (0.123) (0.059) (0.059) (0.03) (0.138) 

F Value 2.18  2.14  7.15*** 7.91*** 3.54** 1.6  3.39** 4.07** 1.25  6.48*** 
R-Square 0,391 0,387 0,678 0,699 0,51 0,381 0,499 0,545 0,269 0,783 
Root MSE 0,47632 0,28544 0,3186 0,16733 0,33494 0,38457 0,21666 0,27685 0,23328 0,18641 

 	 	 	 	 	 	 	 	 	 	
02B Linear Regression BULL (R) (-2)  	
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 
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Intercept 
0  0.014  -0.024** 0.004  0.01  -0.019  0.029*** -0.002  -0.008  -0.05** 

(0.012) (0.012) (0.009) (0.006) (0.008) (0.019) (0.007) (0.012) (0.009) (0.018) 

R.SPY 
2.586*** 1.089*** 0.608* 0.895*** 1.53*** 1.446  1.136** 0.895  1.336** 2.124** 
(0.459) (0.369) (0.291) (0.303) (0.513) (1.139) (0.438) (0.7) (0.479) (0.631) 

Event 
0.136*** -0.027  0.039** 0.032*** -0.08*** -0.033  -0.05*** -0.017  0.006  0.063*** 
(0.02) (0.02) (0.016) (0.009) (0.016) (0.035) (0.014) (0.019) (0.013) (0.016) 

Ex-Ante 
0.011  -0.015  0.026** -0.003  -0.013  -0.005  -0.03*** -0.012  0.007  0.036** 

(0.012) (0.013) (0.01) (0.007) (0.009) (0.022) (0.007) (0.014) (0.01) (0.013) 

Ex-Post 0.016  -0.021  0.024** -0.005  -0.01  0.031  -0.03*** 0.009  0.008  0.015  
(0.013) (0.015) (0.01) (0.006) (0.009) (0.022) (0.007) (0.013) (0.01) (0.013) 

Bsh-2 
-0.02*** 0.005  -0.001  -0.001  0.004  -0.002  -0.001  -0.004  -0.001  0.016* 
(0.006) (0.006) (0.004) (0.002) (0.003) (0.008) (0.003) (0.005) (0.003) (0.007) 

F Value 15.04*** 1.8  2.8* 11.56*** 5.96*** 2.43  5.45*** 3.19** 2.29* 5.89** 
R-Square 0,834 0,375 0,483 0,794 0,665 0,525 0,645 0,515 0,433 0,808 
Root MSE 0,01541 0,01545 0,01291 0,00597 0,0109 0,02685 0,0089 0,01421 0,00942 0,01085 

 	 	 	 	 	 	 	 	 	 	
02B Linear Regression Weighted BULL (R) (-2) 
 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.006  0.015  -0.025** 0.004  0.01  -0.019  0.03*** -0.002  -0.009  -0.029  
(0.014) (0.013) (0.009) (0.005) (0.008) (0.019) (0.006) (0.012) (0.009) (0.017) 

R.SPY 
2.331*** 1.034** 0.654** 0.892*** 1.539*** 1.416  1.157** 0.958  1.39** 2.209** 
(0.551) (0.372) (0.3) (0.299) (0.499) (1.144) (0.409) (0.683) (0.486) (0.772) 

Event 
0.146*** -0.026  0.041** 0.032*** -0.07*** -0.035  -0.05*** -0.017  0.005  0.062** 
(0.024) (0.02) (0.016) (0.008) (0.016) (0.036) (0.013) (0.019) (0.013) (0.022) 

Ex-Ante 
0.015  -0.015  0.027** -0.004  -0.013  -0.005  -0.03*** -0.012  0.009  0.026  

(0.015) (0.013) (0.01) (0.007) (0.008) (0.022) (0.007) (0.014) (0.011) (0.015) 

Ex-Post 
0.012  -0.016  0.026** -0.006  -0.011  0.031  -0.03*** 0.009  0.009  0.011  

(0.015) (0.013) (0.011) (0.006) (0.009) (0.023) (0.007) (0.013) (0.009) (0.016) 

Bsh*w-2 
-0.002  0  -0.001  0  0.001  -0.001  -0.001  -0.001  0  0.001  
(0.002) (0.001) (0.001) (0.001) (0.001) (0.002) (0.001) (0.001) (0.001) (0.001) 

F Value 9.13*** 1.62  2.93** 11.68*** 6.38*** 2.45  5.94*** 3.13** 2.38* 3.47* 
R-Square 0,753 0,35 0,494 0,796 0,68 0,526 0,664 0,511 0,442 0,713 
Root MSE 0,01879 0,01576 0,01277 0,00594 0,01065 0,02682 0,00865 0,01427 0,00934 0,01328 

 	 	 	 	 	 	 	 	 	 	
02B Linear Regression BULL (V) (-2)  	
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
0.159  0.064  0.571* -0.189* -0.473* 0.38  0.471** -0.405** 0.04  1.056*** 

(0.335) (0.271) (0.268) (0.108) (0.25) (0.273) (0.166) (0.17) (0.138) (0.277) 

L(VSPY) 
0.125  0.503  0.886** 0.327** 0.374  -0.116  0.436** 0.546*** 0.128  0.229  

(0.345) (0.307) (0.313) (0.129) (0.248) (0.379) (0.169) (0.177) (0.164) (0.249) 

Event 
0.973  0.488  -0.405  0.767*** 1.414*** -0.212  -0.164  1.497*** -0.137  -0.765** 

(0.608) (0.457) (0.459) (0.188) (0.437) (0.489) (0.283) (0.304) (0.238) (0.257) 

Ex-Ante 
-0.041  0.049  -0.598* 0.158  0.543* -0.104  -0.381** 0.521** -0.1  -0.79*** 
(0.371) (0.28) (0.297) (0.135) (0.275) (0.308) (0.173) (0.188) (0.152) (0.203) 

Ex-Post 
-0.05  -0.03  -0.639** 0.085  0.52* -0.484  -0.56*** 0.495** -0.143  -0.96*** 

(0.362) (0.318) (0.294) (0.129) (0.283) (0.317) (0.173) (0.197) (0.157) (0.173) 

Bsh-2 
-0.363** -0.076  -0.134  0.056  -0.106  -0.164  -0.078  -0.20*** 0.041  -0.243* 
(0.164) (0.126) (0.132) (0.051) (0.098) (0.124) (0.068) (0.069) (0.055) (0.115) 

F Value 3.18** 1.39  3.99** 7.33*** 3.38** 1.74  3.65** 6.68*** 0.36  7.89*** 
R-Square 0,515 0,316 0,571 0,71 0,53 0,442 0,549 0,69 0,107 0,849 
Root MSE 0,45165 0,30289 0,37453 0,14858 0,3489 0,3846 0,21872 0,2395 0,19384 0,17154 

 	 	 	 	 	 	 	 	 	 	
02B Linear Regression BULL Weighted (V) (-2) 
 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
0.046  15.401*** 0.528* -0.203* -0.483* 0.331  0.459** -0.396** 0.052  0.724** 

(0.379) (0.286) (0.278) (0.105) (0.258) (0.287) (0.166) (0.158) (0.139) (0.258) 

L(VSPY) 
0.124  -7.842  1.026*** 0.363** 0.355  0.102  0.433** 0.48*** 0.127  0.292  

(0.409) (8.333) (0.31) (0.124) (0.256) (0.418) (0.173) (0.161) (0.165) (0.303) 
Event 1.276* 0.034  -0.416  0.797*** 1.454*** 0.106  -0.12  1.465*** -0.093  -0.755* 
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(0.68) (0.459) (0.491) (0.181) (0.462) (0.541) (0.277) (0.282) (0.247) (0.344) 

Ex-Ante 
0.018  -0.57* -0.559* 0.197  0.547* -0.112  -0.401** 0.507** -0.114  -0.623** 

(0.424) (0.295) (0.306) (0.119) (0.285) (0.323) (0.177) (0.175) (0.156) (0.227) 

Ex-Post 
-0.189  -0.13  -0.665* 0.096  0.476  -0.648* -0.56*** 0.503** -0.131  -0.89*** 
(0.409) (0.301) (0.321) (0.122) (0.294) (0.335) (0.174) (0.183) (0.155) (0.226) 

Bsh*w-2 
-0.014  -0.009  0  0.016  -0.009  0.025  -0.015  -0.04*** 0.007  -0.02  
(0.042) (0.021) (0.027) (0.013) (0.022) (0.032) (0.015) (0.01) (0.011) (0.022) 

F Value 1.69  2.23  3.54** 7.57*** 2.98** 1.39  3.53** 8.11*** 0.32  4.96** 
R-Square 0,361 0,427 0,541 0,716 0,499 0,387 0,54 0,73 0,096 0,78 
Root MSE 0,51822 0,35325 0,3871 0,14692 0,36026 0,40314 0,22081 0,22358 0,195 0,20742 

 	 	 	 	 	 	 	 	 	 	
02T Linear Regression TIS (R) (-2)  	 	
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.022  0.011  -0.017  0.001  0.013  -0.018  0.027*** -0.004  -0.009  -0.016  
(0.014) (0.012) (0.01) (0.007) (0.008) (0.019) (0.007) (0.012) (0.01) (0.012) 

R.SPY 
2.541*** 1.037** 0.619** 0.892*** 1.542*** 1.498  1.199** 1.173* 1.327** 2.164** 
(0.504) (0.357) (0.271) (0.294) (0.488) (1.162) (0.471) (0.668) (0.478) (0.827) 

Event 
0.136*** -0.021  0.036** 0.033*** -0.08*** -0.032  -0.05*** -0.016  0.007  0.049** 
(0.022) (0.02) (0.015) (0.009) (0.015) (0.035) (0.015) (0.02) (0.013) (0.019) 

Ex-Ante 
0.013  -0.012  0.024** -0.002  -0.011  -0.004  -0.03*** -0.01  0.007  0.019  

(0.014) (0.013) (0.01) (0.007) (0.008) (0.023) (0.007) (0.015) (0.01) (0.014) 

Ex-Post 
0.016  -0.014  0.022** -0.005  -0.007  0.029  -0.03*** 0.008  0.008  0.005  

(0.014) (0.013) (0.01) (0.006) (0.008) (0.022) (0.007) (0.014) (0.01) (0.016) 

L(TIS)-2 
-0.029** -0.022  0.01  -0.004  0.009  0.003  -0.004  0  -0.002  0.008  
(0.013) (0.02) (0.007) (0.004) (0.005) (0.015) (0.007) (0.01) (0.005) (0.03) 

F Value 12.13*** 1.99  3.52** 12.05*** 6.74*** 2.42  5.51*** 2.9* 2.27  2.84  
R-Square 0,802 0,399 0,54 0,801 0,692 0,524 0,647 0,492 0,431 0,67 
Root MSE 0,01682 0,01515 0,01218 0,00587 0,01046 0,0269 0,00887 0,01455 0,00943 0,01424 

 	 	 	 	 	 	 	 	 	 	
02T Linear Regression Weighted TIS (R) (-2)  
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.008  0.016  -0.011  0.002  0.012* -0.019  0.026*** -0.003  -0.008  -0.016  
(0.014) (0.012) (0.01) (0.006) (0.006) (0.019) (0.007) (0.012) (0.01) (0.012) 

R.SPY 
2.142*** 1.038** 0.581** 0.908*** 1.52*** 1.527  1.1** 1.109  1.329** 2.17** 
(0.568) (0.372) (0.247) (0.301) (0.404) (1.13) (0.403) (0.658) (0.492) (0.831) 

Event 
0.147*** -0.025  0.026* 0.033*** -0.08*** -0.031  -0.04*** -0.017  0.005  0.046  
(0.025) (0.02) (0.015) (0.009) (0.013) (0.034) (0.013) (0.019) (0.014) (0.025) 

Ex-Ante 
0.019  -0.015  0.016  -0.003  -0.008  -0.009  -0.03*** -0.011  0.007  0.016  

(0.016) (0.013) (0.01) (0.007) (0.007) (0.023) (0.007) (0.015) (0.011) (0.014) 

Ex-Post 
0.013  -0.016  0.015  -0.005  -0.007  0.028  -0.03*** 0.007  0.007  0.003  

(0.016) (0.013) (0.01) (0.006) (0.007) (0.022) (0.007) (0.013) (0.01) (0.015) 

L(TIS*w)-2 
0.002  -0.001  0.005** -0.001  0.009*** -0.005  -0.002  -0.001  0  -0.001  

(0.004) (0.008) (0.002) (0.002) (0.003) (0.009) (0.002) (0.003) (0.001) (0.013) 
F Value 8.31*** 1.6  4.78*** 11.79*** 10.94*** 2.55* 5.84*** 2.95** 2.25  2.8  
R-Square 0,735 0,348 0,614 0,797 0,785 0,537 0,661 0,496 0,429 0,667 
Root MSE 0,01946 0,01578 0,01115 0,00592 0,00874 0,02651 0,0087 0,01449 0,00945 0,0143 

 	 	 	 	 	 	 	 	 	 	
02T Linear Regression TIS (V) (-2)  	 	
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.327  0.054  0.493  -0.045  -0.525* 0.298  0.342* -0.387* 0.092  0.532** 
(0.377) (0.283) (0.317) (0.141) (0.256) (0.285) (0.168) (0.213) (0.156) (0.156) 

L(VSPY) 
0.153  0.476  1*** 0.294** 0.388  -0.064  0.333* 0.43* 0.133  0.344  

(0.349) (0.308) (0.313) (0.126) (0.255) (0.385) (0.156) (0.219) (0.165) (0.339) 

Event 
0.934  0.436  -0.406  0.724*** 1.539*** -0.009  -0.17  1.318*** -0.149  -0.602* 

(0.621) (0.467) (0.477) (0.182) (0.437) (0.49) (0.288) (0.382) (0.242) (0.314) 

Ex-Ante 
-0.04  0.034  -0.544  0.125  0.506* -0.203  -0.362* 0.453* -0.108  -0.515** 

(0.375) (0.288) (0.312) (0.128) (0.286) (0.328) (0.173) (0.253) (0.155) (0.217) 

Ex-Post 
-0.048  -0.121  -0.654* 0.06  0.428  -0.615* -0.53*** 0.307  -0.137  -0.79*** 
(0.367) (0.296) (0.307) (0.122) (0.279) (0.319) (0.173) (0.24) (0.157) (0.22) 
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L(TIS)-2 
-0.698* 0.087  -0.058  0.175  -0.152  -0.225  -0.175  -0.049  0.059  -0.118  
(0.332) (0.398) (0.257) (0.103) (0.182) (0.216) (0.161) (0.197) (0.098) (0.52) 

F Value 3.03** 1.3  3.56** 8.39*** 3.2** 1.54  3.59** 3.13** 0.32  4.31** 
R-Square 0,503 0,302 0,543 0,737 0,516 0,412 0,545 0,511 0,096 0,755 
Root MSE 0,45704 0,30602 0,38644 0,14153 0,35401 0,39497 0,21982 0,30098 0,19497 0,21875 

 	 	 	 	 	 	 	 	 	 	
02T Linear Regression TIS Weighted (V) (-2)  
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
0.071  0.038  0.414  -0.097  -0.501** 0.359  0.358* -0.388* 0.101  0.53** 

(0.387) (0.27) (0.337) (0.114) (0.231) (0.29) (0.171) (0.209) (0.146) (0.157) 

L(VSPY) 
0.227  0.476  0.966*** 0.375*** 0.396  0.052  0.346** 0.447* 0.152  0.378  

(0.434) (0.307) (0.305) (0.117) (0.23) (0.42) (0.158) (0.215) (0.164) (0.391) 

Event 
1.259* 0.452  -0.305  0.732*** 1.516*** -0.054  -0.054  1.342*** -0.014  -0.593  
(0.681) (0.459) (0.509) (0.175) (0.398) (0.506) (0.275) (0.37) (0.261) (0.369) 

Ex-Ante 
0.047  0.051  -0.458  0.169  0.424  -0.058  -0.359* 0.424* -0.116  -0.489* 
(0.43) (0.283) (0.349) (0.113) (0.264) (0.347) (0.177) (0.241) (0.151) (0.219) 

Ex-Post 
-0.208  -0.111  -0.585* 0.055  0.418  -0.567  -0.497** 0.317  -0.138  -0.76*** 
(0.409) (0.292) (0.332) (0.118) (0.255) (0.33) (0.184) (0.232) (0.152) (0.194) 

L(TIS*w)-2 
0.041  0.036  -0.043  0.075* -0.199* 0.069  -0.047  -0.048  0.029  0  

(0.109) (0.154) (0.075) (0.038) (0.102) (0.143) (0.059) (0.063) (0.029) (0.262) 
F Value 1.7  1.3  3.68** 8.98*** 4.42** 1.28  3.36** 3.35** 0.45  4.27** 
R-Square 0,362 0,302 0,551 0,75 0,596 0,367 0,529 0,527 0,132 0,753 
Root MSE 0,51782 0,30595 0,38293 0,13797 0,32362 0,40973 0,22364 0,29583 0,19113 0,21955 

 	 	 	 	 	 	 	 	 	 	
03B Linear Regression BULL (R) (-3)  	
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.008  0.024  -0.023** 0.003  0.006  -0.028  0.028*** -0.004  -0.01  0.004  
(0.015) (0.015) (0.01) (0.007) (0.008) (0.02) (0.007) (0.013) (0.01) (0.022) 

R.SPY 
2.407*** 1.07** 0.434  0.913** 1.571** 1.1  1.06** 1.302* 1.362** 3.479* 
(0.696) (0.385) (0.323) (0.324) (0.537) (1.144) (0.448) (0.654) (0.506) (1.364) 

Event 
0.15*** -0.028  0.041** 0.033*** -0.08*** -0.02  -0.04*** -0.018  0.01  0.07* 
(0.028) (0.021) (0.016) (0.009) (0.016) (0.035) (0.014) (0.028) (0.015) (0.03) 

Ex-Ante 
0.015  -0.02  0.025** -0.004  -0.008  0.003  -0.03*** -0.011  0.008  0.007  

(0.017) (0.015) (0.011) (0.007) (0.01) (0.025) (0.008) (0.015) (0.011) (0.015) 

Ex-Post 
0.011  -0.014  0.025** -0.006  0.001  0.044  -0.03*** 0.01  0.007  -0.004  

(0.018) (0.014) (0.011) (0.006) (0.01) (0.028) (0.008) (0.013) (0.01) (0.017) 

Bsh-3 
-0.002  -0.007  -0.004  0.001  -0.005  -0.01  -0.001  -0.001  0.002  -0.009  
(0.009) (0.007) (0.005) (0.002) (0.003) (0.01) (0.003) (0.007) (0.004) (0.014) 

F Value 8.03*** 1.71  2.63* 10.14*** 5.99*** 2.48  4.66** 3.21** 2.06  2.55  
R-Square 0,756 0,396 0,503 0,796 0,698 0,58 0,642 0,553 0,442 0,718 
Root MSE 0,02004 0,01629 0,01311 0,00634 0,0111 0,02604 0,00959 0,01459 0,00995 0,01454 

 	 	 	 	 	 	 	 	 	 	
03B Linear Regression Weighted BULL (R) (-3) 
 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.01  0.017  -0.023** 0.005  0.008  -0.021  0.029*** -0.003  -0.008  -0.003  

(0.014) (0.016) (0.01) (0.006) (0.008) (0.02) (0.007) (0.013) (0.009) (0.016) 

R.SPY 
2.605*** 1.05** 0.448  0.861** 1.483** 1.286  1.034** 1.33* 1.467** 3.625* 
(0.603) (0.411) (0.315) (0.323) (0.524) (1.175) (0.466) (0.644) (0.513) (1.441) 

Event 0.158*** -0.026  0.037** 0.031*** -0.08*** -0.028  -0.042** -0.021  0.008  0.064* 
(0.026) (0.022) (0.016) (0.009) (0.016) (0.035) (0.015) (0.023) (0.014) (0.026) 

Ex-Ante 
0.017  -0.015  0.025** -0.005  -0.012  -0.006  -0.03*** -0.012  0.005  0.009  

(0.016) (0.015) (0.011) (0.007) (0.009) (0.024) (0.008) (0.014) (0.011) (0.015) 

Ex-Post 
0.013  -0.016  0.024** -0.007  0  0.033  -0.03*** 0.01  0.005  -0.006  

(0.016) (0.015) (0.01) (0.006) (0.01) (0.026) (0.008) (0.013) (0.01) (0.017) 

Bsh*w-3 
-0.002  0  -0.001  0  -0.001  -0.001  0  0  0.001  -0.001  
(0.002) (0.001) (0.001) (0.001) (0.001) (0.002) (0.001) (0.001) (0.001) (0.002) 

F Value 9.18*** 1.39  2.75* 9.8*** 6.02*** 2.12  4.67** 3.28** 2.27  2.46  
R-Square 0,779 0,349 0,514 0,79 0,698 0,541 0,642 0,558 0,467 0,711 
Root MSE 0,01904 0,01692 0,01297 0,00643 0,01109 0,0272 0,00958 0,0145 0,00973 0,01472 
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03B Linear Regression BULL (V) (-3)  	
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
0.034  0.017  0.457* -0.229* -0.452  0.404  0.411** -0.582** 0.039  0.394  

(0.413) (0.313) (0.242) (0.125) (0.26) (0.34) (0.163) (0.254) (0.119) (0.37) 

L(VSPY) 
0.117  0.36  0.78** 0.362** 0.077  -0.244  0.211  0.472* 0.107  0.477  
(0.45) (0.357) (0.286) (0.135) (0.283) (0.496) (0.185) (0.219) (0.135) (0.501) 

Event 1.295  0.381  -0.52  0.835*** 1.466*** -0.14  -0.004  1.97*** -0.109  -0.828  
(0.748) (0.495) (0.411) (0.202) (0.427) (0.56) (0.276) (0.586) (0.212) (0.686) 

Ex-Ante 
-0.016  0.018  -0.448  0.252* 0.508  -0.138  -0.345* 0.674** -0.083  -0.448  
(0.481) (0.323) (0.276) (0.127) (0.293) (0.412) (0.176) (0.277) (0.129) (0.248) 

Ex-Post -0.253  -0.215  -0.726** 0.164  0.253  -0.744  -0.57*** 0.335  -0.062  -0.8** 
(0.514) (0.331) (0.263) (0.128) (0.313) (0.469) (0.175) (0.239) (0.129) (0.222) 

Bsh-3 
0.01  0.077  0.16  0.016  0.088  0.051  -0.046  0.204  0.012  0.119  

(0.22) (0.14) (0.117) (0.052) (0.102) (0.163) (0.065) (0.144) (0.057) (0.279) 
F Value 1.61  1  3.79** 6.12*** 3.32** 1.32  3.28** 3.49** 0.24  3.26  
R-Square 0,383 0,278 0,593 0,702 0,561 0,423 0,558 0,573 0,083 0,766 
Root MSE 0,53705 0,3206 0,33089 0,15907 0,33811 0,43196 0,22057 0,30089 0,15936 0,24923 

 	 	 	 	 	 	 	 	 	 	
03B Linear Regression BULL Weighted (V) (-3) 
 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.14  0.067  0.466* -0.212* -0.464* 0.401  0.413** -0.606** 0.062  0.541* 

(0.357) (0.314) (0.244) (0.112) (0.233) (0.314) (0.172) (0.227) (0.116) (0.228) 

L(VSPY) 
0.002  0.388  0.735** 0.374** 0.014  -0.251  0.193  0.304  0.116  0.314  

(0.373) (0.36) (0.292) (0.135) (0.269) (0.48) (0.186) (0.21) (0.135) (0.8) 

Event 
1.612** 0.382  -0.397  0.83*** 1.478*** -0.138  -0.016  1.896*** -0.125  -0.533  
(0.641) (0.501) (0.411) (0.195) (0.396) (0.538) (0.279) (0.449) (0.194) (0.857) 

Ex-Ante 
0.204  -0.016  -0.45  0.264* 0.542* -0.13  -0.37* 0.707** -0.113  -0.498* 

(0.407) (0.321) (0.281) (0.128) (0.259) (0.367) (0.187) (0.251) (0.136) (0.244) 

Ex-Post 0.007  -0.165  -0.707** 0.17  0.212  -0.769  -0.59*** 0.31  -0.082  -0.795** 
(0.396) (0.322) (0.268) (0.128) (0.279) (0.421) (0.181) (0.223) (0.136) (0.226) 

Bsh*w-3 
-0.076* 0.002  0.027  -0.007  0.031  0.017  -0.007  0.037* 0.005  -0.003  
(0.039) (0.02) (0.022) (0.014) (0.02) (0.033) (0.015) (0.018) (0.01) (0.047) 

F Value 2.85* 0.92  3.64** 6.24*** 4.04** 1.38  3.17** 4.34** 0.28  3.12  
R-Square 0,5226 0,2621 0,5834 0,7059 0,6082 0,4343 0,5491 0,6251 0,0967 0,7571 
Root MSE 0,47235 0,32413 0,33469 0,15798 0,31943 0,42781 0,2228 0,28201 0,15817 0,25361 

 	 	 	 	 	 	 	 	 	 	
03T Linear Regression TIS (R) (-3)  	 	
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.006  0.016  -0.024** 0.005  0.004  -0.034  0.029*** -0.006  -0.007  -0.008  
(0.022) (0.013) (0.01) (0.006) (0.009) (0.02) (0.008) (0.013) (0.009) (0.015) 

R.SPY 
2.267** 1.012** 0.496  0.893** 1.539** 1.078  1.072** 1.346* 1.319** 3.6* 
(0.85) (0.397) (0.325) (0.324) (0.529) (1.08) (0.446) (0.671) (0.518) (1.436) 

Event 
0.147*** -0.025  0.038** 0.032*** -0.07*** -0.013  -0.05*** -0.014  0.007  0.059** 
(0.03) (0.021) (0.017) (0.009) (0.016) (0.034) (0.014) (0.02) (0.015) (0.021) 

Ex-Ante 
0.014  -0.013  0.028** -0.005  -0.011  -0.005  -0.03*** -0.011  0.007  0.005  

(0.017) (0.014) (0.011) (0.007) (0.009) (0.021) (0.008) (0.014) (0.011) (0.017) 

Ex-Post 0.008  -0.014  0.026** -0.006  -0.004  0.035  -0.03*** 0.01  0.007  -0.008  
(0.018) (0.015) (0.011) (0.006) (0.009) (0.021) (0.008) (0.013) (0.01) (0.018) 

L(TIS)-3 
0.002  0.013  0.001  0.002  -0.009  -0.02  0.002  -0.003  0.001  -0.02  

(0.022) (0.022) (0.009) (0.005) (0.006) (0.013) (0.008) (0.01) (0.006) (0.035) 
F Value 8.01*** 1.49  2.36* 9.92*** 6.06*** 2.94* 4.69** 3.24** 1.92  2.45  
R-Square 0,755 0,364 0,476 0,792 0,7 0,62 0,643 0,555 0,424 0,71 
Root MSE 0,02006 0,01673 0,01347 0,0064 0,01106 0,02476 0,00957 0,01455 0,01011 0,01475 

 	 	 	 	 	 	 	 	 	 	
03T Linear Regression Weighted TIS (R) (-3)  
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 
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Intercept 
-0.026* 0.016  -0.025** 0.004  0.007  -0.024  0.029*** -0.011  -0.004  -0.006  
(0.012) (0.013) (0.01) (0.006) (0.006) (0.017) (0.007) (0.011) (0.009) (0.015) 

R.SPY 
2.737*** 1.01** 0.481  0.829** 2.111*** 1.185  1.213** 1.904*** 1.552** 3.082* 
(0.464) (0.389) (0.319) (0.325) (0.421) (1.026) (0.495) (0.63) (0.529) (1.481) 

Event 
0.171*** -0.025  0.038** 0.031*** -0.08*** -0.024  -0.05*** -0.008  0.009  0.049* 
(0.021) (0.021) (0.016) (0.009) (0.012) (0.03) (0.015) (0.017) (0.014) (0.023) 

Ex-Ante 
0.02  -0.012  0.027** -0.005  -0.017** -0.017  -0.03*** -0.011  0.006  0.01  

(0.012) (0.014) (0.011) (0.007) (0.006) (0.02) (0.008) (0.012) (0.01) (0.015) 

Ex-Post 0.023  -0.015  0.023* -0.007  -0.006  0.028  -0.03*** 0.016  0.005  -0.005  
(0.013) (0.014) (0.011) (0.006) (0.006) (0.02) (0.008) (0.012) (0.01) (0.017) 

L(TIS*w)-3 
-0.01*** 0.007  -0.001  -0.001  -0.01*** -0.014  0.002  -0.006* 0.002  0.006  
(0.003) (0.008) (0.002) (0.002) (0.003) (0.008) (0.003) (0.003) (0.002) (0.012) 

F Value 15.92*** 1.62  2.5* 10.07*** 13.72*** 3.33* 4.88*** 5.12*** 2.37* 2.41  
R-Square 0,86 0,384 0,49 0,795 0,841 0,649 0,652 0,663 0,477 0,707 
Root MSE 0,01518 0,01645 0,01328 0,00636 0,00806 0,02378 0,00945 0,01266 0,00964 0,01484 

 	 	 	 	 	 	 	 	 	 	
03T Linear Regression TIS (V) (-3)  	 	
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
0.243  0.024  0.568* -0.201  -0.545* 0.524  0.338* -0.291  0.057  0.531** 

(0.582) (0.3) (0.269) (0.117) (0.297) (0.347) (0.181) (0.189) (0.118) (0.196) 

L(VSPY) 
0.181  0.499  0.753** 0.361** 0.055  -0.344  0.198  0.678*** 0.111  0.352  
(0.44) (0.379) (0.32) (0.135) (0.307) (0.483) (0.186) (0.213) (0.135) (0.716) 

Event 
1.183  0.473  -0.442  0.833*** 1.56*** -0.275  0.005  1.321*** -0.105  -0.578  

(0.743) (0.508) (0.436) (0.2) (0.457) (0.554) (0.287) (0.328) (0.211) (0.559) 

Ex-Ante 
-0.105  0.009  -0.564* 0.251* 0.612* -0.126  -0.331* 0.656** -0.083  -0.495  
(0.483) (0.316) (0.279) (0.126) (0.289) (0.345) (0.179) (0.219) (0.128) (0.324) 

Ex-Post -0.368  -0.154  -0.754** 0.166  0.399  -0.752* -0.55*** 0.348  -0.059  -0.795** 
(0.495) (0.316) (0.28) (0.129) (0.284) (0.362) (0.179) (0.208) (0.126) (0.272) 

L(TIS)-3 
0.211  -0.322  0.069  0.037  -0.014  0.214  -0.091  0.516** 0.025  -0.01  

(0.426) (0.46) (0.234) (0.111) (0.189) (0.236) (0.175) (0.198) (0.092) (0.98) 
F Value 1.69  1.05  3.02* 6.13*** 3* 1.57  3.18** 5.44*** 0.24  3.11  
R-Square 0,394 0,288 0,538 0,702 0,536 0,466 0,551 0,677 0,085 0,757 
Root MSE 0,53209 0,31834 0,35267 0,15898 0,34775 0,41575 0,22245 0,26194 0,15921 0,25371 

 	 	 	 	 	 	 	 	 	 	
03T Linear Regression TIS Weighted (V) (-3)  
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.488  0.02  0.544** -0.222* -0.461* 0.384  0.401** -0.39* 0.05  0.409  
(0.327) (0.301) (0.248) (0.118) (0.245) (0.31) (0.159) (0.185) (0.139) (0.207) 

L(VSPY) 
0.272  0.507  0.722** 0.373** 0.229  -0.318  0.196  0.652*** 0.107  0.024  

(0.311) (0.382) (0.322) (0.137) (0.309) (0.55) (0.183) (0.208) (0.135) (0.511) 

Event 1.699*** 0.481  -0.423  0.826*** 1.475*** -0.131  -0.057  1.412*** -0.127  -0.266  
(0.531) (0.51) (0.429) (0.197) (0.411) (0.542) (0.271) (0.329) (0.196) (0.471) 

Ex-Ante 
0.152  0.008  -0.544* 0.251* 0.632** -0.033  -0.322* 0.678*** -0.09  -0.513* 
(0.33) (0.315) (0.28) (0.127) (0.265) (0.363) (0.178) (0.222) (0.136) (0.211) 

Ex-Post 0.202  -0.116  -0.706** 0.158  0.371  -0.672* -0.57*** 0.329  -0.059  -0.718** 
(0.339) (0.323) (0.294) (0.126) (0.262) (0.36) (0.174) (0.208) (0.143) (0.219) 

L(TIS*w)-3 
-0.26*** -0.127  0.037  -0.012  0.137  0.07  0.045  0.163** 0.001  -0.233  
(0.078) (0.178) (0.068) (0.042) (0.116) (0.164) (0.057) (0.063) (0.025) (0.234) 

F Value 5.27*** 1.06  3.11** 6.11*** 3.61** 1.35  3.34** 5.43*** 0.23  3.93* 
R-Square 0,6694 0,2895 0,5448 0,7014 0,581 0,4285 0,562 0,6762 0,0797 0,7971 
Root MSE 0,39306 0,31807 0,34989 0,15917 0,33033 0,43 0,2196 0,26208 0,15965 0,23178 

 	 	 	 	 	 	 	 	 	 	
04B Linear Regression BULL (R) (-4)  	
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.007  0.015  -0.024* 0.002  0.01  -0.025  0.031*** -0.004  -0.005  0.008  
(0.014) (0.015) (0.012) (0.006) (0.009) (0.017) (0.009) (0.021) (0.01) (0.03) 

R.SPY 
2.224*** 1.031** 0.465  0.916** 1.406** 1.794  1.02* 1.322  1.362** 2.872  
(0.627) (0.453) (0.394) (0.334) (0.609) (1.064) (0.482) (0.803) (0.558) (2.146) 

Event 0.145*** -0.027  0.038* 0.029*** -0.07*** -0.007  -0.041** -0.017  0.001  0.043  
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(0.025) (0.025) (0.018) (0.009) (0.019) (0.032) (0.015) (0.036) (0.016) (0.034) 

Ex-Ante 
0.019  -0.015  0.027* -0.005  -0.014  -0.011  -0.03*** -0.01  0.003  -0.001  

(0.016) (0.016) (0.014) (0.007) (0.01) (0.02) (0.009) (0.023) (0.013) (0.022) 

Ex-Post 
0.013  -0.017  0.026* -0.006  -0.007  0.024  -0.03*** 0.007  0.003  -0.013  

(0.017) (0.017) (0.013) (0.006) (0.01) (0.02) (0.008) (0.029) (0.013) (0.02) 

Bsh-4 
-0.005  0.002  -0.001  0.003  0.002  0.018* -0.003  0.001  0.003  -0.009  
(0.007) (0.008) (0.006) (0.002) (0.004) (0.009) (0.004) (0.009) (0.005) (0.018) 

F Value 7.53*** 1.1  1.98  9.6*** 4.14** 3.51* 4.06** 2.6* 1.78  2.18  
R-Square 0,774 0,334 0,474 0,814 0,653 0,715 0,649 0,541 0,447 0,785 
Root MSE 0,01973 0,01835 0,01441 0,00657 0,01288 0,02394 0,01018 0,01565 0,01076 0,01585 

 	 	 	 	 	 	 	 	 	 	
04B Linear Regression Weighted BULL (R) (-4) 
 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.008  0.016  -0.026** -0.277** 0.01  -0.027  0.027*** -0.004  -0.007  0.007  
(0.015) (0.015) (0.01) (0.115) (0.009) (0.015) (0.007) (0.016) (0.01) (0.027) 

R.SPY 
2.192** 1.042** 0.382  0.485*** 1.412** 2.787** 1.127** 1.294  1.423** 3.535  
(0.777) (0.453) (0.401) (0.148) (0.617) (1.027) (0.49) (0.761) (0.578) (1.514) 

Event 
0.145*** -0.026  0.038* 0.715*** -0.08*** -0.033  -0.048** -0.019  0.005  0.05  
(0.026) (0.024) (0.018) (0.198) (0.019) (0.026) (0.017) (0.028) (0.015) (0.025) 

Ex-Ante 
0.019  -0.015  0.03** 0.231* -0.014  -0.004  -0.03*** -0.011  0.005  -0.005  

(0.017) (0.016) (0.012) (0.124) (0.01) (0.018) (0.008) (0.018) (0.012) (0.027) 

Ex-Post 
0.011  -0.016  0.028** 0.183  -0.007  0.028  -0.03*** 0.007  0.007  -0.02  

(0.017) (0.016) (0.012) (0.123) (0.01) (0.018) (0.008) (0.021) (0.011) (0.024) 

Bsh*w-4 
0  0  0  0.11  0  0.008** 0.001  0  0.001  -0.001  

(0.002) (0.001) (0.001) (0.065) (0.001) (0.003) (0.001) (0.001) (0.001) (0.002) 
F Value 7.14*** 1.09  2  6.99*** 4.1** 5.21** 4.03** 2.62* 1.81  2.2  
R-Square 0,764 0,331 0,476 0,761 0,651 0,788 0,647 0,543 0,452 0,786 
Root MSE 0,02014 0,01839 0,01438 0,15311 0,01292 0,02064 0,01021 0,01562 0,01071 0,01581 

 	 	 	 	 	 	 	 	 	 	
04B Linear Regression BULL (V) (-4)  	
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
0.069  0.152  0.598* -0.277** -0.569** 0.325  0.189  -0.306  -0.022  -0.307  

(0.393) (0.321) (0.288) (0.115) (0.25) (0.336) (0.166) (0.337) (0.106) (0.486) 

L(VSPY) 
0.158  0.27  0.827** 0.485*** 0.078  -0.14  0.32* 0.32  0.094  -0.222  

(0.443) (0.401) (0.337) (0.148) (0.292) (0.517) (0.173) (0.339) (0.108) (0.544) 

Event 
1.201  0.3  -0.436  0.715*** 1.705*** 0.051  -0.15  1.144* 0.001  0.116  
(0.71) (0.55) (0.464) (0.198) (0.448) (0.628) (0.248) (0.634) (0.186) (0.533) 

Ex-Ante 
0.055  -0.035  -0.659* 0.231* 0.626** -0.032  -0.246  0.377  0.005  -0.029  

(0.445) (0.337) (0.343) (0.124) (0.28) (0.391) (0.165) (0.371) (0.128) (0.312) 

Ex-Post 
-0.157  -0.196  -0.814** 0.183  0.405  -0.689  -0.53*** 0.131  0.13  -0.502  
(0.443) (0.355) (0.314) (0.123) (0.279) (0.394) (0.161) (0.482) (0.15) (0.24) 

Bsh-4 
-0.21  -0.022  -0.08  0.11  0.11  0.089  0.189** 0.056  -0.067  0.435  

(0.184) (0.146) (0.143) (0.065) (0.099) (0.168) (0.084) (0.172) (0.053) (0.241) 
F Value 1.99  0.64  2.59* 6.99*** 3.13* 1.26  5.13** 2.27  0.82  4.41  
R-Square 0,475 0,227 0,541 0,761 0,587 0,474 0,7 0,508 0,27 0,88 
Root MSE 0,53371 0,33183 0,37852 0,15311 0,34582 0,46713 0,19733 0,33796 0,12741 0,21353 

 	 	 	 	 	 	 	 	 	 	
04B Linear Regression BULL Weighted (V) (-4) 
 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
0.049  0.15  0.547* -0.215  -0.554** 0.338  0.322** -0.407  -0.005  0.04  

(0.414) (0.319) (0.269) (0.125) (0.249) (0.34) (0.142) (0.278) (0.088) (0.392) 

L(VSPY) 
0.222  0.274  0.813** 0.37** 0.085  -0.128  0.265  0.283  0.113  0.427  

(0.472) (0.401) (0.334) (0.155) (0.294) (0.526) (0.165) (0.372) (0.1) (0.438) 

Event 
1.283  0.292  -0.398  0.823*** 1.569*** -0.057  -0.313  1.345** -0.071  -0.376  

(0.759) (0.541) (0.468) (0.215) (0.427) (0.589) (0.266) (0.525) (0.148) (0.419) 

Ex-Ante 
0.02  -0.027  -0.603* 0.253* 0.636** -0.025  -0.32* 0.483  0.007  0.016  

(0.469) (0.34) (0.312) (0.139) (0.282) (0.396) (0.158) (0.31) (0.108) (0.41) 

Ex-Post 
-0.287  -0.206  -0.783** 0.165  0.399  -0.67  -0.62*** 0.3  0.053  -0.396  
(0.454) (0.338) (0.305) (0.138) (0.281) (0.404) (0.157) (0.371) (0.1) (0.335) 
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Bsh*w-4 
0.012  -0.003  -0.015  0.002  0.022  0.017  0.037** -0.004  -0.016* 0.049  

(0.047) (0.021) (0.029) (0.017) (0.02) (0.053) (0.016) (0.023) (0.008) (0.036) 
F Value 1.57  0.64  2.57* 5.09** 3.09* 1.19  5.34*** 2.24  1.32  3.32  
R-Square 0,417 0,226 0,538 0,698 0,584 0,46 0,708 0,504 0,376 0,847 
Root MSE 0,56257 0,33187 0,37953 0,17195 0,34689 0,47314 0,19448 0,33917 0,11786 0,24133 

 	 	 	 	 	 	 	 	 	 	
04T Linear Regression TIS (R) (-4)  	 	
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.013  0.016  -0.023** 0.007  0.013  -0.013  0.029*** 0.002  -0.003  0  
(0.014) (0.013) (0.011) (0.006) (0.008) (0.018) (0.008) (0.013) (0.014) (0.018) 

R.SPY 
2.169*** 1.055** 0.347  0.962** 1.236** 0.801  1.138* 1.633** 1.386** 4.326* 
(0.592) (0.419) (0.393) (0.331) (0.556) (1.122) (0.558) (0.676) (0.588) (1.794) 

Event 
0.138*** -0.026  0.039** 0.03*** -0.058** 0.019  -0.045** -0.021  0.002  0.061* 
(0.026) (0.022) (0.017) (0.009) (0.02) (0.041) (0.016) (0.02) (0.016) (0.022) 

Ex-Ante 
0.014  -0.018  0.03** -0.004  -0.012  -0.002  -0.03*** -0.009  0.003  0.018  

(0.017) (0.015) (0.012) (0.007) (0.01) (0.022) (0.009) (0.014) (0.013) (0.025) 

Ex-Post 
0.008  -0.02  0.029** -0.005  -0.004  0.037  -0.03*** 0.006  0.004  -0.011  

(0.017) (0.015) (0.012) (0.006) (0.009) (0.022) (0.009) (0.013) (0.013) (0.019) 

L(TIS)-4 
-0.015  -0.031  0.006  0.008  0.012  0.033* 0.003  0.015  0.004  0.046  
(0.014) (0.023) (0.01) (0.006) (0.007) (0.017) (0.01) (0.011) (0.009) (0.072) 

F Value 8.03*** 1.62  2.1  10.19*** 5.5*** 3.17* 3.82** 3.42** 1.73  2.31  
R-Square 0,7849 0,4245 0,488 0,8225 0,7142 0,6934 0,6347 0,6083 0,4399 0,7938 
Root MSE 0,01924 0,01706 0,01421 0,00641 0,01169 0,02483 0,01039 0,01446 0,01082 0,0155 

 	 	 	 	 	 	 	 	 	 	
04T Linear Regression Weighted TIS (R) (-4)  
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.008  0.017  -0.025** 0.003  0.011  -0.018  0.037*** 0.002  -0.005  -0.002  
(0.015) (0.013) (0.01) (0.006) (0.007) (0.015) (0.008) (0.012) (0.011) (0.017) 

R.SPY 
2.216** 1.099** 0.291  1.002** 0.984* 1.609  1.321** 1.3* 1.376** 3.999* 
(0.894) (0.396) (0.406) (0.362) (0.507) (0.929) (0.457) (0.611) (0.56) (1.611) 

Event 
0.143*** -0.026  0.037* 0.035*** -0.06*** -0.019  -0.06*** -0.022  0.004  0.059* 
(0.029) (0.021) (0.017) (0.01) (0.016) (0.027) (0.015) (0.018) (0.015) (0.022) 

Ex-Ante 
0.017  -0.02  0.03** -0.002  -0.008  0.009  -0.04*** -0.011  0.005  0  

(0.022) (0.014) (0.011) (0.008) (0.009) (0.02) (0.008) (0.013) (0.012) (0.021) 

Ex-Post 
0.01  -0.018  0.031** -0.004  -0.004  0.029  -0.04*** 0.003  0.007  -0.019  

(0.019) (0.014) (0.013) (0.007) (0.008) (0.018) (0.009) (0.013) (0.011) (0.023) 

L(TIS*w)-4 
-0.001  -0.015* 0.002  0.002  0.009** 0.02** 0.005  0.005* 0.001  -0.008  
(0.006) (0.008) (0.003) (0.002) (0.003) (0.007) (0.003) (0.003) (0.002) (0.014) 

F Value 7.13*** 2.11  2.19  9.22*** 7.73*** 4.86** 5.46*** 4.13** 1.8  2.22  
R-Square 0,764 0,49 0,498 0,807 0,779 0,776 0,713 0,652 0,45 0,787 
Root MSE 0,02015 0,01606 0,01406 0,00667 0,01029 0,02121 0,00921 0,01363 0,01073 0,01576 

 	 	 	 	 	 	 	 	 	 	
04T Linear Regression TIS (V) (-4)  	 	
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
-0.049  0.137  0.572* -0.13  -0.633** 0.312  0.445*** -0.74*** -0.024  0.532* 
(0.41) (0.313) (0.283) (0.139) (0.245) (0.328) (0.136) (0.218) (0.174) (0.216) 

L(VSPY) 
0.238  0.283  0.81** 0.434** -0.179  -0.164  0.209  0.287  0.103  0.349  

(0.449) (0.399) (0.336) (0.153) (0.313) (0.505) (0.157) (0.254) (0.114) (0.622) 

Event 
1.003  0.288  -0.418  0.766*** 1.108** -0.413  -0.102  1.648*** -0.072  -0.578  

(0.759) (0.53) (0.467) (0.206) (0.498) (0.706) (0.232) (0.346) (0.2) (0.489) 

Ex-Ante 
-0.138  -0.01  -0.564* 0.235  0.543* -0.118  -0.246  0.605** -0.043  -0.291  
(0.479) (0.34) (0.307) (0.133) (0.271) (0.397) (0.156) (0.211) (0.149) (0.479) 

Ex-Post 
-0.345  -0.184  -0.743** 0.176  0.403  -0.753* -0.483** 0.49* 0.047  -0.663  
(0.44) (0.34) (0.313) (0.132) (0.266) (0.394) (0.156) (0.223) (0.158) (0.332) 

L(TIS)-4 
-0.392  0.182  0.102  0.173  -0.351  -0.244  0.425** -0.519** -0.05  0.527  
(0.395) (0.443) (0.259) (0.159) (0.227) (0.309) (0.163) (0.178) (0.101) (1.306) 

F Value 1.88  0.68  2.52* 5.86*** 3.62** 1.38  5.93*** 5.65*** 0.49  1.93  
R-Square 0,461 0,237 0,534 0,727 0,622 0,497 0,729 0,72 0,183 0,763 
Root MSE 0,54058 0,32968 0,38124 0,16352 0,3307 0,45658 0,18733 0,25495 0,13484 0,30036 
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04T Linear Regression TIS Weighted (V) (-4)  
	 	 	 	 	 	 	 	 	 	 	

  BBRY ADOB COST WMT TGT URBN CRM BBY HD CSCO 

Intercept 
0.127  0.144  0.567* -0.212  -0.557** 0.349  0.602*** -0.61*** -0.077  0.519* 

(0.403) (0.309) (0.267) (0.122) (0.25) (0.321) (0.185) (0.173) (0.099) (0.209) 

L(VSPY) 
0.442  0.269  0.885** 0.364** -0.055  -0.089  0.231  0.239  0.134  0.564  

(0.502) (0.393) (0.347) (0.147) (0.306) (0.507) (0.173) (0.229) (0.097) (0.551) 

Event 1.532* 0.276  -0.451  0.819*** 1.482*** -0.157  -0.258  1.5*** -0.025  -0.69  
(0.765) (0.522) (0.459) (0.219) (0.432) (0.57) (0.277) (0.297) (0.147) (0.458) 

Ex-Ante 
0.147  0  -0.576* 0.255* 0.523  -0.164  -0.505** 0.51** -0.005  -0.329  

(0.464) (0.334) (0.3) (0.141) (0.291) (0.412) (0.186) (0.184) (0.1) (0.348) 

Ex-Post -0.263  -0.207  -0.693* 0.165  0.426  -0.711  -0.76*** 0.463** 0.067  -0.65  
(0.434) (0.327) (0.315) (0.14) (0.279) (0.384) (0.186) (0.195) (0.098) (0.31) 

L(TIS*w)-4 
0.136  0.116  0.06  0.001  -0.126  -0.133  0.114* -0.18*** -0.037* 0.145  

(0.131) (0.167) (0.076) (0.05) (0.118) (0.159) (0.059) (0.048) (0.017) (0.247) 
F Value 1.92  0.76  2.72* 5.08** 3.08* 1.41  4.53** 7.56*** 1.58  2.08  
R-Square 0,466 0,257 0,553 0,698 0,584 0,502 0,673 0,775 0,418 0,776 
Root MSE 0,53845 0,32516 0,37361 0,17205 0,34724 0,45426 0,20586 0,22862 0,11378 0,29194 

	
 


